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Introduction

Existing fitting modules are not very pythonic in their API and can be
difficult for humans to use. This project aims to marry the power of
scipy.optimize [https://docs.scipy.org/doc/scipy/reference/reference/optimize.html#module-scipy.optimize] with the readability of sympy [https://docs.sympy.org/latest/modules/index.html#module-sympy] to create a highly
readable and easy to use fitting package which works for projects of any scale.

symfit makes it extremely easy to provide guesses for your parameters
and to bound them to a certain range:

a = Parameter('a', 1.0, min=0.0, max=5.0)





To define models to fit to:

x = Variable('x')
A = Parameter('A')
sig = Parameter('sig', 1.0, min=0.0, max=5.0)
x0 = Parameter('x0', 1.0, min=0.0)

# Gaussian distrubution
model = A * exp(-(x - x0)**2/(2 * sig**2))





And finally, to execute the fit:

fit = Fit(model, xdata, ydata)
fit_result = fit.execute()





And to evaluate the model using the best fit parameters:

y = model(x=xdata, **fit_result.params)






[image: Gaussian Data]

As your models become more complicated, symfit really comes into it’s
own. For example, vector valued functions are both easy to define and beautiful
to look at:

model = {
    y_1: x**2,
    y_2: 2*x
}





And constrained maximization has never been this easy:

x, y = parameters('x, y')

model = 2*x*y + 2*x - x**2 -2*y**2
constraints = [
    Eq(x**3 - y, 0),    # Eq: ==
    Ge(y - 1, 0),       # Ge: >=
]

fit = Fit(- model, constraints=constraints)
fit_result = fit.execute()






Technical Reasons

On a more technical note, this symbolic approach turns out to have great
technical advantages over using scipy directly. In order to fit, the algorithm
needs the Jacobian: a matrix containing the derivatives of your model in it’s
parameters. Because of the symbolic nature of symfit, this is determined
for you on the fly, saving you the trouble of having to determine the
derivatives yourself. Furthermore, having this Jacobian allows good estimation
of the errors in your parameters, something scipy [https://docs.scipy.org/doc/scipy/reference/reference/optimize.html#module-scipy.optimize] does
not always succeed in.





          

      

      

    

  

    
      
          
            
  


Installation

If you are using pip, you can simply run

pip install symfit





from your terminal. If you prefer to use conda, run

conda install -c conda-forge symfit





instead. Lastly, if you prefer to install manually you can download
the source from https://github.com/tBuLi/symfit.


Contrib module

To also install the dependencies of 3rd party contrib modules such as
interactive guesses, install symfit using:

pip install symfit[contrib]







Dependencies

See requirements.txt for a full list.





          

      

      

    

  

    
      
          
            
  


Tutorial


Simple Example

The example below shows how easy it is to define a model that we could fit to.

from symfit import Parameter, Variable

a = Parameter('a')
b = Parameter('b')
x = Variable('x')
model = a * x + b





Lets fit this model to some generated data.

from symfit import Fit
import numpy as np

xdata = np.linspace(0, 100, 100) # From 0 to 100 in 100 steps
a_vec = np.random.normal(15.0, scale=2.0, size=(100,))
b_vec = np.random.normal(100.0, scale=2.0, size=(100,))
ydata = a_vec * xdata + b_vec  # Point scattered around the line 5 * x + 105

fit = Fit(model, xdata, ydata)
fit_result = fit.execute()






[image: Linear Model Fit Data]

Printing fit_result will give a full report on the values for every
parameter, including the uncertainty, and quality of the fit.



Initial Guess

For fitting to work as desired you should always give a good initial guess for
a parameter. The Parameter object can therefore
be initiated with the following keywords:


	value the initial guess value. Defaults to 1.


	min Minimal value for the parameter.


	max Maximal value for the parameter.


	fixed Whether the parameter’s value can vary during fitting.




In the example above, we might change our
Parameter’s to the following after looking at a
plot of the data:

k = Parameter('k', value=4, min=3, max=6)

a, b = parameters('a, b')
a.value = 60
a.fixed = True







Accessing the Results

A call to Fit.execute returns a
FitResults instance. This object holds all information
about the fit. The fitting process does not modify the
Parameter objects. In the above example,
a.value will still be 60 and not the value we obtain after fitting. To
get the value of fit parameters we can do:

>>> print(fit_result.value(a))
>>> 14.66946...
>>> print(fit_result.stdev(a))
>>> 0.3367571...
>>> print(fit_result.value(b))
>>> 104.6558...
>>> print(fit_result.stdev(b))
>>> 19.49172...
>>> print(fit_result.r_squared)
>>> 0.950890866472





For more FitResults, see the Module Documentation.



Evaluating the Model

With these parameters, we could now evaluate the model with these parameters so
we can make a plot of it. In order to do this, we simply call the model with
these values:

import matplotlib.pyplot as plt

y = model(x=xdata, a=fit_result.value(a), b=fit_result.value(b))
plt.plot(xdata, y)
plt.show()






[image: Linear Model Fit]

The model has to be called by keyword arguments to prevent any ambiguity. So
the following does not work:

y = model(xdata, fit_result.value(a), fit_result.value(b))





To make life easier, there is a nice shorthand notation to immediately use a
fit result:

y = model(x=xdata, **fit_result.params)





This immediately unpacks an OrderedDict [https://docs.python.org/3/library/collections.html#collections.OrderedDict] containing the optimized fit
parameters.



Named Models

More complicated models are also relatively easy to deal with by using named
models. Let’s try our luck with a bivariate normal distribution:

from symfit import parameters, variables, exp, pi, sqrt

x, y, p = variables('x, y, p')
mu_x, mu_y, sig_x, sig_y, rho = parameters('mu_x, mu_y, sig_x, sig_y, rho')

z = (
    (x - mu_x)**2/sig_x**2
    + (y - mu_y)**2/sig_y**2
    - 2 * rho * (x - mu_x) * (y - mu_y)/(sig_x * sig_y)
)
model = {
    p: exp(
        - z / (2 * (1 - rho**2)))
        / (2 * pi * sig_x * sig_y * sqrt(1 - rho**2)
    )
}

fit = Fit(model, x=xdata, y=ydata, p=pdata)





By using the magic of named models, the flow of information is still relatively
clear, even with such a complicated function.

This syntax also supports vector valued functions:

model = {y_1: a * x**2, y_2: 2 * x * b}





One thing to note about such models is that now model(x=xdata) obviously no
longer works as type(model) == dict. There is a preferred way to resolve
this. If any kind of fitting object has been initiated, it will have a
.model atribute containing an instance of
Model. This can again be called:

a, b = parameters('a, b')
y_1, y_2, x = variables('y_1, y_2, x')

model = {y_1: a * x**2, y_2: 2 * x * b}
fit = Fit(model, x=xdata, y_1=y_data1, y_2=y_data2)
fit_result = fit.execute()

y_1_result, y_2_result = fit.model(x=xdata, **fit_result.params)





This returns a namedtuple() [https://docs.python.org/3/library/collections.html#collections.namedtuple], with the components evaluated.
So through the magic of tuple unpacking, y_1 and y_2 contain the
evaluated fit. The dependent variables will be ordered alphabetically in the
returned namedtuple() [https://docs.python.org/3/library/collections.html#collections.namedtuple]. Alternatively, the unpacking can be
performed explicitly.

If for some reason no Fit is initiated you can make a
Model object yourself:

model = Model(model_dict)
y_1_result, y_2_result = model(x=xdata, a=2.4, b=0.1)





or equivalently:

outcome = model(x=xdata, a=2.4, b=0.1)
y_1_result = outcome.y_1
y_2_result = outcome.y_2







symfit exposes sympy.api

symfit exposes the sympy [http://docs.sympy.org/latest/] api as well,
so mathematical expressions such as exp [https://docs.sympy.org/latest/modules/functions/elementary.html#sympy.functions.elementary.exponential.exp],
sin [https://docs.sympy.org/latest/modules/functions/elementary.html#sympy.functions.elementary.trigonometric.sin] and Pi [https://docs.sympy.org/latest/modules/core.html#sympy.core.numbers.Pi]
are importable from symfit as well. For more, read the
sympy docs [http://docs.sympy.org].





          

      

      

    

  

    
      
          
            
  


Fitting Types


Fit (Least Squares)

The default fitting object does least-squares fitting:

from symfit import parameters, variables, Fit
import numpy as np

# Define a model to fit to.
a, b = parameters('a, b')
x = variables('x')
model = a * x + b

# Generate some data
xdata = np.linspace(0, 100, 100)  # From 0 to 100 in 100 steps
a_vec = np.random.normal(15.0, scale=2.0, size=(100,))
b_vec = np.random.normal(100.0, scale=2.0, size=(100,))
# Point scattered around the line 5 * x + 105
ydata = a_vec * xdata + b_vec

fit = Fit(model, xdata, ydata)
fit_result = fit.execute()






[image: Linear Model Fit Data]

The Fit object also supports standard deviations. In
order to provide these, it’s nicer to use a named model:

a, b = parameters('a, b')
x, y = variables('x, y')
model = {y: a * x + b}

fit = Fit(model, x=xdata, y=ydata, sigma_y=sigma)






Warning

symfit assumes these sigma to be from measurement errors by
default, and not just as a relative weight. This means the standard
deviations on parameters are calculated assuming the absolute size of sigma
is significant. This is the case for measurement errors and therefore for
most use cases symfit was designed for. If you only want to use the
sigma for relative weights, then you can use absolute_sigma=False as a
keyword argument.

Please note that this is the opposite of the convention used by scipy’s
curve_fit() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.curve_fit.html#scipy.optimize.curve_fit]. Looking through their mailing list this
seems to have been implemented the opposite way for historical reasons, and
was understandably never changed so as not to lose backwards compatibility.
Since this is a new project, we don’t have that problem.





Constrained Least Squares Fit

The Fit takes a constraints keyword; a list of
relationships between the parameters that has to be respected. As an example of
fitting with constraints, we could imagine fitting the angles of a triangle:

a, b, c = parameters('a, b, c')
a_i, b_i, c_i = variables('a_i, b_i, c_i')

model = {a_i: a, b_i: b, c_i: c}

data = np.array([
    [10.1, 9., 10.5, 11.2, 9.5, 9.6, 10.],
    [102.1, 101., 100.4, 100.8, 99.2, 100., 100.8],
    [71.6, 73.2, 69.5, 70.2, 70.8, 70.6, 70.1],
])

fit = Fit(
    model=model,
    a_i=data[0],
    b_i=data[1],
    c_i=data[2],
    constraints=[Equality(a + b + c, 180)]
)
fit_result = fit.execute()





The line constraints=[Equality(a + b + c, 180)] ensures the our basic
knowledge of geometry is respected despite my sloppy measurements.


Note

Under the hood, a different Minimizer is used to perform a
constrained fit. Fit tries to select the
right Minimizer based on the problem you present it with.
See Fit for more.





Likelihood

Given a dataset and a model, what values should the model’s parameters have to
make the observed data most likely? This is the principle of maximum likelihood
and the question the Likelihood object can answer for you.

Example:

from symfit import Parameter, Variable, exp
from symfit.core.objectives import LogLikelihood
import numpy as np

# Define the model for an exponential distribution (numpy style)
beta = Parameter('beta')
x = Variable('x')
model = (1 / beta) * exp(-x / beta)

# Draw 100 samples from an exponential distribution with beta=5.5
data = np.random.exponential(5.5, 100)

# Do the fitting!
fit = Fit(model, data, objective=LogLikelihood)
fit_result = fit.execute()





fit_result is a normal FitResults object.
As always, bounds on parameters and even constraints are supported.

Multiple data sets can be likelihood fitted simultaneously by merging this
example with that of global fitting, see Example: Global Likelihood fitting
in the example section.



Minimize/Maximize

Minimize or Maximize a model subject to bounds and/or constraints. As an example,
I present an example from the
scipy docs [https://docs.scipy.org/doc/scipy/reference/tutorial/optimize.html].

Suppose we want to maximize the following function:


\[f(x,y) = 2xy + 2x - x^2 - 2y^2\]

Subject to the following constraints:


\[x^3 - y = 0\]


\[y - 1 >= 0\]

In SciPy code the following lines are needed:

def func(x, sign=1.0):
    """ Objective function """
    return sign*(2*x[0]*x[1] + 2*x[0] - x[0]**2 - 2*x[1]**2)

def func_deriv(x, sign=1.0):
    """ Derivative of objective function """
    dfdx0 = sign*(-2*x[0] + 2*x[1] + 2)
    dfdx1 = sign*(2*x[0] - 4*x[1])
    return np.array([ dfdx0, dfdx1 ])

cons = ({'type': 'eq',
        'fun' : lambda x: np.array([x[0]**3 - x[1]]),
        'jac' : lambda x: np.array([3.0*(x[0]**2.0), -1.0])},
        {'type': 'ineq',
        'fun' : lambda x: np.array([x[1] - 1]),
        'jac' : lambda x: np.array([0.0, 1.0])})

res = minimize(func, [-1.0,1.0], args=(-1.0,), jac=func_deriv,
               constraints=cons, method='SLSQP', options={'disp': True})





Takes a couple of read-throughs to make sense, doesn’t it? Let’s do the same
problem in symfit:

from symfit import parameters, Maximize, Eq, Ge

x, y = parameters('x, y')
model = 2*x*y + 2*x - x**2 -2*y**2
constraints = [
    Eq(x**3 - y, 0),
    Ge(y - 1, 0),
]

fit = Fit(- model, constraints=constraints)
fit_result = fit.execute()





Done! symfit will determine all derivatives automatically, no need for
you to think about it. Notice the minus sign in the call to Fit. This is
because Fit will always minimize, so in order to achieve maximization we should
minimize - model.


Warning

You might have noticed that x and y are
Parameter’s in the above problem, which may
strike you as weird. However, it makes perfect sense because in this problem
they are parameters to be optimised, not independent variables. Furthermore,
this way of defining it is consistent with the treatment of
Variable’s and
Parameter’s in symfit. Be aware of this
when minimizing such problems, as the whole process won’t work otherwise.





ODE Fitting

Fitting to a system of ordinary differential equations (ODEs) is also
remarkedly simple with symfit. Let’s do a simple example from reaction
kinetics. Suppose we have a reaction A + A -> B with rate constant \(k\).
We then need the following system of rate equations:


\[ \begin{align}\begin{aligned}\frac{dA}{dt} = -k A^2\\\frac{dB}{dt} = k A^2\end{aligned}\end{align} \]

In symfit, this becomes:

model_dict = {
    D(a, t): - k * a**2,
    D(b, t): k * a**2,
}





We see that the symfit code is already very readable. Let’s do a fit to
this:

tdata = np.array([10, 26, 44, 70, 120])
adata = 10e-4 * np.array([44, 34, 27, 20, 14])
a, b, t = variables('a, b, t')
k = Parameter('k', 0.1)
a0 = 54 * 10e-4

model_dict = {
    D(a, t): - k * a**2,
    D(b, t): k * a**2,
}

ode_model = ODEModel(model_dict, initial={t: 0.0, a: a0, b: 0.0})

fit = Fit(ode_model, t=tdata, a=adata, b=None)
fit_result = fit.execute()





That’s it! An ODEModel behaves just like any other
model object, so Fit knows how to deal with it! Note
that since we don’t know the concentration of B, we explicitly set b=None
when calling Fit so it will be ignored.


Warning

Fitting to ODEs is extremely difficult from an algorithmic point
of view since these systems are usually very sensitive to the parameters.
Using (very) good initial guesses for the parameters and initial values is
critical.



Upon every iteration of performing the fit, the ODEModel is integrated again from
the initial point using the new guesses for the parameters.

We can plot it just like always:

# Generate some data
tvec = np.linspace(0, 500, 1000)

A, B = ode_model(t=tvec, **fit_result.params)
plt.plot(tvec, A, label='[A]')
plt.plot(tvec, B, label='[B]')
plt.scatter(tdata, adata)
plt.legend()
plt.show()






[image: Linear Model Fit Data]

As an example of the power of symfit’s ODE syntax, let’s have a look at
a system with 2 equilibria: compound AA + B <-> AAB and AAB + B <-> BAAB.

In symfit these can be implemented as:

AA, B, AAB, BAAB, t = variables('AA, B, AAB, BAAB, t')
k, p, l, m = parameters('k, p, l, m')

AA_0 = 10  # Some made up initial amound of [AA]
B = AA_0 - BAAB + AA  # [B] is not independent.

model_dict = {
    D(BAAB, t): l * AAB * B - m * BAAB,
    D(AAB, t): k * A * B - p * AAB - l * AAB * B + m * BAAB,
    D(A, t): - k * A * B + p * AAB,
}





The result is as readable as one can reasonably expect from a multicomponent
system (and while using chemical notation).
Let’s plot the model for some kinetics constants:

model = ODEModel(model_dict, initial={t: 0.0, AA: AA_0, AAB: 0.0, BAAB: 0.0})

# Generate some data
tdata = np.linspace(0, 3, 1000)
# Eval the normal way.
AA, AAB, BAAB = model(t=tdata, k=0.1, l=0.2, m=0.3, p=0.3)

plt.plot(tdata, AA, color='red', label='[AA]')
plt.plot(tdata, AAB, color='blue', label='[AAB]')
plt.plot(tdata, BAAB, color='green', label='[BAAB]')
plt.plot(tdata, B(BAAB=BAAB, AA=AA), color='pink', label='[B]')
# plt.plot(tdata, AA + AAB + BAAB, color='black', label='total')
plt.legend()
plt.show()






[image: ODE integration]

More common examples, such as dampened harmonic oscillators also work as expected:

# Oscillator strength
k = Parameter('k')
# Mass, just there for the physics
m = 1
# Dampening factor
gamma = Parameter('gamma')

x, v, t = symfit.variables('x, v, t')

# Define the force based on Hooke's law, and dampening
a = (-k * x - gamma * v)/m
model_dict = {
    D(x, t): v,
    D(v, t): a,
}
ode_model = ODEModel(model_dict, initial={t: 0, v: 0, x: 1})

# Let's create some data...
times = np.linspace(0, 15, 150)
data = ode_model(times, k=11, gamma=0.9, m=m.value).x
# ... and add some noise to it.
noise = np.random.normal(1, 0.1, data.shape)  # 10% error
data *= noise

fit = Fit(ode_model, t=times, x=data)
fit_result = fit.execute()






Note

Evaluating the model above will produce a named tuple with values for
both x and v. Since we are only interested in the values for x,
we immediately select it with .x.




[image: Dampened harmonic oscillator]



Fitting multiple datasets

A common fitting problem is to fit to multiple datasets. This is sometimes
referred to as global fitting. In such fits parameters might be shared
between the fits to the different datasets. The same syntax used for ODE
fitting makes this problem very easy to solve in symfit.

As a simple example, suppose we have two datasets measuring exponential decay,
with the same background, but the different amplitude and decay rate.


\[f(x) = y_0 + a * e^{- b * x}\]

In order to fit to this, we define the following model:

x_1, x_2, y_1, y_2 = variables('x_1, x_2, y_1, y_2')
y0, a_1, a_2, b_1, b_2 = parameters('y0, a_1, a_2, b_1, b_2')

model = Model({
    y_1: y0 + a_1 * exp(- b_1 * x_1),
    y_2: y0 + a_2 * exp(- b_2 * x_2),
})





Note that y0 is shared between the components. Fitting is then done in the
normal way:

fit = Fit(model, x_1=xdata1, x_2=xdata2, y_1=ydata1, y_2=ydata2)
fit_result = fit.execute()






[image: ODE integration]

Any Model that comes to mind is fair game. Behind the scenes symfit
will build a least squares function where the residues of all the components
are added squared, ready to be minimized. Unlike in the above example, the
x-axis does not even have to be shared between the components.


Warning

The regression coefficient is not properly defined for vector-valued models,
but it is still listed!
Until this is fixed, please recalculate it on your own for every component
using the bestfit parameters.

Do not cite the overall \(R^2\) given by symfit.





Fitting multidimensional datasets

So far we have only considered problems with a single
independent variable, but in the real world it is quite common to have
problems with multiple independent variables. For example, a specific property
over a grid, like the temperature of a surface. In that case, you have a
three-dimensional dataset consisting of (x-, y-coordinates, temperature), and
our model is a function \(T(x, y; \vec{p})\), where \(\vec{p}\)
indicates the collection of parameters to be determined during the fit.

Let’s work this out with the following mathematical model. We have a polynomial
function with two coefficients, representing two terms of mixed order in x
and y:

\(T(x, y) = z = c_2 x^4 y^5 + c_1 x y^2\)

Secondly, we have to implement our model:

x, y, z = variables('x, y, z')
c1, c2 = parameters('c1, c2')
model_dict = {z: Poly( {(1, 2): c1, (4, 5): c2}, x ,y)}
model = Model(model_dict)
# prints z(x, y; c1, c2) = Poly(c2*x**4*y**5 + c1*x*y**2, x, y, domain='ZZ[c1,c2]')





Now we can fit this polynomial model to some mock data. We have to be careful
that xdata, ydata and zdata are two-dimensional:

x = np.linspace(0, 100, 100)
y = np.linspace(0, 100, 100)
xdata, ydata = np.meshgrid(x, y)
zdata = 42 * xdata**4 * ydata**5 + 3.14 * xdata * ydata**2

fit = Fit(model, x=xdata, y=ydata, z=zdata)
fit_result = fit.execute()





In conclusion, we made a mathematical model for a multidimensional function
with two fit parameters, implemented this model, and fed it data
to get a result.



Global Minimization

Very often, there are multiple solutions to a fitting (or minimisation)
problem. These are local minima of the objective function. The best solution, of
course, is the global minimum, but most minimization algorithms will only find a
local minimum, and thus the answer you get will depend on the initial values of
your parameters. This can be incredibly annoying if you have no further
knowledge about your system.

Luckily, global minimizers exist which are not influenced by the initial
guesses for your parameters. In symfit, two such algorithms from scipy [https://docs.scipy.org/doc/scipy/reference/index.html#module-scipy]
have been wrapped for this purpose. Firstly, the
differential_evolution() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.differential_evolution.html#scipy.optimize.differential_evolution] algorithm from scipy [https://docs.scipy.org/doc/scipy/reference/index.html#module-scipy] is
wrapped as DifferentialEvolution. Secondly,
the basinhopping() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.basinhopping.html#scipy.optimize.basinhopping] algorithm is available as
BasinHopping. To use these minimizers,
just tell Fit:

from symfit import Parameter, Variable, Model, Fit
from symfit.core.minimizers import DifferentialEvolution

x = Parameter('x')
x.min, x.max = -100, 100
x.value = -2.5
y = Variable('y')

model = Model({y: x**4 - 10 * x**2 - x})  # Skewed Mexican hat
fit = Fit(model, minimizer=DifferentialEvolution)
fit_result = fit.execute()





However, due to how this algorithm works, it’s not great at finding the exact
minimum (but it will find it if given enough time). You can work around this by
“chaining” minimizers: first, run a global minimization to (hopefully) get close
to your answer, and then polish it off using a local minimizer:

fit = Fit(model, minimizer=[DifferentialEvolution, BFGS])






Note

Global minimizers such as differential evolution and basin-hopping are
rather sensitive to their hyperparameters. You might
need to play with those to get appropriate results, e.g.:

fit.execute(DifferentialEvolution={'popsize': 20, 'recombination': 0.9})








Note

There is no way to guarantee that the minimum found is actually the global
minimum. Unfortunately, there is no way around this. Therefore, you should
always critically inspect the results.





Constrained Basin-Hopping

Worthy of special mention is the ease with which constraints or bounds can be
added to symfit.core.minimizers.BasinHopping when used through the
symfit.core.fit.Fit interface. As a very simple example, we shall
compare to an example from the scipy [https://docs.scipy.org/doc/scipy/reference/index.html#module-scipy] docs:

import numpy as np
from scipy.optimize import basinhopping

def func2d(x):
    f = np.cos(14.5 * x[0] - 0.3) + (x[1] + 0.2) * x[1] + (x[0] + 0.2) * x[0]
    df = np.zeros(2)
    df[0] = -14.5 * np.sin(14.5 * x[0] - 0.3) + 2. * x[0] + 0.2
    df[1] = 2. * x[1] + 0.2
    return f, df

minimizer_kwargs = {"method":"L-BFGS-B", "jac":True}
x0 = [1.0, 1.0]
ret = basinhopping(func2d, x0, minimizer_kwargs=minimizer_kwargs, niter=200)





Let’s compare to the same functionality in symfit:

import numpy as np
from symfit.core.minimizers import BasinHopping
from symfit import parameters, Fit, cos

x0 = [1.0, 1.0]
x1, x2 = parameters('x1, x2', value=x0)

model = cos(14.5 * x1 - 0.3) + (x2 + 0.2) * x2 + (x1 + 0.2) * x1

fit = Fit(model, minimizer=BasinHopping)
fit_result = fit.execute(niter=200)





No minimizer_kwargs have to be provided, as symfit will automatically
compute and provide the jacobian and select a minimizer. In this case, symfit
will choose BFGS. When bounds are provided, symfit will switch to
using L-BFGS-B instead. Setting bounds is as simple as:

x1.min = 0.0
x1.max = 100.0





However, the real strength of the symfit syntax lies in providing constraints:

constraints = [Eq(x1, x2)]
fit = Fit(model, minimizer=BasinHopping, constraints=constraints)





This artificial example will make sure x1 == x2 after fitting. If you have
read the Minimize/Maximize section, you will know how much work this
would be in pure scipy [https://docs.scipy.org/doc/scipy/reference/index.html#module-scipy].



Advanced usage

In general, the separate components of the model can be whatever you need them
to be. You can mix and match which variables and parameters should be coupled
and decoupled ad lib. Some examples are given below.

Same parameters and same function, different (in)dependent variables:

datasets = [data_1, data_2, data_3, data_4, data_5, data_6]

xs = variables('x_1, x_2, x_3, x_4, x_5, x_6')
ys = variables('y_1, y_2, y_3, y_4, y_5, y_6')
zs = variables(', '.join('z_{}'.format(i) for i in range(1, 7)))
a, b = parameters('a, b')

model_dict = {
    z: a/(y * b) *  exp(- a * x)
        for x, y, z in zip(xs, ys, zs)
}







What if the model is unnamed?

Then you’ll have to use the ordering. Variables throughout symfit’s
objects are internally ordered in the following way: first independent
variables, then dependent variables, then sigma variables, and lastly
parameters when applicable. Within each group, alphabetical ordering applies.

It is therefore always possible to assign data to variables in an unambiguous
way using this ordering. For example:

fit = Fit(model, x_data, y_data, sigma_y_data)









          

      

      

    

  

    
      
          
            
  


Style Guide & Best Practices


Style Guide

Anything Raymond Hettinger says wins the argument until I have time to write a
proper style guide.



Best Practices


	It is recommended to always use named models. So not:

model = a * x**2
fit = Fit(model, xdata, ydata)





but:

model = {y: a * x**2}
fit = Fit(model, x=xdata, y=ydata)





In this simple example the two are equivalent but for multidimentional data
using ordered arguments can become ambiguous and difficult to read. To
increase readability, it is therefore recommended to always use named models.



	Evaluating a (vector valued) model returns a namedtuple() [https://docs.python.org/3/library/collections.html#collections.namedtuple].
You can access the elements by either tuple unpacking, or by using the
variable names. Note that if you use tuple unpacking, the results will be
ordered alphabetically. The following:

model = Model({y_1: x**2, y_2: x**3})
sol_1, sol_2 = model(x=xdata)





is therefore equivalent to:

model = Model({y_1: x**2, y_2: x**3})
solutions = model(x=xdata)
sol_1 = solutions.y_1
sol_2 = solutions.y_2





Using numerical indexing (or something similar) is not recommended as it is
less readable than the options given above:

sol_1 = model(x=xdata)[0]













          

      

      

    

  

    
      
          
            
  


Technical Notes

Essays on mathematical and implementation details.
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On Likelihood Fitting

The LogLikelihood objective function should be
used to perform log-likelihood maximization. The
__call__()
and eval_jacobian() definitions have
been changed to facilitate what one would expect from Likelihood fitting:

__call__ gives the value of log-likelihood at the given values of
\(\vec{p}\) and \(\vec{x}_i\), where \(\vec{p}\) is a shorthand
notation for all parameter, and \(\vec{x}_i\) the same shorthand for all
independent variables.


\[\log{L(\vec{p}|\vec{x}_i)} = \sum_{i=1}^{N} \log{f(\vec{p}|\vec{x}_i)}\]

eval_jacobian() gives the derivative
with respect to every parameter of the log-likelihood:


\[\nabla_{\vec{p}} \log{L(\vec{p}|\vec{x}_i)} = \sum_{i=1}^{N}
\frac{1}{f(\vec{p}|\vec{x}_i)} \nabla_{\vec{p}} f(\vec{p}|\vec{x}_i)\]

Where \(\nabla_{\vec{p}}\) is the derivative with respect to all parameters
\(\vec{p}\). The function therefore returns a vector of length len(p)
containing the Jacobian evaluated at the given values of \(\vec{p}\) and
\(\vec{x}\).




          

      

      

    

  

    
      
          
            
  


On Standard Deviations

This essay is meant as a reflection on the implementation of Standard Deviations
and/or measurement errors in symfit. Although reading this essay in it’s
entirely will only be interesting to a select few, I urge anyone who uses
symfit to read the following summarizing bullet points, as symfit
is not backward-compatible with scipy [https://docs.scipy.org/doc/scipy/reference/index.html#module-scipy].


	standard deviations are assumed to be measurement errors by default, not
relative weights. This is the opposite of the scipy [https://docs.scipy.org/doc/scipy/reference/index.html#module-scipy] definition. Set
absolute_sigma=False when calling Fit to get
the scipy [https://docs.scipy.org/doc/scipy/reference/index.html#module-scipy] behavior.





Analytical Example

The implementation of standard deviations should be in agreement with cases to
which the analytical solution is known. symfit was build such that this
is true. Let’s follow the example outlined by [taldcroft]. We’ll be sampling
from a normal distribution with \(\mu = 0.0\) and varying \(\sigma\).
It can be shown that given a sample from such a distribution:


\[\mu = 0.0\]


\[\sigma_{\mu} = \frac{\sigma}{\sqrt{N}}\]

where N is the size of the sample. We see that the error in the sample mean
scales with the \(\sigma\) of the distribution.

In order to reproduce this with symfit, we recognize that determining
the avarage of a set of numbers is the same as fitting to a constant. Therefore
we will fit to samples generated from distributions with \(\sigma = 1.0\)
and \(\sigma = 10.0\) and check if this matches the analytical values.
Let’s set \(N = 10000\).

N = 10000
sigma = 10.0
np.random.seed(10)
yn = np.random.normal(size=N, scale=sigma)

a = Parameter('a')
y = Variable('y')
model = {y: a}

fit = Fit(model, y=yn, sigma_y=sigma)
fit_result = fit.execute()

fit_no_sigma = Fit(model, y=yn)
fit_result_no_sigma = fit_no_sigma.execute()





This gives the following results:


	a = 5.102056e-02 ± 1.000000e-01 when sigma_y is provided. This matches
the analytical prediction.


	a = 5.102056e-02 ± 9.897135e-02 without sigma_y provided. This is
incorrect.




If we run the above code example with sigma = 1.0, we get the following
results:


	a = 5.102056e-03 ± 9.897135e-03 when sigma_y is provided. This matches
the analytical prediction.


	a = 5.102056e-03 ± 9.897135e-03 without sigma_y provided. This is also
correct, since providing no weights is the same as setting the weights to 1.




To conclude, if symfit is provided with the standard deviations, it will
give the expected result by default. As shown in [taldcroft] and
symfit’s tests, scipy.optimize.curve_fit() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.curve_fit.html#scipy.optimize.curve_fit] has to be provided with
the absolute_sigma=True setting to do the same.


Important

We see that even if the weight provided to every data point is the same, the
scale of the weight still effects the result. scipy [https://docs.scipy.org/doc/scipy/reference/index.html#module-scipy] was build such
that the opposite is true: if all datapoints have the same weight, the error
in the parameters does not depend on the scale of the weight.

This difference is due to the fact that symfit is build for areas of
science where one is dealing with measurement errors. And with measurement
errors, the size of the errors obviously matters for the certainty of the fit
parameters, even if the errors are the same for every measurement.

If you want the scipy [https://docs.scipy.org/doc/scipy/reference/index.html#module-scipy] behavior, initiate Fit
with absolute_sigma=False.






Comparison to Mathematica

In Mathematica, the default setting is also to use relative weights, which we
just argued is not correct when dealing with measurement errors. In [Mathematica]
this problem is discussed very nicely, and it is shown how to solve this in
Mathematica.

Since symfit is a fitting tool for the practical man, measurement errors
are assumed by default.


	taldcroft(1,2)

	http://nbviewer.jupyter.org/urls/gist.github.com/taldcroft/5014170/raw/31e29e235407e4913dc0ec403af7ed524372b612/curve_fit.ipynb



	Mathematica

	http://reference.wolfram.com/language/howto/FitModelsWithMeasurementErrors.html








          

      

      

    

  

    
      
          
            
  


Internal API Structure

Here we describe how the code is organized internally. This is only really
relevant for advanced users and developers.


Fitting 101

Fitting a model to data is, at it’s most basic, a parameter optimisation, and
depending on whether you do a least-squares fit or a loglikelihood fit your
objective function changes. This means we can split the process of fitting in
three distinct, isolated parts: the Model, the
Objective and the Minimizer.

In practice, Fit will choose an appropriate objective
and minimizer on the basis of the model and the data, but you can also give it
specific instances and classes; just in case you know better.

For both the minimizers and objectives there are abstract base classes, which
describe the minimal API required. If a minimizer is more specific, e.g. it
supports constraints, then there are corresponding abstract classes for that,
e.g. ConstrainedMinimizer.



Models

Models house the mathematical definition of the model we want to use to fit.
For the typical usecase in symfit these are fully symbolical, and
therefore a lot of their properties can be inspected automatically.

As a basic quality, all models are callable, i.e. they have implemented
__call__. This is used to numerically evaluate the model given the
parameters and independent variables. In order to make sure you get all the
basic functionality, always inherit from BaseModel.

Next level up, if they inherit from GradientModel
then they will have eval_jacobian, which will numerically evaluate the
jacobian of the model. Lastly, if they inherit from
HessianModel, they will also have eval_hessian
to evaluate the hessian of the model. The standard
Model is all of the above.

Odd ones out from the current library are
CallableNumericalModel and
ODEModel. They only inherit from
BaseModel and are therefore callable,
but their other behaviors are custom build.

Since symfit 0.5.0, the core of the model has been improved
significantly. At the center of these improvements is
connectivity_mapping. This mapping
represent the connectivity matrix of the variables and parameters, and therefore
encodes which variable depends on which. This is used in __call__ to
evaluate the components in order. To help with this, models have
ordered_symbols. This property is the
topologically sorted connectivity_mapping, and dictates the order in which
variables have to be evaluated.



Objectives

Objectives wrap both the Model and the data supplied, and expose only the free
parameters of the model to the outside world.
When called they must return a scalar. This scalar will be minimized, so when
you need something maximized, be sure to add a negation in the right place(s).
They can be called by using the parameter names as keyword arguments, or with a
list of parameter values in the same order as
free_params (alphabetical).
The latter is there because this is how scipy likes it.
Be sure to inherit from the abstract base class(es) so you’re sure you define
all the methods that are expected of an objective. Similar to the models, they
come in three types: BaseObjective,
GradientObjective and
HessianObjective. These must implement
__call__, eval_jacobian and eval_hessian respectively.

When defining a new objective, it is best to inherit from
HessianObjective and to define all three if
possible. When feeding a model that does not implement eval_hessian to a
HessianObjective no puppies die,
Fit is clever enough to prevent this.



Minimizers

Last in the chain are the minimizers. They are provided with a function to
minimize (the objective) and the Parameter s as
a function of which the objective should be minimized. Note that once again
there are different base classes for minimizers that take e.g. bounds or
support gradients. Their execute()
method takes the metaparameters for the minimization.
Again, be sure to inherit from the appropriate base class(es) if you’re
implementing your own minimizer to make sure all the expected methods are there.
Fit depends on this to make its decisions.
And if you’re wrapping Scipy style minimizers, have a look at
ScipyMinimize
to avoid a duplication of efforts.

Minimizers must always implement a method execute, which will return an
instance of FitResults. Any *args and
**kwargs given to execute must
be passed to the underlying minimizer.



Fit

Fit is responsible for stringing all of the above
together intelligently.
When not coached into the right direction, it will decide which minimizer and
objective to use on the basis of the model and data.





          

      

      

    

  

    
      
          
            
  


Dependencies and Credits

Always pay credit where credit’s due. symfit uses the following projects to
make it’s sexy interface possible:


	leastsqbound-scipy [https://github.com/jjhelmus/leastsqbound-scipy] is
used to bound parameters to a given domain.


	seaborn [http://seaborn.pydata.org] was used to make the beautifully
styled plots in the example code. All you have to do to sexify your
matplotlib plot’s is import seaborn, even if you don’t use it’s special
plotting facilities, so I highly recommend it.


	numpy and scipy [https://docs.scipy.org/doc/] are of course used to do
efficient data processing.


	sympy [http://docs.sympy.org/latest/index.html] is used for the
manipulation of the symbolic expressions that give this project it’s
high readability.







          

      

      

    

  

    
      
          
            
  


Examples


Model Examples

These are examples of the flexibility of symfit Models. This is because
essentially any valid sympy [https://docs.sympy.org/latest/modules/index.html#module-sympy] code can be provided as a model. This makes
it very intuitive to define your mathematical models almost as you would on
paper.



	Example: Fourier Series

	Example: Piecewise continuous function

	Example: Polynomial Surface Fit

	Example: ODEModel for Reaction Kinetics

	Example: Multiple species Reaction Kinetics using ODEModel

	Example: Piecewise model using CallableNumericalModel

	Example: ODEModels as subproblems using CallableNumericalModel

	Example: Matrix Equations using Tikhonov Regularization







Objective Examples

These are examples on how to use a different objective function from the
standard least-squares objective, such as likelihood fitting.



	Example: Likelihood fitting a Bivariate Gaussian

	Example: Global Likelihood fitting







Minimizer Examples

These examples demonstrate the different minimizers available in symfit.



	Global minimization: Skewed Mexican hat







Interactive Guess Module

The symfit.contrib.interactive_guess contrib module was designed to make
the process of finding initial guesses easier, by presenting the user with an
interactive matplotlib [https://matplotlib.org/index.html#module-matplotlib] window in which they can play around with the
initial values.



	Example: Interactive Guesses ODE

	Example: Interactive Guesses Vector Model

	Example: Interactive Guesses in N dimensions









          

      

      

    

  

    
      
          
            
  


Example: Fourier Series

Suppose we want to fit a Fourier series to a dataset. As an example, let’s take
a step function:


\[\begin{split}f(x) = \begin{cases} 0 & \text{if}\quad - \pi < x \leq 0 \\
              1 & \text{if}\quad     0 < x < \pi
\end{cases}\end{split}\]

In the example below, we will attempt to fit this with a Fourier Series of order
\(n=3\).


\[y(x) = a_0 + \sum_{i=1}^n a_i cos(i \omega x)
+ \sum_{i=1}^n b_i sin(i \omega x)\]

from symfit import parameters, variables, sin, cos, Fit
import numpy as np
import matplotlib.pyplot as plt

def fourier_series(x, f, n=0):
    """
    Returns a symbolic fourier series of order `n`.

    :param n: Order of the fourier series.
    :param x: Independent variable
    :param f: Frequency of the fourier series
    """
    # Make the parameter objects for all the terms
    a0, *cos_a = parameters(','.join(['a{}'.format(i) for i in range(0, n + 1)]))
    sin_b = parameters(','.join(['b{}'.format(i) for i in range(1, n + 1)]))
    # Construct the series
    series = a0 + sum(ai * cos(i * f * x) + bi * sin(i * f * x)
                     for i, (ai, bi) in enumerate(zip(cos_a, sin_b), start=1))
    return series

x, y = variables('x, y')
w, = parameters('w')
model_dict = {y: fourier_series(x, f=w, n=3)}
print(model_dict)

# Make step function data
xdata = np.linspace(-np.pi, np.pi)
ydata = np.zeros_like(xdata)
ydata[xdata > 0] = 1
# Define a Fit object for this model and data
fit = Fit(model_dict, x=xdata, y=ydata)
fit_result = fit.execute()
print(fit_result)

# Plot the result
plt.plot(xdata, ydata)
plt.plot(xdata, fit.model(x=xdata, **fit_result.params).y, ls=':')
plt.xlabel('x')
plt.ylabel('y')
plt.show()





This code prints:

{y: a0 + a1*cos(w*x) + a2*cos(2*w*x) + a3*cos(3*w*x) + b1*sin(w*x) + b2*sin(2*w*x) + b3*sin(3*w*x)}

Parameter Value        Standard Deviation
a0        5.000000e-01 2.075395e-02
a1        -4.903805e-12 3.277426e-02
a2        5.325068e-12 3.197889e-02
a3        -4.857033e-12 3.080979e-02
b1        6.267589e-01 2.546980e-02
b2        1.986491e-02 2.637273e-02
b3        1.846406e-01 2.725019e-02
w         8.671471e-01 3.132108e-02
Fitting status message: Optimization terminated successfully.
Number of iterations:   44
Regression Coefficient: 0.9401712713086535






[image: Fourier series fit to a step function]




          

      

      

    

  

    
      
          
            
  


Example: Piecewise continuous function

Piecewise continuus functions can be tricky to fit. However, using the
symfit interface this process is made a lot easier. Suppose we want to
fit to the following model:


\[\begin{split}f(x) = \begin{cases} x^2 - a x & \text{if}\quad x \leq x_0 \\
              a x + b   & \text{otherwise}
\end{cases}\end{split}\]

The script below gives an example of how to fit such a model:

from symfit import parameters, variables, Fit, Piecewise, exp, Eq, Model
import numpy as np
import matplotlib.pyplot as plt

x, y = variables('x, y')
a, b, x0 = parameters('a, b, x0')

# Make a piecewise model
y1 = x**2 - a * x
y2 = a * x + b
model = Model({y: Piecewise((y1, x <= x0), (y2, x > x0))})

# As a constraint, we demand equality between the two models at the point x0
# to do this, we substitute x -> x0 and demand equality using `Eq`
constraints = [
    Eq(y1.subs({x: x0}), y2.subs({x: x0}))
]
# Generate example data
xdata = np.linspace(-4, 4., 50)
ydata = model(x=xdata, a=0.0, b=1.0, x0=1.0).y
np.random.seed(2)
ydata = np.random.normal(ydata, 0.5)  # add noise

# Help the fit by bounding the switchpoint between the models
x0.min = 0.8
x0.max = 1.2

fit = Fit(model, x=xdata, y=ydata, constraints=constraints)
fit_result = fit.execute()
print(fit_result)

plt.scatter(xdata, ydata)
plt.plot(xdata, model(x=xdata, **fit_result.params).y)
plt.show()





This code prints:

Parameter Value        Standard Deviation
a         -4.780338e-02 None
b         1.205443e+00 None
x0        1.051163e+00 None
Fitting status message: Optimization terminated successfully.
Number of iterations:   18
Regression Coefficient: 0.9849188499599985






[image: Continuous piecewise fit]

Judging from this graph, another possible solution would have been to also
demand a continuous derivative at the point x0. This can be achieved by
setting the following constraints instead:

constraints = [
    Eq(y1.diff(x).subs({x: x0}), y2.diff(x).subs({x: x0})),
    Eq(y1.subs({x: x0}), y2.subs({x: x0}))
]





This gives the following plot:


[image: Differentiable fit to a piecewise function]

and the following fit report:

Parameter Value        Standard Deviation
a         8.000000e-01 None
b         -6.400000e-01 None
x0        8.000000e-01 None
Fitting status message: Optimization terminated successfully.
Number of iterations:   3
Regression Coefficient: 0.8558226069368662





The first fit is therefore the prevered one, but it does show you how easy it is
to set these constraints using symfit.




          

      

      

    

  

    
      
          
            
  


Example: Polynomial Surface Fit

In this example, we want to fit a polynomial to a 2D surface. Suppose the
surface is described by


\[f(x) = x^2 + y^2 + 2 x y\]

A fit to such data can be performed as follows:

from symfit import Poly, variables, parameters, Model, Fit
import numpy as np
import matplotlib.pyplot as plt
import seaborn as sns

x, y, z = variables('x, y, z')
c1, c2 = parameters('c1, c2')
# Make a polynomial. Note the `as_expr` to make it symfit friendly.
model_dict = {
    z: Poly( {(2, 0): c1, (0, 2): c1, (1, 1): c2}, x ,y).as_expr()
}
model = Model(model_dict)
print(model)

# Generate example data
x_vec = np.linspace(-5, 5)
y_vec = np.linspace(-10, 10)
xdata, ydata = np.meshgrid(x_vec, y_vec)
zdata = model(x=xdata, y=ydata, c1=1.0, c2=2.0).z
zdata = np.random.normal(zdata, 0.05 * zdata)  # add 5% noise

# Perform the fit
fit = Fit(model, x=xdata, y=ydata, z=zdata)
fit_result = fit.execute()
zfit = model(x=xdata, y=ydata, **fit_result.params).z
print(fit_result)

fig, (ax1, ax2) = plt.subplots(1, 2)
sns.heatmap(zdata, ax=ax1)
sns.heatmap(zfit, ax=ax2)
plt.show()





This code prints:

z(x, y; c1, c2) = c1*x**2 + c1*y**2 + c2*x*y

Parameter Value        Standard Deviation
c1        9.973489e-01 1.203071e-03
c2        1.996901e+00 3.736484e-03
Fitting status message: Optimization terminated successfully.
Number of iterations:   6
Regression Coefficient: 0.9952824293713467






[image: Polynomial surface fit]




          

      

      

    

  

    
      
          
            
  


Example: ODEModel for Reaction Kinetics

Below is an example of how to use the symfit.core.models.ODEModel. In
this example we will fit reaction kinetics data, taken from libretexts [http://chem.libretexts.org/Core/Physical_Chemistry/Kinetics/Rate_Laws/The_Rate_Law].

The data is from a first-order reaction \(\text{A} \rightarrow \text{B}\).

from symfit import variables, Parameter, Fit, D, ODEModel
import numpy as np
import matplotlib.pyplot as plt

# First order reaction kinetics. Data taken from
# http://chem.libretexts.org/Core/Physical_Chemistry/Kinetics/Rate_Laws/The_Rate_Law
tdata = np.array([0, 0.9184, 9.0875, 11.2485, 17.5255, 23.9993, 27.7949,
                  31.9783, 35.2118, 42.973, 46.6555, 50.3922, 55.4747, 61.827,
                  65.6603, 70.0939])
concentration = np.array([0.906, 0.8739, 0.5622, 0.5156, 0.3718, 0.2702, 0.2238,
                          0.1761, 0.1495, 0.1029, 0.086, 0.0697, 0.0546, 0.0393,
                          0.0324, 0.026])

# Define our ODE model
A, B, t = variables('A, B, t')
k = Parameter('k')
model = ODEModel(
    {D(A, t): - k * A, D(B, t): k * A},
    initial={t: tdata[0], A: concentration[0], B: 0.0}
)

fit = Fit(model, A=concentration, t=tdata)
fit_result = fit.execute()

print(fit_result)

# Plotting, irrelevant to the symfit part.
t_axis = np.linspace(0, 80)
A_fit, B_fit, = model(t=t_axis, **fit_result.params)
plt.scatter(tdata, concentration)
plt.plot(t_axis, A_fit, label='[A]')
plt.plot(t_axis, B_fit, label='[B]')
plt.xlabel('t /min')
plt.ylabel('[X] /M')
plt.ylim(0, 1)
plt.xlim(0, 80)
plt.legend(loc=1)
plt.show()





This is the resulting fit:


[image: ODE Fit to kinetics data]




          

      

      

    

  

    
      
          
            
  


Example: Multiple species Reaction Kinetics using ODEModel

In this example we shall fit to a complex system of ODEs, based on that published by Polgar et al [https://doi.org/10.1016/j.eurpolymj.2017.03.020]. However, we shall be generating some mock data instead of using the real deal.


[1]:






from symfit import (
    variables, parameters, ODEModel, D, Fit
)
from symfit.core.support import key2str
import numpy as np
import matplotlib.pyplot as plt








First we build a model representing the system of equations.


[2]:






t, F, MM, FMM, FMMF = variables('t, F, MM, FMM, FMMF')
k1_f, k1_r, k2_f, k2_r = parameters('k1_f, k1_r, k2_f, k2_r')

MM_0 = 10  # Some made up initial amount of [FF]

model_dict = {
    D(F, t): - k1_f * MM * F + k1_r * FMM - k2_f * FMM * F + k2_r * FMMF,
    D(FMM, t): k1_f * MM * F - k1_r * FMM - k2_r * FMM * F + k2_f * FMMF,
    D(FMMF, t): k2_f * FMM * F - k2_r * FMMF,
    D(MM, t): - k1_f * MM * F + k1_r * FMM,
}
model = ODEModel(
    model_dict,
    initial={t: 0.0, MM: MM_0, FMM: 0.0, FMMF: 0.0, F: 2 * MM_0}
)
print(model)













Derivative(F, t; k1_f, k1_r, k2_f, k2_r) = -k1_f*F*MM + k1_r*FMM - k2_f*F*FMM + k2_r*FMMF
Derivative(FMM, t; k1_f, k1_r, k2_f, k2_r) = k1_f*F*MM - k1_r*FMM + k2_f*FMMF - k2_r*F*FMM
Derivative(FMMF, t; k1_f, k1_r, k2_f, k2_r) = k2_f*F*FMM - k2_r*FMMF
Derivative(MM, t; k1_f, k1_r, k2_f, k2_r) = -k1_f*F*MM + k1_r*FMM






Generate mock data.


[3]:






tdata = np.linspace(0, 3, 20)
data = model(t=tdata, k1_f=0.1, k1_r=0.2, k2_f=0.3, k2_r=0.3)._asdict()
sigma_data = 0.3
np.random.seed(42)
for var in data:
    data[var] += np.random.normal(0, sigma_data, size=len(tdata))

plt.scatter(tdata, data[MM], label='[MM]')
plt.scatter(tdata, data[FMM], label='[FMM]')
plt.scatter(tdata, data[FMMF], label='[FMMF]')
plt.scatter(tdata, data[F], label='[F]')
plt.xlabel(r'$t$')
plt.ylabel(r'$C$')
plt.legend()
plt.show()












[image: ../_images/examples_ex_ode_system_5_0.png]




Perform the fit. Let’s pretend that for experimental reasons, we can only measure the concentration for MM and F, but not for the intermediate FMM nor the product FMMF. This is no problem, as we can tell symfit to ignore those components by setting the data for them to None.


[4]:






k1_f.min, k1_f.max = 0, 1
k1_r.min, k1_r.max = 0, 1
k2_f.min, k2_f.max = 0, 1
k2_r.min, k2_r.max = 0, 1

fit = Fit(model, t=tdata, MM=data[MM], F=data[F],
          FMMF=None, FMM=None,
          sigma_F=sigma_data, sigma_MM=sigma_data)
fit_result = fit.execute()
print(fit_result)














Parameter Value        Standard Deviation
k1_f      9.540422e-02 4.440691e-03
k1_r      1.065121e-01 7.165705e-02
k2_f      2.706131e-01 5.305081e-02
k2_r      2.633628e-01 5.647267e-02
Status message         CONVERGENCE: REL_REDUCTION_OF_F_<=_FACTR*EPSMCH
Number of iterations   30
Objective              <symfit.core.objectives.LeastSquares object at 0x7f3916c44c50>
Minimizer              <symfit.core.minimizers.LBFGSB object at 0x7f3919659510>

Goodness of fit qualifiers:
chi_squared            33.98549455182501
objective_value        16.992747275912507
r_squared              0.9936568366363016







[5]:






taxis = np.linspace(tdata.min(), tdata.max(), 1000)
model_fit = model(t=taxis, **fit_result.params)._asdict()
for var in data:
    plt.scatter(tdata, data[var], label='[{}]'.format(var.name))
    plt.plot(taxis, model_fit[var], label='[{}]'.format(var.name))
plt.legend()
plt.show()












[image: ../_images/examples_ex_ode_system_8_0.png]




We see that the lack of data for some components is not a problem, they are predicted quite nicely.




          

      

      

    

  

    
      
          
            
  


Example: Piecewise model using CallableNumericalModel

Below is an example of how to use the
symfit.core.models.CallableNumericalModel. This class allows you to
provide custom callables as your model, while still allowing clean interfacing
with the symfit API.

These models also accept a mixture of symbolic and callable components, as will
be demonstrated below. This allows the power-user great flexibility, since it is
still easy to interface with symfit’s constraints, minimizers, etc.

from symfit import variables, parameters, Fit, D, ODEModel, CallableNumericalModel
import numpy as np
import matplotlib.pyplot as plt

def nonanalytical_func(x, a, b):
    """
    This can be any pythonic function which should be fitted, typically one
    which is not easily written or supported as an analytical expression.
    """
    # Do your non-trivial magic here. In this case a Piecewise, although this
    # could also be done symbolically.
    y = np.zeros_like(x)
    y[x > b] = (a * (x - b) + b)[x > b]
    y[x <= b] = b
    return y

x, y1, y2 = variables('x, y1, y2')
a, b = parameters('a, b')

mixed_model = CallableNumericalModel(
    {y1: nonanalytical_func, y2: x ** a},
    connectivity_mapping={y1: {x, a, b}}
)

# Generate data
xdata = np.linspace(0, 10)
y1data, y2data = mixed_model(x=xdata, a=1.3, b=4)
y1data = np.random.normal(y1data, 0.1 * y1data)
y2data = np.random.normal(y2data, 0.1 * y2data)

# Perform the fit
b.value = 3.5
fit = Fit(mixed_model, x=xdata, y1=y1data, y2=y2data)
fit_result = fit.execute()
print(fit_result)

# Plotting, irrelevant to the symfit part.
y1_fit, y2_fit, = mixed_model(x=xdata, **fit_result.params)
plt.scatter(xdata, y1data)
plt.plot(xdata, y1_fit, label=r'$y_1$')
plt.scatter(xdata, y2data)
plt.plot(xdata, y2_fit, label=r'$y_2$')
plt.legend(loc=0)
plt.show()





This is the resulting fit:


[image: Custom Callable Model]




          

      

      

    

  

    
      
          
            
  


Example: ODEModels as subproblems using CallableNumericalModel

Imagine that you want to use ODE fitting, but your data aren’t directly linked to an ODE variable. In this case, you can use the class :class:symfit.core.models.CallableNumericalModel.

Given are the variables x, y and z. x and y and the parameter a form an ODE model, where the derivative contains (due to the e-function) y. z is the result of a function with y and the additional parameter b.

a and b must be optimized, as shown below. The class uses the given model dictionary and the information about the variable and the parameters to fit the data.


[1]:






from symfit import variables, Parameter, Fit, D, ODEModel, CallableNumericalModel
import numpy as np
import matplotlib.pyplot as plt

# Create data
x_data = np.linspace(0.0, 10.0, 1000)
a_expected = 0.6
b_expected = 10.0
z_data = 2 * np.exp(a_expected * x_data) + b_expected

# Initialise variables and parameters
x, y, z = variables('x, y, z')
a = Parameter('a', 0.0)
b = Parameter('b', 0.0)

# Define model
ode_model = ODEModel({D(y, x): a * y}, initial={x: 0.0, y: 1.0})
model_dict = {
    z: 2 * y + b,
    y: lambda x, a: ode_model(x=x, a=a).y,
}
model = CallableNumericalModel(model_dict, connectivity_mapping={z: {y, b}, y: {x, a}})

# Apply model
fit = Fit(model, x=x_data, z=z_data)
fit_result = fit.execute()








[2]:






print('a =', fit_result.value(a))













a = 0.5999999794206763







[3]:






print('b =', fit_result.value(b))













b = 10.000011545602636









          

      

      

    

  

    
      
          
            
  


Example: Matrix Equations using Tikhonov Regularization

This is an example of the use of matrix expressions in symfit models. This is illustrated by performing an inverse Laplace transform using Tikhonov regularization, but this could be adapted to other problems involving matrix quantities.


[1]:






from symfit import (
    variables, parameters, Model, Fit, exp, laplace_transform, symbols,
    MatrixSymbol, sqrt, Inverse, CallableModel
)
import numpy as np
import matplotlib.pyplot as plt








Say \(f(t) = t * exp(- t)\), and \(F(s)\) is the Laplace transform of \(f(t)\). Let us first evaluate this transform using sympy.


[2]:






t, f, s, F = variables('t, f, s, F')
model = Model({f: t * exp(- t)})
laplace_model = Model(
    {F: laplace_transform(model[f], t, s, noconds=True)}
)
print(laplace_model)














[F(s; ) = (s + 1)**(-2)]






Suppose we are confronted with a dataset \(F(s)\), but we need to know \(f(t)\). This means an inverse Laplace transform has to be performed. However, numerically this operation is ill-defined. In order to solve this, Tikhonov regularization can be performed.

To demonstrate this, we first generate mock data corresponding to \(F(s)\) and will then try to find (our secretly known) \(f(t)\).


[3]:






epsilon = 0.01  # 1 percent noise
s_data = np.linspace(0, 10, 101)
F_data = laplace_model(s=s_data).F
F_sigma = epsilon * F_data
np.random.seed(2)
F_data = np.random.normal(F_data, F_sigma)

plt.errorbar(s_data, F_data, yerr=F_sigma, fmt='none', label=r'$\mathcal{L}[f] = F(s)$')
plt.xlabel(r'$s_i$')
plt.ylabel(r'$F(s_i)$')
plt.xlim(0, None)
plt.legend()









[3]:







<matplotlib.legend.Legend at 0x7f7a830407d0>











[image: ../_images/examples_ex_tikhonov_5_1.png]




We will now invert this data, using the procedure outlined in \cite{}.


[4]:






N_s = symbols('N_s', integer=True)  # Number of s_i points

M = MatrixSymbol('M', N_s, N_s)
W = MatrixSymbol('W', N_s, N_s)
Fs = MatrixSymbol('Fs', N_s, 1)
c = MatrixSymbol('c', N_s, 1)
d = MatrixSymbol('d', 1, 1)
I = MatrixSymbol('I', N_s, N_s)
a, = parameters('a')

model_dict = {
    W: Inverse(I + M / a**2),
    c: - W * Fs,
    d: sqrt(c.T * c),
}
tikhonov_model = CallableModel(model_dict)
print(tikhonov_model)













[W(I, M; a) = (I + a**(-2)*M)**(-1),
 c(Fs, W; ) = -W*Fs,
 d(c; ) = (c.T*c)**(1/2)]






A CallableModel is needed because derivatives of matrix expressions sometimes cause problems.

Build required matrices, ignore s=0 because it causes a singularity.


[5]:






I_mat = np.eye(len(s_data[1:]))
s_i, s_j = np.meshgrid(s_data[1:], s_data[1:])
M_mat = 1 / (s_i + s_j)
delta = np.atleast_2d(np.linalg.norm(F_sigma))
print('d', delta)














d [[0.01965714]]






Perform the fit


[6]:






model_data = {
    I.name: I_mat,
    M.name: M_mat,
    Fs.name: F_data[1:],
}
all_data = dict(**model_data, **{d.name: delta})









[7]:






fit = Fit(tikhonov_model, **all_data)
fit_result = fit.execute()
print(fit_result)















Parameter Value        Standard Deviation
a         5.449374e-02 None
Status message         Optimization terminated successfully.
Number of iterations   14
Objective              <symfit.core.objectives.LeastSquares object at 0x7f7a7fa82e10>
Minimizer              <symfit.core.minimizers.BFGS object at 0x7f7a8237ee10>

Goodness of fit qualifiers:
chi_squared            3.289863264548032e-19
objective_value        1.644931632274016e-19
r_squared              -inf












/home/docs/checkouts/readthedocs.org/user_builds/symfit/envs/0.5.4/lib/python3.7/site-packages/symfit/core/fit_results.py:282: RuntimeWarning: divide by zero encountered in double_scalars
  return 1 - SS_res/SS_tot






Check the quality of the reconstruction


[8]:






ans = tikhonov_model(**model_data, **fit_result.params)
F_re = - M_mat.dot(ans.c) / fit_result.value(a)**2
print(ans.c.shape, F_re.shape)

plt.errorbar(s_data, F_data, yerr=F_sigma, label=r'$F(s)$', fmt='none')
plt.plot(s_data[1:], F_re, label=r'$F_{re}(s)$')
plt.xlabel(r'$x$')
plt.xlabel(r'$F(s)$')
plt.xlim(0, None)
plt.legend()













(100,) (100,)







[8]:







<matplotlib.legend.Legend at 0x7f7a829a20d0>











[image: ../_images/examples_ex_tikhonov_15_2.png]




Reconstruct \(f(t)\) and compare with the known original.


[9]:






t_data = np.linspace(0, 10, 101)
f_data = model(t=t_data).f
f_re_func = lambda x: - np.exp(- x * s_data[1:]).dot(ans.c) / fit_result.value(a)**2
f_re = [f_re_func(t_i) for t_i in t_data]

plt.axhline(0, color='black')
plt.axvline(0, color='black')
plt.plot(t_data, f_data, label=r'$f(t)$')
plt.plot(t_data, f_re, label=r'$f_{re}(t)$')
plt.xlabel(r'$t$')
plt.xlabel(r'$f(t)$')
plt.legend()








[9]:







<matplotlib.legend.Legend at 0x7f7a7f8a2f90>











[image: ../_images/examples_ex_tikhonov_17_1.png]




Not bad, for an ill-defined problem.




          

      

      

    

  

    
      
          
            
  


Example: Likelihood fitting a Bivariate Gaussian

In this example, we shall perform likelihood fitting to a bivariate normal distribution [http://mathworld.wolfram.com/BivariateNormalDistribution.html], to demonstrate how symfit’s API can easily be used to perform likelihood fitting on multivariate problems.

In this example, we sample from a bivariate normal distribution with a significant correlation of \(\rho = 0.6\) between \(x\) and \(y\). We see that this is extracted from the data relatively straightforwardly.


[1]:






import numpy as np
from symfit import Variable, Parameter, Fit
from symfit.core.objectives import LogLikelihood
from symfit.distributions import BivariateGaussian
import matplotlib.pyplot as plt








Build a model corresponding to a bivariate normal distribution.


[2]:






x = Variable('x')
y = Variable('y')
x0 = Parameter('x0', value=0.6, min=0.5, max=0.7)
sig_x = Parameter('sig_x', value=0.1, max=1.0)
y0 = Parameter('y0', value=0.7, min=0.6, max=0.9)
sig_y = Parameter('sig_y', value=0.05, max=1.0)
rho = Parameter('rho', value=0.001, min=-1, max=1)

pdf = BivariateGaussian(x=x, mu_x=x0, sig_x=sig_x, y=y, mu_y=y0,
                       sig_y=sig_y, rho=rho)








Generate mock data


[3]:






# Draw 100000 samples from a bivariate distribution
mean = [0.59, 0.8]
corr = 0.6
cov = np.array([[0.11 ** 2, 0.11 * 0.23 * corr],
                [0.11 * 0.23 * corr, 0.23 ** 2]])
np.random.seed(42)
xdata, ydata = np.random.multivariate_normal(mean, cov, 100000).T









[4]:






hist = plt.hist2d(xdata, ydata, bins=(100, 100))













[image: ../_images/examples_ex_bivariate_likelihood_6_0.png]




Finally, we perform the fit to this mock data using the LogLikelihood objective.


[5]:






fit = Fit(pdf, x=xdata, y=ydata, objective=LogLikelihood)
fit_result = fit.execute()
print(fit_result)













/home/docs/checkouts/readthedocs.org/user_builds/symfit/envs/0.5.4/lib/python3.7/site-packages/symfit/core/objectives.py:463: RuntimeWarning: divide by zero encountered in log
  [np.nansum(np.log(component)) for component in evaluated_func]
/home/docs/checkouts/readthedocs.org/user_builds/symfit/envs/0.5.4/lib/python3.7/site-packages/symfit/core/objectives.py:463: RuntimeWarning: invalid value encountered in log
  [np.nansum(np.log(component)) for component in evaluated_func]
/home/docs/checkouts/readthedocs.org/user_builds/symfit/envs/0.5.4/lib/python3.7/site-packages/symfit/core/objectives.py:491: RuntimeWarning: divide by zero encountered in true_divide
  df / component
/home/docs/checkouts/readthedocs.org/user_builds/symfit/envs/0.5.4/lib/python3.7/site-packages/symfit/core/objectives.py:491: RuntimeWarning: invalid value encountered in true_divide
  df / component
/home/docs/checkouts/readthedocs.org/user_builds/symfit/envs/0.5.4/lib/python3.7/site-packages/symfit/core/fit_results.py:259: RuntimeWarning: overflow encountered in exp
  gof_qualifiers['likelihood'] = np.exp(gof_qualifiers['log_likelihood'])













Parameter Value        Standard Deviation
rho       6.026420e-01 2.013810e-03
sig_x     1.100898e-01 2.461684e-04
sig_y     2.303400e-01 5.150556e-04
x0        5.901317e-01 3.481346e-04
y0        8.014040e-01 7.283990e-04
Status message         CONVERGENCE: REL_REDUCTION_OF_F_<=_FACTR*EPSMCH
Number of iterations   22
Objective              <symfit.core.objectives.LogLikelihood object at 0x7faf9225ed90>
Minimizer              <symfit.core.minimizers.LBFGSB object at 0x7faf92336d90>

Goodness of fit qualifiers:
likelihood             inf
log_likelihood         106241.24669486462
objective_value        -106241.24669486462






We see that this result is in agreement with our data.




          

      

      

    

  

    
      
          
            
  


Example: Global Likelihood fitting

In this example, we shall perform likelihood fitting to two data sets at the
same time to show how likelihood fitting can be used to fit multiple data sets
at the same time.

First we will fit using a different parameter for each data set, and then with
the same for both data sets. This shows the ease with which we can experiment
with different models.

import numpy as np
from symfit import variables, parameters, Fit, exp, Model
from symfit.core.objectives import LogLikelihood

# Draw samples from a bivariate distribution
np.random.seed(42)
data1 = np.random.exponential(5.5, 1000)
data2 = np.random.exponential(6, 2000)

# Define the model for an exponential distribution (numpy style)
a, b = parameters('a, b')
x1, y1, x2, y2 = variables('x1, y1, x2, y2')
model = Model({
    y1: (1 / a) * exp(-x1 / a),
    y2: (1 / b) * exp(-x2 / b)
})
print(model)

fit = Fit(model, x1=data1, x2=data2, objective=LogLikelihood)
fit_result = fit.execute()
print(fit_result)

# Instead, we could also fit with only one parameter to see which works best
model = Model({
    y1: (1 / a) * exp(-x1 / a),
    y2: (1 / a) * exp(-x2 / a)
})

fit = Fit(model, x1=data1, x2=data2, objective=LogLikelihood)
fit_result = fit.execute()
print(fit_result)








          

      

      

    

  

    
      
          
            
  


Global minimization: Skewed Mexican hat

In this example we will demonstrate the ease of performing global minimization using symfit. In order to do this we will have a look at a simple skewed mexican hat potential, which has a local minimum and a global minimum. We will then use DifferentialEvolution to find the global minimum.


[1]:






from symfit import Parameter, Variable, Model, Fit, solve, diff, N, re
from symfit.core.minimizers import DifferentialEvolution, BFGS
import numpy as np
import matplotlib.pyplot as plt








First we define a model for the skewed mexican hat.


[2]:






x = Parameter('x')
x.min, x.max = -100, 100
y = Variable('y')
model = Model({y: x**4 - 10 * x**2 + 5 * x})  # Skewed Mexican hat
print(model)














[y(; x) = x**4 - 10*x**2 + 5*x]






Let us visualize what this potential looks like.


[3]:






xdata = np.linspace(-4, 4, 201)
ydata = model(x=xdata).y

plt.axhline(0, color='black')
plt.axvline(0, color='black')
plt.plot(xdata, ydata, label=r'$f(x)$')
plt.xlabel('x')
plt.ylabel('f(x)')
plt.ylim(1.1 * ydata.min(), 1.1 * ydata.max())
plt.legend()









[3]:







<matplotlib.legend.Legend at 0x7f7a397aadd0>











[image: ../_images/examples_ex_mexican_hat_5_1.png]




Using sympy, it is easy to solve the solution analytically, by finding the places where the gradient is zero.


[4]:






sol = solve(diff(model[y], x), x)
# Give numerical value
sol = [re(N(s)) for s in sol]
sol








[4]:







[0.253248404857807, 2.09866205647752, -2.35191046133532]






Without providing any initial guesses, symfit finds the local minimum. This is because the initial guess is set to 1 by default.


[5]:






fit = Fit(model)
fit_result = fit.execute()
print('exact value', sol[1])
print('num  value ', fit_result.value(x))













exact value 2.09866205647752
num  value  2.09866205722533






Let’s use DifferentialEvolution instead.


[6]:






fit = Fit(model, minimizer=DifferentialEvolution)
fit_result = fit.execute()
print('exact value', sol[2])
print('num  value ', fit_result.value(x))














exact value -2.35191046133532
num  value  -2.3541401661334227






Using DifferentialEvolution, we find the correct global minimum. However, it is not exactly the same as the analytical solution. This is because DifferentialEvolution is expensive to perform, and therefore does not solve to high precision by default. We could demand a higher precission from DifferentialEvolution, but this isn’t worth the high computational cost. Instead, we will just tell symfit to perform DifferentialEvolution, followed by BFGS.


[7]:






fit = Fit(model, minimizer=[DifferentialEvolution, BFGS])
fit_result = fit.execute()
print('exact value', sol[2])
print('num  value ', fit_result.value(x))













exact value -2.35191046133532
num  value  -2.351910461331237






We see that now the proper solution has been found to much higher precision.




          

      

      

    

  

    
      
          
            
  


Example: Interactive Guesses ODE

Below is an example in which the initial guesses module
is used to help solve an ODE problem.

# SPDX-FileCopyrightText: 2014-2020 Martin Roelfs
#
# SPDX-License-Identifier: MIT

#!/usr/bin/env python3
# -*- coding: utf-8 -*-
from symfit import variables, Parameter, Fit, D, ODEModel
import numpy as np
from symfit.contrib.interactive_guess import InteractiveGuess


# First order reaction kinetics. Data taken from
# http://chem.libretexts.org/Core/Physical_Chemistry/Kinetics/Rate_Laws/The_Rate_Law
tdata = np.array([0, 0.9184, 9.0875, 11.2485, 17.5255, 23.9993, 27.7949,
                  31.9783, 35.2118, 42.973, 46.6555, 50.3922, 55.4747, 61.827,
                  65.6603, 70.0939])
concentration = np.array([0.906, 0.8739, 0.5622, 0.5156, 0.3718, 0.2702, 0.2238,
                          0.1761, 0.1495, 0.1029, 0.086, 0.0697, 0.0546, 0.0393,
                          0.0324, 0.026])

# Define our ODE model
A, t = variables('A, t')
k = Parameter('k')
model = ODEModel({D(A, t): - k * A}, initial={t: tdata[0], A: concentration[0]})

guess = InteractiveGuess(model, A=concentration, t=tdata, n_points=250)
guess.execute()
print(guess)

fit = Fit(model, A=concentration, t=tdata)
fit_result = fit.execute()
print(fit_result)





This is a screenshot of the interactive guess window:


[image: Fourier series fit to a step function]

By using the sliders, you can interactively play with the initial guesses until
it is close enough. Then after closing the window, this initial value is set
for the parameter, and the fit can be performed.




          

      

      

    

  

    
      
          
            
  


Example: Interactive Guesses Vector Model

Below is an example in which the initial guesses module
is used to help solve two-component vector valued function:

# SPDX-FileCopyrightText: 2014-2020 Martin Roelfs
#
# SPDX-License-Identifier: MIT

# -*- coding: utf-8 -*-
from symfit import Variable, Parameter, Fit, Model
from symfit.contrib.interactive_guess import InteractiveGuess
import numpy as np


x = Variable('x')
y1 = Variable('y1')
y2 = Variable('y2')
k = Parameter('k', 900)
x0 = Parameter('x0', 1.5)

model = {
    y1: k * (x-x0)**2,
    y2: x - x0
}
model = Model(model)

# Generate example data
x_data = np.linspace(0, 2.5, 50)
data = model(x=x_data, k=1000, x0=1)
y1_data = data.y1
y2_data = data.y2

guess = InteractiveGuess(model, x=x_data, y1=y1_data, y2=y2_data, n_points=250)
guess.execute()
print(guess)

fit = Fit(model, x=x_data, y1=y1_data, y2=y2_data)
fit_result = fit.execute()
print(fit_result)





This is a screenshot of the interactive guess window:


[image: Fourier series fit to a step function]

By using the sliders, you can interactively play with the initial guesses until
it is close enough. Then after closing the window, this initial values are set
for the parameters, and the fit can be performed.




          

      

      

    

  

    
      
          
            
  


Example: Interactive Guesses in N dimensions

Below is an example in which the initial guesses module
is used to help fit a function that depends on more than one independent
variable:

# SPDX-FileCopyrightText: 2014-2020 Martin Roelfs
#
# SPDX-License-Identifier: MIT

# -*- coding: utf-8 -*-

from symfit import variables, Parameter, exp, Fit, Model
from symfit.distributions import Gaussian
from symfit.contrib.interactive_guess import InteractiveGuess
import numpy as np


x, y, z = variables('x, y, z')
mu_x = Parameter('mu_x', 10)
mu_y = Parameter('mu_y', 10)
sig_x = Parameter('sig_x', 1)
sig_y = Parameter('sig_y', 1)



model = Model({z: Gaussian(x, mu_x, sig_x) * Gaussian(y, mu_y, sig_y)})
x_data = np.linspace(0, 25, 50)
y_data = np.linspace(0, 25, 50)
x_data, y_data = np.meshgrid(x_data, y_data)
x_data = x_data.flatten()
y_data = y_data.flatten()
z_data = model(x=x_data, y=y_data, mu_x=5, sig_x=0.3, mu_y=10, sig_y=1).z

guess = InteractiveGuess(model, x=x_data, y=y_data, z=z_data)
guess.execute()
print(guess)

fit = Fit(model, x=x_data, y=y_data, z=z_data)
fit_result = fit.execute()
print(fit_result)





This is a screenshot of the interactive guess window:


[image: ../_images/interactive_guess_simple_3D.png]

In the window you can see the range the provided data spans as a contourplot on
the background. The evaluated models is shown as red lines. By default your
proposed model is evaluated at \(50^n\) points for \(n\) independent
variables, with 50 points per dimension. So in the example this is at 50 values
of x and 50 values of y. The error bars on the points plotted are taken
from the spread in z that comes from the spread in data in the
other dimensions (y and x respectively). The error bars correspond (by
default) to the 90% percentile.

By using the sliders, you can interactively play with the initial guesses until
it is close enough. Then after closing the window, this initial values are set
for the parameters, and the fit can be performed.




          

      

      

    

  

    
      
          
            
  


Module Documentation

This page contains documentation to everything symfit has to offer.


Fit


	
class symfit.core.fit.Fit(model, *ordered_data, objective=None, minimizer=None, constraints=None, absolute_sigma=None, **named_data)[source]

	Bases: symfit.core.fit.HasCovarianceMatrix

Your one stop fitting solution! Based on the nature of the input, this
object will attempt to select the right fitting type for your problem.

If you need very specific control over how the problem is solved, you can
pass it the minimizer or objective function you would like to use.

Example usage:

a, b = parameters('a, b')
x, y = variables('x, y')

model = {y: a * x + b}

# Fit will use its default settings
fit = Fit(model, x=xdata, y=ydata)
fit_result = fit.execute()

# Use Nelder-Mead instead
fit = Fit(model, x=xdata, y=ydata, minimizer=NelderMead)
fit_result = fit.execute()

# Use Nelder-Mead to get close, and BFGS to polish it off
fit = Fit(model, x=xdata, y=ydata, minimizer=[NelderMead, BFGS])
fit_result = fit.execute(minimizer_kwargs=[dict(xatol=0.1), {}])






	
__init__(model, *ordered_data, objective=None, minimizer=None, constraints=None, absolute_sigma=None, **named_data)[source]

	
	Parameters

	
	model – (dict of) sympy expression(s) or Model object.


	constraints – iterable of Relation objects to be used as
constraints.


	absolute_sigma (bool [https://docs.python.org/3/library/functions.html#bool]) – True by default. If the sigma is only used
for relative weights in your problem, you could consider setting it
to False, but if your sigma are measurement errors, keep it at True.
Note that curve_fit has this set to False by default, which is
wrong in experimental science.


	objective – Have Fit use your specified objective. Can be one of
the predefined symfit objectives or any callable which accepts fit
parameters and returns a scalar.


	minimizer – Have Fit use your specified
symfit.core.minimizers.BaseMinimizer. Can be a
Sequence [https://docs.python.org/3/library/collections.abc.html#collections.abc.Sequence] of symfit.core.minimizers.BaseMinimizer.


	ordered_data – data for dependent, independent and sigma
variables. Assigned in the following order: independent vars are
assigned first, then dependent vars, then sigma’s in dependent
vars. Within each group they are assigned in alphabetical order.


	named_data – assign dependent, independent and sigma variables
data by name.













	
execute(**minimize_options)[source]

	Execute the fit.


	Parameters

	minimize_options – keyword arguments to be passed to the specified
minimizer.



	Returns

	FitResults instance














	
class symfit.core.fit.HasCovarianceMatrix(model, *ordered_data, absolute_sigma=None, **named_data)[source]

	Bases: symfit.core.fit.TakesData

Mixin class for calculating the covariance matrix for any model that has a
well-defined Jacobian \(J\). The covariance is then approximated as
\(J^T W J\), where W contains the weights of each data point.

Supports vector valued models, but is unable to estimate covariances for
those, just variances. Therefore, take the result with a grain of salt for
vector models.


	
covariance_matrix(best_fit_params)[source]

	Given best fit parameters, this function finds the covariance matrix.
This matrix gives the (co)variance in the parameters.


	Parameters

	best_fit_params – dict of best fit parameters as given by .best_fit_params()



	Returns

	covariance matrix.














	
class symfit.core.fit.TakesData(model, *ordered_data, absolute_sigma=None, **named_data)[source]

	Bases: object [https://docs.python.org/3/library/functions.html#object]

An base class for everything that takes data. Most importantly, it takes care
of linking the provided data to variables. The allowed variables are extracted
from the model.


	
__init__(model, *ordered_data, absolute_sigma=None, **named_data)[source]

	
	Parameters

	
	model – (dict of) sympy expression or Model object.


	absolute_sigma (bool [https://docs.python.org/3/library/functions.html#bool]) – True by default. If the sigma is only used
for relative weights in your problem, you could consider setting it to
False, but if your sigma are measurement errors, keep it at True.
Note that curve_fit has this set to False by default, which is wrong in
experimental science.


	ordered_data – data for dependent, independent and sigma variables. Assigned in
the following order: independent vars are assigned first, then dependent
vars, then sigma’s in dependent vars. Within each group they are assigned in
alphabetical order.


	named_data – assign dependent, independent and sigma variables data by name.








Standard deviation can be provided to any variable. They have to be prefixed
with sigma_. For example, let x be a Variable. Then sigma_x will give the
stdev in x.






	
data_shapes

	Returns the shape of the data. In most cases this will be the same for
all variables of the same type, if not this raises an Exception.

Ignores variables which are set to None by design so we know that those
None variables can be assumed to have the same shape as the other in
calculations where this is needed, such as the covariance matrix.


	Returns

	Tuple of all independent var shapes, dependent var shapes.










	
dependent_data

	Read-only Property


	Returns

	Data belonging to each dependent variable as a dict with
variable names as key, data as value.



	Return type

	collections.OrderedDict [https://docs.python.org/3/library/collections.html#collections.OrderedDict]










	
independent_data

	Read-only Property


	Returns

	Data belonging to each independent variable as a dict with
variable names as key, data as value.



	Return type

	collections.OrderedDict [https://docs.python.org/3/library/collections.html#collections.OrderedDict]










	
initial_guesses

	
	Returns

	Initial guesses for every parameter.










	
sigma_data

	Read-only Property


	Returns

	Data belonging to each sigma variable as a dict with
variable names as key, data as value.



	Return type

	collections.OrderedDict [https://docs.python.org/3/library/collections.html#collections.OrderedDict]















Models


	
class symfit.core.models.BaseCallableModel(model)[source]

	Bases: symfit.core.models.BaseModel

Baseclass for callable models. A callable model is expected to have
implemented a __call__ method which evaluates the model.


	
__call__(*args, **kwargs)[source]

	Evaluate the model for a certain value of the independent vars and parameters.
Signature for this function contains independent vars and parameters, NOT dependent and sigma vars.

Can be called with both ordered and named parameters. Order is independent vars first, then parameters.
Alphabetical order within each group.


	Parameters

	
	args – 


	kwargs – 






	Returns

	A namedtuple of all the dependent vars evaluated at the desired point. Will always return a tuple,
even for scalar valued functions. This is done for consistency.










	
eval_components(*args, **kwargs)[source]

	
	Returns

	evaluated lambda functions of each of the components in
model_dict, to be used in numerical calculation.










	
numerical_components()[source]

	
	Returns

	A list of callables corresponding to each of the components
of the model.














	
class symfit.core.models.BaseGradientModel(model)[source]

	Bases: symfit.core.models.BaseCallableModel

Baseclass for models which have a gradient. Such models are expected to
implement an eval_jacobian function.

Any subclass of this baseclass which does not implement its own
eval_jacobian will inherit a finite difference gradient.


	
eval_jacobian(*args, **kwargs)[source]

	
	Returns

	The jacobian matrix of the function.










	
finite_difference(*args, dx=1e-08, **kwargs)[source]

	Calculates a numerical approximation of the Jacobian of the model using
the sixth order central finite difference method. Accepts a dx
keyword to tune the relative stepsize used.
Makes 6*n_params calls to the model.


	Returns

	A numerical approximation of the Jacobian of the model as a
list with length n_components containing numpy arrays of shape
(n_params, n_datapoints)














	
class symfit.core.models.BaseModel(model)[source]

	Bases: collections.abc.Mapping [https://docs.python.org/3/library/collections.abc.html#collections.abc.Mapping]

ABC for Model’s. Makes sure models are iterable.
Models can be initiated from Mappings or Iterables of Expressions,
or from an expression directly.
Expressions are not enforced for ducktyping purposes.


	
__eq__(other)[source]

	Model’s are considered equal when they have the same dependent variables,
and the same expressions for those dependent variables. The same is defined here
as passing sympy == for the vars themselves, and as expr1 - expr2 == 0 for the
expressions. For more info check the sympy docs [https://github.com/sympy/sympy/wiki/Faq].


	Parameters

	other – Instance of Model.



	Returns

	bool










	
__getitem__(var)[source]

	Returns the expression belonging to a given dependent variable.


	Parameters

	var (Variable) – Instance of Variable



	Returns

	The expression belonging to var










	
__init__(model)[source]

	Initiate a Model from a dict:

a = Model({y: x**2})





Preferred way of initiating Model, since now you know what the dependent variable is called.


	Parameters

	model – dict of Expr, where dependent variables are the keys.










	
__iter__()[source]

	
	Returns

	iterable over self.model_dict










	
__len__()[source]

	
	Returns

	the number of dependent variables for this model.










	
__neg__()[source]

	
	Returns

	new model with opposite sign. Does not change the model
in-place, but returns a new copy.










	
__str__()[source]

	Printable representation of a Mapping model.


	Returns

	str










	
classmethod as_constraint(constraint, model, constraint_type=None, **init_kwargs)[source]

	Initiate a Model which should serve as a constraint. Such a
constraint-model should be initiated with knowledge of another
BaseModel, from which it will take its parameters:

model = Model({y: a * x + b})
constraint = Model.as_constraint(Eq(a, 1), model)





constraint.params will be [a, b] instead of [a].


	Parameters

	
	constraint – An Expr, a mapping or iterable of Expr, or a
Relational.


	model – An instance of (a subclass of)
BaseModel.


	constraint_type – When constraint is not
a Relational [https://docs.sympy.org/latest/modules/core.html#sympy.core.relational.Relational], a
Relational [https://docs.sympy.org/latest/modules/core.html#sympy.core.relational.Relational] has to be provided
explicitly.


	kwargs – Any additional keyword arguments which will be passed on
to the init method.













	
bounds

	
	Returns

	List of tuples of all bounds on parameters.










	
connectivity_mapping

	
	Returns

	This property returns a mapping of the interdepencies between
variables. This is essentially the dict representation of a
connectivity graph, because working with this dict results in
cleaner code. Treats variables and parameters on the same footing.










	
free_params

	
	Returns

	ordered list of the subset of variable params










	
function_dict

	Equivalent to self.model_dict, but with all variables replaced by
functions if applicable. Sorted by the evaluation order according to
self.ordered_symbols, not alphabetical like self.model_dict!






	
ordered_symbols

	
	Returns

	list of all symbols in this model, topologically sorted so they
can be evaluated in the correct order.

Within each group of equal priority symbols, we sort by the order of
the derivative.












	
shared_parameters

	
	Returns

	bool, indicating if parameters are shared between the vector
components of this model.










	
vars

	
	Returns

	Returns a list of dependent, independent and sigma variables, in that order.










	
vars_as_functions

	
	Returns

	Turn the keys of this model into
Function [https://docs.sympy.org/latest/modules/core.html#sympy.core.function.Function]
objects. This is done recursively so the chain rule can be applied
correctly. This is done on the basis of connectivity_mapping.

Example: for {y: a * x, z: y**2 + a} this returns
{y: y(x, a), z: z(y(x, a), a)}.












	
classmethod with_dependencies(model_expr, dependency_model, **init_kwargs)[source]

	Initiate a model whose components depend on another model. For example:

>>> x, y, z = variables('x, y, z')
>>> dependency_model = Model({y: x**2})
>>> model_dict = {z: y**2}
>>> model = Model.with_dependencies(model_dict, dependency_model)
>>> print(model)
[y(x; ) = x**2,
 z(y; ) = y**2]






	Parameters

	
	model_expr – The Expr or mapping/iterable of Expr to be
turned into a model.


	dependency_model – An instance of (a subclass of)
BaseModel, which contains components on
which the argument model_expr depends.


	init_kwargs – Any kwargs to be passed on to the standard
init method of this class.






	Returns

	A stand-alone BaseModel subclass.














	
class symfit.core.models.BaseNumericalModel(model, independent_vars=None, params=None, *, connectivity_mapping=None, **kwargs)[source]

	Bases: symfit.core.models.BaseModel

ABC for Numerical Models. These are models whose components are generic
python callables.


	
__eq__(other)[source]

	Model’s are considered equal when they have the same dependent variables,
and the same expressions for those dependent variables. The same is defined here
as passing sympy == for the vars themselves, and as expr1 - expr2 == 0 for the
expressions. For more info check the sympy docs [https://github.com/sympy/sympy/wiki/Faq].


	Parameters

	other – Instance of Model.



	Returns

	bool










	
__init__(model, independent_vars=None, params=None, *, connectivity_mapping=None, **kwargs)[source]

	
	Parameters

	
	model – dict of callable, where dependent variables are the
keys. If instead of a dict a (sequence of) callable is provided,
it will be turned into a dict automatically.


	independent_vars – The independent variables of the  model.
(Deprecated, use connectivity_mapping instead.)


	params – The parameters of the model.
(Deprecated, use connectivity_mapping instead.)


	connectivity_mapping – Mapping indicating the dependencies of
every variable in the model. For example, a model_dict
{y: lambda x, a, b: a * x + b} needs a connectivity_mapping
{y: {x, a, b}}. (Note that the values of this dict have to be
sets.) This only has to be provided for the non-symbolic components.
The part corresponding to the symbolic components of the model is
inferred automatically.













	
__neg__()[source]

	
	Returns

	new model with opposite sign. Does not change the model in-place,
but returns a new copy.










	
shared_parameters

	BaseNumericalModel’s cannot infer if parameters are shared.










	
class symfit.core.models.CallableModel(model)[source]

	Bases: symfit.core.models.BaseCallableModel

Defines a callable model. The usual rules apply to the ordering of the
arguments:


	first independent variables, then dependent variables, then parameters.


	within each of these groups they are ordered alphabetically.





	
numerical_components

	
	Returns

	lambda functions of each of the analytical components in
model_dict, to be used in numerical calculation.














	
class symfit.core.models.CallableNumericalModel(model, independent_vars=None, params=None, *, connectivity_mapping=None, **kwargs)[source]

	Bases: symfit.core.models.BaseCallableModel, symfit.core.models.BaseNumericalModel

Callable model, whose components are callables provided by the user.
This allows the user to provide the components directly.

Example:

x, y = variables('x, y')
a, b = parameters('a, b')
numerical_model = CallableNumericalModel(
    {y: lambda x, a, b: a * x + b},
    connectivity_mapping={y: {x, a, b}}
)





This is identical in functionality to the more traditional:

x, y = variables('x, y')
a, b = parameters('a, b')
model = CallableModel({y: a * x + b})





but allows power-users a lot more freedom while still interacting
seamlessly with the symfit API.

When mixing symbolical and non-symbolical components, the
connectivity_mapping only has to be provided for the non-symbolical
components, the rest are inferred automatically:

x, y, z = variables('x, y, z')
a, b = parameters('a, b')
model_dict = {z: lambda y, a, b: a * y + b,
              y: x ** a}
mixed_model = CallableNumericalModel(
    model_dict, connectivity_mapping={z: {y, a, b}}
)










	
class symfit.core.models.GradientModel(*args, **kwargs)[source]

	Bases: symfit.core.models.CallableModel, symfit.core.models.BaseGradientModel

Analytical model which has an analytically computed Jacobian.


	
__init__(*args, **kwargs)[source]

	Initiate a Model from a dict:

a = Model({y: x**2})





Preferred way of initiating Model, since now you know what the dependent variable is called.


	Parameters

	model – dict of Expr, where dependent variables are the keys.










	
eval_jacobian(*args, **kwargs)[source]

	
	Returns

	Jacobian evaluated at the specified point.










	
jacobian

	
	Returns

	Jacobian filled with the symbolic expressions for all the
partial derivatives. Partial derivatives are of the components of
the function with respect to the Parameter’s, not the independent
Variable’s. The return shape is a list over the models components,
filled with tha symbolical jacobian for that component, as a list.














	
class symfit.core.models.HessianModel(*args, **kwargs)[source]

	Bases: symfit.core.models.GradientModel

Analytical model which has an analytically computed Hessian.


	
__init__(*args, **kwargs)[source]

	Initiate a Model from a dict:

a = Model({y: x**2})





Preferred way of initiating Model, since now you know what the dependent variable is called.


	Parameters

	model – dict of Expr, where dependent variables are the keys.










	
eval_hessian(*args, **kwargs)[source]

	
	Returns

	Hessian evaluated at the specified point.










	
hessian

	
	Returns

	Hessian filled with the symbolic expressions for all the
second order partial derivatives. Partial derivatives are taken with
respect to the Parameter’s, not the independent Variable’s.














	
class symfit.core.models.Model(*args, **kwargs)[source]

	Bases: symfit.core.models.HessianModel

Model represents a symbolic function and all it’s derived properties such as
sum of squares, jacobian etc.
Models should be initiated from a dict:

a = Model({y: x**2})





Models are callable. The usual rules apply to the ordering of the arguments:


	first independent variables, then parameters.


	within each of these groups they are ordered alphabetically.




The output of a call to a model is a special kind of namedtuple:

>>> a(x=3)
Ans(y=9)





When turning this into a dict, however, the dict keys will be Variable
objects, not strings:

>>> a(x=3)._asdict()
OrderedDict(((y, 9),))





Models are also iterable, behaving as their internal model_dict. For
example, a[y] returns x**2, len(a) == 1,
y in a == True, etc.






	
exception symfit.core.models.ModelError[source]

	Bases: Exception [https://docs.python.org/3/library/exceptions.html#Exception]

Raised when a problem occurs with a model.






	
class symfit.core.models.ModelOutput(variables, output)[source]

	Bases: tuple [https://docs.python.org/3/library/stdtypes.html#tuple]

Object to hold the output of a model call. It mimics a
collections.namedtuple() [https://docs.python.org/3/library/collections.html#collections.namedtuple], but is initiated with
Variable objects instead of strings.

Its information can be accessed using indexing or as attributes:

>>> x, y = variables('x, y')
>>> a, b = parameters('a, b')
>>> model = Model({y: a * x + b})

>>> ans = model(x=2, a=1, b=3)
>>> print(ans)
ModelOutput(variables=[y], output=[5])
>>> ans[0]
5
>>> ans.y
5






	
__getitem__(key)[source]

	Return self[key].






	
__init__(variables, output)[source]

	variables and output need to be in the same order!


	Parameters

	
	variables – The variables corresponding to output.


	output – The output of a call which should be mapped to
variables.













	
__len__()[source]

	Return len(self).






	
static __new__(self, variables, output)[source]

	variables and output need to be in the same order!


	Parameters

	
	variables – The variables corresponding to output.


	output – The output of a call which should be mapped to
variables.













	
__repr__()[source]

	Return repr(self).










	
class symfit.core.models.ODEModel(model_dict, initial, *lsoda_args, **lsoda_kwargs)[source]

	Bases: symfit.core.models.BaseGradientModel

Model build from a system of ODEs. When the model is called, the ODE is
integrated using the LSODA package.


	
__call__(*args, **kwargs)[source]

	Evaluate the model for a certain value of the independent vars and parameters.
Signature for this function contains independent vars and parameters, NOT dependent and sigma vars.

Can be called with both ordered and named parameters. Order is independent vars first, then parameters.
Alphabetical order within each group.


	Parameters

	
	args – Ordered arguments for the parameters and independent
variables


	kwargs – Keyword arguments for the parameters and independent
variables






	Returns

	A namedtuple of all the dependent vars evaluated at the desired point. Will always return a tuple,
even for scalar valued functions. This is done for consistency.










	
__getitem__(dependent_var)[source]

	Gives the function defined for the derivative of dependent_var.
e.g. \(y' = f(y, t)\), model[y] -> f(y, t)


	Parameters

	dependent_var – 



	Returns

	










	
__init__(model_dict, initial, *lsoda_args, **lsoda_kwargs)[source]

	
	Parameters

	
	model_dict – Dictionary specifying ODEs. e.g.
model_dict = {D(y, x): a * x**2}


	initial – dict of initial conditions for the ODE.
Must be provided! e.g.
initial = {y: 1.0, x: 0.0}


	lsoda_args – args to pass to the lsoda solver.
See scipy’s odeint [http://docs.scipy.org/doc/scipy/reference/generated/scipy.integrate.odeint.html]
for more info.


	lsoda_kwargs – kwargs to pass to the lsoda solver.













	
__iter__()[source]

	
	Returns

	iterable over self.model_dict










	
__neg__()[source]

	
	Returns

	new model with opposite sign. Does not change the model in-place,
but returns a new copy.










	
__str__()[source]

	Printable representation of this model.


	Returns

	str










	
eval_components(*args, **kwargs)[source]

	Numerically integrate the system of ODEs.


	Parameters

	
	args – Ordered arguments for the parameters and independent
variables


	kwargs – Keyword arguments for the parameters and independent
variables






	Returns

	














	
symfit.core.models.hessian_from_model(model)[source]

	Build a CallableModel representing the Hessian
of model.

This function make sure the chain rule is correctly applied for
interdependent variables.


	Parameters

	model – Any symbolical model-type.



	Returns

	CallableModel representing the Hessian
of model.










	
symfit.core.models.jacobian_from_model(model, as_functions=False)[source]

	
	Build a CallableModel representing the Jacobian

	of model.





This function make sure the chain rule is correctly applied for
interdependent variables.


	Parameters

	
	model – Any symbolical model-type.


	as_functions – If True, the result is returned using
sympy.core.function.Function [https://docs.sympy.org/latest/modules/core.html#sympy.core.function.Function] where needed, e.g.
{y(x, a): a * x} instead of {y: a * x}.






	Returns

	CallableModel representing the Jacobian
of model.











Argument


	
class symfit.core.argument.Argument(name=None, *args, **assumptions)[source]

	Bases: sympy.core.symbol.Symbol [https://docs.sympy.org/latest/modules/core.html#sympy.core.symbol.Symbol]

Base class for symfit symbols. This helps make symfit symbols
distinguishable from sympy [https://docs.sympy.org/latest/modules/index.html#module-sympy] symbols.

If no name is explicitly provided a name will be generated.

For example:

y = Variable()
print(y.name)
>> 'x_0'

y = Variable('y')
print(y.name)
>> 'y'






	
__init__(name=None, *args, **assumptions)[source]

	Initialize self.  See help(type(self)) for accurate signature.






	
static __new__(cls, name=None, **assumptions)[source]

	Create a new Argument. See Symbol [https://docs.sympy.org/latest/modules/core.html#sympy.core.symbol.Symbol]
for more information.










	
class symfit.core.argument.Parameter(name=None, value=1.0, min=None, max=None, fixed=False, **assumptions)[source]

	Bases: symfit.core.argument.Argument

Parameter objects are used to facilitate bounds on function parameters.
Important change from symfit>0.4.1: the name needs to be the first keyword,
followed by the guess value. If no name is provided, the initial value can
be passed as a keyword argument, e.g.: value=0.1. A generic name will then
be generated.


	
__call__(*values, **named_values)

	Call an expression to evaluate it at the given point.

Future improvements: I would like if func and signature could be buffered after the
first call so they don’t have to be recalculated for every call. However, nothing
can be stored on self as sympy uses __slots__ for efficiency. This means there is no
instance dict to put stuff in! And I’m pretty sure it’s ill advised to hack into the
__slots__ of Expr.

However, for the moment I don’t really notice a performance penalty in running tests.

p.s. In the current setup signature is not even needed since no introspection is possible
on the Expr before calling it anyway, which makes calculating the signature absolutely useless.
However, I hope that someday some monkey patching expert in shining armour comes by and finds
a way to store it in __signature__ upon __init__ of any symfit expr such that calling
inspect_sig.signature on a symbolic expression will tell you which arguments to provide.


	Parameters

	
	self – Any subclass of sympy.Expr


	values – Values for the Parameters and Variables of the Expr.


	named_values – Values for the vars and params by name. named_values is
allowed to contain too many values, as this sometimes happens when using
**fit_result.params on a submodel. The irrelevant params are simply ignored.






	Returns

	The function evaluated at values. The type depends entirely on the input.
Typically an array or a float but nothing is enforced.










	
__eq__(other)[source]

	Parameters are considered equal when their name, assumptions, and
bounds are considered the same.






	
__hash__() → int

	Return hash(self).






	
__init__(name=None, value=1.0, min=None, max=None, fixed=False, **assumptions)[source]

	
	Parameters

	
	name – Name of the Parameter.


	value – Initial guess value.


	min – Lower bound on the parameter value.


	max – Upper bound on the parameter value.


	fixed (bool [https://docs.python.org/3/library/functions.html#bool]) – Fix the parameter to value during fitting.


	assumptions – assumptions to pass to sympy.













	
static __new__(cls, name=None, value=1.0, min=None, max=None, fixed=False, **kwargs)[source]

	Create a new Argument. See Symbol [https://docs.sympy.org/latest/modules/core.html#sympy.core.symbol.Symbol]
for more information.










	
class symfit.core.argument.Variable(name=None, *args, **assumptions)[source]

	Bases: symfit.core.argument.Argument

Variable type.







Operators

Monkey Patching module.

This module makes sympy Expressions callable, which makes the whole project feel more consistent.


	
symfit.core.operators.call(self, *values, **named_values)[source]

	Call an expression to evaluate it at the given point.

Future improvements: I would like if func and signature could be buffered after the
first call so they don’t have to be recalculated for every call. However, nothing
can be stored on self as sympy uses __slots__ for efficiency. This means there is no
instance dict to put stuff in! And I’m pretty sure it’s ill advised to hack into the
__slots__ of Expr.

However, for the moment I don’t really notice a performance penalty in running tests.

p.s. In the current setup signature is not even needed since no introspection is possible
on the Expr before calling it anyway, which makes calculating the signature absolutely useless.
However, I hope that someday some monkey patching expert in shining armour comes by and finds
a way to store it in __signature__ upon __init__ of any symfit expr such that calling
inspect_sig.signature on a symbolic expression will tell you which arguments to provide.


	Parameters

	
	self – Any subclass of sympy.Expr


	values – Values for the Parameters and Variables of the Expr.


	named_values – Values for the vars and params by name. named_values is
allowed to contain too many values, as this sometimes happens when using
**fit_result.params on a submodel. The irrelevant params are simply ignored.






	Returns

	The function evaluated at values. The type depends entirely on the input.
Typically an array or a float but nothing is enforced.











Fit Results


	
class symfit.core.fit_results.FitResults(model, popt, covariance_matrix, minimizer, objective, message, *, constraints=None, **minimizer_output)[source]

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Class to display the results of a fit in a nice and unambiguous way.
All things related to the fit are available on this class, e.g.
- parameter values + stdev
- R squared (Regression coefficient.) or other fit quality qualifiers.
- fitting status message
- covariance matrix
- objective and minimizer used.

Contains the attribute params, which is an
OrderedDict [https://docs.python.org/3/library/collections.html#collections.OrderedDict] containing all the parameter names and
their optimized values. Can be ** unpacked when evaluating
Model’s.


	
__getattr__(item)[source]

	Return the requested item if it can be found in the gof_qualifiers
dict.


	Parameters

	item – Name of Goodness of Fit qualifier.



	Returns

	Goodness of Fit qualifier if present.










	
__init__(model, popt, covariance_matrix, minimizer, objective, message, *, constraints=None, **minimizer_output)[source]

	
	Parameters

	
	model – Model that was fit to.


	popt – best fit parameters, same ordering as in model.params.


	covariance_matrix – covariance matrix.


	minimizer – Minimizer instance used.


	objective – Objective function which was optimized.


	message – Status message returned by the minimizer.


	**minimizer_output – Raw output as given by the minimizer.













	
__str__()[source]

	Pretty print the results as a table.






	
covariance(param_1, param_2)[source]

	Return the covariance between param_1 and param_2.


	Parameters

	
	param_1 – Parameter Instance.


	param_2 – Parameter Instance.






	Returns

	Covariance of the two params.










	
stdev(param)[source]

	Return the standard deviation in a given parameter as found by the fit.


	Parameters

	param – Parameter Instance.



	Returns

	Standard deviation of param.










	
value(param)[source]

	Return the value in a given parameter as found by the fit.


	Parameters

	param – Parameter Instance.



	Returns

	Value of param.










	
variance(param)[source]

	Return the variance in a given parameter as found by the fit.


	Parameters

	param – Parameter Instance.



	Returns

	Variance of param.














	
symfit.core.fit_results.r_squared(model, fit_result, data)[source]

	Calculates the coefficient of determination, R^2, for the fit.

(Is not defined properly for vector valued functions.)


	Parameters

	
	model – Model instance


	fit_result – FitResults instance


	data – data with which the fit was performed.














Minimizers


	
class symfit.core.minimizers.BFGS(*args, **kwargs)[source]

	Bases: symfit.core.minimizers.ScipyGradientMinimize

Wrapper around scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]’s BFGS algorithm.






	
class symfit.core.minimizers.BaseMinimizer(objective, parameters)[source]

	Bases: object [https://docs.python.org/3/library/functions.html#object]

ABC for all Minimizers.


	
__init__(objective, parameters)[source]

	
	Parameters

	
	objective – Objective function to be used.


	parameters – List of Parameter instances













	
execute(**options)[source]

	The execute method should implement the actual minimization procedure,
and should return a FitResults instance.


	Parameters

	options – options to be used by the minimization procedure.



	Returns

	an instance of FitResults.














	
class symfit.core.minimizers.BasinHopping(*args, local_minimizer=<class 'symfit.core.minimizers.BFGS'>, **kwargs)[source]

	Bases: symfit.core.minimizers.ScipyMinimize, symfit.core.minimizers.GlobalMinimizer

Wrapper around scipy.optimize.basinhopping() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.basinhopping.html#scipy.optimize.basinhopping]’s basin-hopping algorithm.

As always, the best way to use this algorithm is through
Fit, as this will automatically select a local
minimizer for you depending on whether you provided bounds, constraints, etc.

However, BasinHopping can also be used directly. Example (with jacobian):

import numpy as np
from symfit.core.minimizers import BFGS, BasinHopping
from symfit import parameters

def func2d(x1, x2):
    f = np.cos(14.5 * x1 - 0.3) + (x2 + 0.2) * x2 + (x1 + 0.2) * x1
    return f

def jac2d(x1, x2):
    df = np.zeros(2)
    df[0] = -14.5 * np.sin(14.5 * x1 - 0.3) + 2. * x1 + 0.2
    df[1] = 2. * x2 + 0.2
    return df

x0 = [1.0, 1.0]
np.random.seed(555)
x1, x2 = parameters('x1, x2', value=x0)
fit = BasinHopping(func2d, [x1, x2], local_minimizer=BFGS)
minimizer_kwargs = {'jac': fit.list2kwargs(jac2d)}
fit_result = fit.execute(niter=200, minimizer_kwargs=minimizer_kwargs)





See scipy.optimize.basinhopping() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.basinhopping.html#scipy.optimize.basinhopping] for more options.


	
__init__(*args, local_minimizer=<class 'symfit.core.minimizers.BFGS'>, **kwargs)[source]

	
	Parameters

	
	local_minimizer – minimizer to be used for local minimization
steps. Can be any subclass of
symfit.core.minimizers.ScipyMinimize.


	args – positional arguments to be passed on to super.


	kwargs – keyword arguments to be passed on to super.













	
execute(**minimize_options)[source]

	Execute the basin-hopping minimization.


	Parameters

	minimize_options – options to be passed on to
scipy.optimize.basinhopping() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.basinhopping.html#scipy.optimize.basinhopping].



	Returns

	symfit.core.fit_results.FitResults














	
class symfit.core.minimizers.BoundedMinimizer(objective, parameters)[source]

	Bases: symfit.core.minimizers.BaseMinimizer

ABC for Minimizers that support bounds.






	
class symfit.core.minimizers.COBYLA(*args, **kwargs)[source]

	Bases: symfit.core.minimizers.ScipyConstrainedMinimize, symfit.core.minimizers.BaseMinimizer

Wrapper around scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]’s COBYLA algorithm.


	
execute(**minimize_options)[source]

	Calls the wrapped algorithm.


	Parameters

	
	bounds – The bounds for the parameters. Usually filled by
BoundedMinimizer.


	jacobian – The Jacobian. Usually filled by
ScipyGradientMinimize.


	**minimize_options – Further keywords to pass to
scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]. Note that your method will
usually be filled by a specific subclass.

















	
class symfit.core.minimizers.ChainedMinimizer(*args, minimizers=None, **kwargs)[source]

	Bases: symfit.core.minimizers.BaseMinimizer

A minimizer that consists of multiple other minimizers, each executed in
order.
This is valuable if you have minimizers that are not good at finding the
exact minimum such as NelderMead or
DifferentialEvolution.


	
__init__(*args, minimizers=None, **kwargs)[source]

	
	Parameters

	
	minimizers – a Sequence [https://docs.python.org/3/library/collections.abc.html#collections.abc.Sequence] of
BaseMinimizer objects, which need
to be run in order.


	*args – passed to symfit.core.minimizers.BaseMinimizer.__init__().


	**kwargs – passed to symfit.core.minimizers.BaseMinimizer.__init__().













	
__str__()[source]

	Return str(self).






	
execute(**minimizer_kwargs)[source]

	Execute the chained-minimization. In order to pass options to the
seperate minimizers, they can  be passed by using the
names of the minimizers as keywords. For example:

fit = Fit(self.model, self.xx, self.yy, self.ydata,
          minimizer=[DifferentialEvolution, BFGS])
fit_result = fit.execute(
    DifferentialEvolution={'seed': 0, 'tol': 1e-4, 'maxiter': 10},
    BFGS={'tol': 1e-4}
)





In case of multiple identical minimizers an index is added to each
keyword argument to make them identifiable. For example, if:

minimizer=[BFGS, DifferentialEvolution, BFGS])





then the keyword arguments will be ‘BFGS’, ‘DifferentialEvolution’,
and ‘BFGS_2’.


	Parameters

	minimizer_kwargs – Minimizer options to be passed to the
minimzers by name



	Returns

	an instance of FitResults.














	
class symfit.core.minimizers.ConstrainedMinimizer(*args, constraints=None, **kwargs)[source]

	Bases: symfit.core.minimizers.BaseMinimizer

ABC for Minimizers that support constraints


	
__init__(*args, constraints=None, **kwargs)[source]

	
	Parameters

	
	objective – Objective function to be used.


	parameters – List of Parameter instances

















	
class symfit.core.minimizers.DifferentialEvolution(*args, **kwargs)[source]

	Bases: symfit.core.minimizers.ScipyBoundedMinimizer, symfit.core.minimizers.GlobalMinimizer

A wrapper around scipy.optimize.differential_evolution() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.differential_evolution.html#scipy.optimize.differential_evolution].


	
execute(*, strategy='rand1bin', popsize=40, mutation=(0.423, 1.053), recombination=0.95, polish=False, init='latinhypercube', **de_options)[source]

	Calls the wrapped algorithm.


	Parameters

	
	bounds – The bounds for the parameters. Usually filled by
BoundedMinimizer.


	jacobian – The Jacobian. Usually filled by
ScipyGradientMinimize.


	**minimize_options – Further keywords to pass to
scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]. Note that your method will
usually be filled by a specific subclass.

















	
class symfit.core.minimizers.DummyModel(params)

	Bases: tuple [https://docs.python.org/3/library/stdtypes.html#tuple]


	
__getnewargs__()

	Return self as a plain tuple.  Used by copy and pickle.






	
static __new__(_cls, params)

	Create new instance of DummyModel(params,)






	
__repr__()

	Return a nicely formatted representation string






	
params

	Alias for field number 0










	
class symfit.core.minimizers.GlobalMinimizer(*args, **kwargs)[source]

	Bases: symfit.core.minimizers.BaseMinimizer

A minimizer that looks for a global minimum, instead of a local one.


	
__init__(*args, **kwargs)[source]

	
	Parameters

	
	objective – Objective function to be used.


	parameters – List of Parameter instances

















	
class symfit.core.minimizers.GradientMinimizer(*args, jacobian=None, **kwargs)[source]

	Bases: symfit.core.minimizers.BaseMinimizer

ABC for Minizers that support the use of a jacobian


	
__init__(*args, jacobian=None, **kwargs)[source]

	
	Parameters

	
	objective – Objective function to be used.


	parameters – List of Parameter instances













	
resize_jac(func)[source]

	Removes values with identical indices to fixed parameters from the
output of func. func has to return the jacobian of a scalar function.


	Parameters

	func – Jacobian function to be wrapped. Is assumed to be the
jacobian of a scalar function.



	Returns

	Jacobian corresponding to non-fixed parameters only.














	
class symfit.core.minimizers.HessianMinimizer(*args, hessian=None, **kwargs)[source]

	Bases: symfit.core.minimizers.GradientMinimizer

ABC for Minimizers that support the use of a Hessian.


	
__init__(*args, hessian=None, **kwargs)[source]

	
	Parameters

	
	objective – Objective function to be used.


	parameters – List of Parameter instances













	
resize_hess(func)[source]

	Removes values with identical indices to fixed parameters from the
output of func. func has to return the Hessian of a scalar function.


	Parameters

	func – Hessian function to be wrapped. Is assumed to be the
Hessian of a scalar function.



	Returns

	Hessian corresponding to free parameters only.














	
class symfit.core.minimizers.LBFGSB(*args, **kwargs)[source]

	Bases: symfit.core.minimizers.ScipyGradientMinimize, symfit.core.minimizers.ScipyBoundedMinimizer

Wrapper around scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]’s LBFGSB algorithm.


	
classmethod method_name()[source]

	Returns the name of the minimize method this object represents. This is
needed because the name of the object is not always exactly what needs
to be passed on to scipy as a string.
:return:










	
class symfit.core.minimizers.MINPACK(*args, **kwargs)[source]

	Bases: symfit.core.minimizers.ScipyBoundedMinimizer, symfit.core.minimizers.GradientMinimizer

Wrapper to scipy’s implementation of least_squares, since it is the industry
standard.


	
execute(jacobian=None, method='trf', **minpack_options)[source]

	
	Parameters

	**minpack_options – Any named arguments to be passed to
scipy.optimize.least_squares() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.least_squares.html#scipy.optimize.least_squares]










	
resize_jac(func)[source]

	Removes values with identical indices to fixed parameters from the
output of func. func has to return the jacobian of the residuals.
This method is different from the one in GradientMinimizer, since
least_squares expects the jacobian to return an MxN (M=len(data),
N=len(params)) matrix, rather than a vector.


	Parameters

	func – Jacobian function to be wrapped. Is assumed to be the
jacobian of the residuals.



	Returns

	Jacobian corresponding to non-fixed parameters only.














	
class symfit.core.minimizers.NelderMead(*args, **kwargs)[source]

	Bases: symfit.core.minimizers.ScipyMinimize, symfit.core.minimizers.BaseMinimizer

Wrapper around scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]’s NelderMead algorithm.


	
classmethod method_name()[source]

	Returns the name of the minimize method this object represents. This is
needed because the name of the object is not always exactly what needs
to be passed on to scipy as a string.
:return:










	
class symfit.core.minimizers.Powell(*args, **kwargs)[source]

	Bases: symfit.core.minimizers.ScipyMinimize, symfit.core.minimizers.BaseMinimizer

Wrapper around scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]’s Powell algorithm.






	
class symfit.core.minimizers.SLSQP(*args, **kwargs)[source]

	Bases: symfit.core.minimizers.ScipyGradientMinimize, symfit.core.minimizers.ScipyConstrainedMinimize, symfit.core.minimizers.ScipyBoundedMinimizer

Wrapper around scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]’s SLSQP algorithm.






	
class symfit.core.minimizers.ScipyBoundedMinimizer(*args, **kwargs)[source]

	Bases: symfit.core.minimizers.ScipyMinimize, symfit.core.minimizers.BoundedMinimizer

Base class for scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]’s bounded-minimizers.


	
execute(**minimize_options)[source]

	Calls the wrapped algorithm.


	Parameters

	
	bounds – The bounds for the parameters. Usually filled by
BoundedMinimizer.


	jacobian – The Jacobian. Usually filled by
ScipyGradientMinimize.


	**minimize_options – Further keywords to pass to
scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]. Note that your method will
usually be filled by a specific subclass.

















	
class symfit.core.minimizers.ScipyConstrainedMinimize(*args, **kwargs)[source]

	Bases: symfit.core.minimizers.ScipyMinimize, symfit.core.minimizers.ConstrainedMinimizer

Base class for scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]’s constrained-minimizers.


	
__init__(*args, **kwargs)[source]

	
	Parameters

	
	objective – Objective function to be used.


	parameters – List of Parameter instances













	
execute(**minimize_options)[source]

	Calls the wrapped algorithm.


	Parameters

	
	bounds – The bounds for the parameters. Usually filled by
BoundedMinimizer.


	jacobian – The Jacobian. Usually filled by
ScipyGradientMinimize.


	**minimize_options – Further keywords to pass to
scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]. Note that your method will
usually be filled by a specific subclass.













	
scipy_constraints(constraints)[source]

	Returns all constraints in a scipy compatible format.


	Parameters

	constraints – List of either MinimizeModel instances (this is what
is provided by Fit),
BaseModel, or
sympy.core.relational.Relational [https://docs.sympy.org/latest/modules/core.html#sympy.core.relational.Relational].



	Returns

	dict of scipy compatible statements.














	
class symfit.core.minimizers.ScipyGradientMinimize(*args, **kwargs)[source]

	Bases: symfit.core.minimizers.ScipyMinimize, symfit.core.minimizers.GradientMinimizer

Base class for scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]’s gradient-minimizers.


	
execute(*, jacobian=None, **minimize_options)[source]

	Calls the wrapped algorithm.


	Parameters

	
	bounds – The bounds for the parameters. Usually filled by
BoundedMinimizer.


	jacobian – The Jacobian. Usually filled by
ScipyGradientMinimize.


	**minimize_options – Further keywords to pass to
scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]. Note that your method will
usually be filled by a specific subclass.

















	
class symfit.core.minimizers.ScipyHessianMinimize(*args, **kwargs)[source]

	Bases: symfit.core.minimizers.ScipyGradientMinimize, symfit.core.minimizers.HessianMinimizer

Base class for scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]’s hessian-minimizers.


	
execute(*, hessian=None, **minimize_options)[source]

	Calls the wrapped algorithm.


	Parameters

	
	bounds – The bounds for the parameters. Usually filled by
BoundedMinimizer.


	jacobian – The Jacobian. Usually filled by
ScipyGradientMinimize.


	**minimize_options – Further keywords to pass to
scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]. Note that your method will
usually be filled by a specific subclass.

















	
class symfit.core.minimizers.ScipyMinimize(*args, **kwargs)[source]

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Mix-in class that handles the execute calls to scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize].


	
__init__(*args, **kwargs)[source]

	Initialize self.  See help(type(self)) for accurate signature.






	
execute(bounds=None, jacobian=None, hessian=None, constraints=None, *, tol=1e-09, **minimize_options)[source]

	Calls the wrapped algorithm.


	Parameters

	
	bounds – The bounds for the parameters. Usually filled by
BoundedMinimizer.


	jacobian – The Jacobian. Usually filled by
ScipyGradientMinimize.


	**minimize_options – Further keywords to pass to
scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]. Note that your method will
usually be filled by a specific subclass.













	
classmethod method_name()[source]

	Returns the name of the minimize method this object represents. This is
needed because the name of the object is not always exactly what needs
to be passed on to scipy as a string.
:return:










	
class symfit.core.minimizers.TrustConstr(*args, **kwargs)[source]

	Bases: symfit.core.minimizers.ScipyHessianMinimize, symfit.core.minimizers.ScipyConstrainedMinimize, symfit.core.minimizers.ScipyBoundedMinimizer

Wrapper around scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]’s Trust-Constr algorithm.


	
execute(*, jacobian=None, hessian=None, options=None, **minimize_options)[source]

	Calls the wrapped algorithm.


	Parameters

	
	bounds – The bounds for the parameters. Usually filled by
BoundedMinimizer.


	jacobian – The Jacobian. Usually filled by
ScipyGradientMinimize.


	**minimize_options – Further keywords to pass to
scipy.optimize.minimize() [https://docs.scipy.org/doc/scipy/reference/reference/generated/scipy.optimize.minimize.html#scipy.optimize.minimize]. Note that your method will
usually be filled by a specific subclass.













	
classmethod method_name()[source]

	Returns the name of the minimize method this object represents. This is
needed because the name of the object is not always exactly what needs
to be passed on to scipy as a string.
:return:






	
scipy_constraints(constraints)[source]

	Returns all constraints in a scipy compatible format.


	Parameters

	constraints – List of either MinimizeModel instances (this is what
is provided by Fit),
BaseModel, or
sympy.core.relational.Relational [https://docs.sympy.org/latest/modules/core.html#sympy.core.relational.Relational].



	Returns

	dict of scipy compatible statements.















Objectives

Objective functions are the functions which are minimized by the
minimizers.
Famous examples are least squares [https://en.wikipedia.org/wiki/Least_squares], log-likelihood [https://en.wikipedia.org/wiki/Likelihood_function], or minimizing the model
itself.

symfit provides objective functions for those cases by default. Custom
objectives can also be created, for example by inheriting from
BaseObjective,
GradientObjective or
HessianObjective.


	
class symfit.core.objectives.BaseIndependentObjective(model, data)[source]

	Bases: symfit.core.objectives.BaseObjective

Some objective functions dependent only on independent variables, not
dependent and sigma variables. In this case, sanity checking is greatly
simplified.


	
dependent_data

	
	Returns

	Empty OrderedDict.



	Return type

	collections.OrderedDict [https://docs.python.org/3/library/collections.html#collections.OrderedDict]










	
sigma_data

	
	Returns

	Empty OrderedDict.



	Return type

	collections.OrderedDict [https://docs.python.org/3/library/collections.html#collections.OrderedDict]














	
class symfit.core.objectives.BaseObjective(model, data)[source]

	Bases: object [https://docs.python.org/3/library/functions.html#object]

ABC for objective functions. Implements basic data handling.


	
__call__(ordered_parameters=[], **parameters)[source]

	Evaluate the objective function for given parameter values.


	Parameters

	
	ordered_parameters – List of parameter, in alphabetical order.
Typically provided by the minimizer.


	parameters – parameters as keyword arguments.






	Returns

	evaluated model.










	
__eq__(other)[source]

	Objectives are considered equal if they are of the same type, have the
same model, and the same data.






	
__init__(model, data)[source]

	
	Parameters

	
	model – symfit style model.


	data – data for all the variables of the model.













	
dependent_data

	Read-only Property


	Returns

	Data belonging to each dependent variable as a dict with
variable names as key, data as value.



	Return type

	collections.OrderedDict [https://docs.python.org/3/library/collections.html#collections.OrderedDict]










	
independent_data

	Read-only Property


	Returns

	Data belonging to each independent variable as a dict with
variable names as key, data as value.



	Return type

	collections.OrderedDict [https://docs.python.org/3/library/collections.html#collections.OrderedDict]










	
sigma_data

	Read-only Property


	Returns

	Data belonging to each sigma variable as a dict with
variable names as key, data as value.



	Return type

	collections.OrderedDict [https://docs.python.org/3/library/collections.html#collections.OrderedDict]














	
class symfit.core.objectives.GradientObjective(model, data)[source]

	Bases: symfit.core.objectives.BaseObjective

ABC for objectives that support gradient methods.


	
eval_jacobian(ordered_parameters=[], **parameters)[source]

	Evaluate the jacobian for given parameter values.


	Parameters

	
	ordered_parameters – List of parameter, in alphabetical order.
Typically provided by the minimizer.


	parameters – parameters as keyword arguments.






	Returns

	evaluated jacobian














	
class symfit.core.objectives.HessianObjective(model, data)[source]

	Bases: symfit.core.objectives.GradientObjective

ABC for objectives that support hessian methods.


	
eval_hessian(ordered_parameters=[], **parameters)[source]

	Evaluate the hessian for given parameter values.


	Parameters

	
	ordered_parameters – List of parameter, in alphabetical order.
Typically provided by the minimizer.


	parameters – parameters as keyword arguments.






	Returns

	evaluated hessian














	
class symfit.core.objectives.HessianObjectiveJacApprox(model, data)[source]

	Bases: symfit.core.objectives.HessianObjective

This object should only be used as a Mixin for covariance matrix estimation.
Since the covariance matrix for the least-squares method is proportional to
the Hessian of \(S\), this function attempts to return the Hessian
upon calculating eval_hessian.

However, if the model does not have a Hessian defined through
eval_hessian, we approximate the Hessian as \(J^{T}\cdot J\),
where \(J\) is the Jacobian of the model. This approximation is valid
when, amongst other things, the residuals are sufficiently small. It can
therefore only be used after fitting, not during.

An objective which inherits from this object, will return zeros with the
shape of the hessian of the model, when eval_hessian is called. This
code injection will therefore result in the terms proportional to the
hessian of the model dropping out, which leaves the famous
\(J^{T}\cdot J\) approximation.


	
eval_hessian(ordered_parameters=[], **parameters)[source]

	
	Returns

	Zeros with the shape of the Hessian of the model.














	
class symfit.core.objectives.LeastSquares(model, data)[source]

	Bases: symfit.core.objectives.HessianObjective

Objective representing the least-squares deviation of a model, defined as
\(S = \frac{1}{2} \sum_{i} \sum_{x_i} \frac{r_i(x_i, \vec{p})^2}{\sigma_i(x_i)^2}\),
where \(i\) ranges over all components of the model,
\(r_i(x_i, \vec{p})\) is the residue of the \(i\)-th component,
\(x_i\) indicates all the data associated with the \(i\)-th
component, and \(\sigma_i(x_i)\) indicates the associated standard deviations.

The data for each component does not have to be the same, and it does not
have to have the same shape. The only thing that matters is that within each
component the shapes have to be compatible.


	
__call__(ordered_parameters=[], *, flatten_components=True, **parameters)[source]

	
	Parameters

	
	ordered_parameters – See parameters.


	parameters – values of the
Parameter’s to evaluate \(S\) at.


	flatten_components – if True, return the total \(S\). If
False, return the \(S\) per component of the
BaseModel.






	Returns

	scalar or list of scalars depending on the value of flatten_components.










	
eval_hessian(ordered_parameters=[], **parameters)[source]

	Hessian of \(S\) in the
Parameter’s (\(\nabla_\vec{p}^2 S\)).


	Parameters

	parameters – values of the
Parameter’s to evaluate \(\nabla_\vec{p} S\) at.



	Returns

	np.array of length equal to the number of parameters..










	
eval_jacobian(ordered_parameters=[], **parameters)[source]

	Jacobian of \(S\) in the
Parameter’s (\(\nabla_\vec{p} S\)).


	Parameters

	parameters – values of the
Parameter’s to evaluate \(\nabla_\vec{p} S\) at.



	Returns

	np.array of length equal to the number of parameters..














	
class symfit.core.objectives.LogLikelihood(model, data)[source]

	Bases: symfit.core.objectives.HessianObjective, symfit.core.objectives.BaseIndependentObjective

Error function to be minimized by a minimizer in order to maximize
the log-likelihood.


	
__call__(ordered_parameters=[], **parameters)[source]

	
	Parameters

	parameters – values for the fit parameters.



	Returns

	scalar value of log-likelihood










	
eval_hessian(ordered_parameters=[], **parameters)[source]

	Hessian for log-likelihood is defined as
\(\nabla^2_{\vec{p}}( \log( L(\vec{p} | \vec{x})))\).


	Parameters

	parameters – values for the fit parameters.



	Returns

	array of length number of Parameter’s in the model, with all partial derivatives evaluated at p, data.










	
eval_jacobian(ordered_parameters=[], *, apply_func=<function nansum>, **parameters)[source]

	Jacobian for log-likelihood is defined as \(\nabla_{\vec{p}}( \log( L(\vec{p} | \vec{x})))\).


	Parameters

	
	parameters – values for the fit parameters.


	apply_func – Function to apply to each component before returning it.
The default is to sum away along the datapoint dimension using np.nansum.






	Returns

	array of length number of Parameter’s in the model, with all partial derivatives evaluated at p, data.














	
class symfit.core.objectives.MinimizeModel(model, *args, **kwargs)[source]

	Bases: symfit.core.objectives.HessianObjective, symfit.core.objectives.BaseIndependentObjective

Objective to use when the model itself is the quantity that should be
minimized. This is only supported for scalar models.


	
__call__(ordered_parameters=[], **parameters)[source]

	Evaluate the objective function for given parameter values.


	Parameters

	
	ordered_parameters – List of parameter, in alphabetical order.
Typically provided by the minimizer.


	parameters – parameters as keyword arguments.






	Returns

	evaluated model.










	
__init__(model, *args, **kwargs)[source]

	
	Parameters

	
	model – symfit style model.


	data – data for all the variables of the model.













	
eval_hessian(ordered_parameters=[], **parameters)[source]

	Evaluate the hessian for given parameter values.


	Parameters

	
	ordered_parameters – List of parameter, in alphabetical order.
Typically provided by the minimizer.


	parameters – parameters as keyword arguments.






	Returns

	evaluated hessian










	
eval_jacobian(ordered_parameters=[], **parameters)[source]

	Evaluate the jacobian for given parameter values.


	Parameters

	
	ordered_parameters – List of parameter, in alphabetical order.
Typically provided by the minimizer.


	parameters – parameters as keyword arguments.






	Returns

	evaluated jacobian














	
class symfit.core.objectives.VectorLeastSquares(model, data)[source]

	Bases: symfit.core.objectives.GradientObjective

Implemented for MINPACK only. Returns the residuals/sigma before squaring
and summing, rather then chi2 itself.


	
__call__(ordered_parameters=[], *, flatten_components=True, **parameters)[source]

	Returns the value of the square root of \(\chi^2\), summing over the components.

This function now supports setting variables to None.


	Parameters

	flatten_components – If True, summing is performed over the data indices (default).



	Returns

	\(\sqrt(\chi^2)\)










	
eval_jacobian(ordered_parameters=[], **parameters)[source]

	Evaluate the jacobian for given parameter values.


	Parameters

	
	ordered_parameters – List of parameter, in alphabetical order.
Typically provided by the minimizer.


	parameters – parameters as keyword arguments.






	Returns

	evaluated jacobian















Support

This module contains support functions and convenience methods used
throughout symfit. Some are used predominantly internally, others are
designed for users.


	
class symfit.core.support.RequiredKeyword[source]

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Flag variable to indicate that this is a required keyword.






	
exception symfit.core.support.RequiredKeywordError[source]

	Bases: Exception [https://docs.python.org/3/library/exceptions.html#Exception]

Error raised in case a keyword-only argument is not treated as such.






	
class symfit.core.support.cached_property(*args, **kwargs)[source]

	Bases: property [https://docs.python.org/3/library/functions.html#property]

A property which cashes the output of the first ever call and always returns
that value from then on, unless delete is called on the attribute.

This is typically used in converting sympy code into scipy compatible
code, which is computationally a very expensive step we would like to
perform only once.

Does not allow setting of the attribute.


	
__delete__(obj)[source]

	Calling delete on the attribute will delete the cache.
:param obj: parent object.






	
__get__(obj, objtype=None)[source]

	In case of a first call, this will call the decorated function and
return it’s output. On every subsequent call, the same output will be
returned.


	Parameters

	
	obj – the parent object this property is attached to.


	objtype – 






	Returns

	Output of the first call to the decorated function.










	
__init__(*args, **kwargs)[source]

	Initialize self.  See help(type(self)) for accurate signature.










	
class symfit.core.support.deprecated(replacement=None)[source]

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Decorator to raise a DeprecationWarning.


	
__call__(func)[source]

	Call self as a function.






	
__init__(replacement=None)[source]

	
	Parameters

	replacement – The function which should now be used instead.














	
symfit.core.support.jacobian(expr, symbols)[source]

	Derive a symbolic expr w.r.t. each symbol in symbols. This returns a symbolic jacobian vector.


	Parameters

	
	expr – A sympy Expr.


	symbols – The symbols w.r.t. which to derive.













	
symfit.core.support.key2str(target)[source]

	In symfit there are many dicts with symbol: value pairs.
These can not be used immediately as **kwargs, even though this would make
a lot of sense from the context.
This function wraps such dict to make them usable as **kwargs immediately.


	Parameters

	target – Mapping to be made save



	Returns

	Mapping of str(symbol): value pairs.










	
class symfit.core.support.keywordonly(**kwonly_arguments)[source]

	Bases: object [https://docs.python.org/3/library/functions.html#object]

Decorator class which wraps a python 2 function into one with keyword-only arguments.

Example:

@keywordonly(floor=True)
def f(x, **kwargs):
    floor = kwargs.pop('floor')
    return np.floor(x**2) if floor else x**2





This decorator is not much more than:

floor = kwargs.pop('floor') if 'floor' in kwargs else True





However, I prefer it’s usage because:


	it’s clear from reading the function declaration there is an option to provide this 
argument. The information on possible keywords is where you’d expect it to be.


	you’re guaranteed that the pop works.


	It is fully inspect compatible such that sphynx is able to index these
properly as keyword only arguments just like it would for native py3
keyword only arguments.




Please note that this decorator needs a ** argument on the wrapped function
in order to work.


	
__call__(func)[source]

	Returns a decorated version of func, who’s signature now includes the
keyword-only arguments.


	Parameters

	func – the function to be decorated



	Returns

	the decorated function










	
__init__(**kwonly_arguments)[source]

	Initialize self.  See help(type(self)) for accurate signature.










	
symfit.core.support.name(self)[source]

	Save name which can be used for alphabetic sorting and can be turned
into a kwarg.






	
symfit.core.support.parameters(names, **kwargs)[source]

	Convenience function for the creation of multiple parameters. For more
control, consider using symbols(names, cls=Parameter, **kwargs) directly.

The Parameter attributes value, min, max and fixed can also be provided
directly. If given as a single value, the same value will be set for all
Parameter’s. When a sequence, it must be of the same length as the number of
parameters created.


	Example::

	x1, x2 = parameters(‘x1, x2’, value=[2.0, 1.3], min=0.0)






	Parameters

	
	names – string of parameter names.
Example: a, b = parameters(‘a, b’)


	kwargs – kwargs to be passed onto sympy.core.symbol.symbols() [https://docs.sympy.org/latest/modules/core.html#sympy.core.symbol.symbols].
value, min and max will be handled separately if they are sequences.






	Returns

	iterable of symfit.core.argument.Parameter objects










	
symfit.core.support.seperate_symbols(func)[source]

	Seperate the symbols in symbolic function func. Return them in alphabetical
order.


	Parameters

	func – scipy symbolic function.



	Returns

	(vars, params), a tuple of all variables and parameters, each 
sorted in alphabetical order.



	Raises

	TypeError [https://docs.python.org/3/library/exceptions.html#TypeError] – only symfit Variable and Parameter are allowed, not sympy
Symbols.










	
symfit.core.support.sympy_to_py(func, args)[source]

	Turn a symbolic expression into a Python lambda function,
which has the names of the variables and parameters as it’s argument names.


	Parameters

	
	func – sympy expression


	args – variables and parameters in this model






	Returns

	lambda function to be used for numerical evaluation of the model.










	
symfit.core.support.sympy_to_scipy(func, vars, params)[source]

	Convert a symbolic expression to one scipy digs. Not used by symfit any more.


	Parameters

	
	func – sympy expression


	vars – variables


	params – parameters






	Returns

	Scipy-style function to be used for numerical evaluation of the model.










	
symfit.core.support.variables(names, **kwargs)[source]

	Convenience function for the creation of multiple variables. For more
control, consider using symbols(names, cls=Variable, **kwargs) directly.


	Parameters

	
	names – string of variable names.
Example: x, y = variables(‘x, y’)


	kwargs – kwargs to be passed onto sympy.core.symbol.symbols() [https://docs.sympy.org/latest/modules/core.html#sympy.core.symbol.symbols]






	Returns

	iterable of symfit.core.argument.Variable objects











Printing

symfit occasionally updates the printing of sympy objects, such that they
print into their numpy/scipy equivalent. This is done because sometimes
such printing has not been implemented in sympy yet, or because we want
slightly different behavior from the standard one.

Users using both symfit and sympy should be aware of this.



Distributions

Some common distributions are defined in this module. That way, users can easily build
more complicated expressions without making them look hard.

I have deliberately chosen to start these function with a capital, e.g.
Gaussian instead of gaussian, because this makes the resulting expressions more
readable.


	
symfit.distributions.BivariateGaussian(x, y, mu_x, mu_y, sig_x, sig_y, rho)[source]

	Bivariate Gaussian pdf [http://mathworld.wolfram.com/BivariateNormalDistribution.html].


	Parameters

	
	x – symfit.core.argument.Variable


	y – symfit.core.argument.Variable


	mu_x – symfit.core.argument.Parameter for the mean of x


	mu_y – symfit.core.argument.Parameter for the mean of y


	sig_x – symfit.core.argument.Parameter for the standard
deviation of x


	sig_y – symfit.core.argument.Parameter for the standard
deviation of y


	rho – symfit.core.argument.Parameter for the correlation
between x and y.






	Returns

	sympy expression for a Bivariate Gaussian pdf.










	
symfit.distributions.Exp(x, l)[source]

	
\[f(x) = l e^{- l x}\]

Exponential Distribution pdf.


	Parameters

	
	x – free variable.


	l – rate parameter.






	Returns

	sympy.Expr for an Exponential Distribution pdf.










	
symfit.distributions.Gaussian(x, mu, sig)[source]

	
\[f(x) = \frac{1}{\sqrt{2 \pi \sigma^2}} e^{- \frac{(x - \mu)^2}{2 \sigma^2}}\]

Gaussian pdf.


	Parameters

	
	x – free variable.


	mu – mean of the distribution.


	sig – standard deviation of the distribution.






	Returns

	sympy.Expr for a Gaussian pdf.











Contrib

Contrib modules are modules and extensions to symfit provided by other people.
This usually means the code is of slightly less quality, and may not survive
future versions.


	
class symfit.contrib.interactive_guess.interactive_guess.InteractiveGuess(*args, n_points=50, log_contour=True, percentile=(5, 95), **kwargs)[source]

	Bases: symfit.core.fit.TakesData

A class that provides an graphical, interactive way of guessing initial
fitting parameters.


	
__init__(*args, n_points=50, log_contour=True, percentile=(5, 95), **kwargs)[source]

	Create a matplotlib window with sliders for all parameters
in this model, so that you may graphically guess initial fitting
parameters. n_points is the number of points drawn for the plot.
Data points are plotted as a blue contour plot, the proposed model as
a red line. The errorbars on the proposed model represent the
percentile of data within the thresholds.

Slider extremes are taken from the parameters where possible. If
these are not provided, the minimum is 0; and the maximum is value*2.
If no initial value is provided, it defaults to 1.

This will modify the values of the parameters present in model.


	Parameters

	
	n_points (int [https://docs.python.org/3/library/functions.html#int]) – The number of points used for drawing the
fitted function. Defaults to 50.


	log_contour (bool [https://docs.python.org/3/library/functions.html#bool]) – Whether to plot the contour plot of the log of the
density, rather than the density itself. If True, any density less
than 1e-7 will be considered 0. Defaults to True.


	percentile (list [https://docs.python.org/3/library/stdtypes.html#list]) – Controls the errorbars on the proposed model, such
that the lower errorbar will cover percentile[0]% of the data, and
the upper will cover percentile[1]%. Defaults to [5, 95], with
corresponds to a 90% percentile. Should be a list of 2 numbers.













	
__str__()[source]

	Represent the guesses in a human readable way.


	Returns

	string with the guessed values.










	
execute(*, show=True, block=True, **kwargs)[source]

	Execute the interactive guessing procedure.


	Parameters

	
	show (bool [https://docs.python.org/3/library/functions.html#bool]) – Whether or not to show the figure. Useful for testing.


	block – Blocking call to matplotlib








Any additional keyword arguments are passed to
matplotlib.pyplot.show().










	
class symfit.contrib.interactive_guess.interactive_guess.InteractiveGuess2D(*args, **kwargs)[source]

	Bases: symfit.contrib.interactive_guess.interactive_guess.InteractiveGuess


	
__init__(*args, **kwargs)[source]

	Create a matplotlib window with sliders for all parameters
in this model, so that you may graphically guess initial fitting
parameters. n_points is the number of points drawn for the plot.
Data points are plotted as a blue contour plot, the proposed model as
a red line. The errorbars on the proposed model represent the
percentile of data within the thresholds.

Slider extremes are taken from the parameters where possible. If
these are not provided, the minimum is 0; and the maximum is value*2.
If no initial value is provided, it defaults to 1.

This will modify the values of the parameters present in model.


	Parameters

	
	n_points (int [https://docs.python.org/3/library/functions.html#int]) – The number of points used for drawing the
fitted function. Defaults to 50.


	log_contour (bool [https://docs.python.org/3/library/functions.html#bool]) – Whether to plot the contour plot of the log of the
density, rather than the density itself. If True, any density less
than 1e-7 will be considered 0. Defaults to True.


	percentile (list [https://docs.python.org/3/library/stdtypes.html#list]) – Controls the errorbars on the proposed model, such
that the lower errorbar will cover percentile[0]% of the data, and
the upper will cover percentile[1]%. Defaults to [5, 95], with
corresponds to a 90% percentile. Should be a list of 2 numbers.

















	
class symfit.contrib.interactive_guess.interactive_guess.Strategy2D(interactive_guess)[source]

	Bases: object [https://docs.python.org/3/library/functions.html#object]

A strategy that describes how to plot a model that depends on a single independent variable,
and how to update that plot.


	
__init__(interactive_guess)[source]

	Initialize self.  See help(type(self)) for accurate signature.






	
plot_data(proj, ax)[source]

	Creates and plots a scatter plot of the original data.






	
plot_model(proj, ax)[source]

	Plots the model proposed for the projection proj on ax.






	
update_plot(indep_var, dep_var)[source]

	Updates the plot of the proposed model.










	
class symfit.contrib.interactive_guess.interactive_guess.StrategynD(interactive_guess)[source]

	Bases: object [https://docs.python.org/3/library/functions.html#object]

A strategy that describes how to plot a model that depends on a multiple independent variables,
and how to update that plot.


	
__init__(interactive_guess)[source]

	Initialize self.  See help(type(self)) for accurate signature.






	
plot_data(proj, ax)[source]

	Creates and plots the contourplot of the original data. This is done
by evaluating the density of projected datapoints on a grid.






	
plot_model(proj, ax)[source]

	Plots the model proposed for the projection proj on ax.






	
update_plot(indep_var, dep_var)[source]

	Updates the plot of the proposed model.
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  Source code for collections

'''This module implements specialized container datatypes providing
alternatives to Python's general purpose built-in containers, dict,
list, set, and tuple.

* namedtuple   factory function for creating tuple subclasses with named fields
* deque        list-like container with fast appends and pops on either end
* ChainMap     dict-like class for creating a single view of multiple mappings
* Counter      dict subclass for counting hashable objects
* OrderedDict  dict subclass that remembers the order entries were added
* defaultdict  dict subclass that calls a factory function to supply missing values
* UserDict     wrapper around dictionary objects for easier dict subclassing
* UserList     wrapper around list objects for easier list subclassing
* UserString   wrapper around string objects for easier string subclassing

'''

__all__ = ['deque', 'defaultdict', 'namedtuple', 'UserDict', 'UserList',
            'UserString', 'Counter', 'OrderedDict', 'ChainMap']

import _collections_abc
from operator import itemgetter as _itemgetter, eq as _eq
from keyword import iskeyword as _iskeyword
import sys as _sys
import heapq as _heapq
from _weakref import proxy as _proxy
from itertools import repeat as _repeat, chain as _chain, starmap as _starmap
from reprlib import recursive_repr as _recursive_repr

try:
    from _collections import deque
except ImportError:
    pass
else:
    _collections_abc.MutableSequence.register(deque)

try:
    from _collections import defaultdict
except ImportError:
    pass


def __getattr__(name):
    # For backwards compatibility, continue to make the collections ABCs
    # through Python 3.6 available through the collections module.
    # Note, no new collections ABCs were added in Python 3.7
    if name in _collections_abc.__all__:
        obj = getattr(_collections_abc, name)
        import warnings
        warnings.warn("Using or importing the ABCs from 'collections' instead "
                      "of from 'collections.abc' is deprecated since Python 3.3,"
                      "and in 3.9 it will stop working",
                      DeprecationWarning, stacklevel=2)
        globals()[name] = obj
        return obj
    raise AttributeError(f'module {__name__!r} has no attribute {name!r}')

################################################################################
### OrderedDict
################################################################################

class _OrderedDictKeysView(_collections_abc.KeysView):

    def __reversed__(self):
        yield from reversed(self._mapping)

class _OrderedDictItemsView(_collections_abc.ItemsView):

    def __reversed__(self):
        for key in reversed(self._mapping):
            yield (key, self._mapping[key])

class _OrderedDictValuesView(_collections_abc.ValuesView):

    def __reversed__(self):
        for key in reversed(self._mapping):
            yield self._mapping[key]

class _Link(object):
    __slots__ = 'prev', 'next', 'key', '__weakref__'

class OrderedDict(dict):
    'Dictionary that remembers insertion order'
    # An inherited dict maps keys to values.
    # The inherited dict provides __getitem__, __len__, __contains__, and get.
    # The remaining methods are order-aware.
    # Big-O running times for all methods are the same as regular dictionaries.

    # The internal self.__map dict maps keys to links in a doubly linked list.
    # The circular doubly linked list starts and ends with a sentinel element.
    # The sentinel element never gets deleted (this simplifies the algorithm).
    # The sentinel is in self.__hardroot with a weakref proxy in self.__root.
    # The prev links are weakref proxies (to prevent circular references).
    # Individual links are kept alive by the hard reference in self.__map.
    # Those hard references disappear when a key is deleted from an OrderedDict.

    def __init__(*args, **kwds):
        '''Initialize an ordered dictionary.  The signature is the same as
        regular dictionaries.  Keyword argument order is preserved.
        '''
        if not args:
            raise TypeError("descriptor '__init__' of 'OrderedDict' object "
                            "needs an argument")
        self, *args = args
        if len(args) > 1:
            raise TypeError('expected at most 1 arguments, got %d' % len(args))
        try:
            self.__root
        except AttributeError:
            self.__hardroot = _Link()
            self.__root = root = _proxy(self.__hardroot)
            root.prev = root.next = root
            self.__map = {}
        self.__update(*args, **kwds)

    def __setitem__(self, key, value,
                    dict_setitem=dict.__setitem__, proxy=_proxy, Link=_Link):
        'od.__setitem__(i, y) <==> od[i]=y'
        # Setting a new item creates a new link at the end of the linked list,
        # and the inherited dictionary is updated with the new key/value pair.
        if key not in self:
            self.__map[key] = link = Link()
            root = self.__root
            last = root.prev
            link.prev, link.next, link.key = last, root, key
            last.next = link
            root.prev = proxy(link)
        dict_setitem(self, key, value)

    def __delitem__(self, key, dict_delitem=dict.__delitem__):
        'od.__delitem__(y) <==> del od[y]'
        # Deleting an existing item uses self.__map to find the link which gets
        # removed by updating the links in the predecessor and successor nodes.
        dict_delitem(self, key)
        link = self.__map.pop(key)
        link_prev = link.prev
        link_next = link.next
        link_prev.next = link_next
        link_next.prev = link_prev
        link.prev = None
        link.next = None

    def __iter__(self):
        'od.__iter__() <==> iter(od)'
        # Traverse the linked list in order.
        root = self.__root
        curr = root.next
        while curr is not root:
            yield curr.key
            curr = curr.next

    def __reversed__(self):
        'od.__reversed__() <==> reversed(od)'
        # Traverse the linked list in reverse order.
        root = self.__root
        curr = root.prev
        while curr is not root:
            yield curr.key
            curr = curr.prev

    def clear(self):
        'od.clear() -> None.  Remove all items from od.'
        root = self.__root
        root.prev = root.next = root
        self.__map.clear()
        dict.clear(self)

    def popitem(self, last=True):
        '''Remove and return a (key, value) pair from the dictionary.

        Pairs are returned in LIFO order if last is true or FIFO order if false.
        '''
        if not self:
            raise KeyError('dictionary is empty')
        root = self.__root
        if last:
            link = root.prev
            link_prev = link.prev
            link_prev.next = root
            root.prev = link_prev
        else:
            link = root.next
            link_next = link.next
            root.next = link_next
            link_next.prev = root
        key = link.key
        del self.__map[key]
        value = dict.pop(self, key)
        return key, value

    def move_to_end(self, key, last=True):
        '''Move an existing element to the end (or beginning if last is false).

        Raise KeyError if the element does not exist.
        '''
        link = self.__map[key]
        link_prev = link.prev
        link_next = link.next
        soft_link = link_next.prev
        link_prev.next = link_next
        link_next.prev = link_prev
        root = self.__root
        if last:
            last = root.prev
            link.prev = last
            link.next = root
            root.prev = soft_link
            last.next = link
        else:
            first = root.next
            link.prev = root
            link.next = first
            first.prev = soft_link
            root.next = link

    def __sizeof__(self):
        sizeof = _sys.getsizeof
        n = len(self) + 1                       # number of links including root
        size = sizeof(self.__dict__)            # instance dictionary
        size += sizeof(self.__map) * 2          # internal dict and inherited dict
        size += sizeof(self.__hardroot) * n     # link objects
        size += sizeof(self.__root) * n         # proxy objects
        return size

    update = __update = _collections_abc.MutableMapping.update

    def keys(self):
        "D.keys() -> a set-like object providing a view on D's keys"
        return _OrderedDictKeysView(self)

    def items(self):
        "D.items() -> a set-like object providing a view on D's items"
        return _OrderedDictItemsView(self)

    def values(self):
        "D.values() -> an object providing a view on D's values"
        return _OrderedDictValuesView(self)

    __ne__ = _collections_abc.MutableMapping.__ne__

    __marker = object()

    def pop(self, key, default=__marker):
        '''od.pop(k[,d]) -> v, remove specified key and return the corresponding
        value.  If key is not found, d is returned if given, otherwise KeyError
        is raised.

        '''
        if key in self:
            result = self[key]
            del self[key]
            return result
        if default is self.__marker:
            raise KeyError(key)
        return default

    def setdefault(self, key, default=None):
        '''Insert key with a value of default if key is not in the dictionary.

        Return the value for key if key is in the dictionary, else default.
        '''
        if key in self:
            return self[key]
        self[key] = default
        return default

    @_recursive_repr()
    def __repr__(self):
        'od.__repr__() <==> repr(od)'
        if not self:
            return '%s()' % (self.__class__.__name__,)
        return '%s(%r)' % (self.__class__.__name__, list(self.items()))

    def __reduce__(self):
        'Return state information for pickling'
        inst_dict = vars(self).copy()
        for k in vars(OrderedDict()):
            inst_dict.pop(k, None)
        return self.__class__, (), inst_dict or None, None, iter(self.items())

    def copy(self):
        'od.copy() -> a shallow copy of od'
        return self.__class__(self)

    @classmethod
    def fromkeys(cls, iterable, value=None):
        '''Create a new ordered dictionary with keys from iterable and values set to value.
        '''
        self = cls()
        for key in iterable:
            self[key] = value
        return self

    def __eq__(self, other):
        '''od.__eq__(y) <==> od==y.  Comparison to another OD is order-sensitive
        while comparison to a regular mapping is order-insensitive.

        '''
        if isinstance(other, OrderedDict):
            return dict.__eq__(self, other) and all(map(_eq, self, other))
        return dict.__eq__(self, other)


try:
    from _collections import OrderedDict
except ImportError:
    # Leave the pure Python version in place.
    pass


################################################################################
### namedtuple
################################################################################

_nt_itemgetters = {}

def namedtuple(typename, field_names, *, rename=False, defaults=None, module=None):
    """Returns a new subclass of tuple with named fields.

    >>> Point = namedtuple('Point', ['x', 'y'])
    >>> Point.__doc__                   # docstring for the new class
    'Point(x, y)'
    >>> p = Point(11, y=22)             # instantiate with positional args or keywords
    >>> p[0] + p[1]                     # indexable like a plain tuple
    33
    >>> x, y = p                        # unpack like a regular tuple
    >>> x, y
    (11, 22)
    >>> p.x + p.y                       # fields also accessible by name
    33
    >>> d = p._asdict()                 # convert to a dictionary
    >>> d['x']
    11
    >>> Point(**d)                      # convert from a dictionary
    Point(x=11, y=22)
    >>> p._replace(x=100)               # _replace() is like str.replace() but targets named fields
    Point(x=100, y=22)

    """

    # Validate the field names.  At the user's option, either generate an error
    # message or automatically replace the field name with a valid name.
    if isinstance(field_names, str):
        field_names = field_names.replace(',', ' ').split()
    field_names = list(map(str, field_names))
    typename = _sys.intern(str(typename))

    if rename:
        seen = set()
        for index, name in enumerate(field_names):
            if (not name.isidentifier()
                or _iskeyword(name)
                or name.startswith('_')
                or name in seen):
                field_names[index] = f'_{index}'
            seen.add(name)

    for name in [typename] + field_names:
        if type(name) is not str:
            raise TypeError('Type names and field names must be strings')
        if not name.isidentifier():
            raise ValueError('Type names and field names must be valid '
                             f'identifiers: {name!r}')
        if _iskeyword(name):
            raise ValueError('Type names and field names cannot be a '
                             f'keyword: {name!r}')

    seen = set()
    for name in field_names:
        if name.startswith('_') and not rename:
            raise ValueError('Field names cannot start with an underscore: '
                             f'{name!r}')
        if name in seen:
            raise ValueError(f'Encountered duplicate field name: {name!r}')
        seen.add(name)

    field_defaults = {}
    if defaults is not None:
        defaults = tuple(defaults)
        if len(defaults) > len(field_names):
            raise TypeError('Got more default values than field names')
        field_defaults = dict(reversed(list(zip(reversed(field_names),
                                                reversed(defaults)))))

    # Variables used in the methods and docstrings
    field_names = tuple(map(_sys.intern, field_names))
    num_fields = len(field_names)
    arg_list = repr(field_names).replace("'", "")[1:-1]
    repr_fmt = '(' + ', '.join(f'{name}=%r' for name in field_names) + ')'
    tuple_new = tuple.__new__
    _len = len

    # Create all the named tuple methods to be added to the class namespace

    s = f'def __new__(_cls, {arg_list}): return _tuple_new(_cls, ({arg_list}))'
    namespace = {'_tuple_new': tuple_new, '__name__': f'namedtuple_{typename}'}
    # Note: exec() has the side-effect of interning the field names
    exec(s, namespace)
    __new__ = namespace['__new__']
    __new__.__doc__ = f'Create new instance of {typename}({arg_list})'
    if defaults is not None:
        __new__.__defaults__ = defaults

    @classmethod
    def _make(cls, iterable):
        result = tuple_new(cls, iterable)
        if _len(result) != num_fields:
            raise TypeError(f'Expected {num_fields} arguments, got {len(result)}')
        return result

    _make.__func__.__doc__ = (f'Make a new {typename} object from a sequence '
                              'or iterable')

    def _replace(_self, **kwds):
        result = _self._make(map(kwds.pop, field_names, _self))
        if kwds:
            raise ValueError(f'Got unexpected field names: {list(kwds)!r}')
        return result

    _replace.__doc__ = (f'Return a new {typename} object replacing specified '
                        'fields with new values')

    def __repr__(self):
        'Return a nicely formatted representation string'
        return self.__class__.__name__ + repr_fmt % self

    def _asdict(self):
        'Return a new OrderedDict which maps field names to their values.'
        return OrderedDict(zip(self._fields, self))

    def __getnewargs__(self):
        'Return self as a plain tuple.  Used by copy and pickle.'
        return tuple(self)

    # Modify function metadata to help with introspection and debugging

    for method in (__new__, _make.__func__, _replace,
                   __repr__, _asdict, __getnewargs__):
        method.__qualname__ = f'{typename}.{method.__name__}'

    # Build-up the class namespace dictionary
    # and use type() to build the result class
    class_namespace = {
        '__doc__': f'{typename}({arg_list})',
        '__slots__': (),
        '_fields': field_names,
        '_field_defaults': field_defaults,
        # alternate spelling for backward compatibility
        '_fields_defaults': field_defaults,
        '__new__': __new__,
        '_make': _make,
        '_replace': _replace,
        '__repr__': __repr__,
        '_asdict': _asdict,
        '__getnewargs__': __getnewargs__,
    }
    cache = _nt_itemgetters
    for index, name in enumerate(field_names):
        try:
            itemgetter_object, doc = cache[index]
        except KeyError:
            itemgetter_object = _itemgetter(index)
            doc = f'Alias for field number {index}'
            cache[index] = itemgetter_object, doc
        class_namespace[name] = property(itemgetter_object, doc=doc)

    result = type(typename, (tuple,), class_namespace)

    # For pickling to work, the __module__ variable needs to be set to the frame
    # where the named tuple is created.  Bypass this step in environments where
    # sys._getframe is not defined (Jython for example) or sys._getframe is not
    # defined for arguments greater than 0 (IronPython), or where the user has
    # specified a particular module.
    if module is None:
        try:
            module = _sys._getframe(1).f_globals.get('__name__', '__main__')
        except (AttributeError, ValueError):
            pass
    if module is not None:
        result.__module__ = module

    return result


########################################################################
###  Counter
########################################################################

def _count_elements(mapping, iterable):
    'Tally elements from the iterable.'
    mapping_get = mapping.get
    for elem in iterable:
        mapping[elem] = mapping_get(elem, 0) + 1

try:                                    # Load C helper function if available
    from _collections import _count_elements
except ImportError:
    pass

class Counter(dict):
    '''Dict subclass for counting hashable items.  Sometimes called a bag
    or multiset.  Elements are stored as dictionary keys and their counts
    are stored as dictionary values.

    >>> c = Counter('abcdeabcdabcaba')  # count elements from a string

    >>> c.most_common(3)                # three most common elements
    [('a', 5), ('b', 4), ('c', 3)]
    >>> sorted(c)                       # list all unique elements
    ['a', 'b', 'c', 'd', 'e']
    >>> ''.join(sorted(c.elements()))   # list elements with repetitions
    'aaaaabbbbcccdde'
    >>> sum(c.values())                 # total of all counts
    15

    >>> c['a']                          # count of letter 'a'
    5
    >>> for elem in 'shazam':           # update counts from an iterable
    ...     c[elem] += 1                # by adding 1 to each element's count
    >>> c['a']                          # now there are seven 'a'
    7
    >>> del c['b']                      # remove all 'b'
    >>> c['b']                          # now there are zero 'b'
    0

    >>> d = Counter('simsalabim')       # make another counter
    >>> c.update(d)                     # add in the second counter
    >>> c['a']                          # now there are nine 'a'
    9

    >>> c.clear()                       # empty the counter
    >>> c
    Counter()

    Note:  If a count is set to zero or reduced to zero, it will remain
    in the counter until the entry is deleted or the counter is cleared:

    >>> c = Counter('aaabbc')
    >>> c['b'] -= 2                     # reduce the count of 'b' by two
    >>> c.most_common()                 # 'b' is still in, but its count is zero
    [('a', 3), ('c', 1), ('b', 0)]

    '''
    # References:
    #   http://en.wikipedia.org/wiki/Multiset
    #   http://www.gnu.org/software/smalltalk/manual-base/html_node/Bag.html
    #   http://www.demo2s.com/Tutorial/Cpp/0380__set-multiset/Catalog0380__set-multiset.htm
    #   http://code.activestate.com/recipes/259174/
    #   Knuth, TAOCP Vol. II section 4.6.3

    def __init__(*args, **kwds):
        '''Create a new, empty Counter object.  And if given, count elements
        from an input iterable.  Or, initialize the count from another mapping
        of elements to their counts.

        >>> c = Counter()                           # a new, empty counter
        >>> c = Counter('gallahad')                 # a new counter from an iterable
        >>> c = Counter({'a': 4, 'b': 2})           # a new counter from a mapping
        >>> c = Counter(a=4, b=2)                   # a new counter from keyword args

        '''
        if not args:
            raise TypeError("descriptor '__init__' of 'Counter' object "
                            "needs an argument")
        self, *args = args
        if len(args) > 1:
            raise TypeError('expected at most 1 arguments, got %d' % len(args))
        super(Counter, self).__init__()
        self.update(*args, **kwds)

    def __missing__(self, key):
        'The count of elements not in the Counter is zero.'
        # Needed so that self[missing_item] does not raise KeyError
        return 0

    def most_common(self, n=None):
        '''List the n most common elements and their counts from the most
        common to the least.  If n is None, then list all element counts.

        >>> Counter('abcdeabcdabcaba').most_common(3)
        [('a', 5), ('b', 4), ('c', 3)]

        '''
        # Emulate Bag.sortedByCount from Smalltalk
        if n is None:
            return sorted(self.items(), key=_itemgetter(1), reverse=True)
        return _heapq.nlargest(n, self.items(), key=_itemgetter(1))

    def elements(self):
        '''Iterator over elements repeating each as many times as its count.

        >>> c = Counter('ABCABC')
        >>> sorted(c.elements())
        ['A', 'A', 'B', 'B', 'C', 'C']

        # Knuth's example for prime factors of 1836:  2**2 * 3**3 * 17**1
        >>> prime_factors = Counter({2: 2, 3: 3, 17: 1})
        >>> product = 1
        >>> for factor in prime_factors.elements():     # loop over factors
        ...     product *= factor                       # and multiply them
        >>> product
        1836

        Note, if an element's count has been set to zero or is a negative
        number, elements() will ignore it.

        '''
        # Emulate Bag.do from Smalltalk and Multiset.begin from C++.
        return _chain.from_iterable(_starmap(_repeat, self.items()))

    # Override dict methods where necessary

    @classmethod
    def fromkeys(cls, iterable, v=None):
        # There is no equivalent method for counters because setting v=1
        # means that no element can have a count greater than one.
        raise NotImplementedError(
            'Counter.fromkeys() is undefined.  Use Counter(iterable) instead.')

    def update(*args, **kwds):
        '''Like dict.update() but add counts instead of replacing them.

        Source can be an iterable, a dictionary, or another Counter instance.

        >>> c = Counter('which')
        >>> c.update('witch')           # add elements from another iterable
        >>> d = Counter('watch')
        >>> c.update(d)                 # add elements from another counter
        >>> c['h']                      # four 'h' in which, witch, and watch
        4

        '''
        # The regular dict.update() operation makes no sense here because the
        # replace behavior results in the some of original untouched counts
        # being mixed-in with all of the other counts for a mismash that
        # doesn't have a straight-forward interpretation in most counting
        # contexts.  Instead, we implement straight-addition.  Both the inputs
        # and outputs are allowed to contain zero and negative counts.

        if not args:
            raise TypeError("descriptor 'update' of 'Counter' object "
                            "needs an argument")
        self, *args = args
        if len(args) > 1:
            raise TypeError('expected at most 1 arguments, got %d' % len(args))
        iterable = args[0] if args else None
        if iterable is not None:
            if isinstance(iterable, _collections_abc.Mapping):
                if self:
                    self_get = self.get
                    for elem, count in iterable.items():
                        self[elem] = count + self_get(elem, 0)
                else:
                    super(Counter, self).update(iterable) # fast path when counter is empty
            else:
                _count_elements(self, iterable)
        if kwds:
            self.update(kwds)

    def subtract(*args, **kwds):
        '''Like dict.update() but subtracts counts instead of replacing them.
        Counts can be reduced below zero.  Both the inputs and outputs are
        allowed to contain zero and negative counts.

        Source can be an iterable, a dictionary, or another Counter instance.

        >>> c = Counter('which')
        >>> c.subtract('witch')             # subtract elements from another iterable
        >>> c.subtract(Counter('watch'))    # subtract elements from another counter
        >>> c['h']                          # 2 in which, minus 1 in witch, minus 1 in watch
        0
        >>> c['w']                          # 1 in which, minus 1 in witch, minus 1 in watch
        -1

        '''
        if not args:
            raise TypeError("descriptor 'subtract' of 'Counter' object "
                            "needs an argument")
        self, *args = args
        if len(args) > 1:
            raise TypeError('expected at most 1 arguments, got %d' % len(args))
        iterable = args[0] if args else None
        if iterable is not None:
            self_get = self.get
            if isinstance(iterable, _collections_abc.Mapping):
                for elem, count in iterable.items():
                    self[elem] = self_get(elem, 0) - count
            else:
                for elem in iterable:
                    self[elem] = self_get(elem, 0) - 1
        if kwds:
            self.subtract(kwds)

    def copy(self):
        'Return a shallow copy.'
        return self.__class__(self)

    def __reduce__(self):
        return self.__class__, (dict(self),)

    def __delitem__(self, elem):
        'Like dict.__delitem__() but does not raise KeyError for missing values.'
        if elem in self:
            super().__delitem__(elem)

    def __repr__(self):
        if not self:
            return '%s()' % self.__class__.__name__
        try:
            items = ', '.join(map('%r: %r'.__mod__, self.most_common()))
            return '%s({%s})' % (self.__class__.__name__, items)
        except TypeError:
            # handle case where values are not orderable
            return '{0}({1!r})'.format(self.__class__.__name__, dict(self))

    # Multiset-style mathematical operations discussed in:
    #       Knuth TAOCP Volume II section 4.6.3 exercise 19
    #       and at http://en.wikipedia.org/wiki/Multiset
    #
    # Outputs guaranteed to only include positive counts.
    #
    # To strip negative and zero counts, add-in an empty counter:
    #       c += Counter()

    def __add__(self, other):
        '''Add counts from two counters.

        >>> Counter('abbb') + Counter('bcc')
        Counter({'b': 4, 'c': 2, 'a': 1})

        '''
        if not isinstance(other, Counter):
            return NotImplemented
        result = Counter()
        for elem, count in self.items():
            newcount = count + other[elem]
            if newcount > 0:
                result[elem] = newcount
        for elem, count in other.items():
            if elem not in self and count > 0:
                result[elem] = count
        return result

    def __sub__(self, other):
        ''' Subtract count, but keep only results with positive counts.

        >>> Counter('abbbc') - Counter('bccd')
        Counter({'b': 2, 'a': 1})

        '''
        if not isinstance(other, Counter):
            return NotImplemented
        result = Counter()
        for elem, count in self.items():
            newcount = count - other[elem]
            if newcount > 0:
                result[elem] = newcount
        for elem, count in other.items():
            if elem not in self and count < 0:
                result[elem] = 0 - count
        return result

    def __or__(self, other):
        '''Union is the maximum of value in either of the input counters.

        >>> Counter('abbb') | Counter('bcc')
        Counter({'b': 3, 'c': 2, 'a': 1})

        '''
        if not isinstance(other, Counter):
            return NotImplemented
        result = Counter()
        for elem, count in self.items():
            other_count = other[elem]
            newcount = other_count if count < other_count else count
            if newcount > 0:
                result[elem] = newcount
        for elem, count in other.items():
            if elem not in self and count > 0:
                result[elem] = count
        return result

    def __and__(self, other):
        ''' Intersection is the minimum of corresponding counts.

        >>> Counter('abbb') & Counter('bcc')
        Counter({'b': 1})

        '''
        if not isinstance(other, Counter):
            return NotImplemented
        result = Counter()
        for elem, count in self.items():
            other_count = other[elem]
            newcount = count if count < other_count else other_count
            if newcount > 0:
                result[elem] = newcount
        return result

    def __pos__(self):
        'Adds an empty counter, effectively stripping negative and zero counts'
        result = Counter()
        for elem, count in self.items():
            if count > 0:
                result[elem] = count
        return result

    def __neg__(self):
        '''Subtracts from an empty counter.  Strips positive and zero counts,
        and flips the sign on negative counts.

        '''
        result = Counter()
        for elem, count in self.items():
            if count < 0:
                result[elem] = 0 - count
        return result

    def _keep_positive(self):
        '''Internal method to strip elements with a negative or zero count'''
        nonpositive = [elem for elem, count in self.items() if not count > 0]
        for elem in nonpositive:
            del self[elem]
        return self

    def __iadd__(self, other):
        '''Inplace add from another counter, keeping only positive counts.

        >>> c = Counter('abbb')
        >>> c += Counter('bcc')
        >>> c
        Counter({'b': 4, 'c': 2, 'a': 1})

        '''
        for elem, count in other.items():
            self[elem] += count
        return self._keep_positive()

    def __isub__(self, other):
        '''Inplace subtract counter, but keep only results with positive counts.

        >>> c = Counter('abbbc')
        >>> c -= Counter('bccd')
        >>> c
        Counter({'b': 2, 'a': 1})

        '''
        for elem, count in other.items():
            self[elem] -= count
        return self._keep_positive()

    def __ior__(self, other):
        '''Inplace union is the maximum of value from either counter.

        >>> c = Counter('abbb')
        >>> c |= Counter('bcc')
        >>> c
        Counter({'b': 3, 'c': 2, 'a': 1})

        '''
        for elem, other_count in other.items():
            count = self[elem]
            if other_count > count:
                self[elem] = other_count
        return self._keep_positive()

    def __iand__(self, other):
        '''Inplace intersection is the minimum of corresponding counts.

        >>> c = Counter('abbb')
        >>> c &= Counter('bcc')
        >>> c
        Counter({'b': 1})

        '''
        for elem, count in self.items():
            other_count = other[elem]
            if other_count < count:
                self[elem] = other_count
        return self._keep_positive()


########################################################################
###  ChainMap
########################################################################

class ChainMap(_collections_abc.MutableMapping):
    ''' A ChainMap groups multiple dicts (or other mappings) together
    to create a single, updateable view.

    The underlying mappings are stored in a list.  That list is public and can
    be accessed or updated using the *maps* attribute.  There is no other
    state.

    Lookups search the underlying mappings successively until a key is found.
    In contrast, writes, updates, and deletions only operate on the first
    mapping.

    '''

    def __init__(self, *maps):
        '''Initialize a ChainMap by setting *maps* to the given mappings.
        If no mappings are provided, a single empty dictionary is used.

        '''
        self.maps = list(maps) or [{}]          # always at least one map

    def __missing__(self, key):
        raise KeyError(key)

    def __getitem__(self, key):
        for mapping in self.maps:
            try:
                return mapping[key]             # can't use 'key in mapping' with defaultdict
            except KeyError:
                pass
        return self.__missing__(key)            # support subclasses that define __missing__

    def get(self, key, default=None):
        return self[key] if key in self else default

    def __len__(self):
        return len(set().union(*self.maps))     # reuses stored hash values if possible

    def __iter__(self):
        d = {}
        for mapping in reversed(self.maps):
            d.update(mapping)                   # reuses stored hash values if possible
        return iter(d)

    def __contains__(self, key):
        return any(key in m for m in self.maps)

    def __bool__(self):
        return any(self.maps)

    @_recursive_repr()
    def __repr__(self):
        return '{0.__class__.__name__}({1})'.format(
            self, ', '.join(map(repr, self.maps)))

    @classmethod
    def fromkeys(cls, iterable, *args):
        'Create a ChainMap with a single dict created from the iterable.'
        return cls(dict.fromkeys(iterable, *args))

    def copy(self):
        'New ChainMap or subclass with a new copy of maps[0] and refs to maps[1:]'
        return self.__class__(self.maps[0].copy(), *self.maps[1:])

    __copy__ = copy

    def new_child(self, m=None):                # like Django's Context.push()
        '''New ChainMap with a new map followed by all previous maps.
        If no map is provided, an empty dict is used.
        '''
        if m is None:
            m = {}
        return self.__class__(m, *self.maps)

    @property
    def parents(self):                          # like Django's Context.pop()
        'New ChainMap from maps[1:].'
        return self.__class__(*self.maps[1:])

    def __setitem__(self, key, value):
        self.maps[0][key] = value

    def __delitem__(self, key):
        try:
            del self.maps[0][key]
        except KeyError:
            raise KeyError('Key not found in the first mapping: {!r}'.format(key))

    def popitem(self):
        'Remove and return an item pair from maps[0]. Raise KeyError is maps[0] is empty.'
        try:
            return self.maps[0].popitem()
        except KeyError:
            raise KeyError('No keys found in the first mapping.')

    def pop(self, key, *args):
        'Remove *key* from maps[0] and return its value. Raise KeyError if *key* not in maps[0].'
        try:
            return self.maps[0].pop(key, *args)
        except KeyError:
            raise KeyError('Key not found in the first mapping: {!r}'.format(key))

    def clear(self):
        'Clear maps[0], leaving maps[1:] intact.'
        self.maps[0].clear()


################################################################################
### UserDict
################################################################################

class UserDict(_collections_abc.MutableMapping):

    # Start by filling-out the abstract methods
    def __init__(*args, **kwargs):
        if not args:
            raise TypeError("descriptor '__init__' of 'UserDict' object "
                            "needs an argument")
        self, *args = args
        if len(args) > 1:
            raise TypeError('expected at most 1 arguments, got %d' % len(args))
        if args:
            dict = args[0]
        elif 'dict' in kwargs:
            dict = kwargs.pop('dict')
            import warnings
            warnings.warn("Passing 'dict' as keyword argument is deprecated",
                          DeprecationWarning, stacklevel=2)
        else:
            dict = None
        self.data = {}
        if dict is not None:
            self.update(dict)
        if len(kwargs):
            self.update(kwargs)
    def __len__(self): return len(self.data)
    def __getitem__(self, key):
        if key in self.data:
            return self.data[key]
        if hasattr(self.__class__, "__missing__"):
            return self.__class__.__missing__(self, key)
        raise KeyError(key)
    def __setitem__(self, key, item): self.data[key] = item
    def __delitem__(self, key): del self.data[key]
    def __iter__(self):
        return iter(self.data)

    # Modify __contains__ to work correctly when __missing__ is present
    def __contains__(self, key):
        return key in self.data

    # Now, add the methods in dicts but not in MutableMapping
    def __repr__(self): return repr(self.data)
    def __copy__(self):
        inst = self.__class__.__new__(self.__class__)
        inst.__dict__.update(self.__dict__)
        # Create a copy and avoid triggering descriptors
        inst.__dict__["data"] = self.__dict__["data"].copy()
        return inst

    def copy(self):
        if self.__class__ is UserDict:
            return UserDict(self.data.copy())
        import copy
        data = self.data
        try:
            self.data = {}
            c = copy.copy(self)
        finally:
            self.data = data
        c.update(self)
        return c

    @classmethod
    def fromkeys(cls, iterable, value=None):
        d = cls()
        for key in iterable:
            d[key] = value
        return d



################################################################################
### UserList
################################################################################

class UserList(_collections_abc.MutableSequence):
    """A more or less complete user-defined wrapper around list objects."""
    def __init__(self, initlist=None):
        self.data = []
        if initlist is not None:
            # XXX should this accept an arbitrary sequence?
            if type(initlist) == type(self.data):
                self.data[:] = initlist
            elif isinstance(initlist, UserList):
                self.data[:] = initlist.data[:]
            else:
                self.data = list(initlist)
    def __repr__(self): return repr(self.data)
    def __lt__(self, other): return self.data <  self.__cast(other)
    def __le__(self, other): return self.data <= self.__cast(other)
    def __eq__(self, other): return self.data == self.__cast(other)
    def __gt__(self, other): return self.data >  self.__cast(other)
    def __ge__(self, other): return self.data >= self.__cast(other)
    def __cast(self, other):
        return other.data if isinstance(other, UserList) else other
    def __contains__(self, item): return item in self.data
    def __len__(self): return len(self.data)
    def __getitem__(self, i):
        if isinstance(i, slice):
            return self.__class__(self.data[i])
        else:
            return self.data[i]
    def __setitem__(self, i, item): self.data[i] = item
    def __delitem__(self, i): del self.data[i]
    def __add__(self, other):
        if isinstance(other, UserList):
            return self.__class__(self.data + other.data)
        elif isinstance(other, type(self.data)):
            return self.__class__(self.data + other)
        return self.__class__(self.data + list(other))
    def __radd__(self, other):
        if isinstance(other, UserList):
            return self.__class__(other.data + self.data)
        elif isinstance(other, type(self.data)):
            return self.__class__(other + self.data)
        return self.__class__(list(other) + self.data)
    def __iadd__(self, other):
        if isinstance(other, UserList):
            self.data += other.data
        elif isinstance(other, type(self.data)):
            self.data += other
        else:
            self.data += list(other)
        return self
    def __mul__(self, n):
        return self.__class__(self.data*n)
    __rmul__ = __mul__
    def __imul__(self, n):
        self.data *= n
        return self
    def __copy__(self):
        inst = self.__class__.__new__(self.__class__)
        inst.__dict__.update(self.__dict__)
        # Create a copy and avoid triggering descriptors
        inst.__dict__["data"] = self.__dict__["data"][:]
        return inst
    def append(self, item): self.data.append(item)
    def insert(self, i, item): self.data.insert(i, item)
    def pop(self, i=-1): return self.data.pop(i)
    def remove(self, item): self.data.remove(item)
    def clear(self): self.data.clear()
    def copy(self): return self.__class__(self)
    def count(self, item): return self.data.count(item)
    def index(self, item, *args): return self.data.index(item, *args)
    def reverse(self): self.data.reverse()
    def sort(self, *args, **kwds): self.data.sort(*args, **kwds)
    def extend(self, other):
        if isinstance(other, UserList):
            self.data.extend(other.data)
        else:
            self.data.extend(other)



################################################################################
### UserString
################################################################################

class UserString(_collections_abc.Sequence):
    def __init__(self, seq):
        if isinstance(seq, str):
            self.data = seq
        elif isinstance(seq, UserString):
            self.data = seq.data[:]
        else:
            self.data = str(seq)
    def __str__(self): return str(self.data)
    def __repr__(self): return repr(self.data)
    def __int__(self): return int(self.data)
    def __float__(self): return float(self.data)
    def __complex__(self): return complex(self.data)
    def __hash__(self): return hash(self.data)
    def __getnewargs__(self):
        return (self.data[:],)

    def __eq__(self, string):
        if isinstance(string, UserString):
            return self.data == string.data
        return self.data == string
    def __lt__(self, string):
        if isinstance(string, UserString):
            return self.data < string.data
        return self.data < string
    def __le__(self, string):
        if isinstance(string, UserString):
            return self.data <= string.data
        return self.data <= string
    def __gt__(self, string):
        if isinstance(string, UserString):
            return self.data > string.data
        return self.data > string
    def __ge__(self, string):
        if isinstance(string, UserString):
            return self.data >= string.data
        return self.data >= string

    def __contains__(self, char):
        if isinstance(char, UserString):
            char = char.data
        return char in self.data

    def __len__(self): return len(self.data)
    def __getitem__(self, index): return self.__class__(self.data[index])
    def __add__(self, other):
        if isinstance(other, UserString):
            return self.__class__(self.data + other.data)
        elif isinstance(other, str):
            return self.__class__(self.data + other)
        return self.__class__(self.data + str(other))
    def __radd__(self, other):
        if isinstance(other, str):
            return self.__class__(other + self.data)
        return self.__class__(str(other) + self.data)
    def __mul__(self, n):
        return self.__class__(self.data*n)
    __rmul__ = __mul__
    def __mod__(self, args):
        return self.__class__(self.data % args)
    def __rmod__(self, format):
        return self.__class__(format % args)

    # the following methods are defined in alphabetical order:
    def capitalize(self): return self.__class__(self.data.capitalize())
    def casefold(self):
        return self.__class__(self.data.casefold())
    def center(self, width, *args):
        return self.__class__(self.data.center(width, *args))
    def count(self, sub, start=0, end=_sys.maxsize):
        if isinstance(sub, UserString):
            sub = sub.data
        return self.data.count(sub, start, end)
    def encode(self, encoding=None, errors=None): # XXX improve this?
        if encoding:
            if errors:
                return self.__class__(self.data.encode(encoding, errors))
            return self.__class__(self.data.encode(encoding))
        return self.__class__(self.data.encode())
    def endswith(self, suffix, start=0, end=_sys.maxsize):
        return self.data.endswith(suffix, start, end)
    def expandtabs(self, tabsize=8):
        return self.__class__(self.data.expandtabs(tabsize))
    def find(self, sub, start=0, end=_sys.maxsize):
        if isinstance(sub, UserString):
            sub = sub.data
        return self.data.find(sub, start, end)
    def format(self, *args, **kwds):
        return self.data.format(*args, **kwds)
    def format_map(self, mapping):
        return self.data.format_map(mapping)
    def index(self, sub, start=0, end=_sys.maxsize):
        return self.data.index(sub, start, end)
    def isalpha(self): return self.data.isalpha()
    def isalnum(self): return self.data.isalnum()
    def isascii(self): return self.data.isascii()
    def isdecimal(self): return self.data.isdecimal()
    def isdigit(self): return self.data.isdigit()
    def isidentifier(self): return self.data.isidentifier()
    def islower(self): return self.data.islower()
    def isnumeric(self): return self.data.isnumeric()
    def isprintable(self): return self.data.isprintable()
    def isspace(self): return self.data.isspace()
    def istitle(self): return self.data.istitle()
    def isupper(self): return self.data.isupper()
    def join(self, seq): return self.data.join(seq)
    def ljust(self, width, *args):
        return self.__class__(self.data.ljust(width, *args))
    def lower(self): return self.__class__(self.data.lower())
    def lstrip(self, chars=None): return self.__class__(self.data.lstrip(chars))
    maketrans = str.maketrans
    def partition(self, sep):
        return self.data.partition(sep)
    def replace(self, old, new, maxsplit=-1):
        if isinstance(old, UserString):
            old = old.data
        if isinstance(new, UserString):
            new = new.data
        return self.__class__(self.data.replace(old, new, maxsplit))
    def rfind(self, sub, start=0, end=_sys.maxsize):
        if isinstance(sub, UserString):
            sub = sub.data
        return self.data.rfind(sub, start, end)
    def rindex(self, sub, start=0, end=_sys.maxsize):
        return self.data.rindex(sub, start, end)
    def rjust(self, width, *args):
        return self.__class__(self.data.rjust(width, *args))
    def rpartition(self, sep):
        return self.data.rpartition(sep)
    def rstrip(self, chars=None):
        return self.__class__(self.data.rstrip(chars))
    def split(self, sep=None, maxsplit=-1):
        return self.data.split(sep, maxsplit)
    def rsplit(self, sep=None, maxsplit=-1):
        return self.data.rsplit(sep, maxsplit)
    def splitlines(self, keepends=False): return self.data.splitlines(keepends)
    def startswith(self, prefix, start=0, end=_sys.maxsize):
        return self.data.startswith(prefix, start, end)
    def strip(self, chars=None): return self.__class__(self.data.strip(chars))
    def swapcase(self): return self.__class__(self.data.swapcase())
    def title(self): return self.__class__(self.data.title())
    def translate(self, *args):
        return self.__class__(self.data.translate(*args))
    def upper(self): return self.__class__(self.data.upper())
    def zfill(self, width): return self.__class__(self.data.zfill(width))




          

      

      

    

  

    
      
          
            
  All modules for which code is available

	collections

	namedtuple_DummyModel

	symfit.contrib.interactive_guess.interactive_guess

	symfit.core.argument

	symfit.core.fit

	symfit.core.fit_results

	symfit.core.minimizers

	symfit.core.models

	symfit.core.objectives

	symfit.core.operators

	symfit.core.support

	symfit.distributions

	sympy.core.expr




          

      

      

    

  

    
      
          
            
  Source code for symfit.distributions

# SPDX-FileCopyrightText: 2014-2020 Martin Roelfs
#
# SPDX-License-Identifier: MIT

"""
Some common distributions are defined in this module. That way, users can easily build
more complicated expressions without making them look hard.

I have deliberately chosen to start these function with a capital, e.g.
Gaussian instead of gaussian, because this makes the resulting expressions more
readable.
"""
import sympy

[docs]def Gaussian(x, mu, sig):
    """
    .. math::

        f(x) = \\frac{1}{\\sqrt{2 \\pi \\sigma^2}} e^{- \\frac{(x - \\mu)^2}{2 \\sigma^2}}

    Gaussian pdf.

    :param x: free variable.
    :param mu: mean of the distribution.
    :param sig: standard deviation of the distribution.
    :return: sympy.Expr for a Gaussian pdf.
    """
    return sympy.exp(-(x - mu)**2/(2*sig**2))/sympy.sqrt(2*sympy.pi*sig**2)


[docs]def BivariateGaussian(x, y, mu_x, mu_y, sig_x, sig_y, rho):
    """
    `Bivariate Gaussian pdf
    <http://mathworld.wolfram.com/BivariateNormalDistribution.html>`_.

    :param x: :class:`symfit.core.argument.Variable`
    :param y: :class:`symfit.core.argument.Variable`
    :param mu_x: :class:`symfit.core.argument.Parameter` for the mean of `x`
    :param mu_y: :class:`symfit.core.argument.Parameter` for the mean of `y`
    :param sig_x: :class:`symfit.core.argument.Parameter` for the standard
        deviation of `x`
    :param sig_y: :class:`symfit.core.argument.Parameter` for the standard
        deviation of `y`
    :param rho: :class:`symfit.core.argument.Parameter` for the correlation
        between `x` and `y`.
    :return: sympy expression for a Bivariate Gaussian pdf.
    """
    exponent = - 1 / (2 * (1 - rho**2))
    exponent *= (x - mu_x)**2 / sig_x**2 + (y - mu_y)**2 / sig_y**2 \
                - 2 * rho * (x - mu_x) * (y - mu_y) / (sig_x * sig_y)
    return sympy.exp(exponent) / (2 * sympy.pi * sig_x * sig_y * sympy.sqrt(1 - rho**2))


[docs]def Exp(x, l):
    """
    .. math::

        f(x) = l e^{- l x}

    Exponential Distribution pdf.

    :param x: free variable.
    :param l: rate parameter.
    :return: sympy.Expr for an Exponential Distribution pdf.
    """
    return l * sympy.exp(- l * x)


# def Beta():
#     sympy.stats.Beta()




          

      

      

    

  

    
      
          
            
  Source code for symfit.contrib.interactive_guess.interactive_guess

# SPDX-FileCopyrightText: 2014-2020 Martin Roelfs
#
# SPDX-License-Identifier: MIT

# -*- coding: utf-8 -*-

import matplotlib as mpl
mpl.use('Agg')

from ... import ODEModel, Derivative, latex
from ...core.fit import TakesData
from ...core.support import keywordonly, key2str, deprecated

import itertools

import matplotlib.pyplot as plt
import numpy as np
from scipy.stats import gaussian_kde

plt.ioff()


[docs]class InteractiveGuess(TakesData):
    """A class that provides an graphical, interactive way of guessing initial
    fitting parameters."""

[docs]    @keywordonly(n_points=50, log_contour=True, percentile=(5, 95))
    def __init__(self, *args, **kwargs):
        """Create a matplotlib window with sliders for all parameters
        in this model, so that you may graphically guess initial fitting
        parameters. n_points is the number of points drawn for the plot.
        Data points are plotted as a blue contour plot, the proposed model as
        a red line. The errorbars on the proposed model represent the
        percentile of data within the thresholds.

        Slider extremes are taken from the parameters where possible. If
        these are not provided, the minimum is 0; and the maximum is value*2.
        If no initial value is provided, it defaults to 1.

        This will modify the values of the parameters present in model.

        :param n_points: The number of points used for drawing the
            fitted function. Defaults to 50.
        :type n_points: int

        :param log_contour: Whether to plot the contour plot of the log of the
            density, rather than the density itself. If True, any density less
            than 1e-7 will be considered 0. Defaults to True.
        :type log_contour: bool

        :param percentile: Controls the errorbars on the proposed model, such
            that the lower errorbar will cover percentile[0]% of the data, and
            the upper will cover percentile[1]%. Defaults to [5, 95], with
            corresponds to a 90% percentile. Should be a list of 2 numbers.
        :type percentile: list
        """
        self.log_contour = kwargs.pop('log_contour')
        n_points = kwargs.pop('n_points')
        self.percentile = kwargs.pop('percentile')
        super(InteractiveGuess, self).__init__(*args, **kwargs)
        if len(self.independent_data) > 1:
            self._dimension_strategy = StrategynD(self)
        else:
            self._dimension_strategy = Strategy2D(self)
        # TODO: Some of the code here is specific to the n-D case and should
        # be moved.
        self._projections = list(itertools.product(self.model.independent_vars,
                                                   self.model.dependent_vars))
        x_mins = {v: np.min(data) for v, data in self.independent_data.items()}
        x_maxs = {v: np.max(data) for v, data in self.independent_data.items()}

        # Stretch the plot 10-20% in the X direction, since that is visually
        # more appealing. We can't evaluate the model for x < x_initial, so
        # don't.
        for x in self.model.independent_vars:
            plotrange_x = x_maxs[x] - x_mins[x]
            if not hasattr(self.model, 'initial'):
                x_mins[x] -= 0.1 * plotrange_x
            x_maxs[x] += 0.1 * plotrange_x
        # Generate the points at which to evaluate the model with the proposed
        # parameters for plotting
        self._x_points = {v: np.linspace(x_mins[v], x_maxs[v], n_points)
                          for v in self.independent_data}
        meshgrid = np.meshgrid(*(self._x_points[v]
                                 for v in self.independent_data))
        self._x_grid = {v: meshgrid[idx].flatten()
                        for idx, v in enumerate(self.independent_data)}

        # Stretch the plot 20% in the Y direction, since that is visually more
        # appealing
        y_mins = {v: np.min(data) for v, data in self.dependent_data.items()}
        y_maxs = {v: np.max(data) for v, data in self.dependent_data.items()}
        for y in self.dependent_data:
            plotrange_y = y_maxs[y] - y_mins[y]
            y_mins[y] -= 0.1 * plotrange_y
            y_maxs[y] += 0.1 * plotrange_y

        self._y_points = {v: np.linspace(y_mins[v], y_maxs[v], n_points)
                          for v in self.dependent_data}

        self._set_up_figure(x_mins, x_maxs, y_mins, y_maxs)
        self._set_up_sliders()
        self._update_plot(None)


[docs]    @keywordonly(show=True, block=True)
    def execute(self, **kwargs):
        """
        Execute the interactive guessing procedure.

        :param show: Whether or not to show the figure. Useful for testing.
        :type show: bool
        :param block: Blocking call to matplotlib
        :type show: bool

        Any additional keyword arguments are passed to
        matplotlib.pyplot.show().
        """
        show = kwargs.pop('show')
        if show:
            # self.fig.show()  # Apparently this does something else,
            # see https://github.com/matplotlib/matplotlib/issues/6138
            plt.show(**kwargs)


    def _set_up_figure(self, x_mins, x_maxs, y_mins, y_maxs):
        """
        Prepare the matplotlib figure: make all the subplots; adjust their
        x and y range; plot the data; and plot an putative function.
        """
        self.fig = plt.figure()

        # Make room for the sliders:
        bot = 0.1 + 0.05*len(self.model.params)
        self.fig.subplots_adjust(bottom=bot)

        # If these are not ints, matplotlib will crash and burn with an utterly
        # vague error.
        nrows = int(np.ceil(len(self._projections)**0.5))
        ncols = int(np.ceil(len(self._projections)/nrows))

        # Make all the subplots: set the x and y limits, scatter the data, and
        # plot the putative function.
        self._plots = {}

        for plotnr, proj in enumerate(self._projections, 1):
            x, y = proj
            if Derivative(y, x) in self.model:
                title_format = '$\\frac{{\\partial {dependant}}}{{\\partial {independant}}} = {expression}$'
            else:
                title_format = '${dependant}({independant}) = {expression}$'
            plotlabel = title_format.format(
                dependant=latex(y, mode='plain'),
                independant=latex(x, mode='plain'),
                expression=latex(self.model[y], mode='plain'))
            ax = self.fig.add_subplot(ncols, nrows, plotnr,
                                      label=plotlabel)
            ax.set_title(ax.get_label())
            ax.set_ylim(y_mins[y], y_maxs[y])
            ax.set_xlim(x_mins[x], x_maxs[x])
            ax.set_xlabel('${}$'.format(x))
            ax.set_ylabel('${}$'.format(y))
            self._plot_data(proj, ax)
            plot = self._plot_model(proj, ax)
            self._plots[proj] = plot

    def _set_up_sliders(self):
        """
        Creates an slider for every parameter.
        """
        i = 0.05
        self._sliders = {}
        for param in self.model.params:
            if not param.fixed:
                axbg = 'lightgoldenrodyellow'
            else:
                axbg = 'red'
            # start-x, start-y, width, height
            ax = self.fig.add_axes((0.162, i, 0.68, 0.03),
                                   facecolor=axbg, label=param)
            val = param.value
            if not hasattr(param, 'min') or param.min is None:
                minimum = 0
            else:
                minimum = param.min
            if not hasattr(param, 'max') or param.max is None:
                maximum = 2 * val
            else:
                maximum = param.max

            slid = plt.Slider(ax, param, minimum, maximum,
                              valinit=val, valfmt='% 5.4g')
            self._sliders[param] = slid
            slid.on_changed(self._update_plot)
            i += 0.05

    def _plot_data(self, proj, ax):
        """Defers plotting the data to self._dimension_strategy"""
        return self._dimension_strategy.plot_data(proj, ax)

    def _plot_model(self, proj, ax):
        """Defers plotting the proposed model to self._dimension_strategy"""
        return self._dimension_strategy.plot_model(proj, ax)

    def _update_specific_plot(self, indep_var, dep_var):
        """Defers updating the proposed model to self._dimension_strategy"""
        return self._dimension_strategy.update_plot(indep_var, dep_var)

    def _update_plot(self, _):
        """Callback to redraw the plot to reflect the new parameter values."""
        # Since all sliders call this same callback without saying who they are
        # I need to update the values for all parameters. This can be
        # circumvented by creating a seperate callback function for each
        # parameter.
        for param in self.model.params:
            param.value = self._sliders[param].val
        for indep_var, dep_var in self._projections:
            self._update_specific_plot(indep_var, dep_var)

    def _eval_model(self):
        """
        Convenience method for evaluating the model with the current parameters

        :return: named tuple with results
        """
        arguments = self._x_grid.copy()
        arguments.update({param: param.value for param in self.model.params})
        return self.model(**key2str(arguments))

[docs]    def __str__(self):
        """
        Represent the guesses in a human readable way.

        :return: string with the guessed values.
        """
        msg = 'Guessed values:\n'
        for param in self.model.params:
            msg += '{}: {}\n'.format(param.name, param.value)
        return msg




[docs]class Strategy2D:
    """
    A strategy that describes how to plot a model that depends on a single independent variable,
    and how to update that plot.
    """
[docs]    def __init__(self, interactive_guess):
        self.ig = interactive_guess


[docs]    def plot_data(self, proj, ax):
        """
        Creates and plots a scatter plot of the original data.
        """
        x, y = proj
        ax.scatter(self.ig.independent_data[x],
                   self.ig.dependent_data[y], c='b')


[docs]    def plot_model(self, proj, ax):
        """
        Plots the model proposed for the projection proj on ax.
        """
        x, y = proj
        y_vals = getattr(self.ig._eval_model(), y.name)
        x_vals = self.ig._x_points[x]
        plot, = ax.plot(x_vals, y_vals, c='red')
        return plot


[docs]    def update_plot(self, indep_var, dep_var):
        """
        Updates the plot of the proposed model.
        """
        evaluated_model = self.ig._eval_model()
        plot = self.ig._plots[(indep_var, dep_var)]
        y_vals = getattr(evaluated_model, dep_var.name)
        x_vals = self.ig._x_points[indep_var]
        plot.set_data(x_vals, y_vals)




[docs]class StrategynD:
    """
    A strategy that describes how to plot a model that depends on a multiple independent variables,
    and how to update that plot.
    """
[docs]    def __init__(self, interactive_guess):
        self.ig = interactive_guess


[docs]    def plot_data(self, proj, ax):
        """
        Creates and plots the contourplot of the original data. This is done
        by evaluating the density of projected datapoints on a grid.
        """
        x, y = proj
        x_data = self.ig.independent_data[x]
        y_data = self.ig.dependent_data[y]
        projected_data = np.column_stack((x_data, y_data)).T
        kde = gaussian_kde(projected_data)

        xx, yy = np.meshgrid(self.ig._x_points[x], self.ig._y_points[y])
        x_grid = xx.flatten()
        y_grid = yy.flatten()

        contour_grid = kde.pdf(np.column_stack((x_grid, y_grid)).T)
        # This is an fugly kludge, but it seems nescessary to make low density
        # areas show up.
        if self.ig.log_contour:
            contour_grid = np.log(contour_grid)
            vmin = -7
        else:
            vmin = None
        ax.contourf(xx, yy, contour_grid.reshape(xx.shape),
                    50, vmin=vmin, cmap='Blues')


[docs]    def plot_model(self, proj, ax):
        """
        Plots the model proposed for the projection proj on ax.
        """
        x, y = proj
        evaluated_model = self.ig._eval_model()
        y_vals = getattr(evaluated_model, y.name)
        x_vals = self.ig._x_grid[x]
        plot = ax.errorbar(x_vals, y_vals, xerr=0, yerr=0, c='red')
        return plot


[docs]    def update_plot(self, indep_var, dep_var):
        """
        Updates the plot of the proposed model.
        """
        evaluated_model = self.ig._eval_model()
        y_vals = getattr(evaluated_model, dep_var.name)
        x_vals = self.ig._x_grid[indep_var]

        x_plot_data = []
        y_plot_data = []
        y_plot_error = []
        # TODO: Numpy magic
        # We need the error interval for every plotted point, so find all
        # the points plotted at x=x_i, and do some statistics on those.
        # Since all the points are on a grid made by meshgrid, the error
        # in x will alwys be 0.
        for x_val in self.ig._x_points[indep_var]:
            # We get away with this instead of digitize because x_vals is
            # on a grid made with meshgrid
            idx_mask = x_vals == x_val
            xs = x_vals[idx_mask]
            x_plot_data.append(xs[0])
            ys = y_vals[idx_mask]
            y_plot_data.append(np.mean(ys))
            y_error = np.percentile(ys, self.ig.percentile)
            y_plot_error.append(y_error)

        x_plot_data = np.array(x_plot_data)
        y_plot_data = np.array(y_plot_data)
        y_plot_error = np.array(y_plot_error)

        xs = np.column_stack((x_plot_data, x_plot_data))
        yerr = y_plot_error + y_plot_data[:, np.newaxis]
        y_segments = np.dstack((xs, yerr))
        plot_line, caps, error_lines = self.ig._plots[(indep_var, dep_var)]
        plot_line.set_data(x_plot_data, y_plot_data)
        error_lines[1].set_segments(y_segments)




[docs]class InteractiveGuess2D(InteractiveGuess):
[docs]    @deprecated(InteractiveGuess)
    def __init__(self, *args, **kwargs):
        # Deprecated as of 01/06/2017
        super(InteractiveGuess2D, self).__init__(*args, **kwargs)






          

      

      

    

  

    
      
          
            
  Source code for symfit.core.argument

# SPDX-FileCopyrightText: 2014-2020 Martin Roelfs
#
# SPDX-License-Identifier: MIT

from collections import defaultdict
import numbers
import warnings

from sympy.core.symbol import Symbol


[docs]class Argument(Symbol):
    """
    Base class for :mod:`symfit` symbols. This helps make :mod:`symfit` symbols
    distinguishable from :mod:`sympy` symbols.

    If no name is explicitly provided a name will be generated.

    For example::

        y = Variable()
        print(y.name)
        >> 'x_0'

        y = Variable('y')
        print(y.name)
        >> 'y'
    """
    __slots__ = ['_argument_index', '_argument_name']
    # TODO: Make sure this also survives a pickle/unpickle to a fresh(!)
    #       interpreter.
    _argument_indices = defaultdict(int)

[docs]    def __new__(cls, name=None, **assumptions):
        """
        Create a new ``Argument``. See :class:`~sympy.core.symbol.Symbol`
        for more information.
        """
        assumptions['real'] = True
        # Generate a dummy name
        if not name:
            # Throw a warning that is is better to explicitly give names.
            warnings.warn(
                'It is recommended to provide names to {} explicitly'
                ' as automatic generation of names will be dropped in '
                'future `symfit` versions.'.format(cls.__name__),
                DeprecationWarning, stacklevel=2
            )

            name = '{}_{}'.format(cls._argument_name, cls._argument_indices[cls])
            instance = super(Argument, cls).__new__(cls, name, **assumptions)
        else:
            instance = super(Argument, cls).__new__(cls, name, **assumptions)
        instance._argument_index = cls._argument_indices[cls]
        cls._argument_indices[cls] += 1
        return instance


[docs]    def __init__(self, name=None, *args, **assumptions):
        # TODO: A more careful look at Symbol.__init__ is needed! However, it
        # seems we don't have to pass anything on to it.
        if name is not None:
            self.name = name
        super(Argument, self).__init__()


    def __getstate__(self):
        state = super(Argument, self).__getstate__()
        state.update({slot: getattr(self, slot) for slot in self.__slots__
                      if hasattr(self, slot)})
        return state

    def _sympystr(self, printer, *args, **kwargs):
        return printer.doprint(self.name)

    _lambdacode = _sympystr
    _numpycode = _sympystr
    _pythoncode = _sympystr


[docs]class Parameter(Argument):
    """
    Parameter objects are used to facilitate bounds on function parameters.
    Important change from `symfit>0.4.1`: the name needs to be the first keyword,
    followed by the guess value. If no name is provided, the initial value can
    be passed as a keyword argument, e.g.: `value=0.1`. A generic name will then
    be generated.
    """
    # Parameter index to be assigned to generated nameless parameters
    __slots__ = ['min', 'max', 'fixed', 'value']

    _argument_name = 'par'

[docs]    def __new__(cls, name=None, value=1.0, min=None, max=None, fixed=False, **kwargs):
        try:
            return super(Parameter, cls).__new__(cls, name, **kwargs)
        except TypeError as err:
            if isinstance(name, numbers.Number):
                raise TypeError('In symfit >0.4.1 the value needs to be assigned '
                                'as the second argument or by keyword argument.')
            else: raise err


[docs]    def __init__(self, name=None, value=1.0, min=None, max=None, fixed=False, **assumptions):
        """
        :param name: Name of the Parameter.
        :param value: Initial guess value.
        :param min: Lower bound on the parameter value.
        :param max: Upper bound on the parameter value.
        :param fixed: Fix the parameter to ``value`` during fitting.
        :type fixed: bool
        :param assumptions: assumptions to pass to ``sympy``.
        """
        super(Parameter, self).__init__(name, **assumptions)
        self.value = value
        self.fixed = fixed

        if min is not None and max is not None and min > max:
            if not self.fixed:
                raise ValueError('The value of `min` should be less than or'
                                 ' equal to the value of `max`.')
        else:
            self.min = min
            self.max = max


[docs]    def __eq__(self, other):
        """
        Parameters are considered equal when their name, assumptions, and
        bounds are considered the same.
        """
        equal = super(Parameter, self).__eq__(other)
        if equal is NotImplemented:
            return equal

        if not equal:
            return False
        else:
            return (self.min == other.min and
                    self.max == other.max and
                    self.fixed == other.fixed and
                    self.value == other.value)


    __hash__ = Argument.__hash__



[docs]class Variable(Argument):
    """ Variable type."""
    # Variable index to be assigned to generated nameless variables
    _argument_name = 'var'
    __slots__ = ()





          

      

      

    

  

    
      
          
            
  Source code for symfit.core.fit

# SPDX-FileCopyrightText: 2014-2020 Martin Roelfs
#
# SPDX-License-Identifier: MIT

from collections import OrderedDict
from collections.abc import Sequence
import sys

import sympy
import numpy as np

from symfit.core.argument import Variable
from .support import keywordonly, key2str
from .minimizers import (
    BFGS, SLSQP, LBFGSB, BaseMinimizer, GradientMinimizer, HessianMinimizer,
    ConstrainedMinimizer, MINPACK, ChainedMinimizer, BasinHopping
)
from .objectives import (
    LeastSquares, BaseObjective, MinimizeModel, VectorLeastSquares,
    LogLikelihood, HessianObjectiveJacApprox
)
from .models import BaseModel, Model, BaseNumericalModel, CallableModel

if sys.version_info >= (3,0):
    import inspect as inspect_sig
else:
    import funcsigs as inspect_sig

[docs]class TakesData(object):
    """
    An base class for everything that takes data. Most importantly, it takes care
    of linking the provided data to variables. The allowed variables are extracted
    from the model.
    """
[docs]    @keywordonly(absolute_sigma=None)
    def __init__(self, model, *ordered_data, **named_data):
        """
        :param model: (dict of) sympy expression or ``Model`` object.
        :param bool absolute_sigma: True by default. If the sigma is only used
            for relative weights in your problem, you could consider setting it to
            False, but if your sigma are measurement errors, keep it at True.
            Note that curve_fit has this set to False by default, which is wrong in
            experimental science.
        :param ordered_data: data for dependent, independent and sigma variables. Assigned in
            the following order: independent vars are assigned first, then dependent
            vars, then sigma's in dependent vars. Within each group they are assigned in
            alphabetical order.
        :param named_data: assign dependent, independent and sigma variables data by name.

        Standard deviation can be provided to any variable. They have to be prefixed
        with sigma\_. For example, let x be a Variable. Then sigma_x will give the
        stdev in x.
        """
        absolute_sigma = named_data.pop('absolute_sigma')
        if isinstance(model, BaseModel):
            self.model = model
        else:
            self.model = Model(model)

        # Handle ordered_data and named_data according to the allowed names.
        signature = self._make_signature()
        try:
            bound_arguments = signature.bind(*ordered_data, **named_data)
        except TypeError as err:
            for var in self.model.vars:
                if var.name.startswith(Variable._argument_name):
                    raise type(err)(str(err) + '. Some of your Variable\'s are unnamed. That might be the cause of this Error: make sure you use e.g. x = Variable(\'x\')')
                elif isinstance(var, sympy.Derivative):
                    # Include a very strong warning with this error.
                    raise RuntimeWarning(
                        'The model contains derivatives in its definition. '
                        'Are you sure you don\'t mean to use `symfit.ODEModel`?'
                    )
            else:
                raise err
        # Include default values in bound_argument object
        for param in signature.parameters.values():
            if param.name not in bound_arguments.arguments:
                bound_arguments.arguments[param.name] = param.default

        original_data = bound_arguments.arguments   # ordereddict of the data
        self.data = original_data.copy()
        for var in self.model.vars:
            # Identify data by their Variable, not their variable names.
            # But anything that is not a part of model should not be thrown away
            if var.name in self.data:
                self.data[var] = self.data.pop(var.name)

        # Change the type to array if no array operations are supported.
        # We don't want to break duck-typing, hence the try-except.
        for var, dataset in self.data.items():
            try:
                dataset**2
            except TypeError:
                if dataset is not None:
                    self.data[var] = np.array(dataset)
        self.sigmas_provided = any(value is not None for value in self.sigma_data.values())

        # Replace sigmas that are constant by an array of that constant
        for var, sigma in zip(self.dependent_data, self.sigma_data):
            try:
                iter(self.data[sigma])
            except TypeError:  # not iterable
                if self.data[var] is not None and self.data[sigma] is None:
                    self.data[sigma] = np.ones(self.data[var].shape)
                elif self.data[var] is not None:
                    self.data[sigma] *= np.ones(self.data[var].shape)

        # If user gives a preference, use that. Otherwise, use True if at least one sigma is
        # given, False if no sigma is given.
        if absolute_sigma is not None:
            self.absolute_sigma = absolute_sigma
        else:
            for sigma in self.sigma_data:
                # Check if the user provided sigmas in the original data.
                # If so, interpret sigmas as measurement errors
                if original_data[sigma.name] is not None:
                    self.absolute_sigma = True
                    break
            else:
                self.absolute_sigma = False


    def _make_signature(self):
        """
        Make a :class:`inspect.Signature` object corresponding to
        ``self.model``.

        :return: :class:`inspect.Signature` object corresponding to
            ``self.model``.
        """
        parameters = self._make_parameters(self.model)
        parameters = sorted(parameters, key=lambda p: p.default is None)
        return inspect_sig.Signature(parameters=parameters)

    @staticmethod
    def _make_parameters(model, none_allowed=None):
        """
        Based on a model, return the inspect.Parameter objects
        needed to satisfy all the variables of this model.

        :param model: instance of model
        :param none_allowed: If provided, this has to be a sequence of
            :class:`symfit.core.argument.Variable` whose values are set to
            ``None`` by default. If not provided, this will be set to sigma
            variables only.
        :return: list of  :class:`inspect.Parameter` corresponding to all the
            external variables of the model.
        """
        if none_allowed is None:
            none_allowed = model.sigmas.values()
        parameters = [
            inspect_sig.Parameter(
                var.name,
                kind=inspect_sig.Parameter.POSITIONAL_OR_KEYWORD,
                default=None if var in none_allowed else inspect_sig.Parameter.empty
            )
            for var in model.vars
        ]
        return parameters

    @property
    def dependent_data(self):
        """
        Read-only Property

        :return: Data belonging to each dependent variable as a dict with
                 variable names as key, data as value.
        :rtype: collections.OrderedDict
        """
        return OrderedDict((var, self.data[var])
                           for var in self.model.dependent_vars if var in self.data)

    @property
    def independent_data(self):
        """
        Read-only Property

        :return: Data belonging to each independent variable as a dict with
                 variable names as key, data as value.
        :rtype: collections.OrderedDict
        """
        return OrderedDict((var, self.data[var]) for var in self.model.independent_vars)

    @property
    def sigma_data(self):
        """
        Read-only Property

        :return: Data belonging to each sigma variable as a dict with
                 variable names as key, data as value.
        :rtype: collections.OrderedDict
        """
        sigmas = self.model.sigmas
        return OrderedDict((sigmas[var], self.data[sigmas[var]])
                           for var in self.model.dependent_vars if sigmas[var] in self.data)

    @property
    def data_shapes(self):
        """
        Returns the shape of the data. In most cases this will be the same for
        all variables of the same type, if not this raises an Exception.

        Ignores variables which are set to None by design so we know that those
        None variables can be assumed to have the same shape as the other in
        calculations where this is needed, such as the covariance matrix.

        :return: Tuple of all independent var shapes, dependent var shapes.
        """
        independent_shapes = []
        for var, data in self.independent_data.items():
            if data is not None:
                independent_shapes.append(data.shape)

        dependent_shapes = []
        for var, data in self.dependent_data.items():
            if data is not None:
                dependent_shapes.append(data.shape)

        return list(set(independent_shapes)), list(set(dependent_shapes))

    @property
    def initial_guesses(self):
        """
        :return: Initial guesses for every parameter.
        """
        return np.array([param.value for param in self.model.params])



[docs]class HasCovarianceMatrix(TakesData):
    """
    Mixin class for calculating the covariance matrix for any model that has a
    well-defined Jacobian :math:`J`. The covariance is then approximated as
    :math:`J^T W J`, where W contains the weights of each data point.

    Supports vector valued models, but is unable to estimate covariances for
    those, just variances. Therefore, take the result with a grain of salt for
    vector models.
    """
    def _covariance_matrix(self, best_fit_params, objective):
        # Helper function for self.covariance_matrix.
        try:
            hess = objective.eval_hessian(**key2str(best_fit_params))
        except AttributeError:
            # Some models do not have an eval_hessian, in which case we give up
            return None
        else:
            if hess is None:
                return hess

        try:
            # The squeezing to a matrix is required for MinimizeModel objectives
            hess_inv = np.linalg.inv(np.atleast_2d(np.squeeze(hess)))
        except np.linalg.LinAlgError:
            return None

        if isinstance(objective, LeastSquares):
            # Calculate the covariance for a least squares method.
            # https://www8.cs.umu.se/kurser/5DA001/HT07/lectures/lsq-handouts.pdf
            # Residual sum of squares
            rss = 2 * objective(**key2str(best_fit_params))
            # Degrees of freedom
            raw_dof = np.sum([np.product(shape) for shape in self.data_shapes[1]])
            dof = raw_dof - len(self.model.params)
            if self.absolute_sigma:
                # When interpreting as measurement error, we do not rescale.
                s2 = 1
            else:
                s2 = rss / dof
            cov_mat = s2 * hess_inv
            return cov_mat
        else:
            # The inverse hessian is the covariance matrix for Loglikelihood and
            # also for objectives in general.
            return hess_inv

[docs]    def covariance_matrix(self, best_fit_params):
        """
        Given best fit parameters, this function finds the covariance matrix.
        This matrix gives the (co)variance in the parameters.

        :param best_fit_params: ``dict`` of best fit parameters as given by .best_fit_params()
        :return: covariance matrix.
        """
        cov_matrix = self._covariance_matrix(best_fit_params,
                                             objective=self.objective)
        if cov_matrix is None:
            # If the covariance matrix could not be computed we try again by
            # approximating the hessian with the jacobian.

            # VectorLeastSquares should be turned into a LeastSquares for
            # cov matrix calculation
            if self.objective.__class__ is VectorLeastSquares:
                base = LeastSquares
            else:
                base = self.objective.__class__

            class HessApproximation(base, HessianObjectiveJacApprox):
                """
                Class which impersonates ``base``, but which returns zeros
                for the models Hessian. This will effectively result in the
                calculation of the approximate Hessian by calculating
                outer(J.T, J) when calling ``base.eval_hessian``.
                """

            objective = HessApproximation(self.objective.model,
                                          self.objective.data)
            cov_matrix = self._covariance_matrix(best_fit_params,
                                                 objective=objective)

        return cov_matrix




[docs]class Fit(HasCovarianceMatrix):
    """
    Your one stop fitting solution! Based on the nature of the input, this
    object will attempt to select the right fitting type for your problem.

    If you need very specific control over how the problem is solved, you can
    pass it the minimizer or objective function you would like to use.

    Example usage::

        a, b = parameters('a, b')
        x, y = variables('x, y')

        model = {y: a * x + b}

        # Fit will use its default settings
        fit = Fit(model, x=xdata, y=ydata)
        fit_result = fit.execute()

        # Use Nelder-Mead instead
        fit = Fit(model, x=xdata, y=ydata, minimizer=NelderMead)
        fit_result = fit.execute()

        # Use Nelder-Mead to get close, and BFGS to polish it off
        fit = Fit(model, x=xdata, y=ydata, minimizer=[NelderMead, BFGS])
        fit_result = fit.execute(minimizer_kwargs=[dict(xatol=0.1), {}])
    """

[docs]    @keywordonly(objective=None, minimizer=None, constraints=None,
                 absolute_sigma=None)
    def __init__(self, model, *ordered_data, **named_data):
        """

        :param model: (dict of) sympy expression(s) or ``Model`` object.
        :param constraints: iterable of ``Relation`` objects to be used as
            constraints.
        :param bool absolute_sigma: True by default. If the sigma is only used
            for relative weights in your problem, you could consider setting it
            to False, but if your sigma are measurement errors, keep it at True.
            Note that curve_fit has this set to False by default, which is
            wrong in experimental science.
        :param objective: Have Fit use your specified objective. Can be one of
            the predefined `symfit` objectives or any callable which accepts fit
            parameters and returns a scalar.
        :param minimizer: Have Fit use your specified
            :class:`symfit.core.minimizers.BaseMinimizer`. Can be a
            :class:`~collections.abc.Sequence` of :class:`symfit.core.minimizers.BaseMinimizer`.
        :param ordered_data: data for dependent, independent and sigma
            variables. Assigned in the following order: independent vars are
            assigned first, then dependent vars, then sigma's in dependent
            vars. Within each group they are assigned in alphabetical order.
        :param named_data: assign dependent, independent and sigma variables
            data by name.
        """
        objective = named_data.pop('objective')
        minimizer = named_data.pop('minimizer')
        constraints = named_data.pop('constraints')
        absolute_sigma = named_data.pop('absolute_sigma')
        # Should be a list of Constraint objects
        constraints = [] if constraints is None else constraints

        # Initiate self.model as an instance of BaseModel if it isn't already
        if isinstance(model, BaseModel):
            self.model = model
        else:
            self.model = Model(model)

        self.constraints = self._init_constraints(constraints=constraints,
                                                  model=self.model)

        # Bind as much as possible the provided arguments.
        signature = self._make_signature()
        bound_arguments = signature.bind_partial(*ordered_data, **named_data)

        # Select objective function to use. Has to be done before calling
        # super.__init__
        self.objective = self._determine_objective(
            self.model, objective=objective,
            minimizer=minimizer, bound_arguments=bound_arguments
        )

        super(Fit, self).__init__(self.model, absolute_sigma=absolute_sigma,
                                  **bound_arguments.arguments)

        # Update the data belonging to the constraints. We do this by checking
        # for the presence of data with the same name as one of the independent
        # variables of the constraint. If present, we start addressing them by
        # their Variable instead.
        for constraint in self.constraints:
            for var in constraint.vars:
                if var.name in self.data:
                    self.data[var] = self.data.pop(var.name)

        # Initialise the objective with data if it's not initialised already
        if not isinstance(self.objective, BaseObjective):
            self.objective = self.objective(self.model, self.data)

        # Select the minimizer on the basis of the provided information.
        if minimizer is None:
            minimizer = self._determine_minimizer()

        # Initialise the minimizer
        if isinstance(minimizer, Sequence):
            minimizers = [self._init_minimizer(mini) for mini in minimizer]
            self.minimizer = self._init_minimizer(ChainedMinimizer, minimizers=minimizers)
        else:
            self.minimizer = self._init_minimizer(minimizer)


    def _make_signature(self):
        parameters = self._make_parameters(self.model)
        # Extend the signature with the variables to the constraint. Since
        # constraints will be turned into MinimizeModel objectives, they only
        # need independent variables to be provided.
        for constraint in self.constraints:
            none_allowed = constraint.dependent_vars + list(constraint.sigmas.values())
            parameters.extend(
                self._make_parameters(
                    constraint, none_allowed=none_allowed
                )
            )

        # Make unique while preserving order, and sort by default value so
        # sigma variables end last
        unique_parameters = []
        for par in parameters:
            if par not in unique_parameters:
                unique_parameters.append(par)

        parameters = sorted(unique_parameters, key=lambda p: p.default is None)
        return inspect_sig.Signature(parameters=parameters)

    def _determine_minimizer(self):
        """
        Determine the most suitable minimizer by the presence of bounds or
        constraints.
        :return: a subclass of `BaseMinimizer`.
        """
        if self.constraints:
            return SLSQP
        elif any([bound is not None for pair in self.model.bounds for bound in pair]):
            # If any bound is set
            return LBFGSB
        else:
            return BFGS

    @staticmethod
    def _determine_objective(model, objective, minimizer, bound_arguments):
        """
        Determine the most suitable objective on the basis of the problem at
        hand. This could modify ``bound_arguments`` in place accordingly if
        required!

        :param model: :class:`symfit.core.models.BaseModel` under consideration.
        :param objective: objective provided to :class:`symfit.core.fit.Fit` by
            the user, or ``None``.
        :param minimizer: :class:`~symfit.core.minimizers.BaseMinimizer`
            provided by the user, or  ``None``
        :param bound_arguments: Instance of :class:`inspect.BoundArguments`.
        :return: a subclass of `BaseObjective`.
        """
        if objective is None:
            if minimizer is MINPACK:
                # MINPACK is considered a special snowflake, as its API has to
                # be considered separately and has its own non standard
                # objective function.
                objective = VectorLeastSquares
            elif (len(model) == 1 and len(model.independent_vars) == 0 and
                    model.dependent_vars[0].name not in bound_arguments.arguments):
                objective = MinimizeModel
            else:
                objective = LeastSquares

        # Check if the data is compatible with the objective
        if (objective is LogLikelihood or objective is MinimizeModel or
                isinstance(objective, (MinimizeModel, LogLikelihood))):
            # Set dependent vars and corresponding sigmas to None.
            for var in model.dependent_vars + list(model.sigmas.values()):
                if var.name not in bound_arguments.arguments:
                    bound_arguments.arguments[var.name] = None
                else:
                    raise TypeError(
                        'A value was provided for `{}`, however for {} '
                        'fitting the dependent variable cannot have a value '
                        'assigned to it.'.format(var.name, objective)
                    )
        return objective

    def _init_minimizer(self, minimizer, **minimizer_options):
        """
        Takes a :class:`~symfit.core.minimizers.BaseMinimizer` and instantiates
        it, passing the jacobian and constraints as appropriate for the
        minimizer.

        :param minimizer: :class:`~symfit.core.minimizers.BaseMinimizer` to
            instantiate.
        :param **minimizer_options: Further options to be passed to the
            minimizer on instantiation.
        :returns: instance of :class:`~symfit.core.minimizers.BaseMinimizer`.
        """

        if isinstance(minimizer, BaseMinimizer):
            return minimizer
        if issubclass(minimizer, BasinHopping):
            minimizer_options['local_minimizer'] = self._init_minimizer(
                self._determine_minimizer()
            )
        if issubclass(minimizer, GradientMinimizer):
            # If an analytical version of the Jacobian exists we should use
            # that, otherwise we let the minimizer estimate it itself.
            # Hence the check of jacobian_model, as this is the
            # py function version of the analytical jacobian.
            if hasattr(self.model, 'eval_jacobian') and hasattr(self.objective, 'eval_jacobian'):
                minimizer_options['jacobian'] = self.objective.eval_jacobian
        if issubclass(minimizer, HessianMinimizer):
            # If an analytical version of the Hessian exists we should use
            # that, otherwise we let the minimizer estimate it itself.
            # Hence the check of hessian_model, as this is the
            # py function version of the analytical hessian.
            if hasattr(self.model, 'eval_hessian') and hasattr(self.objective, 'eval_hessian'):
                minimizer_options['hessian'] = self.objective.eval_hessian

        if issubclass(minimizer, ConstrainedMinimizer):
            # set the constraints as MinimizeModel. The dependent vars of the
            # constraint are set to None since their value is irrelevant.
            constraint_objectives = []
            for constraint in self.constraints:
                data = self.data  # No copy, share state
                constraint_objectives.append(MinimizeModel(constraint, data))
            minimizer_options['constraints'] = constraint_objectives
        return minimizer(self.objective, self.model.params, **minimizer_options)

    def _init_constraints(self, constraints, model):
        """
        Takes the user provided constraints and converts them to a list of
        ``type(model)`` objects, which are extended to also have the
         parameters of ``model``.

        :param constraints: iterable of :class:`~sympy.core.relational.Relation`
            objects.
        :return: list of :class:`~symfit.core.models.BaseModel` objects. The
            exact type will depend on the type of ``model``.
        """
        con_models = []
        for constraint in constraints:
            if hasattr(constraint, 'constraint_type'):
                con_models.append(constraint)
            else:
                if isinstance(model, BaseNumericalModel):
                    # Numerical models need to be provided with a connectivity
                    # mapping, so we cannot use the type of model. Instead,
                    # use the bare minimum for an analytical model for the
                    # constraint. ToDo: once GradientNumericalModel etc are
                    # introduced, pick the corresponding analytical model for
                    # the constraint.
                    con_models.append(
                        CallableModel.as_constraint(constraint, model)
                    )
                else:
                    con_models.append(
                        model.__class__.as_constraint(constraint, model)
                    )
        return con_models

[docs]    def execute(self, **minimize_options):
        """
        Execute the fit.

        :param minimize_options: keyword arguments to be passed to the specified
            minimizer.
        :return: FitResults instance
        """
        minimizer_ans = self.minimizer.execute(**minimize_options)
        minimizer_ans.covariance_matrix = self.covariance_matrix(
            dict(zip(self.model.params, minimizer_ans._popt))
        )
        # Overwrite the DummyModel with the current model
        minimizer_ans.model = self.model
        minimizer_ans.minimizer = self.minimizer
        return minimizer_ans






          

      

      

    

  

    
      
          
            
  Source code for symfit.core.fit_results

# SPDX-FileCopyrightText: 2014-2020 Martin Roelfs
#
# SPDX-License-Identifier: MIT

from collections import OrderedDict

import numpy as np

from symfit.core.objectives import (
    LeastSquares, VectorLeastSquares, LogLikelihood
)
from symfit.core.support import keywordonly

[docs]class FitResults(object):
    """
    Class to display the results of a fit in a nice and unambiguous way.
    All things related to the fit are available on this class, e.g.
    - parameter values + stdev
    - R squared (Regression coefficient.) or other fit quality qualifiers.
    - fitting status message
    - covariance matrix
    - objective and minimizer used.

    Contains the attribute `params`, which is an
    :class:`~collections.OrderedDict` containing all the parameter names and
    their optimized values. Can be `**` unpacked when evaluating
    :class:`~symfit.core.models.Model`'s.
    """
[docs]    @keywordonly(constraints=None)
    def __init__(self, model, popt, covariance_matrix, minimizer, objective, message, **minimizer_output):
        """
        :param model: :class:`~symfit.core.models.Model` that was fit to.
        :param popt: best fit parameters, same ordering as in model.params.
        :param covariance_matrix: covariance matrix.
        :param minimizer: Minimizer instance used.
        :param objective: Objective function which was optimized.
        :param message: Status message returned by the minimizer.
        :param \**minimizer_output: Raw output as given by the minimizer.
        """
        constraints = minimizer_output.pop('constraints')
        self.constraints = constraints if constraints is not None else []
        self.minimizer_output = minimizer_output
        self.model = model
        self.minimizer = minimizer
        self.objective = objective
        # LBFGSB returns with python<=3.6 a bit-string as message
        self.status_message = message.decode() if isinstance(message, bytes) else message

        self._popt = popt
        self.params = OrderedDict(
            [(p.name, value) for p, value in zip(self.model.params, popt)]
        )
        self.covariance_matrix = covariance_matrix
        self.gof_qualifiers = self._gof_qualifiers()


    @property
    def iterations(self):
        if 'nit' in self.minimizer_output:
            return self.minimizer_output['nit']
        else:
            return None

[docs]    def __str__(self):
        """
        Pretty print the results as a table.
        """
        res = '\nParameter Value        Standard Deviation\n'
        for p in self.model.params:
            value = self.value(p)
            value_str = '{:e}'.format(value) if value is not None else 'None'
            stdev = self.stdev(p)
            stdev_str = '{:e}'.format(stdev) if stdev is not None else 'None'
            res += '{:10}{} {}\n'.format(p.name, value_str, stdev_str, width=20)

        res += '{:<22} {}\n'.format('Status message', self.status_message)
        res += '{:<22} {}\n'.format('Number of iterations', self.iterations)
        res += '{:<22} {}\n'.format('Objective', self.objective)
        res += '{:<22} {}\n'.format('Minimizer', self.minimizer)

        res += '\nGoodness of fit qualifiers:\n'
        res += '\n'.join('{:<22} {}'.format(gof, value)
                         for gof, value in sorted(self.gof_qualifiers.items()))

        if self.constraints:
            res += '\n\nConstraints:\n'
            res += 20 * '-' + '\n'
            # res += '{:<22} {}\n'.format('Constraint', 'Value')
            for constraint in self.constraints:
                # Print the component and the value of the constraint
                res += 'Question: {} {} 0?\n'.format(
                    constraint.model[constraint.model.dependent_vars[0]],
                    constraint.model.constraint_type.rel_op
                )
                res += 'Answer:   {}\n\n'.format(constraint(**self.params)[0])

        return res


[docs]    def __getattr__(self, item):
        """
        Return the requested `item` if it can be found in the gof_qualifiers
        dict.

        :param item: Name of Goodness of Fit qualifier.
        :return: Goodness of Fit qualifier if present.
        """
        if 'gof_qualifiers' in vars(self):
            if item in self.gof_qualifiers:
                return self.gof_qualifiers[item]
        raise AttributeError


[docs]    def stdev(self, param):
        """
        Return the standard deviation in a given parameter as found by the fit.

        :param param: ``Parameter`` Instance.
        :return: Standard deviation of ``param``.
        """
        try:
            return np.sqrt(self.variance(param))
        except (AttributeError, TypeError):
            # This happens when variance returns None.
            return None


[docs]    def value(self, param):
        """
        Return the value in a given parameter as found by the fit.

        :param param: ``Parameter`` Instance.
        :return: Value of ``param``.
        """
        return self.params[param.name]


[docs]    def variance(self, param):
        """
        Return the variance in a given parameter as found by the fit.

        :param param: ``Parameter`` Instance.
        :return: Variance of ``param``.
        """
        param_number = self.model.params.index(param)
        try:
            return self.covariance_matrix[param_number, param_number]
        except TypeError:
            # covariance_matrix can be None
            return None


[docs]    def covariance(self, param_1, param_2):
        """
        Return the covariance between param_1 and param_2.

        :param param_1: ``Parameter`` Instance.
        :param param_2: ``Parameter`` Instance.
        :return: Covariance of the two params.
        """
        param_1_number = self.model.params.index(param_1)
        param_2_number = self.model.params.index(param_2)
        return self.covariance_matrix[param_1_number, param_2_number]


    @staticmethod
    def _array_safe_dict_eq(one_dict, other_dict):
        """
        Dicts containing arrays are hard to compare. This function uses
        numpy.allclose to compare arrays, and does normal comparison for all
        other types.

        This pretty mich defines FitResult equality, but because there are
        still some questions on how and if that should be defined, __eq__ has
        not been implemented.

        :param one_dict: __dict__ of a FitResults object
        :param other_dict: __dict__ of a FitResults object
        :return: bool
        """
        for key in one_dict:
            try:
                if key == 'minimizer':
                    assert one_dict[key].__class__ == other_dict[key].__class__
                elif key == 'minimizer_output':
                    # Ignore this, because it can contain unexpected terms and
                    # if all the derived attributes are correct I see no reason
                    # why this term shouldn't be at least close enough.
                    pass
                else:
                    assert one_dict[key] == other_dict[key]
            except ValueError as err:
                # When dealing with arrays, we need to use numpy for comparison
                if isinstance(one_dict[key], dict):
                    assert FitResults._array_safe_dict_eq(one_dict[key], other_dict[key])
                else:
                    assert np.allclose(one_dict[key], other_dict[key])
            except AssertionError:
                return False
        else: return True

    def __getstate__(self):
        state = self.__dict__.copy()

        if hasattr(state['minimizer'], 'minimizers'):  # ChainedMinimizer
            # ToDo: when py27 support is droppend at least this can be replaced
            #       with just pickling the instance, perhaps also for other
            #       minimizers.
            minimizer_cls = [type(state['minimizer'])]
            minimizer_cls.extend(
                [type(minimizer) for minimizer in state['minimizer'].minimizers]
            )
        else:
            minimizer_cls = type(state['minimizer'])
        state['minimizer'] = (minimizer_cls,
                              state['minimizer'].objective,
                              state['minimizer'].parameters)
        return state

    def __setstate__(self, state):
        min_class, objective, parameters = state['minimizer']
        try:
            # If min_class is iterable, initiate a ChainedMinimizer.
            minimizers = [cls(objective, parameters) for cls in min_class[1:]]
        except TypeError:
            state['minimizer'] = min_class(objective, parameters)
        else:
            state['minimizer'] = min_class[0](objective, parameters,
                                              minimizers=minimizers)
        self.__dict__.update(state)

    def _gof_qualifiers(self):
        """
        Based on the objective used, we can infer certain goodness of fit
        (g.o.f.) qualifiers.

        The ``objective_value`` itself always exists, and then depending on the
        objective we also get the following:

        - The coefficient of determination :math:`R^2` and :math:`\\chi^2` for
          :class:`~symfit.core.objectives.LeastSquares` and
          :class:`~symfit.core.objectives.VectorLeastSquares`.
        - Likelihood and log-likelihood for
          :class:`~symfit.core.objectives.LogLikelihood`.

        :return: ``dict`` containing goodness of fit qualifiers.
        """
        gof_qualifiers = {}

        gof_qualifiers['objective_value'] = self.minimizer_output['fun']
        if isinstance(self.objective, (LeastSquares, VectorLeastSquares)):
            R2 = r_squared(self.objective.model, fit_result=self,
                           data=self.objective.data)
            gof_qualifiers['r_squared'] = R2

        if isinstance(self.objective, VectorLeastSquares):
            # In this case the objective value is the residuals
            chi_squared = np.sum(gof_qualifiers['objective_value'] ** 2)
            gof_qualifiers['chi_squared'] = chi_squared
        elif isinstance(self.objective, LeastSquares):
            # Undo the normalization to get back chi^2.
            gof_qualifiers['chi_squared'] = 2 * gof_qualifiers['objective_value']
        elif isinstance(self.objective, LogLikelihood):
            # We undo the minus sign we have included to maximize likelihood
            gof_qualifiers['log_likelihood'] = - gof_qualifiers['objective_value']
            gof_qualifiers['likelihood'] = np.exp(gof_qualifiers['log_likelihood'])
        return gof_qualifiers



[docs]def r_squared(model, fit_result, data):
    """
    Calculates the coefficient of determination, R^2, for the fit.

    (Is not defined properly for vector valued functions.)

    :param model: Model instance
    :param fit_result: FitResults instance
    :param data: data with which the fit was performed.
    """
    # First filter out the dependent vars
    y_is = [data[var] for var in model.dependent_vars if var in data]
    x_is = [data[var] for var in model.independent_vars if var in data]
    y_bars = [np.mean(y_i) if y_i is not None else None for y_i in y_is]
    f_is = model(*x_is, **fit_result.params)._asdict()
    # f_is also contains the evaluated interdependent_vars, skip those.
    f_is = [f_is[var] for var in model.dependent_vars]
    SS_res = np.sum([np.sum((y_i - f_i)**2) for y_i, f_i in zip(y_is, f_is) if y_i is not None])
    SS_tot = np.sum([np.sum((y_i - y_bar)**2) for y_i, y_bar in zip(y_is, y_bars) if y_i is not None])
    return 1 - SS_res/SS_tot





          

      

      

    

  

    
      
          
            
  Source code for symfit.core.minimizers

# SPDX-FileCopyrightText: 2014-2020 Martin Roelfs
#
# SPDX-License-Identifier: MIT

import abc
import sys
from collections import namedtuple, Counter, OrderedDict

from scipy.optimize import (
    minimize, differential_evolution, basinhopping, NonlinearConstraint,
    least_squares,
)
from scipy.optimize import BFGS as soBFGS
import sympy
import numpy as np

from .support import keywordonly
from .fit_results import FitResults
from .objectives import BaseObjective, MinimizeModel
from .models import CallableNumericalModel, BaseModel

if sys.version_info >= (3,0):
    import inspect as inspect_sig
    from functools import wraps
else:
    import funcsigs as inspect_sig
    from functools32 import wraps

DummyModel = namedtuple('DummyModel', 'params')


[docs]class BaseMinimizer(object):
    """
    ABC for all Minimizers.
    """
[docs]    def __init__(self, objective, parameters):
        """
        :param objective: Objective function to be used.
        :param parameters: List of :class:`~symfit.core.argument.Parameter` instances
        """
        self.parameters = parameters
        self._fixed_params = [p for p in parameters if p.fixed]
        self.objective = self._baseobjective_from_callable(objective)

        # Mapping which we use to track the original, to be used upon pickling
        self._pickle_kwargs = {'parameters': parameters, 'objective': objective}
        self.params = [p for p in parameters if not p.fixed]


    def _baseobjective_from_callable(self, func, objective_type=MinimizeModel):
        """
        symfit works with BaseObjective subclasses internally. If a custom
        objective is provided, we wrap it into a BaseObjective, MinimizeModel by
        default.

        :param func: Callable. If already an instance of BaseObjective, it is
            returned immediately. If not, it is turned into a BaseObjective of
            type ``objective_type``.
        :param objective_type:
        :return:
        """
        if isinstance(func, BaseObjective) or (hasattr(func, '__self__') and
                                               isinstance(func.__self__, BaseObjective)):
            # The latter condition is added to make sure .eval_jacobian methods
            # are still considered correct, and not doubly wrapped.
            return func
        else:
            if isinstance(func, BaseModel):
                model = func
            else:
                # Minimize the provided custom objective instead. We therefore
                # wrap it into a CallableNumericalModel, thats what they are for
                y = sympy.Dummy()
                model = CallableNumericalModel(
                    {y: func},
                    connectivity_mapping={y: set(self.parameters)}
                )
            return objective_type(model,
                                  data={})

[docs]    @abc.abstractmethod
    def execute(self, **options):
        """
        The execute method should implement the actual minimization procedure,
        and should return a :class:`~symfit.core.fit_results.FitResults` instance.

        :param options: options to be used by the minimization procedure.
        :return:  an instance of :class:`~symfit.core.fit_results.FitResults`.
        """
        pass


    @property
    def initial_guesses(self):
        try:
            return self._initial_guesses
        except AttributeError:
            return [p.value for p in self.params]

    @initial_guesses.setter
    def initial_guesses(self, vals):
        self._initial_guesses = vals

    def __getstate__(self):
        return {key: value for key, value in self.__dict__.items()
                if not key.startswith('wrapped_')}

    def __setstate__(self, state):
        self.__dict__.update(state)
        self.__init__(**self._pickle_kwargs)


[docs]class BoundedMinimizer(BaseMinimizer):
    """
    ABC for Minimizers that support bounds.
    """
    @property
    def bounds(self):
        return [(p.min, p.max) for p in self.params]


[docs]class ConstrainedMinimizer(BaseMinimizer):
    """
    ABC for Minimizers that support constraints
    """
[docs]    @keywordonly(constraints=None)
    def __init__(self, *args, **kwargs):
        constraints = kwargs.pop('constraints')
        super(ConstrainedMinimizer, self).__init__(*args, **kwargs)
        # Remember the vanilla constraints for pickling
        self._pickle_kwargs['constraints'] = constraints
        if constraints is None:
            constraints = []
        self.constraints = constraints



[docs]class GradientMinimizer(BaseMinimizer):
    """
    ABC for Minizers that support the use of a jacobian
    """
[docs]    @keywordonly(jacobian=None)
    def __init__(self, *args, **kwargs):
        self.jacobian = kwargs.pop('jacobian')
        super(GradientMinimizer, self).__init__(*args, **kwargs)
        self._pickle_kwargs['jacobian'] = self.jacobian
        if self.jacobian is not None:
            self.jacobian = self._baseobjective_from_callable(self.jacobian)
            self.wrapped_jacobian = self.resize_jac(self.jacobian)
        else:
            self.wrapped_jacobian = None


[docs]    def resize_jac(self, func):
        """
        Removes values with identical indices to fixed parameters from the
        output of func. func has to return the jacobian of a scalar function.

        :param func: Jacobian function to be wrapped. Is assumed to be the
            jacobian of a scalar function.
        :return: Jacobian corresponding to non-fixed parameters only.
        """
        if func is None:
            return None
        @wraps(func)
        def resized(*args, **kwargs):
            out = func(*args, **kwargs)
            # Make one dimensional, corresponding to a scalar function.
            out = np.atleast_1d(np.squeeze(out))
            mask = [p not in self._fixed_params for p in self.parameters]
            return out[mask]
        return resized




[docs]class HessianMinimizer(GradientMinimizer):
    """
    ABC for Minimizers that support the use of a Hessian.
    """
[docs]    @keywordonly(hessian=None)
    def __init__(self, *args, **kwargs):
        self.hessian = kwargs.pop('hessian')
        super(HessianMinimizer, self).__init__(*args, **kwargs)
        self._pickle_kwargs['hessian'] = self.hessian
        if self.hessian is not None:
            self.hessian = self._baseobjective_from_callable(self.hessian)
            self.wrapped_hessian = self.resize_hess(self.hessian)
        else:
            self.wrapped_hessian = None


[docs]    def resize_hess(self, func):
        """
        Removes values with identical indices to fixed parameters from the
        output of func. func has to return the Hessian of a scalar function.

        :param func: Hessian function to be wrapped. Is assumed to be the
            Hessian of a scalar function.
        :return: Hessian corresponding to free parameters only.
        """
        if func is None:
            return None
        @wraps(func)
        def resized(*args, **kwargs):
            out = func(*args, **kwargs)
            # Make two dimensional, corresponding to a scalar function.
            out = np.atleast_2d(np.squeeze(out))
            mask = [p not in self._fixed_params for p in self.parameters]
            return np.atleast_2d(out[mask, mask])
        return resized




[docs]class GlobalMinimizer(BaseMinimizer):
    """
    A minimizer that looks for a global minimum, instead of a local one.
    """
[docs]    def __init__(self, *args, **kwargs):
        super(GlobalMinimizer, self).__init__(*args, **kwargs)




[docs]class ChainedMinimizer(BaseMinimizer):
    """
    A minimizer that consists of multiple other minimizers, each executed in
    order.
    This is valuable if you have minimizers that are not good at finding the
    exact minimum such as :class:`~symfit.core.minimizers.NelderMead` or
    :class:`~symfit.core.minimizers.DifferentialEvolution`.
    """
[docs]    @keywordonly(minimizers=None)
    def __init__(self, *args, **kwargs):
        '''
        :param minimizers: a :class:`~collections.abc.Sequence` of
            :class:`~symfit.core.minimizers.BaseMinimizer` objects, which need
            to be run in order.
        :param \*args: passed to :func:`symfit.core.minimizers.BaseMinimizer.__init__`.
        :param \*\*kwargs: passed to :func:`symfit.core.minimizers.BaseMinimizer.__init__`.
        '''
        minimizers = kwargs.pop('minimizers')
        super(ChainedMinimizer, self).__init__(*args, **kwargs)
        self.minimizers = minimizers
        self._pickle_kwargs['minimizers'] = self.minimizers
        self.__signature__ = self._make_signature()


[docs]    def execute(self, **minimizer_kwargs):
        """
        Execute the chained-minimization. In order to pass options to the
        seperate minimizers, they can  be passed by using the
        names of the minimizers as keywords. For example::

            fit = Fit(self.model, self.xx, self.yy, self.ydata,
                      minimizer=[DifferentialEvolution, BFGS])
            fit_result = fit.execute(
                DifferentialEvolution={'seed': 0, 'tol': 1e-4, 'maxiter': 10},
                BFGS={'tol': 1e-4}
            )

        In case of multiple identical minimizers an index is added to each
        keyword argument to make them identifiable. For example, if::

            minimizer=[BFGS, DifferentialEvolution, BFGS])

        then the keyword arguments will be 'BFGS', 'DifferentialEvolution',
        and 'BFGS_2'.

        :param minimizer_kwargs: Minimizer options to be passed to the
            minimzers by name
        :return:  an instance of :class:`~symfit.core.fit_results.FitResults`.
        """
        bound_arguments = self.__signature__.bind(**minimizer_kwargs)
        # Include default values in bound_argument object.
        # Start from a new OrderedDict to guarantee ordering.
        arguments = OrderedDict()
        for param in self.__signature__.parameters.values():
            if param.name in bound_arguments.arguments:
                arguments[param.name] = bound_arguments.arguments[param.name]
            else:
                arguments[param.name] = param.default
        bound_arguments.arguments = arguments

        answers = []
        next_guess = self.initial_guesses
        for minimizer, kwargs in zip(self.minimizers, bound_arguments.arguments.values()):
            minimizer.initial_guesses = next_guess
            ans = minimizer.execute(**kwargs)
            next_guess = list(ans.params.values())
            answers.append(ans)
        final = answers[-1]
        # TODO: Compile all previous results in one, instead of just the
        # number of function evaluations. But there's some code down the
        # line that expects scalars.
        final.minimizer_output['nit'] = sum(ans.iterations for ans in answers)
        return final


    def _make_signature(self):
        """
        Create a signature for `execute` based on the minimizers this
        `ChainedMinimizer` was initiated with. For the format, see the docstring
        of :meth:`ChainedMinimizer.execute`.

        :return: :class:`inspect.Signature` instance.
        """
        # Create KEYWORD_ONLY arguments with the names of the minimizers.
        name = lambda x: x.__class__.__name__
        count = Counter(
            [name(minimizer) for minimizer in self.minimizers]
        ) # Count the number of each minimizer, they don't have to be unique

        # Note that these are inspect_sig.Parameter's, not symfit parameters!
        parameters = []
        for minimizer in reversed(self.minimizers):
            if count[name(minimizer)] == 1:
                # No ambiguity, so use the name directly.
                param_name = name(minimizer)
            else:
                # Ambiguity, so append the number of remaining minimizers
                param_name = '{}_{}'.format(name(minimizer), count[name(minimizer)])
            count[name(minimizer)] -= 1

            parameters.append(
                inspect_sig.Parameter(
                    param_name,
                    kind=inspect_sig.Parameter.KEYWORD_ONLY,
                    default={}
                )
            )
        return inspect_sig.Signature(parameters=reversed(parameters))

    def __getstate__(self):
        state = super(ChainedMinimizer, self).__getstate__()
        del state['__signature__']
        return state

[docs]    def __str__(self):
        return self.__class__.__name__ + '(minimizers={})'.format(self.minimizers)



[docs]class ScipyMinimize(object):
    """
    Mix-in class that handles the execute calls to :func:`scipy.optimize.minimize`.
    """
[docs]    def __init__(self, *args, **kwargs):
        self.constraints = []
        self.jacobian = None
        self.wrapped_jacobian = None
        super(ScipyMinimize, self).__init__(*args, **kwargs)


[docs]    @keywordonly(tol=1e-9)
    def execute(self, bounds=None, jacobian=None, hessian=None, constraints=None, **minimize_options):
        """
        Calls the wrapped algorithm.

        :param bounds: The bounds for the parameters. Usually filled by
            :class:`~symfit.core.minimizers.BoundedMinimizer`.
        :param jacobian: The Jacobian. Usually filled by
            :class:`~symfit.core.minimizers.ScipyGradientMinimize`.
        :param \*\*minimize_options: Further keywords to pass to
            :func:`scipy.optimize.minimize`. Note that your `method` will
            usually be filled by a specific subclass.
        """
        ans = minimize(
            self.objective,
            self.initial_guesses,
            method=self.method_name(),
            bounds=bounds,
            constraints=constraints,
            jac=jacobian,
            hess=hessian,
            **minimize_options
        )
        return self._pack_output(ans)


    def _pack_output(self, ans):
        """
        Packs the output of a minimization in a
        :class:`~symfit.core.fit_results.FitResults`.

        :param ans: The output of a minimization as produced by
            :func:`scipy.optimize.minimize`
        :returns: :class:`~symfit.core.fit_results.FitResults`
        """
        best_vals = []
        found = iter(np.atleast_1d(ans.x))
        for param in self.parameters:
            if param.fixed:
                best_vals.append(param.value)
            else:
                best_vals.append(next(found))

        fit_results = dict(
            model=DummyModel(params=self.parameters),
            popt=best_vals,
            covariance_matrix=None,
            objective=self.objective,
            minimizer=self,
            **ans
        )

        return FitResults(**fit_results)

[docs]    @classmethod
    def method_name(cls):
        """
        Returns the name of the minimize method this object represents. This is
        needed because the name of the object is not always exactly what needs
        to be passed on to scipy as a string.
        :return:
        """
        return cls.__name__




[docs]class ScipyGradientMinimize(ScipyMinimize, GradientMinimizer):
    """
    Base class for :func:`scipy.optimize.minimize`'s gradient-minimizers.
    """
[docs]    @keywordonly(jacobian=None)
    def execute(self, **minimize_options):
        # This method takes the jacobian as an argument because the user may
        # need to override it in some cases (especially with the trust-constr 
        # method)
        jacobian = minimize_options.pop('jacobian')
        if jacobian is None:
            jacobian = self.wrapped_jacobian
        return super(ScipyGradientMinimize, self).execute(jacobian=jacobian, **minimize_options)


    def scipy_constraints(self, constraints):
        cons = super(ScipyGradientMinimize, self).scipy_constraints(constraints)
        for con in cons:
            # Only if the model has a jacobian, does it make sense to pass one
            # to the minimizer
            if hasattr(con['fun'].model, 'eval_jacobian'):
                con['jac'] = self.resize_jac(con['fun'].eval_jacobian)
            else:
                con['jac'] = None
        return cons



[docs]class ScipyBoundedMinimizer(ScipyMinimize, BoundedMinimizer):
    """
    Base class for :func:`scipy.optimize.minimize`'s bounded-minimizers.
    """
[docs]    def execute(self, **minimize_options):
        return super(ScipyBoundedMinimizer, self).execute(bounds=self.bounds,
                                                          **minimize_options)




[docs]class ScipyHessianMinimize(ScipyGradientMinimize, HessianMinimizer):
    """
    Base class for :func:`scipy.optimize.minimize`'s hessian-minimizers.
    """
[docs]    @keywordonly(hessian=None)
    def execute(self, **minimize_options):
        # This method takes the hessian as an argument because the user may
        # need to override it in some cases (especially with the trust-constr 
        # method)
        hessian = minimize_options.pop('hessian')
        if hessian is None:
            hessian = self.wrapped_hessian
        return super(ScipyHessianMinimize, self).execute(hessian=hessian, **minimize_options)


    def scipy_constraints(self, constraints):
        cons = super(ScipyHessianMinimize, self).scipy_constraints(constraints)
        for con in cons:
            # Only if the model has a hessian, does it make sense to pass one
            # to the minimizer
            if hasattr(con['fun'].model, 'eval_hessian'):
                con['hess'] = self.resize_hess(con['fun'].eval_hessian)
            else:
                con['hess'] = None
        return cons



[docs]class ScipyConstrainedMinimize(ScipyMinimize, ConstrainedMinimizer):
    """
    Base class for :func:`scipy.optimize.minimize`'s constrained-minimizers.
    """
[docs]    def __init__(self, *args, **kwargs):
        super(ScipyConstrainedMinimize, self).__init__(*args, **kwargs)
        self.wrapped_constraints = self.scipy_constraints(self.constraints)


[docs]    def execute(self, **minimize_options):
        return super(ScipyConstrainedMinimize, self).execute(constraints=self.wrapped_constraints, **minimize_options)


[docs]    def scipy_constraints(self, constraints):
        """
        Returns all constraints in a scipy compatible format.

        :param constraints: List of either MinimizeModel instances (this is what
          is provided by :class:`~symfit.core.fit.Fit`),
          :class:`~symfit.core.models.BaseModel`, or
          :class:`sympy.core.relational.Relational`.
        :return: dict of scipy compatible statements.
        """
        cons = []
        types = {  # scipy only distinguishes two types of constraint.
            sympy.Eq: 'eq', sympy.Ge: 'ineq',
        }

        for constraint in constraints:
            if isinstance(constraint, MinimizeModel):
                # Typically the case when called by `Fit
                constraint_type = constraint.model.constraint_type
            elif hasattr(constraint, 'constraint_type'):
                # Model object, not provided by `Fit`. Do the best we can.
                if self.parameters != constraint.params:
                    raise AssertionError('The constraint should accept the same'
                                         ' parameters as used for the fit.')
                constraint_type = constraint.constraint_type
                constraint = MinimizeModel(constraint, data=self.objective.data)
            elif isinstance(constraint, sympy.Rel):
                constraint_type = constraint.__class__
                constraint = self.objective.model.__class__.as_constraint(
                    constraint, self.objective.model
                )
                constraint = MinimizeModel(constraint, data=self.objective.data)
            else:
                raise TypeError('Unknown type for a constraint.')
            con = {
                'type': types[constraint_type],
                'fun': constraint,
                }
            cons.append(con)
        cons = tuple(cons)
        return cons


    def _pack_output(self, ans):
        fit_result = super(ScipyConstrainedMinimize, self)._pack_output(ans)
        fit_result.constraints = self.constraints
        return fit_result



[docs]class BFGS(ScipyGradientMinimize):
    """
    Wrapper around :func:`scipy.optimize.minimize`'s BFGS algorithm.
    """



[docs]class SLSQP(ScipyGradientMinimize, ScipyConstrainedMinimize, ScipyBoundedMinimizer):
    """
    Wrapper around :func:`scipy.optimize.minimize`'s SLSQP algorithm.
    """



[docs]class COBYLA(ScipyConstrainedMinimize, BaseMinimizer):
    """
    Wrapper around :func:`scipy.optimize.minimize`'s COBYLA algorithm.
    """
[docs]    def execute(self, **minimize_options):
        ans = super(COBYLA, self).execute(**minimize_options)
        # Nearest indication of nit.
        ans.minimizer_output['nit'] = ans.minimizer_output.pop('nfev')
        return ans



[docs]class LBFGSB(ScipyGradientMinimize, ScipyBoundedMinimizer):
    """
    Wrapper around :func:`scipy.optimize.minimize`'s LBFGSB algorithm.
    """
[docs]    @classmethod
    def method_name(cls):
        return "L-BFGS-B"



[docs]class NelderMead(ScipyMinimize, BaseMinimizer):
    """
    Wrapper around :func:`scipy.optimize.minimize`'s NelderMead algorithm.
    """
[docs]    @classmethod
    def method_name(cls):
        return 'Nelder-Mead'



[docs]class Powell(ScipyMinimize, BaseMinimizer):
    """
    Wrapper around :func:`scipy.optimize.minimize`'s Powell algorithm.
    """


[docs]class TrustConstr(ScipyHessianMinimize, ScipyConstrainedMinimize, ScipyBoundedMinimizer):
    """
    Wrapper around :func:`scipy.optimize.minimize`'s Trust-Constr algorithm.
    """
[docs]    @classmethod
    def method_name(cls):
        return 'trust-constr'


    def _get_jacobian_hessian_strategy(self):
        """
        Figure out how to calculate the jacobian and hessian. Will return a
        tuple describing how best to calculate the jacobian and hessian,
        repectively. If None, it should be calculated using the available
        analytical method.

        :return: tuple of jacobian_method, hessian_method
        """
        if self.jacobian is not None and self.hessian is None:
            jacobian = None
            hessian = 'cs'
        elif self.jacobian is None and self.hessian is None:
            jacobian = 'cs'
            hessian = soBFGS(exception_strategy='damp_update')
        else:
            jacobian = None
            hessian = None
        return jacobian, hessian

[docs]    def scipy_constraints(self, constraints):
        cons = super(TrustConstr, self).scipy_constraints(constraints)
        out = []
        for con in cons:
            if con['type'] == 'eq':
                ub = 0
            else:
                ub = np.inf

            nonlinearconstr_kwargs = {
                'fun': con['fun'], 'lb': 0, 'ub': ub,
            }
            # If None is given to NonlinearConstraint it'll throw a hissy fit.
            if con['hess'] is not None:
                nonlinearconstr_kwargs['hess'] = lambda x, v: con['hess'](x) * v
            if con['jac'] is not None:
                nonlinearconstr_kwargs['jac'] = con['jac']
            tc_con = NonlinearConstraint(**nonlinearconstr_kwargs)
            out.append(tc_con)
        return out


[docs]    @keywordonly(jacobian=None, hessian=None, options=None)
    def execute(self, **minimize_options):
        options = minimize_options.pop('options')
        if options is None:
            options = {}
        # Our Jacobians are dense, and apparently we need to explicitely
        # tell this.
        options['sparse_jacobian'] = False

        hessian = minimize_options.pop('hessian')
        jacobian = minimize_options.pop('jacobian')

        auto_jacobian, auto_hessian = self._get_jacobian_hessian_strategy()
        # For models that are not differentiable, users need the ability to
        # change the jacobian to e.g. 'cs' or '3-point'. In that case, hess
        # should either be scipy.optimize.BFGS or SR1.
        # In addition, users may want to change the way the Hessian is
        # calculated, especially if they manage to make a model whose Jacobian
        # can't handle complex numbers.
        if jacobian is None:
            jacobian = auto_jacobian
        if hessian is None:
            hessian = auto_hessian

        if jacobian is None:
            jacobian = self.wrapped_jacobian
        if hessian is None:
            hessian = self.wrapped_hessian

        ans = super(TrustConstr, self).execute(options=options,
                                                jacobian=jacobian,
                                                hessian=hessian,
                                                **minimize_options)
        # Rename the number of iterations kwarg to be consistent.
        ans.minimizer_output['nit'] = ans.minimizer_output.pop('niter')
        return ans




[docs]class DifferentialEvolution(ScipyBoundedMinimizer, GlobalMinimizer):
    """
    A wrapper around :func:`scipy.optimize.differential_evolution`.
    """
[docs]    @keywordonly(strategy='rand1bin', popsize=40, mutation=(0.423, 1.053),
                 recombination=0.95, polish=False, init='latinhypercube')
    def execute(self, **de_options):
        ans = differential_evolution(self.objective,
                                     self.bounds,
                                     **de_options)
        return self._pack_output(ans)




[docs]class BasinHopping(ScipyMinimize, GlobalMinimizer):
    """
    Wrapper around :func:`scipy.optimize.basinhopping`'s basin-hopping algorithm.

    As always, the best way to use this algorithm is through
    :class:`~symfit.core.fit.Fit`, as this will automatically select a local
    minimizer for you depending on whether you provided bounds, constraints, etc.

    However, BasinHopping can also be used directly. Example (with jacobian)::

        import numpy as np
        from symfit.core.minimizers import BFGS, BasinHopping
        from symfit import parameters

        def func2d(x1, x2):
            f = np.cos(14.5 * x1 - 0.3) + (x2 + 0.2) * x2 + (x1 + 0.2) * x1
            return f

        def jac2d(x1, x2):
            df = np.zeros(2)
            df[0] = -14.5 * np.sin(14.5 * x1 - 0.3) + 2. * x1 + 0.2
            df[1] = 2. * x2 + 0.2
            return df

        x0 = [1.0, 1.0]
        np.random.seed(555)
        x1, x2 = parameters('x1, x2', value=x0)
        fit = BasinHopping(func2d, [x1, x2], local_minimizer=BFGS)
        minimizer_kwargs = {'jac': fit.list2kwargs(jac2d)}
        fit_result = fit.execute(niter=200, minimizer_kwargs=minimizer_kwargs)

    See :func:`scipy.optimize.basinhopping` for more options.
    """
[docs]    @keywordonly(local_minimizer=BFGS)
    def __init__(self, *args, **kwargs):
        """
        :param local_minimizer: minimizer to be used for local minimization
            steps. Can be any subclass of
            :class:`symfit.core.minimizers.ScipyMinimize`.
        :param args: positional arguments to be passed on to `super`.
        :param kwargs: keyword arguments to be passed on to `super`.
        """
        self.local_minimizer = kwargs.pop('local_minimizer')
        super(BasinHopping, self).__init__(*args, **kwargs)
        self._pickle_kwargs['local_minimizer'] = self.local_minimizer

        type_error_msg = 'Currently only subclasses of ScipyMinimize are ' \
                         'supported, since `scipy.optimize.basinhopping` uses ' \
                         '`scipy.optimize.minimize`.'
        # self.local_minimizer has to be a subclass or instance of ScipyMinimize
        # Since no one function exists to test this, we try/except instead.
        try:
            # Test if subclass. If this line doesn't fail, we are dealing with
            # some class. If it fails, we assume that it is an instance.
            issubclass(self.local_minimizer, ScipyMinimize)
        except TypeError:
            # It is not a class at all, so test if it's an instance instead
            if not isinstance(self.local_minimizer, ScipyMinimize):
                # Only ScipyMinimize subclasses supported
                raise TypeError(type_error_msg)
        else:
            if not issubclass(self.local_minimizer, ScipyMinimize):
                # Only ScipyMinimize subclasses supported
                raise TypeError(type_error_msg)
            self.local_minimizer = self.local_minimizer(self.objective, self.parameters)


[docs]    def execute(self, **minimize_options):
        """
        Execute the basin-hopping minimization.

        :param minimize_options: options to be passed on to
            :func:`scipy.optimize.basinhopping`.
        :return: :class:`symfit.core.fit_results.FitResults`
        """
        if 'minimizer_kwargs' not in minimize_options:
            minimize_options['minimizer_kwargs'] = {}

        if 'method' not in minimize_options['minimizer_kwargs']:
            # If no minimizer was set by the user upon execute, use local_minimizer
            minimize_options['minimizer_kwargs']['method'] = self.local_minimizer.method_name()
        if 'jac' not in minimize_options['minimizer_kwargs'] and isinstance(self.local_minimizer, GradientMinimizer):
            # Assign the jacobian
            minimize_options['minimizer_kwargs']['jac'] = self.local_minimizer.wrapped_jacobian
        if 'constraints' not in minimize_options['minimizer_kwargs'] and isinstance(self.local_minimizer, ConstrainedMinimizer):
            # Assign constraints
            minimize_options['minimizer_kwargs']['constraints'] = self.local_minimizer.wrapped_constraints
        if 'bounds' not in minimize_options['minimizer_kwargs'] and isinstance(self.local_minimizer, BoundedMinimizer):
            # Assign bounds
            minimize_options['minimizer_kwargs']['bounds'] = self.local_minimizer.bounds

        ans = basinhopping(
            self.objective,
            self.initial_guesses,
            **minimize_options
        )
        if isinstance(ans.message, list):
            # For some reason this is currently a length one list containing
            # the message. We check just in case this gets fixed upstream in
            # future releases.
            ans.message = ans.message[0]
        if 'constraints' in minimize_options['minimizer_kwargs']:
            # Add the constraints to the FitResults
            ans['constraints'] = self.local_minimizer.constraints
        return self._pack_output(ans)




[docs]class MINPACK(ScipyBoundedMinimizer, GradientMinimizer):
    """
    Wrapper to scipy's implementation of least_squares, since it is the industry
    standard.
    """
[docs]    def resize_jac(self, func):
        """
        Removes values with identical indices to fixed parameters from the
        output of func. func has to return the jacobian of the residuals.
        This method is different from the one in GradientMinimizer, since
        least_squares expects the jacobian to return an MxN (M=len(data),
        N=len(params)) matrix, rather than a vector.

        :param func: Jacobian function to be wrapped. Is assumed to be the
            jacobian of the residuals.
        :return: Jacobian corresponding to non-fixed parameters only.
        """
        if func is None:
            return None
        @wraps(func)
        def resized(*args, **kwargs):
            out = func(*args, **kwargs)
            out = np.atleast_2d(out)
            mask = [p not in self._fixed_params for p in self.parameters]
            return out[:, mask]
        return resized


    @property
    def bounds(self):
        lbounds = []
        ubounds = []
        for low, high in super().bounds:
            if low is None:
                low = -np.inf
            if high is None:
                high = np.inf
            lbounds.append(low)
            ubounds.append(high)
        return lbounds, ubounds

[docs]    def execute(self, jacobian=None, method='trf', **minpack_options):
        """
        :param \*\*minpack_options: Any named arguments to be passed to
            :func:`scipy.optimize.least_squares`
        """
        if jacobian is None:
            jacobian = self.wrapped_jacobian
        jacobian = jacobian or 'cs'

        if not self.bounds:
            method = method or 'lm'
        else:
            method = method or 'trf'

        full_output = least_squares(
            self.objective,
            x0=self.initial_guesses,
            jac=jacobian,
            bounds=self.bounds,
            method=method,
            **minpack_options
        )
        return self._pack_output(full_output)






          

      

      

    

  

    
      
          
            
  Source code for symfit.core.models

# SPDX-FileCopyrightText: 2014-2020 Martin Roelfs
#
# SPDX-License-Identifier: MIT

from collections import OrderedDict
from collections.abc import Mapping
import operator
import warnings
import sys

import sympy
from sympy.core.relational import Relational
import numpy as np
from toposort import toposort
from scipy.integrate import odeint

from .argument import Parameter, Variable
from .support import (
    seperate_symbols, keywordonly, sympy_to_py, partial, cached_property, D
)

if sys.version_info >= (3,0):
    import inspect as inspect_sig
else:
    import funcsigs as inspect_sig


[docs]class ModelOutput(tuple):
    """
    Object to hold the output of a model call. It mimics a
    :func:`collections.namedtuple`, but is initiated with
    :class:`~symfit.core.argument.Variable` objects instead of strings.

    Its information can be accessed using indexing or as attributes::

        >>> x, y = variables('x, y')
        >>> a, b = parameters('a, b')
        >>> model = Model({y: a * x + b})

        >>> ans = model(x=2, a=1, b=3)
        >>> print(ans)
        ModelOutput(variables=[y], output=[5])
        >>> ans[0]
        5
        >>> ans.y
        5

    """
[docs]    def __new__(self, variables, output):
        """
        ``variables`` and ``output`` need to be in the same order!

        :param variables: The variables corresponding to ``output``.
        :param output: The output of a call which should be mapped to
            ``variables``.
        """
        return tuple.__new__(ModelOutput, output)


[docs]    def __init__(self, variables, output):
        """
        ``variables`` and ``output`` need to be in the same order!

        :param variables: The variables corresponding to ``output``.
        :param output: The output of a call which should be mapped to
            ``variables``.
        """
        self.variables = list(variables)
        self.output = output
        self.output_dict = OrderedDict(zip(variables, output))
        self.variable_names = {var.name: var for var in variables}


    def __getnewargs__(self):
        return self.variables, self.output

    def __getstate__(self):
        return self.variables, self.output

    def __setstate__(self, state):
        self.__init__(variables=state[0], output=state[1])

    def __getattr__(self, name):
        try:
            var = self.variable_names[name]
        except KeyError as err:
            raise AttributeError(err)
        return self.output_dict[var]

[docs]    def __getitem__(self, key):
        return self.output[key]


[docs]    def __repr__(self):
        return self.__class__.__name__ + '(variables={}, output={})'.format(self.variables, self.output)


    def _asdict(self):
        """
        :return: Returns a new OrderedDict representing this object.
        """
        return self.output_dict.copy()

[docs]    def __len__(self):
        return len(self.output_dict)




[docs]class ModelError(Exception):
    """
    Raised when a problem occurs with a model.
    """
    pass



[docs]class BaseModel(Mapping):
    """
    ABC for ``Model``'s. Makes sure models are iterable.
    Models can be initiated from Mappings or Iterables of Expressions,
    or from an expression directly.
    Expressions are not enforced for ducktyping purposes.
    """
[docs]    def __init__(self, model):
        """
        Initiate a Model from a dict::

            a = Model({y: x**2})

        Preferred way of initiating ``Model``, since now you know what the dependent variable is called.

        :param model: dict of ``Expr``, where dependent variables are the keys.
        """
        if not isinstance(model, Mapping):
            try:
                iter(model)
            except TypeError:
                # Model is still a scalar model
                model = [model]
            # TODO: this will break upon deprecating the auto-generation of
            # names for Variables. At this time, a DummyVariable object
            # should be introduced to fulfill the same role.
            #
            # Temporarily introduced what should be a unique name derived from
            # the object's ID (preappended with an underscore for it to be a
            # valid identifier) to surpress the DepricationWarnings raised when
            # instantiating a Variable without a name.
            model = {Variable("_" + str(id(expr))): expr for expr in model}
        self._init_from_dict(model)


[docs]    @classmethod
    def as_constraint(cls, constraint, model, constraint_type=None, **init_kwargs):
        """
        Initiate a Model which should serve as a constraint. Such a
        constraint-model should be initiated with knowledge of another
        ``BaseModel``, from which it will take its parameters::

            model = Model({y: a * x + b})
            constraint = Model.as_constraint(Eq(a, 1), model)

        ``constraint.params`` will be ``[a, b]`` instead of ``[a]``.

        :param constraint: An ``Expr``, a mapping or iterable of ``Expr``, or a
            ``Relational``.
        :param model: An instance of (a subclass of)
            :class:`~symfit.core.models.BaseModel`.
        :param constraint_type: When ``constraint`` is not
            a :class:`~sympy.core.relational.Relational`, a
            :class:`~sympy.core.relational.Relational` has to be provided
            explicitly.
        :param kwargs: Any additional keyword arguments which will be passed on
            to the init method.
        """
        allowed_types = [sympy.Eq, sympy.Ge, sympy.Le]

        if isinstance(constraint, Relational):
            constraint_type = constraint.__class__
            constraint = constraint.lhs - constraint.rhs

        # Initiate the constraint model, in such a way that we take care
        # of any dependencies
        instance = cls.with_dependencies(constraint,
                                         dependency_model=model,
                                         **init_kwargs)

        # Check if the constraint_type is allowed, and flip the sign if needed
        if constraint_type not in allowed_types:
            raise ModelError(
                'Only constraints of the type {} are allowed. A constraint'
                ' of type {} was provided.'.format(allowed_types,
                                                   constraint_type)
            )
        elif constraint_type is sympy.Le:
            # We change this to a Ge and flip the sign
            instance = - instance
            constraint_type = sympy.Ge

        instance.constraint_type = constraint_type

        if len(instance.dependent_vars) != 1:
            raise ModelError('Only scalar models can be used as constraints.')

        # self.params has to be a subset of model.params
        if set(instance.params) <= set(model.params):
            instance.params = model.params
        else:
            raise ModelError('The parameters of ``constraint`` have to be a '
                             'subset of those of ``model``.')

        return instance


[docs]    @classmethod
    def with_dependencies(cls, model_expr, dependency_model, **init_kwargs):
        """
        Initiate a model whose components depend on another model. For example::

            >>> x, y, z = variables('x, y, z')
            >>> dependency_model = Model({y: x**2})
            >>> model_dict = {z: y**2}
            >>> model = Model.with_dependencies(model_dict, dependency_model)
            >>> print(model)
            [y(x; ) = x**2,
             z(y; ) = y**2]

        :param model_expr: The ``Expr`` or mapping/iterable of ``Expr`` to be
            turned into a model.
        :param dependency_model: An instance of (a subclass of)
            :class:`~symfit.core.models.BaseModel`, which contains components on
            which the argument ``model_expr`` depends.
        :param init_kwargs: Any kwargs to be passed on to the standard
            init method of this class.
        :return: A stand-alone :class:`~symfit.core.models.BaseModel` subclass.
        """
        model = cls(model_expr, **init_kwargs)  # Initiate model instance.
        if any(var in dependency_model for var in model.independent_vars):
            # This model depends on the output of the dependency_model,
            # so we need to work those components into the model_dict.
            model_dict = model.model_dict.copy()
            # This is the case for BaseNumericalModel's
            connectivity_mapping = init_kwargs.get('connectivity_mapping',
                                                   model.connectivity_mapping)
            for var in model.independent_vars:
                if var in dependency_model:
                    # Add this var and all its dependencies.
                    # Walk over all possible dependencies of this
                    # variable until we no longer have dependencies.
                    for symbol in dependency_model.ordered_symbols:
                        # Not everything in ordered_symbols is a key of
                        # model, think e.g. parameters
                        if symbol in dependency_model:
                            if symbol not in model_dict:
                                model_dict[symbol] = dependency_model[symbol]
                                connectivity_mapping[symbol] = dependency_model.connectivity_mapping[symbol]
                        if symbol == var:
                            break
            # connectivity_mapping in init_kwargs has been updated if it was
            # present, since python is pass by reference. If it wasn't present,
            # we are dealing with a type of model that will build its own
            # connectivity_mapping upon init.
            model = cls(model_dict, **init_kwargs)
        return model



[docs]    def __len__(self):
        """
        :return: the number of dependent variables for this model.
        """
        return len(self.model_dict)


[docs]    def __getitem__(self, var):
        """
        Returns the expression belonging to a given dependent variable.

        :param var: Instance of ``Variable``
        :type var: ``Variable``
        :return: The expression belonging to ``var``
        """
        return self.model_dict[var]


[docs]    def __iter__(self):
        """
        :return: iterable over self.model_dict
        """
        return iter(self.model_dict)


[docs]    def __eq__(self, other):
        """
        ``Model``'s are considered equal when they have the same dependent variables,
        and the same expressions for those dependent variables. The same is defined here
        as passing sympy == for the vars themselves, and as expr1 - expr2 == 0 for the
        expressions. For more info check the `sympy docs <https://github.com/sympy/sympy/wiki/Faq>`_.

        :param other: Instance of ``Model``.
        :return: bool
        """
        if len(self) is not len(other):
            return False
        else:
            for var_1, var_2 in zip(self, other):
                if var_1 != var_2:
                    return False
                else:
                    if not self[var_1].expand() == other[var_2].expand():
                        return False
            else:
                return True


[docs]    def __neg__(self):
        """
        :return: new model with opposite sign. Does not change the model
            in-place, but returns a new copy.
        """
        new_model_dict = self.model_dict.copy()
        for var in self.dependent_vars:
            new_model_dict[var] *= -1
        return self.__class__(new_model_dict)


    def _init_from_dict(self, model_dict):
        """
        Initiate self from a model_dict to make sure attributes such as vars, params are available.

        Creates lists of alphabetically sorted independent vars, dependent vars, sigma vars, and parameters.
        Finally it creates a signature for this model so it can be called nicely. This signature only contains
        independent vars and params, as one would expect.

        :param model_dict: dict of (dependent_var, expression) pairs.
        """
        sort_func = lambda symbol: symbol.name
        self.model_dict = OrderedDict(sorted(model_dict.items(),
                                             key=lambda i: sort_func(i[0])))
        # Everything at the bottom of the toposort is independent, at the top
        # dependent, and the rest interdependent.
        ordered = list(toposort(self.connectivity_mapping))
        independent = sorted(ordered.pop(0), key=sort_func)
        self.dependent_vars = sorted(ordered.pop(-1), key=sort_func)
        self.interdependent_vars = sorted(
            [item for items in ordered for item in items],
            key=sort_func
        )
        # `independent` contains both params and vars, needs to be separated
        self.independent_vars = [s for s in independent if
                                 not isinstance(s, Parameter) and not s in self]
        self.params = [s for s in independent if isinstance(s, Parameter)]

        try:
            assert not any(isinstance(var, Parameter)
                           for var in self.dependent_vars)
            assert not any(isinstance(var, Parameter)
                           for var in self.interdependent_vars)
        except AssertionError:
            raise ModelError('`Parameter`\'s can not feature in the role '
                             'of `Variable`')
        # Make Variable object corresponding to each depedent var.
        self.sigmas = {var: Variable(name='sigma_{}'.format(var.name))
                       for var in self.dependent_vars}

    @cached_property
    def vars_as_functions(self):
        """
        :return: Turn the keys of this model into
            :class:`~sympy.core.function.Function`
            objects. This is done recursively so the chain rule can be applied
            correctly. This is done on the basis of `connectivity_mapping`.

            Example: for ``{y: a * x, z: y**2 + a}`` this returns
            ``{y: y(x, a), z: z(y(x, a), a)}``.
        """
        vars2functions = {}
        key = lambda arg: [isinstance(arg, Parameter), str(arg)]
        # Iterate over all symbols in this model in topological order, turning
        # each one into a function object recursively.
        for symbol in self.ordered_symbols:
            if symbol in self.connectivity_mapping:
                dependencies = self.connectivity_mapping[symbol]
                # Replace the dependency by it's function if possible
                dependencies = [vars2functions.get(dependency, dependency)
                               for dependency in dependencies]
                # sort by vars first, then params, and alphabetically within
                # each group
                dependencies = sorted(dependencies, key=key)
                vars2functions[symbol] = sympy.Function(symbol.name)(*dependencies)
        return vars2functions

    @cached_property
    def function_dict(self):
        """
        Equivalent to ``self.model_dict``, but with all variables replaced by
        functions if applicable. Sorted by the evaluation order according to
        ``self.ordered_symbols``, not alphabetical like ``self.model_dict``!
        """
        func_dict = OrderedDict()
        for var, func in self.vars_as_functions.items():
            expr = self.model_dict[var].xreplace(self.vars_as_functions)
            func_dict[func] = expr
        return func_dict

    @cached_property
    def connectivity_mapping(self):
        """
        :return: This property returns a mapping of the interdepencies between
            variables. This is essentially the dict representation of a
            connectivity graph, because working with this dict results in
            cleaner code. Treats variables and parameters on the same footing.
        """
        connectivity = {}
        for var, expr in self.items():
            vars, params = seperate_symbols(expr)
            connectivity[var] = set(vars + params)
        return connectivity

    @property
    def ordered_symbols(self):
        """
        :return: list of all symbols in this model, topologically sorted so they
            can be evaluated in the correct order.

            Within each group of equal priority symbols, we sort by the order of
            the derivative.
        """
        key_func = lambda s: [isinstance(s, sympy.Derivative),
                           isinstance(s, sympy.Derivative) and s.derivative_count]
        symbols = []
        for symbol in toposort(self.connectivity_mapping):
            symbols.extend(sorted(symbol, key=key_func))

        return symbols

    @cached_property
    def vars(self):
        """
        :return: Returns a list of dependent, independent and sigma variables, in that order.
        """
        return self.independent_vars + self.dependent_vars + [self.sigmas[var] for var in self.dependent_vars]

    @property
    def bounds(self):
        """
        :return: List of tuples of all bounds on parameters.
        """
        bounds = []
        for p in self.params:
            if p.fixed:
                if p.value >= 0.0:
                    bounds.append([np.nextafter(p.value, 0), p.value])
                else:
                    bounds.append([p.value, np.nextafter(p.value, 0)])
            else:
                bounds.append([p.min, p.max])
        return bounds

    @property
    def shared_parameters(self):
        """
        :return: bool, indicating if parameters are shared between the vector
            components of this model.
        """
        if len(self) == 1:  # Not a vector
            return False
        else:
            params_thusfar = []
            for component in self.values():
                vars, params = seperate_symbols(component)
                if set(params).intersection(set(params_thusfar)):
                    return True
                else:
                    params_thusfar += params
            else:
                return False

    @property
    def free_params(self):
        """
        :return: ordered list of the subset of variable params
        """
        return [p for p in self.params if not p.fixed]

[docs]    def __str__(self):
        """
        Printable representation of a Mapping model.

        :return: str
        """
        template = "{}({}; {}) = {}"
        parts = []
        for var, expr in self.items():
            # Print every component as a function of only the dependencies it
            # has. We can deduce these from the connectivity mapping.
            params_sorted = sorted((x for x in self.connectivity_mapping[var]
                                    if isinstance(x, Parameter)),
                                   key=lambda x: x.name)
            vars_sorted = sorted((x for x in self.connectivity_mapping[var]
                                  if x not in params_sorted),
                                 key=lambda x: x.name)
            parts.append(template.format(
                    var,
                    ', '.join([x.name for x in vars_sorted]),
                    ', '.join([x.name for x in params_sorted]),
                    expr
                )
            )
        return '[{}]'.format(",\n ".join(parts))


    def _repr_latex_(self):
        """IPython/Jupyter LaTeX printing"""

        from sympy.printing.latex import latex
        parts = []
        for var, expr in self.items():
            # Print every component as a function of only the dependencies it
            # has. We can deduce these from the connectivity mapping.
            params_sorted = sorted((x for x in self.connectivity_mapping[var]
                                    if isinstance(x, Parameter)),
                                   key=lambda x: x.name)
            vars_sorted = sorted((x for x in self.connectivity_mapping[var]
                                  if x not in params_sorted),
                                 key=lambda x: x.name)

            vars_str = ', '.join([latex(x) for x in vars_sorted])
            params_str = ', '.join([latex(x) for x in params_sorted])

            part = f"{latex(var)}({vars_str}; {params_str}) & = {latex(expr)}"
            parts.append(part)

        return '\\begin{align}' + '\\\\'.join(parts) + '\\end{align}'

    def __getstate__(self):
        # Remove cached_property values from the state, they need to be
        # re-calculated after pickle.
        state = self.__dict__.copy()
        del state['__signature__']
        for key in self.__dict__:
            if key.startswith(cached_property.base_str):
                del state[key]
        return state

    def __setstate__(self, state):
        self.__dict__.update(state)
        self.__signature__ = self._make_signature()



[docs]class BaseNumericalModel(BaseModel):
    """
    ABC for Numerical Models. These are models whose components are generic
    python callables.
    """
[docs]    @keywordonly(connectivity_mapping=None)
    def __init__(self, model, independent_vars=None, params=None, **kwargs):
        """
        :param model: dict of ``callable``, where dependent variables are the
            keys. If instead of a dict a (sequence of) ``callable`` is provided,
            it will be turned into a dict automatically.
        :param independent_vars: The independent variables of the  model.
            (Deprecated, use ``connectivity_mapping`` instead.)
        :param params: The parameters of the model.
            (Deprecated, use ``connectivity_mapping`` instead.)
        :param connectivity_mapping: Mapping indicating the dependencies of
            every variable in the model. For example, a model_dict
            ``{y: lambda x, a, b: a * x + b}`` needs a connectivity_mapping
            ``{y: {x, a, b}}``. (Note that the values of this dict have to be
            sets.) This only has to be provided for the non-symbolic components.
            The part corresponding to the symbolic components of the model is
            inferred automatically.
        """
        connectivity_mapping = kwargs.pop('connectivity_mapping')
        if (connectivity_mapping is None and
                independent_vars is not None and params is not None):
            # Make model into a mapping if needed.
            if not isinstance(model, Mapping):
                try:
                    iter(model)
                except TypeError:
                    model = [model]  # make model iterable

                model = {Variable(): expr for expr in model}
            warnings.warn(DeprecationWarning(
                '`independent_vars` and `params` have been deprecated.'
                ' Use `connectivity_mapping` instead.'
            ))
            self.independent_vars = sorted(independent_vars, key=str)
            self.params = sorted(params, key=str)
            self.connectivity_mapping = {var: set(independent_vars + params)
                                         for var in model}
        elif connectivity_mapping:
            if not isinstance(model, Mapping):
                raise TypeError('Please provide the model as a mapping, '
                                'corresponding to `connectivity_mapping`.')
            # Infer the connectivity mapping corresponding to the symbolical
            # part automatically
            sub_model = {}
            for var, expr in model.items():
                if isinstance(expr, sympy.Basic):
                    sub_model[var] = expr
            if sub_model:
                sub_model = BaseModel(sub_model)
                # Update with the users input. In case of conflict, this
                # prioritizes the info given by the user.
                sub_model.connectivity_mapping.update(connectivity_mapping)
                connectivity_mapping = sub_model.connectivity_mapping

            self.connectivity_mapping = connectivity_mapping.copy()
        else:
            raise TypeError('Please provide `connectivity_mapping`.')
        super(BaseNumericalModel, self).__init__(model, **kwargs)


    @property
    def connectivity_mapping(self):
        return self._connectivity_mapping

    @connectivity_mapping.setter
    def connectivity_mapping(self, value):
        self._connectivity_mapping = value

[docs]    def __eq__(self, other):
        if self.connectivity_mapping != other.connectivity_mapping:
            return False

        for key, func in self.model_dict.items():
            if func != other[key]:
                return False
        return True



[docs]    def __neg__(self):
        """
        :return: new model with opposite sign. Does not change the model in-place,
            but returns a new copy.
        """
        new_model_dict = {}
        for key, callable_expr in self.model_dict.values():
            new_model_dict[key] = lambda *args, **kwargs: - callable_expr(*args, **kwargs)
        return self.__class__(new_model_dict)


    @property
    def shared_parameters(self):
        """
        BaseNumericalModel's cannot infer if parameters are shared.
        """
        raise NotImplementedError(
            'Shared parameters can not be inferred for {}'.format(self.__class__.__name__)
        )



[docs]class BaseCallableModel(BaseModel):
    """
    Baseclass for callable models. A callable model is expected to have
    implemented a `__call__` method which evaluates the model.
    """
[docs]    def eval_components(self, *args, **kwargs):
        """
        :return: evaluated lambda functions of each of the components in
            model_dict, to be used in numerical calculation.
        """
        bound_arguments = self.__signature__.bind(*args, **kwargs)
        kwargs = bound_arguments.arguments  # Only work with kwargs
        components = dict(zip(self, self.numerical_components))
        # Evaluate the variables in topological order.
        for symbol in self.ordered_symbols:
            if symbol.name not in kwargs:
                dependencies = self.connectivity_mapping[symbol]
                dependencies_kwargs = {d.name: kwargs[d.name]
                                       for d in dependencies}
                kwargs[symbol.name] = components[symbol](**dependencies_kwargs)

        return [np.atleast_1d(kwargs[var.name]) for var in self]


[docs]    def numerical_components(self):
        """
        :return: A list of callables corresponding to each of the components
            of the model.
        """
        raise NotImplementedError(
            ('No `numerical_components` is defined for object of type {}. '
             'Implement either `numerical_components`, or change '
             '`eval_components` so it no longer calls '
             '`numerical_components`.').format(self.__class__)
        )


    @property
    def params(self):
        return self._params

    @params.setter
    def params(self, value):
        self._params = value
        self.__signature__ = self._make_signature()

    def _make_signature(self):
        # Handle args and kwargs according to the allowed names.
        parameters = [
            # Note that these are inspect_sig.Parameter's, not symfit parameters!
            inspect_sig.Parameter(arg.name,
                                  inspect_sig.Parameter.POSITIONAL_OR_KEYWORD)
            for arg in self.independent_vars + self.params
        ]
        return inspect_sig.Signature(parameters=parameters)

    def _init_from_dict(self, model_dict):
        super(BaseCallableModel, self)._init_from_dict(model_dict)
        self.__signature__ = self._make_signature()

[docs]    def __call__(self, *args, **kwargs):
        """
        Evaluate the model for a certain value of the independent vars and parameters.
        Signature for this function contains independent vars and parameters, NOT dependent and sigma vars.

        Can be called with both ordered and named parameters. Order is independent vars first, then parameters.
        Alphabetical order within each group.

        :param args:
        :param kwargs:
        :return: A namedtuple of all the dependent vars evaluated at the desired point. Will always return a tuple,
            even for scalar valued functions. This is done for consistency.
        """
        return ModelOutput(self.keys(), self.eval_components(*args, **kwargs))




[docs]class BaseGradientModel(BaseCallableModel):
    """
    Baseclass for models which have a gradient. Such models are expected to
    implement an `eval_jacobian` function.

    Any subclass of this baseclass which does not implement its own
    `eval_jacobian` will inherit a finite difference gradient.
    """
[docs]    @keywordonly(dx=1e-8)
    def finite_difference(self, *args, **kwargs):
        """
        Calculates a numerical approximation of the Jacobian of the model using
        the sixth order central finite difference method. Accepts a `dx`
        keyword to tune the relative stepsize used.
        Makes 6*n_params calls to the model.

        :return: A numerical approximation of the Jacobian of the model as a
                 list with length n_components containing numpy arrays of shape
                 (n_params, n_datapoints)
        """
        # See also: scipy.misc.derivative. It might be convinced to work, but
        # it will make way too many function evaluations
        dx = kwargs.pop('dx')
        bound_arguments = self.__signature__.bind(*args, **kwargs)
        var_vals = [bound_arguments.arguments[var.name] for var in self.independent_vars]
        param_vals = [bound_arguments.arguments[param.name] for param in self.params]
        param_vals = np.array(param_vals, dtype=float)
        f = partial(self, *var_vals)
        # See also: scipy.misc.central_diff_weights
        factors = np.array((3/2., -3/5., 1/10.))
        orders = np.arange(1, len(factors) + 1)
        out = []
        # TODO: Dark numpy magic. Needs an extra dimension in out, and a sum
        #       over the right axis at the end.

        # We can't make the output arrays yet, since we don't know the size of
        # the components. So put a sentinel value.
        out = None

        for param_idx, param_val in enumerate(param_vals):
            for order, factor in zip(orders, factors):
                h = np.zeros(len(self.params))
                # Note: stepsize (h) depends on the parameter values...
                h[param_idx] = dx * order
                if abs(param_val) >= 1e-7:
                    # ...but it'd better not be (too close to) 0.
                    h[param_idx] *= param_val
                up = f(*(param_vals + h))
                down = f(*(param_vals - h))
                if out is None:
                    # Initialize output arrays. Now that we evaluated f, we
                    # know the size of our data.
                    out = []
                    # out is a list  of length Ncomponents with numpy arrays of
                    # shape (Nparams, Ndata). Part of our misery comes from the
                    # fact that the length of the data may be different for all
                    # the components. Numpy doesn't like ragged arrays, so make
                    # a list of arrays.
                    for comp_idx in range(len(self)):
                        try:
                            len(up[comp_idx])
                        except TypeError:  # output[comp_idx] is a number
                            data_shape = (1,)
                        else:
                            data_shape = up[comp_idx].shape
                        # Initialize at 0 so we can += all the contributions
                        param_grad = np.zeros([len(self.params)] + list(data_shape), dtype=float)
                        out.append(param_grad)
                for comp_idx in range(len(self)):
                    diff = up[comp_idx] - down[comp_idx]
                    out[comp_idx][param_idx, :] += factor * diff / (2 * h[param_idx])
        return out


[docs]    def eval_jacobian(self, *args, **kwargs):
        """
        :return: The jacobian matrix of the function.
        """
        return ModelOutput(self.keys(), self.finite_difference(*args, **kwargs))




[docs]class CallableNumericalModel(BaseCallableModel, BaseNumericalModel):
    """
    Callable model, whose components are callables provided by the user.
    This allows the user to provide the components directly.

    Example::

        x, y = variables('x, y')
        a, b = parameters('a, b')
        numerical_model = CallableNumericalModel(
            {y: lambda x, a, b: a * x + b},
            connectivity_mapping={y: {x, a, b}}
        )

    This is identical in functionality to the more traditional::

        x, y = variables('x, y')
        a, b = parameters('a, b')
        model = CallableModel({y: a * x + b})

    but allows power-users a lot more freedom while still interacting
    seamlessly with the :mod:`symfit` API.

    When mixing symbolical and non-symbolical components, the
    ``connectivity_mapping`` only has to be provided for the non-symbolical
    components, the rest are inferred automatically::

        x, y, z = variables('x, y, z')
        a, b = parameters('a, b')
        model_dict = {z: lambda y, a, b: a * y + b,
                      y: x ** a}
        mixed_model = CallableNumericalModel(
            model_dict, connectivity_mapping={z: {y, a, b}}
        )
    """
    @cached_property
    def numerical_components(self):
        return [expr if not isinstance(expr, sympy.Expr) else
                sympy_to_py(expr, self.connectivity_mapping[var])
                for var, expr in self.items()]



[docs]class CallableModel(BaseCallableModel):
    """
    Defines a callable model. The usual rules apply to the ordering of the
    arguments:

    * first independent variables, then dependent variables, then parameters.
    * within each of these groups they are ordered alphabetically.
    """
    @cached_property
    def numerical_components(self):
        """
        :return: lambda functions of each of the analytical components in
            model_dict, to be used in numerical calculation.
        """
        # All components must feature the independent vars and params, that's
        # the API convention. But for those components which also contain
        # interdependence, we add those vars
        components = []
        for var, expr in self.items():
            dependencies = self.connectivity_mapping[var]
            # vars first, then params, and alphabetically within each group
            key = lambda arg: [isinstance(arg, Parameter), str(arg)]
            ordered = sorted(dependencies, key=key)
            components.append(sympy_to_py(expr, ordered))
        return ModelOutput(self.keys(), components)



[docs]class GradientModel(CallableModel, BaseGradientModel):
    """
    Analytical model which has an analytically computed Jacobian.
    """
[docs]    def __init__(self, *args, **kwargs):
        super(GradientModel, self).__init__(*args, **kwargs)


    @cached_property
    def jacobian_model(self):
        jac_model = jacobian_from_model(self)
        jac_model.params = self.params
        return jac_model

    @cached_property
    def jacobian(self):
        """
        :return: Jacobian filled with the symbolic expressions for all the
            partial derivatives. Partial derivatives are of the components of
            the function with respect to the Parameter's, not the independent
            Variable's. The return shape is a list over the models components,
            filled with tha symbolical jacobian for that component, as a list.
        """
        jac = []
        for var, expr in self.items():
            jac_row = []
            for param in self.params:
                partial_dv = D(var, param)
                jac_row.append(self.jacobian_model[partial_dv])
            jac.append(jac_row)
        return jac

[docs]    def eval_jacobian(self, *args, **kwargs):
        """
        :return: Jacobian evaluated at the specified point.
        """
        eval_jac_dict = self.jacobian_model(*args, **kwargs)._asdict()
        # Take zero for component which are not present, happens for Constraints
        jac = [[np.broadcast_to(eval_jac_dict.get(D(var, param), 0),
                                eval_jac_dict[var].shape)
                for param in self.params]
            for var in self
        ]

        # Use numpy to broadcast these arrays together and then stack them along
        # the parameter dimension. We do not include the component direction in
        # this, because the components can have independent shapes.
        for idx, comp in enumerate(jac):
            jac[idx] = np.stack(np.broadcast_arrays(*comp))

        return ModelOutput(self.keys(), jac)



[docs]class HessianModel(GradientModel):
    """
    Analytical model which has an analytically computed Hessian.
    """
[docs]    def __init__(self, *args, **kwargs):
        super(HessianModel, self).__init__(*args, **kwargs)


    @cached_property
    def hessian_model(self):
        hess_model = hessian_from_model(self)
        hess_model.params = self.params
        return hess_model

    @property
    def hessian(self):
        """
        :return: Hessian filled with the symbolic expressions for all the
            second order partial derivatives. Partial derivatives are taken with
            respect to the Parameter's, not the independent Variable's.
        """
        return [[[sympy.diff(partial_dv, param) for param in self.params]
                 for partial_dv in comp] for comp in self.jacobian]

[docs]    def eval_hessian(self, *args, **kwargs):
        """
        :return: Hessian evaluated at the specified point.
        """
        # Evaluate the hessian model and use the resulting Ans namedtuple as a
        # dict. From this, take the relevant components.
        eval_hess_dict = self.hessian_model(*args, **kwargs)._asdict()
        hess = [[[np.broadcast_to(eval_hess_dict.get(D(var, p1, p2), 0),
                                  eval_hess_dict[var].shape)
                    for p2 in self.params]
                for p1 in self.params]
            for var in self
        ]
        # Use numpy to broadcast these arrays together and then stack them along
        # the parameter dimension. We do not include the component direction in
        # this, because the components can have independent shapes.
        for idx, comp in enumerate(hess):
            hess[idx] = np.stack(np.broadcast_arrays(*comp))

        return ModelOutput(self.keys(), hess)




[docs]class Model(HessianModel):
    """
    Model represents a symbolic function and all it's derived properties such as
    sum of squares, jacobian etc.
    Models should be initiated from a dict::

        a = Model({y: x**2})

    Models are callable. The usual rules apply to the ordering of the arguments:

    * first independent variables, then parameters.
    * within each of these groups they are ordered alphabetically.

    The output of a call to a model is a special kind of namedtuple::

        >>> a(x=3)
        Ans(y=9)

    When turning this into a dict, however, the dict keys will be Variable
    objects, not strings::

        >>> a(x=3)._asdict()
        OrderedDict(((y, 9),))

    Models are also iterable, behaving as their internal model_dict. For
    example, ``a[y]`` returns ``x**2``, ``len(a) == 1``,
    ``y in a == True``, etc.
    """



[docs]class ODEModel(BaseGradientModel):
    """
    Model build from a system of ODEs. When the model is called, the ODE is
    integrated using the LSODA package.
    """
[docs]    def __init__(self, model_dict, initial, *lsoda_args, **lsoda_kwargs):
        """
        :param model_dict: Dictionary specifying ODEs. e.g.
            model_dict = {D(y, x): a * x**2}
        :param initial: ``dict`` of initial conditions for the ODE.
            Must be provided! e.g.
            initial = {y: 1.0, x: 0.0}
        :param lsoda_args: args to pass to the lsoda solver.
            See `scipy's odeint <http://docs.scipy.org/doc/scipy/reference/generated/scipy.integrate.odeint.html>`_
            for more info.
        :param lsoda_kwargs: kwargs to pass to the lsoda solver.
        """
        self.initial = initial
        self.lsoda_args = lsoda_args
        self.lsoda_kwargs = lsoda_kwargs

        sort_func = operator.attrgetter('name')
        # Mapping from dependent vars to their derivatives
        self.dependent_derivatives = {d: list(d.free_symbols - set(d.variables))[0] for d in model_dict}
        self.dependent_vars = sorted(
            self.dependent_derivatives.values(),
            key=sort_func
        )
        self.independent_vars = sorted(set(d.variables[0] for d in model_dict), key=sort_func)
        self.interdependent_vars = []  # TODO: add this support for ODEModels
        if not len(self.independent_vars) == 1:
            raise ModelError('ODEModel can only have one independent variable.')

        self.model_dict = OrderedDict(
            sorted(
                model_dict.items(),
                key=lambda i: sort_func(self.dependent_derivatives[i[0]])
            )
        )

        # We split the parameters into the parameters needed to evaluate the
        # expression/components (self.model_params), and those that are used for
        # initial values (self.initial_params). self.params will contain a union
        # of the two, as expected.

        # Extract all the params and vars as a sorted, unique list.
        expressions = model_dict.values()
        self.model_params = set([])

        # Only the ones that have a Parameter as initial parameter.
        self.initial_params = {value for var, value in self.initial.items()
                               if isinstance(value, Parameter)}

        for expression in expressions:
            vars, params = seperate_symbols(expression)
            self.model_params.update(params)
            # self.independent_vars.update(vars)

        # Although unique now, params and vars should be sorted alphabetically to prevent ambiguity
        self.params = sorted(self.model_params | self.initial_params, key=sort_func)
        self.model_params = sorted(self.model_params, key=sort_func)
        self.initial_params = sorted(self.initial_params, key=sort_func)

        # Make Variable object corresponding to each sigma var.
        self.sigmas = {var: Variable(name='sigma_{}'.format(var.name)) for var in self.dependent_vars}

        self.__signature__ = self._make_signature()


[docs]    def __str__(self):
        """
        Printable representation of this model.

        :return: str
        """
        template = "{}; {}) = {}"
        parts = []
        for var, expr in self.model_dict.items():
            parts.append(template.format(
                    str(var)[:-1],
                    ", ".join(arg.name for arg in self.params),
                    expr
                )
            )
        return "\n".join(parts)


[docs]    def __getitem__(self, dependent_var):
        """
        Gives the function defined for the derivative of ``dependent_var``.
        e.g. :math:`y' = f(y, t)`, model[y] -> f(y, t)

        :param dependent_var:
        :return:
        """
        for d, f in self.model_dict.items():
            if dependent_var == self.dependent_derivatives[d]:
                return f


[docs]    def __iter__(self):
        """
        :return: iterable over self.model_dict
        """
        return iter(self.dependent_vars)


[docs]    def __neg__(self):
        """
        :return: new model with opposite sign. Does not change the model in-place,
            but returns a new copy.
        """
        new_model_dict = self.model_dict.copy()
        for key in new_model_dict:
            new_model_dict[key] *= -1
        return self.__class__(new_model_dict, initial=self.initial)


    @cached_property
    def _ncomponents(self):
        """
        :return: The `numerical_components` for an ODEModel. This differs from
            the traditional `numerical_components`, in that these component can
            also contain dependent variables, not just the independent ones.

            Each of these components does not correspond to e.g. `y(t) = ...`,
            but to `D(y, t) = ...`. The system spanned by these component
            therefore still needs to be integrated.
        """
        return [sympy_to_py(expr, self.independent_vars + self.dependent_vars + self.model_params)
                for expr in self.values()]

    @cached_property
    def _njacobian(self):
        """
        :return: The `numerical_jacobian` of the components of the ODEModel with
            regards to the dependent variables. This is not to be confused with
            the jacobian of the model as a whole, which is 2D and computed with
            regards to the dependent vars and the fit parameters, and the
            ODEModel still needs to integrated to compute that.

            Instead, this function is used by the ODE integrator, and is not
            meant for human consumption.
        """
        return [
            [sympy_to_py(
                    sympy.diff(expr, var), self.independent_vars + self.dependent_vars + self.model_params
                ) for var in self.dependent_vars
            ] for _, expr in self.items()
        ]

[docs]    def eval_components(self, *args, **kwargs):
        """
        Numerically integrate the system of ODEs.

        :param args: Ordered arguments for the parameters and independent
          variables
        :param kwargs:  Keyword arguments for the parameters and independent
          variables
        :return:
        """
        bound_arguments = self.__signature__.bind(*args, **kwargs)
        t_like = bound_arguments.arguments[self.independent_vars[0].name]

        # System of functions to be integrated
        f = lambda ys, t, *a: [c(t, *(list(ys) + list(a))) for c in self._ncomponents]
        Dfun = lambda ys, t, *a: [[c(t, *(list(ys) + list(a))) for c in row] for row in self._njacobian]

        initial_dependent = [self.initial[var] for var in self.dependent_vars]
        # For the initial values, substitute any parameter for the value passed
        # to this call. Scipy doesn't really understand Parameter/Symbols
        for idx, init_var in enumerate(initial_dependent):
            if init_var in self.initial_params:
                initial_dependent[idx] = bound_arguments.arguments[init_var.name]

        assert len(self.independent_vars) == 1
        t_initial = self.initial[self.independent_vars[0]] # Assuming there's only one

        # Check if the time-like data includes the initial value, because integration should start there.
        try:
            t_like[0]
        except (TypeError, IndexError): # Python scalar gives TypeError, numpy scalars IndexError
            t_like = np.array([t_like]) # Allow evaluation at one point.

        # The strategy is to split the time axis in a part above and below the
        # initial value, and to integrate those seperately. At the end we rejoin them.
        # np.flip is needed because odeint wants the first point to be t_initial
        # and so t_smaller is a declining series.
        if t_initial in t_like:
            t_bigger = t_like[t_like >= t_initial]
            t_smaller = t_like[t_like <= t_initial][::-1]
        else:
            t_bigger = np.concatenate(
                (np.array([t_initial]), t_like[t_like > t_initial])
            )
            t_smaller = np.concatenate(
                (np.array([t_initial]), t_like[t_like < t_initial][::-1])
            )
        # Properly ordered time axis containing t_initial
        t_total = np.concatenate((t_smaller[::-1][:-1], t_bigger))

        # Call the numerical integrator. Note that we only pass the
        # model_params, which will be used by sympy_to_py to create something we
        # can evaluate numerically.
        ans_bigger = odeint(
            f,
            initial_dependent,
            t_bigger,
            args=tuple(
                bound_arguments.arguments[param.name] for param in self.model_params
            ),
            Dfun=Dfun,
            *self.lsoda_args, **self.lsoda_kwargs
        )
        ans_smaller = odeint(
            f,
            initial_dependent,
            t_smaller,
            args=tuple(
                bound_arguments.arguments[param.name] for param in self.model_params
            ),
            Dfun=Dfun,
            *self.lsoda_args, **self.lsoda_kwargs
        )

        ans = np.concatenate((ans_smaller[1:][::-1], ans_bigger))
        if t_initial in t_like:
            # The user also requested to know the value at t_initial, so keep it.
            return ans.T
        else:
            # The user didn't ask for the value at t_initial, so exclude it.
            # (t_total contains all the t-points used for the integration,
            # and so is t_like with t_initial inserted at the right position).
            return ans[t_total != t_initial].T


[docs]    def __call__(self, *args, **kwargs):
        """
        Evaluate the model for a certain value of the independent vars and parameters.
        Signature for this function contains independent vars and parameters, NOT dependent and sigma vars.

        Can be called with both ordered and named parameters. Order is independent vars first, then parameters.
        Alphabetical order within each group.

        :param args: Ordered arguments for the parameters and independent
          variables
        :param kwargs:  Keyword arguments for the parameters and independent
          variables
        :return: A namedtuple of all the dependent vars evaluated at the desired point. Will always return a tuple,
            even for scalar valued functions. This is done for consistency.
        """
        return ModelOutput(self.keys(), self.eval_components(*args, **kwargs))



def _partial_diff(var, *params):
    """
    Sympy does not handle repeated partial derivation correctly, e.g.
    D(D(y, a), a) = D(y, a, a) but D(D(y, a), b) = 0.
    Use this function instead to prevent evaluation to zero.
    """
    if isinstance(var, sympy.Derivative):
        return sympy.Derivative(var.expr, *(var.variables + params))
    else:
        return D(var, *params)

def _partial_subs(func, func2vars):
    """
    Partial-bug proof substitution. Works by making the substitutions on
    the expression inside the derivative first, and then rebuilding the
    derivative safely without evaluating it using `_partial_diff`.
    """
    if isinstance(func, sympy.Derivative):
        new_func = func.expr.xreplace(func2vars)
        new_variables = tuple(var.xreplace(func2vars)
                              for var in func.variables)
        return _partial_diff(new_func, *new_variables)
    else:
        return func.xreplace(func2vars)

[docs]def jacobian_from_model(model, as_functions=False):
    """
    Build a :class:`~symfit.core.models.CallableModel` representing the Jacobian
     of ``model``.

    This function make sure the chain rule is correctly applied for
    interdependent variables.

    :param model: Any symbolical model-type.
    :param as_functions: If `True`, the result is returned using
        :class:`sympy.core.function.Function` where needed, e.g.
        ``{y(x, a): a * x}`` instead of ``{y: a * x}``.
    :return: :class:`~symfit.core.models.CallableModel` representing the Jacobian
        of ``model``.
    """
    # Inverse dict so we can turn functions back into vars in the end
    functions_as_vars = dict((v, k) for k, v in model.vars_as_functions.items())
    # Create the jacobian components. The `vars` here in the model_dict are
    # always of the type D(y, a), but the righthand-side might still contain
    # functions instead of vars depending on the value of `as_functions`.
    jac = {}
    for func, expr in model.function_dict.items():
        for param in model.params:
            target = D(func, param)
            dfdp = expr.diff(param)
            if as_functions:
                jac[_partial_subs(target, functions_as_vars)] = dfdp
            else:
                # Turn Function objects back into Variables.
                dfdp = dfdp.subs(functions_as_vars, evaluate=False)
                jac[_partial_subs(target, functions_as_vars)] = dfdp
    # Next lines are needed for the Hessian, where the components of model still
    # contain functions instead of vars.
    if as_functions:
        jac.update(model)
    else:
        jac.update({y: expr.subs(functions_as_vars, evaluate=False)
                    for y, expr in model.items()})
    jacobian_model = CallableModel(jac)
    return jacobian_model


[docs]def hessian_from_model(model):
    """
    Build a :class:`~symfit.core.models.CallableModel` representing the Hessian
    of ``model``.

    This function make sure the chain rule is correctly applied for
    interdependent variables.

    :param model: Any symbolical model-type.
    :return: :class:`~symfit.core.models.CallableModel` representing the Hessian
        of ``model``.
    """
    jac_model = jacobian_from_model(model, as_functions=True)
    return jacobian_from_model(jac_model)





          

      

      

    

  

    
      
          
            
  Source code for symfit.core.objectives

# SPDX-FileCopyrightText: 2014-2020 Martin Roelfs
#
# SPDX-License-Identifier: MIT

"""
Objective functions are the functions which are minimized by the
:mod:`~symfit.core.minimizers`.
Famous examples are `least squares
<https://en.wikipedia.org/wiki/Least_squares>`_, `log-likelihood
<https://en.wikipedia.org/wiki/Likelihood_function>`_, or minimizing the model
itself.

``symfit`` provides objective functions for those cases by default. Custom
objectives can also be created, for example by inheriting from
:class:`~symfit.core.objectives.BaseObjective`,
:class:`~symfit.core.objectives.GradientObjective` or
:class:`~symfit.core.objectives.HessianObjective`.
"""

import abc
from collections import OrderedDict

import numpy as np

from .support import cached_property, keywordonly, key2str


[docs]class BaseObjective(object, metaclass=abc.ABCMeta):
    """
    ABC for objective functions. Implements basic data handling.
    """
[docs]    def __init__(self, model, data):
        """
        :param model: `symfit` style model.
        :param data: data for all the variables of the model.
        """
        self.model = model
        self.data = data
        # Compares the model with the data to see if they are compatible.
        self._sanity_checking()


    @cached_property
    def dependent_data(self):
        """
        Read-only Property

        :return: Data belonging to each dependent variable as a dict with
                 variable names as key, data as value.
        :rtype: collections.OrderedDict
        """
        return OrderedDict((var, self.data[var])
                           for var in self.model.dependent_vars)

    @cached_property
    def independent_data(self):
        """
        Read-only Property

        :return: Data belonging to each independent variable as a dict with
                 variable names as key, data as value.
        :rtype: collections.OrderedDict
        """
        return OrderedDict((var, self.data[var]) for var in
                           self.model.independent_vars)

    @cached_property
    def sigma_data(self):
        """
        Read-only Property

        :return: Data belonging to each sigma variable as a dict with
                 variable names as key, data as value.
        :rtype: collections.OrderedDict
        """
        sigmas = self.model.sigmas
        return OrderedDict(
            (sigmas[var], self.data[sigmas[var]]) for var in
            self.model.dependent_vars)

[docs]    @abc.abstractmethod
    def __call__(self, ordered_parameters=[], **parameters):
        """
        Evaluate the objective function for given parameter values.

        :param ordered_parameters: List of parameter, in alphabetical order.
            Typically provided by the minimizer.
        :param parameters: parameters as keyword arguments.
        :return: evaluated model.
        """
        # zip will stop when the shortest of the two is exhausted
        parameters.update(dict(zip(self.model.free_params, ordered_parameters)))
        parameters.update(self._invariant_kwargs)
        result = self.model(**key2str(parameters))._asdict()
        # Return only the components corresponding to the dependent data.
        return self._shape_of_dependent_data(
            [comp for var, comp in result.items()
             if var in self.model.dependent_vars]
        )


    def _shape_of_dependent_data(self, model_output, param_level=0):
        """
        In rare cases, the dependent data and the output of the model do not
        have the same shape. Think for example about :math:`y_i = a`. This
        function makes sure both sides of the equation have the same shape.

        :param model_output: Output of a call to model
        :param param_level: indicates how many parameter dimensions should be
            added to the shape. 0 for __call__, 1 for jac, 2 for hess.
        :return: ``model_output`` reshaped to ``dependent_data``'s shape, if
            possible.
        """
        shaped_result = []
        n_params = len(self.model.params)
        for dep_var, component in zip(self.model.dependent_vars, model_output):
            dep_data = self.dependent_data.get(dep_var, None)
            if dep_data is not None:
                if dep_data.shape == component.shape:
                    shaped_result.append(component)
                else:
                    # Add extra dimensions to the component if needed.
                    dim_diff = len(dep_data.shape) - len(component.shape[param_level:])
                    for _ in range(dim_diff):
                        component = np.expand_dims(component, -1)
                    # Let numpy deal with all the broadcasting
                    shape = param_level * [n_params] + list(dep_data.shape)
                    shaped_result.append(np.broadcast_to(component, shape))
            else:
                shaped_result.append(component)
        return shaped_result

    @cached_property
    def _invariant_kwargs(self):
        """
        Prepares the invariant kwargs to ``self.model`` which are not provided
        by the minimizers, and are the same for every iteration of the
        minimization. This means fixed parameters and data, matching the
        signature of ``self.model``.
        """
        kwargs = {p: p.value for p in self.model.params
                  if p not in self.model.free_params}
        data_by_name = key2str(self.independent_data)
        kwargs.update(
            {p: data_by_name[p] for p in
            self.model.__signature__.parameters if p in data_by_name}
        )
        return kwargs

[docs]    def __eq__(self, other):
        """
        Objectives are considered equal if they are of the same type, have the
        same model, and the same data.
        """
        # Class equality is enforced, even though this breaks subclassing.
        # This is to prevent false positives, which could be way worse. In the
        # case of subclassing, we leave it up to the subclasser to decide when
        # equality is achieved.
        if self.__class__ != other.__class__ or self.model != other.model:
            return False

        # Check if the data is also equivalent
        for key, value in self.data.items():
            try:
                equal = np.allclose(other.data[key], value)
            except TypeError:
                equal = other.data[key] == value
            finally:
                if not equal:
                    return False
        return True


    def _sanity_checking(self):
        """
        Check if the model and the provided data are compatible. Raises a
        TypeError when this is not the case.
        """
        # Simply checking for existence of these dicts will raise an error if
        # they cannot be built (because these are properties).
        self.dependent_data
        self.independent_data
        self.sigma_data



[docs]class GradientObjective(BaseObjective, metaclass=abc.ABCMeta):
    """
    ABC for objectives that support gradient methods.
    """
[docs]    @abc.abstractmethod
    def eval_jacobian(self, ordered_parameters=[], **parameters):
        """
        Evaluate the jacobian for given parameter values.

        :param ordered_parameters: List of parameter, in alphabetical order.
            Typically provided by the minimizer.
        :param parameters: parameters as keyword arguments.
        :return: evaluated jacobian
        """
        parameters.update(dict(zip(self.model.free_params, ordered_parameters)))
        parameters.update(self._invariant_kwargs)
        result = self.model.eval_jacobian(**key2str(parameters))._asdict()
        # Return only the components corresponding to the dependent data.
        return self._shape_of_dependent_data(
            [comp for var, comp in result.items()
             if var in self.model.dependent_vars],
            param_level=1
        )




[docs]class HessianObjective(GradientObjective, metaclass=abc.ABCMeta):
    """
    ABC for objectives that support hessian methods.
    """
[docs]    @abc.abstractmethod
    def eval_hessian(self, ordered_parameters=[], **parameters):
        """
        Evaluate the hessian for given parameter values.

        :param ordered_parameters: List of parameter, in alphabetical order.
            Typically provided by the minimizer.
        :param parameters: parameters as keyword arguments.
        :return: evaluated hessian
        """
        parameters.update(dict(zip(self.model.free_params, ordered_parameters)))
        parameters.update(self._invariant_kwargs)
        result = self.model.eval_hessian(**key2str(parameters))._asdict()
        # Return only the components corresponding to the dependent data.
        return self._shape_of_dependent_data(
            [comp for var, comp in result.items()
             if var in self.model.dependent_vars],
            param_level=2
        )




[docs]class VectorLeastSquares(GradientObjective):
    """
    Implemented for MINPACK only. Returns the residuals/sigma before squaring
    and summing, rather then chi2 itself.
    """
[docs]    @keywordonly(flatten_components=True)
    def __call__(self, ordered_parameters=[], **parameters):
        """
        Returns the value of the square root of :math:`\\chi^2`, summing over the components.

        This function now supports setting variables to None.

        :param flatten_components: If True, summing is performed over the data indices (default).
        :return: :math:`\\sqrt(\\chi^2)`
        """
        flatten_components = parameters.pop('flatten_components')
        evaluated_func = super(VectorLeastSquares, self).__call__(
            ordered_parameters, **parameters
        )
        result = []

        # zip together the dependent vars and evaluated component
        for y, ans in zip(self.model.dependent_vars, evaluated_func):
            dep_data = self.dependent_data.get(y, None)
            if dep_data is not None:
                result.append(((self.dependent_data[y] - ans) / self.sigma_data[self.model.sigmas[y]]) ** 2)
                if flatten_components: # Flattens *within* a component
                    result[-1] = result[-1].flatten()
        return np.sqrt(sum(result))


[docs]    def eval_jacobian(self, ordered_parameters=[], **parameters):
        chi = self(ordered_parameters, flatten_components=False, **parameters)
        evaluated_func = super(VectorLeastSquares, self).__call__(
            ordered_parameters, **parameters
        )
        evaluated_jac = super(VectorLeastSquares, self).eval_jacobian(
            ordered_parameters, **parameters
        )

        result = len(self.model.params) * [0.0]
        for ans, y, row in zip(evaluated_func, self.model.dependent_vars,
                               evaluated_jac):
            dep_data = self.dependent_data.get(y, None)
            if dep_data is not None:
                for index, component in enumerate(row):
                    result[index] += component * (
                        (self.dependent_data[y] - ans) / self.sigma_data[self.model.sigmas[y]] ** 2
                    )
        result *= (1 / chi)
        result = np.nan_to_num(result)
        result = [item.flatten() for item in result]
        return - np.array(result).T




[docs]class LeastSquares(HessianObjective):
    """
    Objective representing the least-squares deviation of a model, defined as
    :math:`S = \\frac{1}{2} \\sum_{i} \\sum_{x_i} \\frac{r_i(x_i, \\vec{p})^2}{\\sigma_i(x_i)^2}`,
    where :math:`i` ranges over all components of the model,
    :math:`r_i(x_i, \\vec{p})` is the residue of the :math:`i`-th component,
    :math:`x_i` indicates all the data associated with the :math:`i`-th
    component, and :math:`\\sigma_i(x_i)` indicates the associated standard deviations.

    The data for each component does not have to be the same, and it does not
    have to have the same shape. The only thing that matters is that within each
    component the shapes have to be compatible.
    """
[docs]    @keywordonly(flatten_components=True)
    def __call__(self, ordered_parameters=[], **parameters):
        """
        :param ordered_parameters: See ``parameters``.
        :param parameters: values of the
            :class:`~symfit.core.argument.Parameter`'s to evaluate :math:`S` at.
        :param flatten_components: if `True`, return the total :math:`S`. If
            `False`, return the :math:`S` per component of the
            :class:`~symfit.core.models.BaseModel`.
        :return: scalar or list of scalars depending on the value of `flatten_components`.
        """
        flatten_components = parameters.pop('flatten_components')
        evaluated_func = super(LeastSquares, self).__call__(
            ordered_parameters, **parameters
        )

        chi2 = [0 for _ in evaluated_func]
        for index, (dep_var, dep_var_value) in enumerate(zip(self.model.dependent_vars, evaluated_func)):
            dep_data = self.dependent_data.get(dep_var, None)
            if dep_data is not None:
                sigma = self.sigma_data[self.model.sigmas[dep_var]]
                chi2[index] += np.sum(
                    (dep_var_value - dep_data) ** 2 / sigma ** 2
                )
        chi2 = np.sum(chi2) if flatten_components else chi2
        return chi2 / 2


[docs]    def eval_jacobian(self, ordered_parameters=[], **parameters):
        """
        Jacobian of :math:`S` in the
        :class:`~symfit.core.argument.Parameter`'s (:math:`\\nabla_\\vec{p} S`).

        :param parameters: values of the
            :class:`~symfit.core.argument.Parameter`'s to evaluate :math:`\\nabla_\\vec{p} S` at.
        :return: ``np.array`` of length equal to the number of parameters..
        """
        evaluated_func = super(LeastSquares, self).__call__(
            ordered_parameters, **parameters
        )
        evaluated_jac = super(LeastSquares, self).eval_jacobian(
            ordered_parameters, **parameters
        )

        result = 0
        for var, f, jac_comp in zip(self.model.dependent_vars, evaluated_func,
                                    evaluated_jac):
            y = self.dependent_data.get(var, None)
            sigma_var = self.model.sigmas[var]
            if y is not None:
                sigma = self.sigma_data[sigma_var]
                pre_sum = jac_comp * ((y - f) / sigma**2)[np.newaxis, ...]
                axes = tuple(range(1, len(pre_sum.shape)))
                result -= np.sum(pre_sum, axis=axes, keepdims=False)
        return np.atleast_1d(np.squeeze(np.array(result)))


[docs]    def eval_hessian(self, ordered_parameters=[], **parameters):
        """
        Hessian of :math:`S` in the
        :class:`~symfit.core.argument.Parameter`'s (:math:`\\nabla_\\vec{p}^2 S`).

        :param parameters: values of the
            :class:`~symfit.core.argument.Parameter`'s to evaluate :math:`\\nabla_\\vec{p} S` at.
        :return: ``np.array`` of length equal to the number of parameters..
        """
        evaluated_func = super(LeastSquares, self).__call__(
            ordered_parameters, **parameters
        )
        evaluated_jac = super(LeastSquares, self).eval_jacobian(
            ordered_parameters, **parameters
        )
        evaluated_hess = super(LeastSquares, self).eval_hessian(
            ordered_parameters, **parameters
        )

        result = 0
        for var, f, jac_comp, hess_comp in zip(self.model.dependent_vars,
                                               evaluated_func, evaluated_jac,
                                               evaluated_hess):
            y = self.dependent_data.get(var, None)
            sigma_var = self.model.sigmas[var]
            if y is not None:
                sigma = self.sigma_data[sigma_var]
                p1 = hess_comp * ((y - f) / sigma**2)[np.newaxis, np.newaxis, ...]
                # Outer product
                p2 = np.einsum('i...,j...->ij...', jac_comp, jac_comp)
                p2 = p2 / sigma[np.newaxis, np.newaxis, ...]**2
                # We sum away everything except the matrices in the axes 0 & 1.
                axes = tuple(range(2, len(p2.shape)))
                result += np.sum(p2 - p1, axis=axes, keepdims=False)
        return np.atleast_2d(np.squeeze(np.array(result)))




[docs]class HessianObjectiveJacApprox(HessianObjective):
    """
    This object should only be used as a Mixin for covariance matrix estimation.
    Since the covariance matrix for the least-squares method is proportional to
    the Hessian of :math:`S`, this function attempts to return the Hessian
    upon calculating ``eval_hessian``.

    However, if the model does not have a Hessian defined through
    ``eval_hessian``, we approximate the Hessian as :math:`J^{T}\cdot J`,
    where :math:`J` is the Jacobian of the model. This approximation is valid
    when, amongst other things, the residuals are sufficiently small. It can
    therefore only be used after fitting, not during.

    An objective which inherits from this object, will return zeros with the
    shape of the hessian of the model, when ``eval_hessian`` is called. This
    code injection will therefore result in the terms proportional to the
    hessian of the model dropping out, which leaves the famous
    :math:`J^{T}\cdot J` approximation.
    """
[docs]    def eval_hessian(self, ordered_parameters=[], **parameters):
        """
        :return: Zeros with the shape of the Hessian of the model.
        """
        result = super(HessianObjectiveJacApprox, self).__call__(
            ordered_parameters, **parameters
        )
        num_params = len(self.model.params)
        return [np.broadcast_to(
                    np.zeros_like(comp),
                    (num_params, num_params) + comp.shape
                ) for comp in result]




[docs]class BaseIndependentObjective(BaseObjective):
    """
    Some objective functions dependent only on independent variables, not
    dependent and sigma variables. In this case, sanity checking is greatly
    simplified.
    """
    @cached_property
    def dependent_data(self):
        """
        :return: Empty OrderedDict.
        :rtype: collections.OrderedDict
        """
        return OrderedDict()

    @cached_property
    def sigma_data(self):
        """
        :return: Empty OrderedDict.
        :rtype: collections.OrderedDict
        """
        return OrderedDict()



[docs]class LogLikelihood(HessianObjective, BaseIndependentObjective):
    """
    Error function to be minimized by a minimizer in order to *maximize*
    the log-likelihood.
    """
[docs]    def __call__(self, ordered_parameters=[], **parameters):
        """
        :param parameters: values for the fit parameters.
        :return: scalar value of log-likelihood
        """
        evaluated_func = super(LogLikelihood, self).__call__(
            ordered_parameters, **parameters
        )

        ans = - np.nansum(
            [np.nansum(np.log(component)) for component in evaluated_func]
        )
        return ans


[docs]    @keywordonly(apply_func=np.nansum)
    def eval_jacobian(self, ordered_parameters=[], **parameters):
        """
        Jacobian for log-likelihood is defined as :math:`\\nabla_{\\vec{p}}( \\log( L(\\vec{p} | \\vec{x})))`.

        :param parameters: values for the fit parameters.
        :param apply_func: Function to apply to each component before returning it.
            The default is to sum away along the datapoint dimension using `np.nansum`.
        :return: array of length number of ``Parameter``'s in the model, with all partial derivatives evaluated at p, data.
        """
        apply_func = parameters.pop('apply_func')
        evaluated_func = super(LogLikelihood, self).__call__(
            ordered_parameters, **parameters
        )
        evaluated_jac = super(LogLikelihood, self).eval_jacobian(
            ordered_parameters, **parameters
        )

        result = []
        for component, jac_comp in zip(evaluated_func, evaluated_jac):
            component_sums = []
            for df in jac_comp:
                component_sums.append(
                    - apply_func(
                        df / component
                    )
                )
            result.append(component_sums)
        result = np.sum(result, axis=0)
        return np.atleast_1d(np.squeeze(np.array(result)))


[docs]    def eval_hessian(self, ordered_parameters=[], **parameters):
        """
        Hessian for log-likelihood is defined as
        :math:`\\nabla^2_{\\vec{p}}( \\log( L(\\vec{p} | \\vec{x})))`.

        :param parameters: values for the fit parameters.
        :return: array of length number of ``Parameter``'s in the model, with all partial derivatives evaluated at p, data.
        """
        evaluated_func = super(LogLikelihood, self).__call__(
            ordered_parameters, **parameters
        )
        evaluated_jac = super(LogLikelihood, self).eval_jacobian(
            ordered_parameters, **parameters
        )
        evaluated_hess = super(LogLikelihood, self).eval_hessian(
            ordered_parameters, **parameters
        )

        result = 0
        for f, jac_comp, hess_comp in zip(evaluated_func, evaluated_jac, evaluated_hess):
            # Outer product
            jac_outer_jac = np.einsum('i...,j...->ij...', jac_comp, jac_comp)
            dd_logf = - hess_comp / f[np.newaxis, np.newaxis, ...] + \
                      (1 / f**2)[np.newaxis, np.newaxis, ...] * jac_outer_jac
            # We sum away everything except the matrices in the axes 0 & 1.
            axes = tuple(range(2, len(dd_logf.shape)))
            result += np.sum(dd_logf, axis=axes, keepdims=False)

        return np.atleast_2d(np.squeeze(np.array(result)))




[docs]class MinimizeModel(HessianObjective, BaseIndependentObjective):
    """
    Objective to use when the model itself is the quantity that should be
    minimized. This is only supported for scalar models.
    """
[docs]    def __init__(self, model, *args, **kwargs):
        if len(model.dependent_vars) > 1:
            raise TypeError('Only scalar functions are supported by {}'.format(self.__class__))
        super(MinimizeModel, self).__init__(model, *args, **kwargs)


[docs]    def __call__(self, ordered_parameters=[], **parameters):
        evaluated_func = super(MinimizeModel, self).__call__(
            ordered_parameters, **parameters
        )
        return evaluated_func[0]


[docs]    def eval_jacobian(self, ordered_parameters=[], **parameters):
        if hasattr(self.model, 'eval_jacobian'):
            evaluated_jac = super(MinimizeModel, self).eval_jacobian(
                ordered_parameters, **parameters
            )
            return np.array(evaluated_jac[0])
        else:
            return None


[docs]    def eval_hessian(self, ordered_parameters=[], **parameters):
        if hasattr(self.model, 'eval_hessian'):
            evaluated_hess = super(MinimizeModel, self).eval_hessian(
                ordered_parameters, **parameters
            )
            return np.array(evaluated_hess[0])
        else:
            return None






          

      

      

    

  

    
      
          
            
  Source code for symfit.core.operators

# SPDX-FileCopyrightText: 2014-2020 Martin Roelfs
#
# SPDX-License-Identifier: MIT

"""
Monkey Patching module.

This module makes ``sympy`` Expressions callable, which makes the whole project feel more consistent.
"""
import sys

from sympy import Eq, Ne
from sympy.core.expr import Expr
import sympy
import warnings
from symfit.core.support import sympy_to_py, seperate_symbols
from symfit.core.argument import Parameter

if sys.version_info >= (3,0):
    import inspect as inspect_sig
else:
    import funcsigs as inspect_sig

# # Overwrite the behavior opun equality checking. But we want to be able to fall
# # back on default behavior.
# orig_eq = Expr.__class__.__eq__
# orig_ne = Expr.__class__.__ne__
#
# def eq(self, other):
#     """
#     Hack to get an Eq object back. Seems to work when used this way,
#     but backwards compatibility with sympy is not guaranteed.
#     """
#     if isinstance(other, float) or isinstance(other, int):
#         if abs(other) == 1:
#             # SymPy's printing check for this and might therefore produce an
#             # error for fractions. Therefore we raise a warning in this case and
#             # ask the user to use the Eq object manually.
#             warnings.warn(str(self) + " == -1 and == 1 are not available for constraints. If you used +/-1 as a constraint, please use the symfit.Eq object manually.", UserWarning)
#             return orig_eq(self.__class__, other)
#         else:
#             return Eq(self, other)
#     else:
#         return orig_eq(self.__class__, other)
#
# def ne(self, other):
#     if isinstance(other, float) or isinstance(other, int):
#         return Ne(self, other)
#     else:
#         return orig_ne(self.__class__, other)

[docs]def call(self, *values, **named_values):
    """
    Call an expression to evaluate it at the given point.

    Future improvements: I would like if func and signature could be buffered after the
    first call so they don't have to be recalculated for every call. However, nothing
    can be stored on self as sympy uses __slots__ for efficiency. This means there is no
    instance dict to put stuff in! And I'm pretty sure it's ill advised to hack into the
    __slots__ of Expr.

    However, for the moment I don't really notice a performance penalty in running tests.

    p.s. In the current setup signature is not even needed since no introspection is possible
    on the Expr before calling it anyway, which makes calculating the signature absolutely useless.
    However, I hope that someday some monkey patching expert in shining armour comes by and finds
    a way to store it in __signature__ upon __init__ of any ``symfit`` expr such that calling
    inspect_sig.signature on a symbolic expression will tell you which arguments to provide.

    :param self: Any subclass of sympy.Expr
    :param values: Values for the Parameters and Variables of the Expr.
    :param named_values: Values for the vars and params by name. ``named_values`` is
        allowed to contain too many values, as this sometimes happens when using
        \*\*fit_result.params on a submodel. The irrelevant params are simply ignored.
    :return: The function evaluated at ``values``. The type depends entirely on the input.
        Typically an array or a float but nothing is enforced.
    """
    independent_vars, params = seperate_symbols(self)
    # Convert to a pythonic function
    func = sympy_to_py(self, independent_vars + params)

    # Handle args and kwargs according to the allowed names.
    parameters = [  # Note that these are inspect_sig.Parameter's, not symfit parameters!
        inspect_sig.Parameter(arg.name, inspect_sig.Parameter.POSITIONAL_OR_KEYWORD)
            for arg in independent_vars + params
    ]

    arg_names = [arg.name for arg in independent_vars + params]
    relevant_named_values = {
        name: value for name, value in named_values.items() if name in arg_names
    }

    signature = inspect_sig.Signature(parameters=parameters)
    bound_arguments = signature.bind(*values, **relevant_named_values)

    return func(**bound_arguments.arguments)



# # Expr.__eq__ = eq
# # Expr.__ne__ = ne
Expr.__call__ = call
Parameter.__call__ = call




          

      

      

    

  

    
      
          
            
  Source code for symfit.core.support

# SPDX-FileCopyrightText: 2014-2020 Martin Roelfs
#
# SPDX-License-Identifier: MIT

"""
This module contains support functions and convenience methods used
throughout symfit. Some are used predominantly internally, others are
designed for users.
"""
from __future__ import print_function
from collections import OrderedDict
import sys
import warnings
import re
import keyword

import numpy as np
from sympy.utilities.lambdify import lambdify
import sympy

from sympy.tensor import Idx
from sympy import symbols, MatrixExpr
from sympy.core.expr import Expr

from symfit.core.argument import Parameter, Variable
import symfit.core.printing  # Overwrites some numpy printing

if sys.version_info >= (3,0):
    import inspect as inspect_sig
    from functools import wraps
else:
    import funcsigs as inspect_sig
    from functools32 import wraps

if sys.version_info >= (3, 5):
    from functools import partial
else:
    from ._repeatable_partial import repeatable_partial as partial


def isidentifier(s):
    if hasattr(s, 'isidentifier'):
        return s.isidentifier()
    else:
        # In py27 no such method exists, so we built one ourselves. Notice that
        # this cannot be used by default because py3 supports unicode
        # identifiers.
        if s in keyword.kwlist:
            return False
        return re.match(r'^[a-z_][a-z0-9_]*$', s, re.I) is not None


[docs]class deprecated(object):
    """
    Decorator to raise a DeprecationWarning.
    """
[docs]    def __init__(self, replacement=None):
        """
        :param replacement: The function which should now be used instead.
        """
        self.replacement = replacement


[docs]    def __call__(self, func):
        @wraps(func)
        def deprecated_func(*args, **kwargs):
            warnings.warn(DeprecationWarning(
                '`{}` has been deprecated.'.format(func.__name__)
                + ' Use `{}` instead.'.format(self.replacement)) if self.replacement else ''
            )
            return func(*args, **kwargs)
        return deprecated_func



[docs]def seperate_symbols(func):
    """
    Seperate the symbols in symbolic function func. Return them in alphabetical
    order.

    :param func: scipy symbolic function.
    :return: (vars, params), a tuple of all variables and parameters, each 
        sorted in alphabetical order.
    :raises TypeError: only symfit Variable and Parameter are allowed, not sympy
        Symbols.
    """
    params = []
    vars = []
    for symbol in func.free_symbols:
        if not isidentifier(str(symbol)):
            continue  # E.g. Indexed objects might print to A[i, j]
        if isinstance(symbol, Parameter):
            params.append(symbol)
        elif isinstance(symbol, Idx):
            # Idx objects are not seen as parameters or vars.
            pass
        elif isinstance(symbol, (MatrixExpr, Expr)):
            vars.append(symbol)
        else:
            raise TypeError('model contains an unknown symbol type, {}'.format(type(symbol)))

    for der in func.atoms(sympy.Derivative):
        # Used by jacobians and hessians, where derivatives are treated as
        # Variables. This way of writing it is purposefully discriminatory
        # against derivatives wrt variables, since such derivatives should be
        # performed explicitly in the case of jacs/hess, and are treated
        # differently in the case of ODEModels.
        if der.expr in vars and all(isinstance(s, Parameter) for s in der.variables):
            vars.append(der)

    params.sort(key=lambda symbol: symbol.name)
    vars.sort(key=lambda symbol: symbol.name)
    return vars, params


[docs]def sympy_to_py(func, args):
    """
    Turn a symbolic expression into a Python lambda function,
    which has the names of the variables and parameters as it's argument names.

    :param func: sympy expression
    :param args: variables and parameters in this model
    :return: lambda function to be used for numerical evaluation of the model.
    """
    # replace the derivatives with printable variables.
    derivatives = {var: Variable(var.name) for var in args
                   if isinstance(var, sympy.Derivative)}
    func = func.xreplace(derivatives)
    args = [derivatives[var] if isinstance(var, sympy.Derivative) else var
            for var in args]
    lambdafunc = lambdify(args, func, dummify=False)
    # Check if the names of the lambda function are what we expect
    signature = inspect_sig.signature(lambdafunc)
    sig_parameters = OrderedDict(signature.parameters)
    for arg, lambda_arg in zip(args, sig_parameters):
        if arg.name != lambda_arg:
            break
    else:  # Lambdifying succesful!
        return lambdafunc

    # If we are here (very rare), then one of the lambda arg is still a Dummy.
    # In this case we will manually handle the naming.
    lambda_names = sig_parameters.keys()
    arg_names = [arg.name for arg in args]
    conversion = dict(zip(arg_names, lambda_names))

    # Wrap the lambda such that arg names are translated into the correct dummy
    # symbol names
    @wraps(lambdafunc)
    def wrapped_lambdafunc(*ordered_args, **kwargs):
        converted_kwargs = {conversion[k]: v for k, v in kwargs.items()}
        return lambdafunc(*ordered_args, **converted_kwargs)

    # Update the signature of wrapped_lambdafunc to math our args
    new_sig_parameters = OrderedDict()
    for arg_name, dummy_name in conversion.items():
        if arg_name == dummy_name:  # Already has the correct name
            new_sig_parameters[arg_name] = sig_parameters[arg_name]
        else:  # Change the dummy inspect.Parameter to the correct name
            param = sig_parameters[dummy_name]
            param = param.replace(name=arg_name)
            new_sig_parameters[arg_name] = param

    wrapped_lambdafunc.__signature__ = signature.replace(
        parameters=new_sig_parameters.values()
    )
    return wrapped_lambdafunc


[docs]def sympy_to_scipy(func, vars, params):
    """
    Convert a symbolic expression to one scipy digs. Not used by ``symfit`` any more.

    :param func: sympy expression
    :param vars: variables
    :param params: parameters
    :return: Scipy-style function to be used for numerical evaluation of the model.
    """
    lambda_func = sympy_to_py(func, vars, params)
    def f(x, p):
        """
        Scipy style function.

        :param x: list of arrays, NxM
        :param p: tuple of parameter values.
        """
        x = np.atleast_2d(x)
        y = [x[i] for i in range(len(x))] if len(x[0]) else []
        try:
            ans = lambda_func(*(y + list(p)))
        except TypeError:
            # Possibly this is a constant function in which case it only has Parameters.
            ans = lambda_func(*list(p))# * np.ones(x_shape)
        return ans

    return f


[docs]def variables(names, **kwargs):
    """
    Convenience function for the creation of multiple variables. For more
    control, consider using ``symbols(names, cls=Variable, **kwargs)`` directly.

    :param names: string of variable names.
        Example: x, y = variables('x, y')
    :param kwargs: kwargs to be passed onto :func:`sympy.core.symbol.symbols`
    :return: iterable of :class:`symfit.core.argument.Variable` objects
    """
    return symbols(names, cls=Variable, seq=True, **kwargs)


[docs]def parameters(names, **kwargs):
    """
    Convenience function for the creation of multiple parameters. For more
    control, consider using ``symbols(names, cls=Parameter, **kwargs)`` directly.

    The `Parameter` attributes `value`, `min`, `max` and `fixed` can also be provided
    directly. If given as a single value, the same value will be set for all
    `Parameter`'s. When a sequence, it must be of the same length as the number of
    parameters created.

    Example::
        x1, x2 = parameters('x1, x2', value=[2.0, 1.3], min=0.0)

    :param names: string of parameter names.
        Example: a, b = parameters('a, b')
    :param kwargs: kwargs to be passed onto :func:`sympy.core.symbol.symbols`.
        `value`, `min` and `max` will be handled separately if they are sequences.
    :return: iterable of :class:`symfit.core.argument.Parameter` objects
    """
    sequence_fields = ['value', 'min', 'max', 'fixed']
    sequences = {}
    for attr in sequence_fields:
        try:
            iter(kwargs[attr])
        except (TypeError, KeyError):
            # Not iterable or not provided
            pass
        else:
            sequences[attr] = kwargs.pop(attr)

    if 'min' in sequences and 'max' in sequences:
        for min, max in zip(sequences['min'], sequences['max']):
            if min > max:
                raise ValueError('The value of `min` should be less than or'
                                 ' equal to the value of `max`.')

    params = symbols(names, cls=Parameter, seq=True, **kwargs)
    for key, values in sequences.items():
        try:
            assert len(values) == len(params)
        except AssertionError:
            raise ValueError(
                '`len` of keyword-argument `{}` does not match the number of '
                '`Parameter`s created.'.format(attr)
            )
        except TypeError:
            # Iterator do not have a `len` but are allowed.
            pass
        finally:
            for param, value in zip(params, values):
                setattr(param, key, value)
    return params



[docs]class cached_property(property):
    """
    A property which cashes the output of the first ever call and always returns
    that value from then on, unless delete is called on the attribute.

    This is typically used in converting `sympy` code into `scipy` compatible
    code, which is computationally a very expensive step we would like to
    perform only once.

    Does not allow setting of the attribute.
    """
    base_str = '_cached'
[docs]    def __init__(self, *args, **kwargs):
        super(cached_property, self).__init__(*args, **kwargs)
        self.cache_attr = '{}_{}'.format(self.base_str, self.fget.__name__)


[docs]    def __get__(self, obj, objtype=None):
        """
        In case of a first call, this will call the decorated function and
        return it's output. On every subsequent call, the same output will be
        returned.

        :param obj: the parent object this property is attached to.
        :param objtype:
        :return: Output of the first call to the decorated function.
        """
        try:
            return getattr(obj, self.cache_attr)
        except AttributeError:
            # Call the wrapped function with the obj instance as argument
            setattr(obj, self.cache_attr, self.fget(obj))
            return getattr(obj, self.cache_attr)


[docs]    def __delete__(self, obj):
        """
        Calling delete on the attribute will delete the cache.
        :param obj: parent object.
        """
        try:
            delattr(obj, self.cache_attr)
        except AttributeError:
            pass




[docs]def jacobian(expr, symbols):
    """
    Derive a symbolic expr w.r.t. each symbol in symbols. This returns a symbolic jacobian vector.

    :param expr: A sympy Expr.
    :param symbols: The symbols w.r.t. which to derive.
    """
    jac = []
    for symbol in symbols:
        # Differentiate to every param
        f = sympy.diff(expr, symbol)
        jac.append(f)
    return jac


[docs]def key2str(target):
    """
    In ``symfit`` there are many dicts with symbol: value pairs.
    These can not be used immediately as \*\*kwargs, even though this would make
    a lot of sense from the context.
    This function wraps such dict to make them usable as \*\*kwargs immediately.

    :param target: `Mapping` to be made save
    :return: `Mapping` of str(symbol): value pairs.
    """
    return target.__class__((str(symbol), value) for symbol, value in target.items())


[docs]class RequiredKeyword(object):
    """ Flag variable to indicate that this is a required keyword. """


[docs]class RequiredKeywordError(Exception):
    """ Error raised in case a keyword-only argument is not treated as such. """


[docs]class keywordonly(object):
    """
    Decorator class which wraps a python 2 function into one with keyword-only arguments.

    Example::

      @keywordonly(floor=True)
      def f(x, **kwargs):
          floor = kwargs.pop('floor')
          return np.floor(x**2) if floor else x**2

    This decorator is not much more than::

      floor = kwargs.pop('floor') if 'floor' in kwargs else True

    However, I prefer it's usage because:
 
    - it's clear from reading the function declaration there is an option to provide this 
      argument. The information on possible keywords is where you'd expect it to be.
    - you're guaranteed that the pop works.
    - It is fully inspect compatible such that sphynx is able to index these
      properly as keyword only arguments just like it would for native py3
      keyword only arguments.

    Please note that this decorator needs a ** argument on the wrapped function
    in order to work.
    """
[docs]    def __init__(self, **kwonly_arguments):
        self.kwonly_arguments = kwonly_arguments
        # Mark which are required
        self.required_keywords = {
            kw for kw, value in kwonly_arguments.items() if value is RequiredKeyword
        }
        # Transform all into keywordonly inspect.Parameter objects.
        self.keywordonly_parameters = OrderedDict(
            (kw, inspect_sig.Parameter(kw,
                                       kind=inspect_sig.Parameter.KEYWORD_ONLY,
                                       default=value)
             )
            for kw, value in kwonly_arguments.items()
        )


[docs]    def __call__(self, func):
        """
        Returns a decorated version of `func`, who's signature now includes the
        keyword-only arguments.

        :param func: the function to be decorated
        :return: the decorated function
        """
        sig = inspect_sig.signature(func)
        params = []
        # A var keyword has to be found for this function to be decorated
        for name, param in sig.parameters.items():
            if param.kind == param.VAR_KEYWORD:
                # Keyword only's go before the **kwargs parameter.
                params.extend(self.keywordonly_parameters.values())
                params.append(param)
                break
            params.append(param)
        else:
            raise RequiredKeywordError(
                'The keywordonly decorator requires the function to '
                'accept a **kwargs argument.'
            )
        # Update signature
        sig = sig.replace(parameters=params)
        func.__signature__ = sig

        @wraps(func)
        def wrapped_func(*args, **kwargs):
            """
            :param args: args used to call the function
            :param kwargs: kwargs used to call the function
            :return: Wrapped function which behaves like it has keyword-only arguments.
            :raises: ``RequiredKeywordError`` if not all required keywords were specified.
            """
            bound_args = func.__signature__.bind(*args, **kwargs)
            # Apply defaults
            for param in sig.parameters.values():
                if param.name not in bound_args.arguments:
                    if param.default is RequiredKeyword:
                        raise RequiredKeywordError(
                            'Keyword `{}` is a required keyword. '
                            'Please provide a value.'.format(param.name)
                        )
                    elif param.kind == inspect_sig.Parameter.VAR_KEYWORD:
                        bound_args.arguments[param.name] = {}
                    elif param.kind == inspect_sig.Parameter.VAR_POSITIONAL:
                        bound_args.arguments[param.name] = tuple()
                    else:
                        bound_args.arguments[param.name] = param.default
            return func(*bound_args.args, **bound_args.kwargs)
        return wrapped_func




def D(*args, **kwargs):
    # ToDo: Investigate sympy's inheritance properly to see if I can give a
    # .name atribute to Derivative objects or subclasses.
    return sympy.Derivative(*args, **kwargs)

[docs]def name(self):
    """
    Save name which can be used for alphabetic sorting and can be turned
    into a kwarg.
    """
    base_str = 'd{}{}_'.format(self.derivative_count if
                               self.derivative_count > 1 else '', self.expr)
    for var, count in self.variable_count:
        base_str += 'd{}{}'.format(var,  count if count > 1 else '')
    return base_str


sympy.Derivative.name = property(name)




          

      

      

    

  

    
      
          
            
  Source code for sympy.core.expr

from typing import Tuple as tTuple
from collections.abc import Iterable
from functools import reduce

from .sympify import sympify, _sympify, SympifyError
from .basic import Basic, Atom
from .singleton import S
from .evalf import EvalfMixin, pure_complex
from .decorators import call_highest_priority, sympify_method_args, sympify_return
from .cache import cacheit
from .compatibility import as_int, default_sort_key
from sympy.utilities.misc import func_name
from mpmath.libmp import mpf_log, prec_to_dps

from collections import defaultdict


@sympify_method_args
class Expr(Basic, EvalfMixin):
    """
    Base class for algebraic expressions.

    Explanation
    ===========

    Everything that requires arithmetic operations to be defined
    should subclass this class, instead of Basic (which should be
    used only for argument storage and expression manipulation, i.e.
    pattern matching, substitutions, etc).

    If you want to override the comparisons of expressions:
    Should use _eval_is_ge for inequality, or _eval_is_eq, with multiple dispatch.
    _eval_is_ge return true if x >= y, false if x < y, and None if the two types
    are not comparable or the comparison is indeterminate

    See Also
    ========

    sympy.core.basic.Basic
    """

    __slots__ = ()  # type: tTuple[str, ...]

    is_scalar = True  # self derivative is 1

    @property
    def _diff_wrt(self):
        """Return True if one can differentiate with respect to this
        object, else False.

        Explanation
        ===========

        Subclasses such as Symbol, Function and Derivative return True
        to enable derivatives wrt them. The implementation in Derivative
        separates the Symbol and non-Symbol (_diff_wrt=True) variables and
        temporarily converts the non-Symbols into Symbols when performing
        the differentiation. By default, any object deriving from Expr
        will behave like a scalar with self.diff(self) == 1. If this is
        not desired then the object must also set `is_scalar = False` or
        else define an _eval_derivative routine.

        Note, see the docstring of Derivative for how this should work
        mathematically. In particular, note that expr.subs(yourclass, Symbol)
        should be well-defined on a structural level, or this will lead to
        inconsistent results.

        Examples
        ========

        >>> from sympy import Expr
        >>> e = Expr()
        >>> e._diff_wrt
        False
        >>> class MyScalar(Expr):
        ...     _diff_wrt = True
        ...
        >>> MyScalar().diff(MyScalar())
        1
        >>> class MySymbol(Expr):
        ...     _diff_wrt = True
        ...     is_scalar = False
        ...
        >>> MySymbol().diff(MySymbol())
        Derivative(MySymbol(), MySymbol())
        """
        return False

    @cacheit
    def sort_key(self, order=None):

        coeff, expr = self.as_coeff_Mul()

        if expr.is_Pow:
            if expr.base is S.Exp1:
                # If we remove this, many doctests will go crazy:
                # (keeps E**x sorted like the exp(x) function,
                #  part of exp(x) to E**x transition)
                expr, exp = Function("exp")(expr.exp), S.One
            else:
                expr, exp = expr.args
        else:
            expr, exp = expr, S.One

        if expr.is_Dummy:
            args = (expr.sort_key(),)
        elif expr.is_Atom:
            args = (str(expr),)
        else:
            if expr.is_Add:
                args = expr.as_ordered_terms(order=order)
            elif expr.is_Mul:
                args = expr.as_ordered_factors(order=order)
            else:
                args = expr.args

            args = tuple(
                [ default_sort_key(arg, order=order) for arg in args ])

        args = (len(args), tuple(args))
        exp = exp.sort_key(order=order)

        return expr.class_key(), args, exp, coeff

    def __hash__(self) -> int:
        # hash cannot be cached using cache_it because infinite recurrence
        # occurs as hash is needed for setting cache dictionary keys
        h = self._mhash
        if h is None:
            h = hash((type(self).__name__,) + self._hashable_content())
            self._mhash = h
        return h

    def _hashable_content(self):
        """Return a tuple of information about self that can be used to
        compute the hash. If a class defines additional attributes,
        like ``name`` in Symbol, then this method should be updated
        accordingly to return such relevant attributes.
        Defining more than _hashable_content is necessary if __eq__ has
        been defined by a class. See note about this in Basic.__eq__."""
        return self._args

    def __eq__(self, other):
        try:
            other = _sympify(other)
            if not isinstance(other, Expr):
                return False
        except (SympifyError, SyntaxError):
            return False
        # check for pure number expr
        if  not (self.is_Number and other.is_Number) and (
                type(self) != type(other)):
            return False
        a, b = self._hashable_content(), other._hashable_content()
        if a != b:
            return False
        # check number *in* an expression
        for a, b in zip(a, b):
            if not isinstance(a, Expr):
                continue
            if a.is_Number and type(a) != type(b):
                return False
        return True

    # ***************
    # * Arithmetics *
    # ***************
    # Expr and its sublcasses use _op_priority to determine which object
    # passed to a binary special method (__mul__, etc.) will handle the
    # operation. In general, the 'call_highest_priority' decorator will choose
    # the object with the highest _op_priority to handle the call.
    # Custom subclasses that want to define their own binary special methods
    # should set an _op_priority value that is higher than the default.
    #
    # **NOTE**:
    # This is a temporary fix, and will eventually be replaced with
    # something better and more powerful.  See issue 5510.
    _op_priority = 10.0

    @property
    def _add_handler(self):
        return Add

    @property
    def _mul_handler(self):
        return Mul

    def __pos__(self):
        return self

    def __neg__(self):
        # Mul has its own __neg__ routine, so we just
        # create a 2-args Mul with the -1 in the canonical
        # slot 0.
        c = self.is_commutative
        return Mul._from_args((S.NegativeOne, self), c)

    def __abs__(self):
        from sympy import Abs
        return Abs(self)

    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__radd__')
    def __add__(self, other):
        return Add(self, other)

    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__add__')
    def __radd__(self, other):
        return Add(other, self)

    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__rsub__')
    def __sub__(self, other):
        return Add(self, -other)

    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__sub__')
    def __rsub__(self, other):
        return Add(other, -self)

    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__rmul__')
    def __mul__(self, other):
        return Mul(self, other)

    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__mul__')
    def __rmul__(self, other):
        return Mul(other, self)

    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__rpow__')
    def _pow(self, other):
        return Pow(self, other)

    def __pow__(self, other, mod=None):
        if mod is None:
            return self._pow(other)
        try:
            _self, other, mod = as_int(self), as_int(other), as_int(mod)
            if other >= 0:
                return pow(_self, other, mod)
            else:
                from sympy.core.numbers import mod_inverse
                return mod_inverse(pow(_self, -other, mod), mod)
        except ValueError:
            power = self._pow(other)
            try:
                return power%mod
            except TypeError:
                return NotImplemented

    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__pow__')
    def __rpow__(self, other):
        return Pow(other, self)

    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__rtruediv__')
    def __truediv__(self, other):
        denom = Pow(other, S.NegativeOne)
        if self is S.One:
            return denom
        else:
            return Mul(self, denom)

    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__truediv__')
    def __rtruediv__(self, other):
        denom = Pow(self, S.NegativeOne)
        if other is S.One:
            return denom
        else:
            return Mul(other, denom)

    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__rmod__')
    def __mod__(self, other):
        return Mod(self, other)

    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__mod__')
    def __rmod__(self, other):
        return Mod(other, self)

    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__rfloordiv__')
    def __floordiv__(self, other):
        from sympy.functions.elementary.integers import floor
        return floor(self / other)

    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__floordiv__')
    def __rfloordiv__(self, other):
        from sympy.functions.elementary.integers import floor
        return floor(other / self)


    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__rdivmod__')
    def __divmod__(self, other):
        from sympy.functions.elementary.integers import floor
        return floor(self / other), Mod(self, other)

    @sympify_return([('other', 'Expr')], NotImplemented)
    @call_highest_priority('__divmod__')
    def __rdivmod__(self, other):
        from sympy.functions.elementary.integers import floor
        return floor(other / self), Mod(other, self)

    def __int__(self):
        # Although we only need to round to the units position, we'll
        # get one more digit so the extra testing below can be avoided
        # unless the rounded value rounded to an integer, e.g. if an
        # expression were equal to 1.9 and we rounded to the unit position
        # we would get a 2 and would not know if this rounded up or not
        # without doing a test (as done below). But if we keep an extra
        # digit we know that 1.9 is not the same as 1 and there is no
        # need for further testing: our int value is correct. If the value
        # were 1.99, however, this would round to 2.0 and our int value is
        # off by one. So...if our round value is the same as the int value
        # (regardless of how much extra work we do to calculate extra decimal
        # places) we need to test whether we are off by one.
        from sympy import Dummy
        if not self.is_number:
            raise TypeError("can't convert symbols to int")
        r = self.round(2)
        if not r.is_Number:
            raise TypeError("can't convert complex to int")
        if r in (S.NaN, S.Infinity, S.NegativeInfinity):
            raise TypeError("can't convert %s to int" % r)
        i = int(r)
        if not i:
            return 0
        # off-by-one check
        if i == r and not (self - i).equals(0):
            isign = 1 if i > 0 else -1
            x = Dummy()
            # in the following (self - i).evalf(2) will not always work while
            # (self - r).evalf(2) and the use of subs does; if the test that
            # was added when this comment was added passes, it might be safe
            # to simply use sign to compute this rather than doing this by hand:
            diff_sign = 1 if (self - x).evalf(2, subs={x: i}) > 0 else -1
            if diff_sign != isign:
                i -= isign
        return i

    def __float__(self):
        # Don't bother testing if it's a number; if it's not this is going
        # to fail, and if it is we still need to check that it evalf'ed to
        # a number.
        result = self.evalf()
        if result.is_Number:
            return float(result)
        if result.is_number and result.as_real_imag()[1]:
            raise TypeError("can't convert complex to float")
        raise TypeError("can't convert expression to float")

    def __complex__(self):
        result = self.evalf()
        re, im = result.as_real_imag()
        return complex(float(re), float(im))

    @sympify_return([('other', 'Expr')], NotImplemented)
    def __ge__(self, other):
        from .relational import GreaterThan
        return GreaterThan(self, other)

    @sympify_return([('other', 'Expr')], NotImplemented)
    def __le__(self, other):
        from .relational import LessThan
        return LessThan(self, other)

    @sympify_return([('other', 'Expr')], NotImplemented)
    def __gt__(self, other):
        from .relational import StrictGreaterThan
        return StrictGreaterThan(self, other)

    @sympify_return([('other', 'Expr')], NotImplemented)
    def __lt__(self, other):
        from .relational import StrictLessThan
        return StrictLessThan(self, other)

    def __trunc__(self):
        if not self.is_number:
            raise TypeError("can't truncate symbols and expressions")
        else:
            return Integer(self)

    @staticmethod
    def _from_mpmath(x, prec):
        from sympy import Float
        if hasattr(x, "_mpf_"):
            return Float._new(x._mpf_, prec)
        elif hasattr(x, "_mpc_"):
            re, im = x._mpc_
            re = Float._new(re, prec)
            im = Float._new(im, prec)*S.ImaginaryUnit
            return re + im
        else:
            raise TypeError("expected mpmath number (mpf or mpc)")

    @property
    def is_number(self):
        """Returns True if ``self`` has no free symbols and no
        undefined functions (AppliedUndef, to be precise). It will be
        faster than ``if not self.free_symbols``, however, since
        ``is_number`` will fail as soon as it hits a free symbol
        or undefined function.

        Examples
        ========

        >>> from sympy import Integral, cos, sin, pi
        >>> from sympy.core.function import Function
        >>> from sympy.abc import x
        >>> f = Function('f')

        >>> x.is_number
        False
        >>> f(1).is_number
        False
        >>> (2*x).is_number
        False
        >>> (2 + Integral(2, x)).is_number
        False
        >>> (2 + Integral(2, (x, 1, 2))).is_number
        True

        Not all numbers are Numbers in the SymPy sense:

        >>> pi.is_number, pi.is_Number
        (True, False)

        If something is a number it should evaluate to a number with
        real and imaginary parts that are Numbers; the result may not
        be comparable, however, since the real and/or imaginary part
        of the result may not have precision.

        >>> cos(1).is_number and cos(1).is_comparable
        True

        >>> z = cos(1)**2 + sin(1)**2 - 1
        >>> z.is_number
        True
        >>> z.is_comparable
        False

        See Also
        ========

        sympy.core.basic.Basic.is_comparable
        """
        return all(obj.is_number for obj in self.args)

    def _random(self, n=None, re_min=-1, im_min=-1, re_max=1, im_max=1):
        """Return self evaluated, if possible, replacing free symbols with
        random complex values, if necessary.

        Explanation
        ===========

        The random complex value for each free symbol is generated
        by the random_complex_number routine giving real and imaginary
        parts in the range given by the re_min, re_max, im_min, and im_max
        values. The returned value is evaluated to a precision of n
        (if given) else the maximum of 15 and the precision needed
        to get more than 1 digit of precision. If the expression
        could not be evaluated to a number, or could not be evaluated
        to more than 1 digit of precision, then None is returned.

        Examples
        ========

        >>> from sympy import sqrt
        >>> from sympy.abc import x, y
        >>> x._random()                         # doctest: +SKIP
        0.0392918155679172 + 0.916050214307199*I
        >>> x._random(2)                        # doctest: +SKIP
        -0.77 - 0.87*I
        >>> (x + y/2)._random(2)                # doctest: +SKIP
        -0.57 + 0.16*I
        >>> sqrt(2)._random(2)
        1.4

        See Also
        ========

        sympy.testing.randtest.random_complex_number
        """

        free = self.free_symbols
        prec = 1
        if free:
            from sympy.testing.randtest import random_complex_number
            a, c, b, d = re_min, re_max, im_min, im_max
            reps = dict(list(zip(free, [random_complex_number(a, b, c, d, rational=True)
                           for zi in free])))
            try:
                nmag = abs(self.evalf(2, subs=reps))
            except (ValueError, TypeError):
                # if an out of range value resulted in evalf problems
                # then return None -- XXX is there a way to know how to
                # select a good random number for a given expression?
                # e.g. when calculating n! negative values for n should not
                # be used
                return None
        else:
            reps = {}
            nmag = abs(self.evalf(2))

        if not hasattr(nmag, '_prec'):
            # e.g. exp_polar(2*I*pi) doesn't evaluate but is_number is True
            return None

        if nmag._prec == 1:
            # increase the precision up to the default maximum
            # precision to see if we can get any significance

            from mpmath.libmp.libintmath import giant_steps
            from sympy.core.evalf import DEFAULT_MAXPREC as target

            # evaluate
            for prec in giant_steps(2, target):
                nmag = abs(self.evalf(prec, subs=reps))
                if nmag._prec != 1:
                    break

        if nmag._prec != 1:
            if n is None:
                n = max(prec, 15)
            return self.evalf(n, subs=reps)

        # never got any significance
        return None

    def is_constant(self, *wrt, **flags):
        """Return True if self is constant, False if not, or None if
        the constancy could not be determined conclusively.

        Explanation
        ===========

        If an expression has no free symbols then it is a constant. If
        there are free symbols it is possible that the expression is a
        constant, perhaps (but not necessarily) zero. To test such
        expressions, a few strategies are tried:

        1) numerical evaluation at two random points. If two such evaluations
        give two different values and the values have a precision greater than
        1 then self is not constant. If the evaluations agree or could not be
        obtained with any precision, no decision is made. The numerical testing
        is done only if ``wrt`` is different than the free symbols.

        2) differentiation with respect to variables in 'wrt' (or all free
        symbols if omitted) to see if the expression is constant or not. This
        will not always lead to an expression that is zero even though an
        expression is constant (see added test in test_expr.py). If
        all derivatives are zero then self is constant with respect to the
        given symbols.

        3) finding out zeros of denominator expression with free_symbols.
        It won't be constant if there are zeros. It gives more negative
        answers for expression that are not constant.

        If neither evaluation nor differentiation can prove the expression is
        constant, None is returned unless two numerical values happened to be
        the same and the flag ``failing_number`` is True -- in that case the
        numerical value will be returned.

        If flag simplify=False is passed, self will not be simplified;
        the default is True since self should be simplified before testing.

        Examples
        ========

        >>> from sympy import cos, sin, Sum, S, pi
        >>> from sympy.abc import a, n, x, y
        >>> x.is_constant()
        False
        >>> S(2).is_constant()
        True
        >>> Sum(x, (x, 1, 10)).is_constant()
        True
        >>> Sum(x, (x, 1, n)).is_constant()
        False
        >>> Sum(x, (x, 1, n)).is_constant(y)
        True
        >>> Sum(x, (x, 1, n)).is_constant(n)
        False
        >>> Sum(x, (x, 1, n)).is_constant(x)
        True
        >>> eq = a*cos(x)**2 + a*sin(x)**2 - a
        >>> eq.is_constant()
        True
        >>> eq.subs({x: pi, a: 2}) == eq.subs({x: pi, a: 3}) == 0
        True

        >>> (0**x).is_constant()
        False
        >>> x.is_constant()
        False
        >>> (x**x).is_constant()
        False
        >>> one = cos(x)**2 + sin(x)**2
        >>> one.is_constant()
        True
        >>> ((one - 1)**(x + 1)).is_constant() in (True, False) # could be 0 or 1
        True
        """

        def check_denominator_zeros(expression):
            from sympy.solvers.solvers import denoms

            retNone = False
            for den in denoms(expression):
                z = den.is_zero
                if z is True:
                    return True
                if z is None:
                    retNone = True
            if retNone:
                return None
            return False

        simplify = flags.get('simplify', True)

        if self.is_number:
            return True
        free = self.free_symbols
        if not free:
            return True  # assume f(1) is some constant

        # if we are only interested in some symbols and they are not in the
        # free symbols then this expression is constant wrt those symbols
        wrt = set(wrt)
        if wrt and not wrt & free:
            return True
        wrt = wrt or free

        # simplify unless this has already been done
        expr = self
        if simplify:
            expr = expr.simplify()

        # is_zero should be a quick assumptions check; it can be wrong for
        # numbers (see test_is_not_constant test), giving False when it
        # shouldn't, but hopefully it will never give True unless it is sure.
        if expr.is_zero:
            return True

        # try numerical evaluation to see if we get two different values
        failing_number = None
        if wrt == free:
            # try 0 (for a) and 1 (for b)
            try:
                a = expr.subs(list(zip(free, [0]*len(free))),
                    simultaneous=True)
                if a is S.NaN:
                    # evaluation may succeed when substitution fails
                    a = expr._random(None, 0, 0, 0, 0)
            except ZeroDivisionError:
                a = None
            if a is not None and a is not S.NaN:
                try:
                    b = expr.subs(list(zip(free, [1]*len(free))),
                        simultaneous=True)
                    if b is S.NaN:
                        # evaluation may succeed when substitution fails
                        b = expr._random(None, 1, 0, 1, 0)
                except ZeroDivisionError:
                    b = None
                if b is not None and b is not S.NaN and b.equals(a) is False:
                    return False
                # try random real
                b = expr._random(None, -1, 0, 1, 0)
                if b is not None and b is not S.NaN and b.equals(a) is False:
                    return False
                # try random complex
                b = expr._random()
                if b is not None and b is not S.NaN:
                    if b.equals(a) is False:
                        return False
                    failing_number = a if a.is_number else b

        # now we will test each wrt symbol (or all free symbols) to see if the
        # expression depends on them or not using differentiation. This is
        # not sufficient for all expressions, however, so we don't return
        # False if we get a derivative other than 0 with free symbols.
        for w in wrt:
            deriv = expr.diff(w)
            if simplify:
                deriv = deriv.simplify()
            if deriv != 0:
                if not (pure_complex(deriv, or_real=True)):
                    if flags.get('failing_number', False):
                        return failing_number
                    elif deriv.free_symbols:
                        # dead line provided _random returns None in such cases
                        return None
                return False
        cd = check_denominator_zeros(self)
        if cd is True:
            return False
        elif cd is None:
            return None
        return True

    def equals(self, other, failing_expression=False):
        """Return True if self == other, False if it doesn't, or None. If
        failing_expression is True then the expression which did not simplify
        to a 0 will be returned instead of None.

        Explanation
        ===========

        If ``self`` is a Number (or complex number) that is not zero, then
        the result is False.

        If ``self`` is a number and has not evaluated to zero, evalf will be
        used to test whether the expression evaluates to zero. If it does so
        and the result has significance (i.e. the precision is either -1, for
        a Rational result, or is greater than 1) then the evalf value will be
        used to return True or False.

        """
        from sympy.simplify.simplify import nsimplify, simplify
        from sympy.solvers.solvers import solve
        from sympy.polys.polyerrors import NotAlgebraic
        from sympy.polys.numberfields import minimal_polynomial

        other = sympify(other)
        if self == other:
            return True

        # they aren't the same so see if we can make the difference 0;
        # don't worry about doing simplification steps one at a time
        # because if the expression ever goes to 0 then the subsequent
        # simplification steps that are done will be very fast.
        diff = factor_terms(simplify(self - other), radical=True)

        if not diff:
            return True

        if not diff.has(Add, Mod):
            # if there is no expanding to be done after simplifying
            # then this can't be a zero
            return False

        constant = diff.is_constant(simplify=False, failing_number=True)

        if constant is False:
            return False

        if not diff.is_number:
            if constant is None:
                # e.g. unless the right simplification is done, a symbolic
                # zero is possible (see expression of issue 6829: without
                # simplification constant will be None).
                return

        if constant is True:
            # this gives a number whether there are free symbols or not
            ndiff = diff._random()
            # is_comparable will work whether the result is real
            # or complex; it could be None, however.
            if ndiff and ndiff.is_comparable:
                return False

        # sometimes we can use a simplified result to give a clue as to
        # what the expression should be; if the expression is *not* zero
        # then we should have been able to compute that and so now
        # we can just consider the cases where the approximation appears
        # to be zero -- we try to prove it via minimal_polynomial.
        #
        # removed
        # ns = nsimplify(diff)
        # if diff.is_number and (not ns or ns == diff):
        #
        # The thought was that if it nsimplifies to 0 that's a sure sign
        # to try the following to prove it; or if it changed but wasn't
        # zero that might be a sign that it's not going to be easy to
        # prove. But tests seem to be working without that logic.
        #
        if diff.is_number:
            # try to prove via self-consistency
            surds = [s for s in diff.atoms(Pow) if s.args[0].is_Integer]
            # it seems to work better to try big ones first
            surds.sort(key=lambda x: -x.args[0])
            for s in surds:
                try:
                    # simplify is False here -- this expression has already
                    # been identified as being hard to identify as zero;
                    # we will handle the checking ourselves using nsimplify
                    # to see if we are in the right ballpark or not and if so
                    # *then* the simplification will be attempted.
                    sol = solve(diff, s, simplify=False)
                    if sol:
                        if s in sol:
                            # the self-consistent result is present
                            return True
                        if all(si.is_Integer for si in sol):
                            # perfect powers are removed at instantiation
                            # so surd s cannot be an integer
                            return False
                        if all(i.is_algebraic is False for i in sol):
                            # a surd is algebraic
                            return False
                        if any(si in surds for si in sol):
                            # it wasn't equal to s but it is in surds
                            # and different surds are not equal
                            return False
                        if any(nsimplify(s - si) == 0 and
                                simplify(s - si) == 0 for si in sol):
                            return True
                        if s.is_real:
                            if any(nsimplify(si, [s]) == s and simplify(si) == s
                                    for si in sol):
                                return True
                except NotImplementedError:
                    pass

            # try to prove with minimal_polynomial but know when
            # *not* to use this or else it can take a long time. e.g. issue 8354
            if True:  # change True to condition that assures non-hang
                try:
                    mp = minimal_polynomial(diff)
                    if mp.is_Symbol:
                        return True
                    return False
                except (NotAlgebraic, NotImplementedError):
                    pass

        # diff has not simplified to zero; constant is either None, True
        # or the number with significance (is_comparable) that was randomly
        # calculated twice as the same value.
        if constant not in (True, None) and constant != 0:
            return False

        if failing_expression:
            return diff
        return None

    def _eval_is_positive(self):
        finite = self.is_finite
        if finite is False:
            return False
        extended_positive = self.is_extended_positive
        if finite is True:
            return extended_positive
        if extended_positive is False:
            return False

    def _eval_is_negative(self):
        finite = self.is_finite
        if finite is False:
            return False
        extended_negative = self.is_extended_negative
        if finite is True:
            return extended_negative
        if extended_negative is False:
            return False

    def _eval_is_extended_positive_negative(self, positive):
        from sympy.core.numbers import pure_complex
        from sympy.polys.numberfields import minimal_polynomial
        from sympy.polys.polyerrors import NotAlgebraic
        if self.is_number:
            if self.is_extended_real is False:
                return False

            # check to see that we can get a value
            try:
                n2 = self._eval_evalf(2)
            # XXX: This shouldn't be caught here
            # Catches ValueError: hypsum() failed to converge to the requested
            # 34 bits of accuracy
            except ValueError:
                return None
            if n2 is None:
                return None
            if getattr(n2, '_prec', 1) == 1:  # no significance
                return None
            if n2 is S.NaN:
                return None

            f = self.evalf(2)
            if f.is_Float:
                match = f, S.Zero
            else:
                match = pure_complex(f)
            if match is None:
                return False
            r, i = match
            if not (i.is_Number and r.is_Number):
                return False
            if r._prec != 1 and i._prec != 1:
                return bool(not i and ((r > 0) if positive else (r < 0)))
            elif r._prec == 1 and (not i or i._prec == 1) and \
                    self.is_algebraic and not self.has(Function):
                try:
                    if minimal_polynomial(self).is_Symbol:
                        return False
                except (NotAlgebraic, NotImplementedError):
                    pass

    def _eval_is_extended_positive(self):
        return self._eval_is_extended_positive_negative(positive=True)

    def _eval_is_extended_negative(self):
        return self._eval_is_extended_positive_negative(positive=False)

    def _eval_interval(self, x, a, b):
        """
        Returns evaluation over an interval.  For most functions this is:

        self.subs(x, b) - self.subs(x, a),

        possibly using limit() if NaN is returned from subs, or if
        singularities are found between a and b.

        If b or a is None, it only evaluates -self.subs(x, a) or self.subs(b, x),
        respectively.

        """
        from sympy.series import limit, Limit
        from sympy.solvers.solveset import solveset
        from sympy.sets.sets import Interval
        from sympy.functions.elementary.exponential import log
        from sympy.calculus.util import AccumBounds

        if (a is None and b is None):
            raise ValueError('Both interval ends cannot be None.')

        def _eval_endpoint(left):
            c = a if left else b
            if c is None:
                return 0
            else:
                C = self.subs(x, c)
                if C.has(S.NaN, S.Infinity, S.NegativeInfinity,
                         S.ComplexInfinity, AccumBounds):
                    if (a < b) != False:
                        C = limit(self, x, c, "+" if left else "-")
                    else:
                        C = limit(self, x, c, "-" if left else "+")

                    if isinstance(C, Limit):
                        raise NotImplementedError("Could not compute limit")
            return C

        if a == b:
            return 0

        A = _eval_endpoint(left=True)
        if A is S.NaN:
            return A

        B = _eval_endpoint(left=False)

        if (a and b) is None:
            return B - A

        value = B - A

        if a.is_comparable and b.is_comparable:
            if a < b:
                domain = Interval(a, b)
            else:
                domain = Interval(b, a)
            # check the singularities of self within the interval
            # if singularities is a ConditionSet (not iterable), catch the exception and pass
            singularities = solveset(self.cancel().as_numer_denom()[1], x,
                domain=domain)
            for logterm in self.atoms(log):
                singularities = singularities | solveset(logterm.args[0], x,
                    domain=domain)
            try:
                for s in singularities:
                    if value is S.NaN:
                        # no need to keep adding, it will stay NaN
                        break
                    if not s.is_comparable:
                        continue
                    if (a < s) == (s < b) == True:
                        value += -limit(self, x, s, "+") + limit(self, x, s, "-")
                    elif (b < s) == (s < a) == True:
                        value += limit(self, x, s, "+") - limit(self, x, s, "-")
            except TypeError:
                pass

        return value

    def _eval_power(self, other):
        # subclass to compute self**other for cases when
        # other is not NaN, 0, or 1
        return None

    def _eval_conjugate(self):
        if self.is_extended_real:
            return self
        elif self.is_imaginary:
            return -self

    def conjugate(self):
        """Returns the complex conjugate of 'self'."""
        from sympy.functions.elementary.complexes import conjugate as c
        return c(self)

    def dir(self, x, cdir):
        from sympy import log
        minexp = S.Zero
        if self.is_zero:
            return S.Zero
        arg = self
        while arg:
            minexp += S.One
            arg = arg.diff(x)
            coeff = arg.subs(x, 0)
            if coeff in (S.NaN, S.ComplexInfinity):
                try:
                    coeff, _ = arg.leadterm(x)
                    if coeff.has(log(x)):
                        raise ValueError()
                except ValueError:
                    coeff = arg.limit(x, 0)
            if coeff != S.Zero:
                break
        return coeff*cdir**minexp

    def _eval_transpose(self):
        from sympy.functions.elementary.complexes import conjugate
        if (self.is_complex or self.is_infinite):
            return self
        elif self.is_hermitian:
            return conjugate(self)
        elif self.is_antihermitian:
            return -conjugate(self)

    def transpose(self):
        from sympy.functions.elementary.complexes import transpose
        return transpose(self)

    def _eval_adjoint(self):
        from sympy.functions.elementary.complexes import conjugate, transpose
        if self.is_hermitian:
            return self
        elif self.is_antihermitian:
            return -self
        obj = self._eval_conjugate()
        if obj is not None:
            return transpose(obj)
        obj = self._eval_transpose()
        if obj is not None:
            return conjugate(obj)

    def adjoint(self):
        from sympy.functions.elementary.complexes import adjoint
        return adjoint(self)

    @classmethod
    def _parse_order(cls, order):
        """Parse and configure the ordering of terms. """
        from sympy.polys.orderings import monomial_key

        startswith = getattr(order, "startswith", None)
        if startswith is None:
            reverse = False
        else:
            reverse = startswith('rev-')
            if reverse:
                order = order[4:]

        monom_key = monomial_key(order)

        def neg(monom):
            result = []

            for m in monom:
                if isinstance(m, tuple):
                    result.append(neg(m))
                else:
                    result.append(-m)

            return tuple(result)

        def key(term):
            _, ((re, im), monom, ncpart) = term

            monom = neg(monom_key(monom))
            ncpart = tuple([e.sort_key(order=order) for e in ncpart])
            coeff = ((bool(im), im), (re, im))

            return monom, ncpart, coeff

        return key, reverse

    def as_ordered_factors(self, order=None):
        """Return list of ordered factors (if Mul) else [self]."""
        return [self]

    def as_poly(self, *gens, **args):
        """Converts ``self`` to a polynomial or returns ``None``.

        Explanation
        ===========

        >>> from sympy import sin
        >>> from sympy.abc import x, y

        >>> print((x**2 + x*y).as_poly())
        Poly(x**2 + x*y, x, y, domain='ZZ')

        >>> print((x**2 + x*y).as_poly(x, y))
        Poly(x**2 + x*y, x, y, domain='ZZ')

        >>> print((x**2 + sin(y)).as_poly(x, y))
        None

        """
        from sympy.polys import Poly, PolynomialError

        try:
            poly = Poly(self, *gens, **args)

            if not poly.is_Poly:
                return None
            else:
                return poly
        except PolynomialError:
            return None

    def as_ordered_terms(self, order=None, data=False):
        """
        Transform an expression to an ordered list of terms.

        Examples
        ========

        >>> from sympy import sin, cos
        >>> from sympy.abc import x

        >>> (sin(x)**2*cos(x) + sin(x)**2 + 1).as_ordered_terms()
        [sin(x)**2*cos(x), sin(x)**2, 1]

        """

        from .numbers import Number, NumberSymbol

        if order is None and self.is_Add:
            # Spot the special case of Add(Number, Mul(Number, expr)) with the
            # first number positive and thhe second number nagative
            key = lambda x:not isinstance(x, (Number, NumberSymbol))
            add_args = sorted(Add.make_args(self), key=key)
            if (len(add_args) == 2
                and isinstance(add_args[0], (Number, NumberSymbol))
                and isinstance(add_args[1], Mul)):
                mul_args = sorted(Mul.make_args(add_args[1]), key=key)
                if (len(mul_args) == 2
                    and isinstance(mul_args[0], Number)
                    and add_args[0].is_positive
                    and mul_args[0].is_negative):
                    return add_args

        key, reverse = self._parse_order(order)
        terms, gens = self.as_terms()

        if not any(term.is_Order for term, _ in terms):
            ordered = sorted(terms, key=key, reverse=reverse)
        else:
            _terms, _order = [], []

            for term, repr in terms:
                if not term.is_Order:
                    _terms.append((term, repr))
                else:
                    _order.append((term, repr))

            ordered = sorted(_terms, key=key, reverse=True) \
                + sorted(_order, key=key, reverse=True)

        if data:
            return ordered, gens
        else:
            return [term for term, _ in ordered]

    def as_terms(self):
        """Transform an expression to a list of terms. """
        from .add import Add
        from .mul import Mul
        from .exprtools import decompose_power

        gens, terms = set(), []

        for term in Add.make_args(self):
            coeff, _term = term.as_coeff_Mul()

            coeff = complex(coeff)
            cpart, ncpart = {}, []

            if _term is not S.One:
                for factor in Mul.make_args(_term):
                    if factor.is_number:
                        try:
                            coeff *= complex(factor)
                        except (TypeError, ValueError):
                            pass
                        else:
                            continue

                    if factor.is_commutative:
                        base, exp = decompose_power(factor)

                        cpart[base] = exp
                        gens.add(base)
                    else:
                        ncpart.append(factor)

            coeff = coeff.real, coeff.imag
            ncpart = tuple(ncpart)

            terms.append((term, (coeff, cpart, ncpart)))

        gens = sorted(gens, key=default_sort_key)

        k, indices = len(gens), {}

        for i, g in enumerate(gens):
            indices[g] = i

        result = []

        for term, (coeff, cpart, ncpart) in terms:
            monom = [0]*k

            for base, exp in cpart.items():
                monom[indices[base]] = exp

            result.append((term, (coeff, tuple(monom), ncpart)))

        return result, gens

    def removeO(self):
        """Removes the additive O(..) symbol if there is one"""
        return self

    def getO(self):
        """Returns the additive O(..) symbol if there is one, else None."""
        return None

    def getn(self):
        """
        Returns the order of the expression.

        Explanation
        ===========

        The order is determined either from the O(...) term. If there
        is no O(...) term, it returns None.

        Examples
        ========

        >>> from sympy import O
        >>> from sympy.abc import x
        >>> (1 + x + O(x**2)).getn()
        2
        >>> (1 + x).getn()

        """
        from sympy import Dummy, Symbol
        o = self.getO()
        if o is None:
            return None
        elif o.is_Order:
            o = o.expr
            if o is S.One:
                return S.Zero
            if o.is_Symbol:
                return S.One
            if o.is_Pow:
                return o.args[1]
            if o.is_Mul:  # x**n*log(x)**n or x**n/log(x)**n
                for oi in o.args:
                    if oi.is_Symbol:
                        return S.One
                    if oi.is_Pow:
                        syms = oi.atoms(Symbol)
                        if len(syms) == 1:
                            x = syms.pop()
                            oi = oi.subs(x, Dummy('x', positive=True))
                            if oi.base.is_Symbol and oi.exp.is_Rational:
                                return abs(oi.exp)

        raise NotImplementedError('not sure of order of %s' % o)

    def count_ops(self, visual=None):
        """wrapper for count_ops that returns the operation count."""
        from .function import count_ops
        return count_ops(self, visual)

    def args_cnc(self, cset=False, warn=True, split_1=True):
        """Return [commutative factors, non-commutative factors] of self.

        Explanation
        ===========

        self is treated as a Mul and the ordering of the factors is maintained.
        If ``cset`` is True the commutative factors will be returned in a set.
        If there were repeated factors (as may happen with an unevaluated Mul)
        then an error will be raised unless it is explicitly suppressed by
        setting ``warn`` to False.

        Note: -1 is always separated from a Number unless split_1 is False.

        Examples
        ========

        >>> from sympy import symbols, oo
        >>> A, B = symbols('A B', commutative=0)
        >>> x, y = symbols('x y')
        >>> (-2*x*y).args_cnc()
        [[-1, 2, x, y], []]
        >>> (-2.5*x).args_cnc()
        [[-1, 2.5, x], []]
        >>> (-2*x*A*B*y).args_cnc()
        [[-1, 2, x, y], [A, B]]
        >>> (-2*x*A*B*y).args_cnc(split_1=False)
        [[-2, x, y], [A, B]]
        >>> (-2*x*y).args_cnc(cset=True)
        [{-1, 2, x, y}, []]

        The arg is always treated as a Mul:

        >>> (-2 + x + A).args_cnc()
        [[], [x - 2 + A]]
        >>> (-oo).args_cnc() # -oo is a singleton
        [[-1, oo], []]
        """

        if self.is_Mul:
            args = list(self.args)
        else:
            args = [self]
        for i, mi in enumerate(args):
            if not mi.is_commutative:
                c = args[:i]
                nc = args[i:]
                break
        else:
            c = args
            nc = []

        if c and split_1 and (
            c[0].is_Number and
            c[0].is_extended_negative and
                c[0] is not S.NegativeOne):
            c[:1] = [S.NegativeOne, -c[0]]

        if cset:
            clen = len(c)
            c = set(c)
            if clen and warn and len(c) != clen:
                raise ValueError('repeated commutative arguments: %s' %
                                 [ci for ci in c if list(self.args).count(ci) > 1])
        return [c, nc]

    def coeff(self, x, n=1, right=False):
        """
        Returns the coefficient from the term(s) containing ``x**n``. If ``n``
        is zero then all terms independent of ``x`` will be returned.

        Explanation
        ===========

        When ``x`` is noncommutative, the coefficient to the left (default) or
        right of ``x`` can be returned. The keyword 'right' is ignored when
        ``x`` is commutative.

        Examples
        ========

        >>> from sympy import symbols
        >>> from sympy.abc import x, y, z

        You can select terms that have an explicit negative in front of them:

        >>> (-x + 2*y).coeff(-1)
        x
        >>> (x - 2*y).coeff(-1)
        2*y

        You can select terms with no Rational coefficient:

        >>> (x + 2*y).coeff(1)
        x
        >>> (3 + 2*x + 4*x**2).coeff(1)
        0

        You can select terms independent of x by making n=0; in this case
        expr.as_independent(x)[0] is returned (and 0 will be returned instead
        of None):

        >>> (3 + 2*x + 4*x**2).coeff(x, 0)
        3
        >>> eq = ((x + 1)**3).expand() + 1
        >>> eq
        x**3 + 3*x**2 + 3*x + 2
        >>> [eq.coeff(x, i) for i in reversed(range(4))]
        [1, 3, 3, 2]
        >>> eq -= 2
        >>> [eq.coeff(x, i) for i in reversed(range(4))]
        [1, 3, 3, 0]

        You can select terms that have a numerical term in front of them:

        >>> (-x - 2*y).coeff(2)
        -y
        >>> from sympy import sqrt
        >>> (x + sqrt(2)*x).coeff(sqrt(2))
        x

        The matching is exact:

        >>> (3 + 2*x + 4*x**2).coeff(x)
        2
        >>> (3 + 2*x + 4*x**2).coeff(x**2)
        4
        >>> (3 + 2*x + 4*x**2).coeff(x**3)
        0
        >>> (z*(x + y)**2).coeff((x + y)**2)
        z
        >>> (z*(x + y)**2).coeff(x + y)
        0

        In addition, no factoring is done, so 1 + z*(1 + y) is not obtained
        from the following:

        >>> (x + z*(x + x*y)).coeff(x)
        1

        If such factoring is desired, factor_terms can be used first:

        >>> from sympy import factor_terms
        >>> factor_terms(x + z*(x + x*y)).coeff(x)
        z*(y + 1) + 1

        >>> n, m, o = symbols('n m o', commutative=False)
        >>> n.coeff(n)
        1
        >>> (3*n).coeff(n)
        3
        >>> (n*m + m*n*m).coeff(n) # = (1 + m)*n*m
        1 + m
        >>> (n*m + m*n*m).coeff(n, right=True) # = (1 + m)*n*m
        m

        If there is more than one possible coefficient 0 is returned:

        >>> (n*m + m*n).coeff(n)
        0

        If there is only one possible coefficient, it is returned:

        >>> (n*m + x*m*n).coeff(m*n)
        x
        >>> (n*m + x*m*n).coeff(m*n, right=1)
        1

        See Also
        ========

        as_coefficient: separate the expression into a coefficient and factor
        as_coeff_Add: separate the additive constant from an expression
        as_coeff_Mul: separate the multiplicative constant from an expression
        as_independent: separate x-dependent terms/factors from others
        sympy.polys.polytools.Poly.coeff_monomial: efficiently find the single coefficient of a monomial in Poly
        sympy.polys.polytools.Poly.nth: like coeff_monomial but powers of monomial terms are used
        """
        x = sympify(x)
        if not isinstance(x, Basic):
            return S.Zero

        n = as_int(n)

        if not x:
            return S.Zero

        if x == self:
            if n == 1:
                return S.One
            return S.Zero

        if x is S.One:
            co = [a for a in Add.make_args(self)
                  if a.as_coeff_Mul()[0] is S.One]
            if not co:
                return S.Zero
            return Add(*co)

        if n == 0:
            if x.is_Add and self.is_Add:
                c = self.coeff(x, right=right)
                if not c:
                    return S.Zero
                if not right:
                    return self - Add(*[a*x for a in Add.make_args(c)])
                return self - Add(*[x*a for a in Add.make_args(c)])
            return self.as_independent(x, as_Add=True)[0]

        # continue with the full method, looking for this power of x:
        x = x**n

        def incommon(l1, l2):
            if not l1 or not l2:
                return []
            n = min(len(l1), len(l2))
            for i in range(n):
                if l1[i] != l2[i]:
                    return l1[:i]
            return l1[:]

        def find(l, sub, first=True):
            """ Find where list sub appears in list l. When ``first`` is True
            the first occurrence from the left is returned, else the last
            occurrence is returned. Return None if sub is not in l.

            Examples
            ========

            >> l = range(5)*2
            >> find(l, [2, 3])
            2
            >> find(l, [2, 3], first=0)
            7
            >> find(l, [2, 4])
            None

            """
            if not sub or not l or len(sub) > len(l):
                return None
            n = len(sub)
            if not first:
                l.reverse()
                sub.reverse()
            for i in range(0, len(l) - n + 1):
                if all(l[i + j] == sub[j] for j in range(n)):
                    break
            else:
                i = None
            if not first:
                l.reverse()
                sub.reverse()
            if i is not None and not first:
                i = len(l) - (i + n)
            return i

        co = []
        args = Add.make_args(self)
        self_c = self.is_commutative
        x_c = x.is_commutative
        if self_c and not x_c:
            return S.Zero

        one_c = self_c or x_c
        xargs, nx = x.args_cnc(cset=True, warn=bool(not x_c))
        # find the parts that pass the commutative terms
        for a in args:
            margs, nc = a.args_cnc(cset=True, warn=bool(not self_c))
            if nc is None:
                nc = []
            if len(xargs) > len(margs):
                continue
            resid = margs.difference(xargs)
            if len(resid) + len(xargs) == len(margs):
                if one_c:
                    co.append(Mul(*(list(resid) + nc)))
                else:
                    co.append((resid, nc))
        if one_c:
            if co == []:
                return S.Zero
            elif co:
                return Add(*co)
        else:  # both nc
            # now check the non-comm parts
            if not co:
                return S.Zero
            if all(n == co[0][1] for r, n in co):
                ii = find(co[0][1], nx, right)
                if ii is not None:
                    if not right:
                        return Mul(Add(*[Mul(*r) for r, c in co]), Mul(*co[0][1][:ii]))
                    else:
                        return Mul(*co[0][1][ii + len(nx):])
            beg = reduce(incommon, (n[1] for n in co))
            if beg:
                ii = find(beg, nx, right)
                if ii is not None:
                    if not right:
                        gcdc = co[0][0]
                        for i in range(1, len(co)):
                            gcdc = gcdc.intersection(co[i][0])
                            if not gcdc:
                                break
                        return Mul(*(list(gcdc) + beg[:ii]))
                    else:
                        m = ii + len(nx)
                        return Add(*[Mul(*(list(r) + n[m:])) for r, n in co])
            end = list(reversed(
                reduce(incommon, (list(reversed(n[1])) for n in co))))
            if end:
                ii = find(end, nx, right)
                if ii is not None:
                    if not right:
                        return Add(*[Mul(*(list(r) + n[:-len(end) + ii])) for r, n in co])
                    else:
                        return Mul(*end[ii + len(nx):])
            # look for single match
            hit = None
            for i, (r, n) in enumerate(co):
                ii = find(n, nx, right)
                if ii is not None:
                    if not hit:
                        hit = ii, r, n
                    else:
                        break
            else:
                if hit:
                    ii, r, n = hit
                    if not right:
                        return Mul(*(list(r) + n[:ii]))
                    else:
                        return Mul(*n[ii + len(nx):])

            return S.Zero

    def as_expr(self, *gens):
        """
        Convert a polynomial to a SymPy expression.

        Examples
        ========

        >>> from sympy import sin
        >>> from sympy.abc import x, y

        >>> f = (x**2 + x*y).as_poly(x, y)
        >>> f.as_expr()
        x**2 + x*y

        >>> sin(x).as_expr()
        sin(x)

        """
        return self

    def as_coefficient(self, expr):
        """
        Extracts symbolic coefficient at the given expression. In
        other words, this functions separates 'self' into the product
        of 'expr' and 'expr'-free coefficient. If such separation
        is not possible it will return None.

        Examples
        ========

        >>> from sympy import E, pi, sin, I, Poly
        >>> from sympy.abc import x

        >>> E.as_coefficient(E)
        1
        >>> (2*E).as_coefficient(E)
        2
        >>> (2*sin(E)*E).as_coefficient(E)

        Two terms have E in them so a sum is returned. (If one were
        desiring the coefficient of the term exactly matching E then
        the constant from the returned expression could be selected.
        Or, for greater precision, a method of Poly can be used to
        indicate the desired term from which the coefficient is
        desired.)

        >>> (2*E + x*E).as_coefficient(E)
        x + 2
        >>> _.args[0]  # just want the exact match
        2
        >>> p = Poly(2*E + x*E); p
        Poly(x*E + 2*E, x, E, domain='ZZ')
        >>> p.coeff_monomial(E)
        2
        >>> p.nth(0, 1)
        2

        Since the following cannot be written as a product containing
        E as a factor, None is returned. (If the coefficient ``2*x`` is
        desired then the ``coeff`` method should be used.)

        >>> (2*E*x + x).as_coefficient(E)
        >>> (2*E*x + x).coeff(E)
        2*x

        >>> (E*(x + 1) + x).as_coefficient(E)

        >>> (2*pi*I).as_coefficient(pi*I)
        2
        >>> (2*I).as_coefficient(pi*I)

        See Also
        ========

        coeff: return sum of terms have a given factor
        as_coeff_Add: separate the additive constant from an expression
        as_coeff_Mul: separate the multiplicative constant from an expression
        as_independent: separate x-dependent terms/factors from others
        sympy.polys.polytools.Poly.coeff_monomial: efficiently find the single coefficient of a monomial in Poly
        sympy.polys.polytools.Poly.nth: like coeff_monomial but powers of monomial terms are used


        """

        r = self.extract_multiplicatively(expr)
        if r and not r.has(expr):
            return r

    def as_independent(self, *deps, **hint):
        """
        A mostly naive separation of a Mul or Add into arguments that are not
        are dependent on deps. To obtain as complete a separation of variables
        as possible, use a separation method first, e.g.:

        * separatevars() to change Mul, Add and Pow (including exp) into Mul
        * .expand(mul=True) to change Add or Mul into Add
        * .expand(log=True) to change log expr into an Add

        The only non-naive thing that is done here is to respect noncommutative
        ordering of variables and to always return (0, 0) for `self` of zero
        regardless of hints.

        For nonzero `self`, the returned tuple (i, d) has the
        following interpretation:

        * i will has no variable that appears in deps
        * d will either have terms that contain variables that are in deps, or
          be equal to 0 (when self is an Add) or 1 (when self is a Mul)
        * if self is an Add then self = i + d
        * if self is a Mul then self = i*d
        * otherwise (self, S.One) or (S.One, self) is returned.

        To force the expression to be treated as an Add, use the hint as_Add=True

        Examples
        ========

        -- self is an Add

        >>> from sympy import sin, cos, exp
        >>> from sympy.abc import x, y, z

        >>> (x + x*y).as_independent(x)
        (0, x*y + x)
        >>> (x + x*y).as_independent(y)
        (x, x*y)
        >>> (2*x*sin(x) + y + x + z).as_independent(x)
        (y + z, 2*x*sin(x) + x)
        >>> (2*x*sin(x) + y + x + z).as_independent(x, y)
        (z, 2*x*sin(x) + x + y)

        -- self is a Mul

        >>> (x*sin(x)*cos(y)).as_independent(x)
        (cos(y), x*sin(x))

        non-commutative terms cannot always be separated out when self is a Mul

        >>> from sympy import symbols
        >>> n1, n2, n3 = symbols('n1 n2 n3', commutative=False)
        >>> (n1 + n1*n2).as_independent(n2)
        (n1, n1*n2)
        >>> (n2*n1 + n1*n2).as_independent(n2)
        (0, n1*n2 + n2*n1)
        >>> (n1*n2*n3).as_independent(n1)
        (1, n1*n2*n3)
        >>> (n1*n2*n3).as_independent(n2)
        (n1, n2*n3)
        >>> ((x-n1)*(x-y)).as_independent(x)
        (1, (x - y)*(x - n1))

        -- self is anything else:

        >>> (sin(x)).as_independent(x)
        (1, sin(x))
        >>> (sin(x)).as_independent(y)
        (sin(x), 1)
        >>> exp(x+y).as_independent(x)
        (1, exp(x + y))

        -- force self to be treated as an Add:

        >>> (3*x).as_independent(x, as_Add=True)
        (0, 3*x)

        -- force self to be treated as a Mul:

        >>> (3+x).as_independent(x, as_Add=False)
        (1, x + 3)
        >>> (-3+x).as_independent(x, as_Add=False)
        (1, x - 3)

        Note how the below differs from the above in making the
        constant on the dep term positive.

        >>> (y*(-3+x)).as_independent(x)
        (y, x - 3)

        -- use .as_independent() for true independence testing instead
           of .has(). The former considers only symbols in the free
           symbols while the latter considers all symbols

        >>> from sympy import Integral
        >>> I = Integral(x, (x, 1, 2))
        >>> I.has(x)
        True
        >>> x in I.free_symbols
        False
        >>> I.as_independent(x) == (I, 1)
        True
        >>> (I + x).as_independent(x) == (I, x)
        True

        Note: when trying to get independent terms, a separation method
        might need to be used first. In this case, it is important to keep
        track of what you send to this routine so you know how to interpret
        the returned values

        >>> from sympy import separatevars, log
        >>> separatevars(exp(x+y)).as_independent(x)
        (exp(y), exp(x))
        >>> (x + x*y).as_independent(y)
        (x, x*y)
        >>> separatevars(x + x*y).as_independent(y)
        (x, y + 1)
        >>> (x*(1 + y)).as_independent(y)
        (x, y + 1)
        >>> (x*(1 + y)).expand(mul=True).as_independent(y)
        (x, x*y)
        >>> a, b=symbols('a b', positive=True)
        >>> (log(a*b).expand(log=True)).as_independent(b)
        (log(a), log(b))

        See Also
        ========
        .separatevars(), .expand(log=True), sympy.core.add.Add.as_two_terms(),
        sympy.core.mul.Mul.as_two_terms(), .as_coeff_add(), .as_coeff_mul()
        """
        from .symbol import Symbol
        from .add import _unevaluated_Add
        from .mul import _unevaluated_Mul
        from sympy.utilities.iterables import sift

        if self.is_zero:
            return S.Zero, S.Zero

        func = self.func
        if hint.get('as_Add', isinstance(self, Add) ):
            want = Add
        else:
            want = Mul

        # sift out deps into symbolic and other and ignore
        # all symbols but those that are in the free symbols
        sym = set()
        other = []
        for d in deps:
            if isinstance(d, Symbol):  # Symbol.is_Symbol is True
                sym.add(d)
            else:
                other.append(d)

        def has(e):
            """return the standard has() if there are no literal symbols, else
            check to see that symbol-deps are in the free symbols."""
            has_other = e.has(*other)
            if not sym:
                return has_other
            return has_other or e.has(*(e.free_symbols & sym))

        if (want is not func or
                func is not Add and func is not Mul):
            if has(self):
                return (want.identity, self)
            else:
                return (self, want.identity)
        else:
            if func is Add:
                args = list(self.args)
            else:
                args, nc = self.args_cnc()

        d = sift(args, lambda x: has(x))
        depend = d[True]
        indep = d[False]
        if func is Add:  # all terms were treated as commutative
            return (Add(*indep), _unevaluated_Add(*depend))
        else:  # handle noncommutative by stopping at first dependent term
            for i, n in enumerate(nc):
                if has(n):
                    depend.extend(nc[i:])
                    break
                indep.append(n)
            return Mul(*indep), (
                Mul(*depend, evaluate=False) if nc else
                _unevaluated_Mul(*depend))

    def as_real_imag(self, deep=True, **hints):
        """Performs complex expansion on 'self' and returns a tuple
           containing collected both real and imaginary parts. This
           method can't be confused with re() and im() functions,
           which does not perform complex expansion at evaluation.

           However it is possible to expand both re() and im()
           functions and get exactly the same results as with
           a single call to this function.

           >>> from sympy import symbols, I

           >>> x, y = symbols('x,y', real=True)

           >>> (x + y*I).as_real_imag()
           (x, y)

           >>> from sympy.abc import z, w

           >>> (z + w*I).as_real_imag()
           (re(z) - im(w), re(w) + im(z))

        """
        from sympy import im, re
        if hints.get('ignore') == self:
            return None
        else:
            return (re(self), im(self))

    def as_powers_dict(self):
        """Return self as a dictionary of factors with each factor being
        treated as a power. The keys are the bases of the factors and the
        values, the corresponding exponents. The resulting dictionary should
        be used with caution if the expression is a Mul and contains non-
        commutative factors since the order that they appeared will be lost in
        the dictionary.

        See Also
        ========
        as_ordered_factors: An alternative for noncommutative applications,
                            returning an ordered list of factors.
        args_cnc: Similar to as_ordered_factors, but guarantees separation
                  of commutative and noncommutative factors.
        """
        d = defaultdict(int)
        d.update(dict([self.as_base_exp()]))
        return d

    def as_coefficients_dict(self):
        """Return a dictionary mapping terms to their Rational coefficient.
        Since the dictionary is a defaultdict, inquiries about terms which
        were not present will return a coefficient of 0. If an expression is
        not an Add it is considered to have a single term.

        Examples
        ========

        >>> from sympy.abc import a, x
        >>> (3*x + a*x + 4).as_coefficients_dict()
        {1: 4, x: 3, a*x: 1}
        >>> _[a]
        0
        >>> (3*a*x).as_coefficients_dict()
        {a*x: 3}

        """
        c, m = self.as_coeff_Mul()
        if not c.is_Rational:
            c = S.One
            m = self
        d = defaultdict(int)
        d.update({m: c})
        return d

    def as_base_exp(self):
        # a -> b ** e
        return self, S.One

    def as_coeff_mul(self, *deps, **kwargs):
        """Return the tuple (c, args) where self is written as a Mul, ``m``.

        c should be a Rational multiplied by any factors of the Mul that are
        independent of deps.

        args should be a tuple of all other factors of m; args is empty
        if self is a Number or if self is independent of deps (when given).

        This should be used when you don't know if self is a Mul or not but
        you want to treat self as a Mul or if you want to process the
        individual arguments of the tail of self as a Mul.

        - if you know self is a Mul and want only the head, use self.args[0];
        - if you don't want to process the arguments of the tail but need the
          tail then use self.as_two_terms() which gives the head and tail;
        - if you want to split self into an independent and dependent parts
          use ``self.as_independent(*deps)``

        >>> from sympy import S
        >>> from sympy.abc import x, y
        >>> (S(3)).as_coeff_mul()
        (3, ())
        >>> (3*x*y).as_coeff_mul()
        (3, (x, y))
        >>> (3*x*y).as_coeff_mul(x)
        (3*y, (x,))
        >>> (3*y).as_coeff_mul(x)
        (3*y, ())
        """
        if deps:
            if not self.has(*deps):
                return self, tuple()
        return S.One, (self,)

    def as_coeff_add(self, *deps):
        """Return the tuple (c, args) where self is written as an Add, ``a``.

        c should be a Rational added to any terms of the Add that are
        independent of deps.

        args should be a tuple of all other terms of ``a``; args is empty
        if self is a Number or if self is independent of deps (when given).

        This should be used when you don't know if self is an Add or not but
        you want to treat self as an Add or if you want to process the
        individual arguments of the tail of self as an Add.

        - if you know self is an Add and want only the head, use self.args[0];
        - if you don't want to process the arguments of the tail but need the
          tail then use self.as_two_terms() which gives the head and tail.
        - if you want to split self into an independent and dependent parts
          use ``self.as_independent(*deps)``

        >>> from sympy import S
        >>> from sympy.abc import x, y
        >>> (S(3)).as_coeff_add()
        (3, ())
        >>> (3 + x).as_coeff_add()
        (3, (x,))
        >>> (3 + x + y).as_coeff_add(x)
        (y + 3, (x,))
        >>> (3 + y).as_coeff_add(x)
        (y + 3, ())

        """
        if deps:
            if not self.has(*deps):
                return self, tuple()
        return S.Zero, (self,)

    def primitive(self):
        """Return the positive Rational that can be extracted non-recursively
        from every term of self (i.e., self is treated like an Add). This is
        like the as_coeff_Mul() method but primitive always extracts a positive
        Rational (never a negative or a Float).

        Examples
        ========

        >>> from sympy.abc import x
        >>> (3*(x + 1)**2).primitive()
        (3, (x + 1)**2)
        >>> a = (6*x + 2); a.primitive()
        (2, 3*x + 1)
        >>> b = (x/2 + 3); b.primitive()
        (1/2, x + 6)
        >>> (a*b).primitive() == (1, a*b)
        True
        """
        if not self:
            return S.One, S.Zero
        c, r = self.as_coeff_Mul(rational=True)
        if c.is_negative:
            c, r = -c, -r
        return c, r

    def as_content_primitive(self, radical=False, clear=True):
        """This method should recursively remove a Rational from all arguments
        and return that (content) and the new self (primitive). The content
        should always be positive and ``Mul(*foo.as_content_primitive()) == foo``.
        The primitive need not be in canonical form and should try to preserve
        the underlying structure if possible (i.e. expand_mul should not be
        applied to self).

        Examples
        ========

        >>> from sympy import sqrt
        >>> from sympy.abc import x, y, z

        >>> eq = 2 + 2*x + 2*y*(3 + 3*y)

        The as_content_primitive function is recursive and retains structure:

        >>> eq.as_content_primitive()
        (2, x + 3*y*(y + 1) + 1)

        Integer powers will have Rationals extracted from the base:

        >>> ((2 + 6*x)**2).as_content_primitive()
        (4, (3*x + 1)**2)
        >>> ((2 + 6*x)**(2*y)).as_content_primitive()
        (1, (2*(3*x + 1))**(2*y))

        Terms may end up joining once their as_content_primitives are added:

        >>> ((5*(x*(1 + y)) + 2*x*(3 + 3*y))).as_content_primitive()
        (11, x*(y + 1))
        >>> ((3*(x*(1 + y)) + 2*x*(3 + 3*y))).as_content_primitive()
        (9, x*(y + 1))
        >>> ((3*(z*(1 + y)) + 2.0*x*(3 + 3*y))).as_content_primitive()
        (1, 6.0*x*(y + 1) + 3*z*(y + 1))
        >>> ((5*(x*(1 + y)) + 2*x*(3 + 3*y))**2).as_content_primitive()
        (121, x**2*(y + 1)**2)
        >>> ((x*(1 + y) + 0.4*x*(3 + 3*y))**2).as_content_primitive()
        (1, 4.84*x**2*(y + 1)**2)

        Radical content can also be factored out of the primitive:

        >>> (2*sqrt(2) + 4*sqrt(10)).as_content_primitive(radical=True)
        (2, sqrt(2)*(1 + 2*sqrt(5)))

        If clear=False (default is True) then content will not be removed
        from an Add if it can be distributed to leave one or more
        terms with integer coefficients.

        >>> (x/2 + y).as_content_primitive()
        (1/2, x + 2*y)
        >>> (x/2 + y).as_content_primitive(clear=False)
        (1, x/2 + y)
        """
        return S.One, self

    def as_numer_denom(self):
        """ expression -> a/b -> a, b

        This is just a stub that should be defined by
        an object's class methods to get anything else.

        See Also
        ========

        normal: return ``a/b`` instead of ``(a, b)``

        """
        return self, S.One

    def normal(self):
        """ expression -> a/b

        See Also
        ========

        as_numer_denom: return ``(a, b)`` instead of ``a/b``

        """
        from .mul import _unevaluated_Mul
        n, d = self.as_numer_denom()
        if d is S.One:
            return n
        if d.is_Number:
            return _unevaluated_Mul(n, 1/d)
        else:
            return n/d

    def extract_multiplicatively(self, c):
        """Return None if it's not possible to make self in the form
           c * something in a nice way, i.e. preserving the properties
           of arguments of self.

           Examples
           ========

           >>> from sympy import symbols, Rational

           >>> x, y = symbols('x,y', real=True)

           >>> ((x*y)**3).extract_multiplicatively(x**2 * y)
           x*y**2

           >>> ((x*y)**3).extract_multiplicatively(x**4 * y)

           >>> (2*x).extract_multiplicatively(2)
           x

           >>> (2*x).extract_multiplicatively(3)

           >>> (Rational(1, 2)*x).extract_multiplicatively(3)
           x/6

        """
        from .add import _unevaluated_Add
        c = sympify(c)
        if self is S.NaN:
            return None
        if c is S.One:
            return self
        elif c == self:
            return S.One

        if c.is_Add:
            cc, pc = c.primitive()
            if cc is not S.One:
                c = Mul(cc, pc, evaluate=False)

        if c.is_Mul:
            a, b = c.as_two_terms()
            x = self.extract_multiplicatively(a)
            if x is not None:
                return x.extract_multiplicatively(b)
            else:
                return x

        quotient = self / c
        if self.is_Number:
            if self is S.Infinity:
                if c.is_positive:
                    return S.Infinity
            elif self is S.NegativeInfinity:
                if c.is_negative:
                    return S.Infinity
                elif c.is_positive:
                    return S.NegativeInfinity
            elif self is S.ComplexInfinity:
                if not c.is_zero:
                    return S.ComplexInfinity
            elif self.is_Integer:
                if not quotient.is_Integer:
                    return None
                elif self.is_positive and quotient.is_negative:
                    return None
                else:
                    return quotient
            elif self.is_Rational:
                if not quotient.is_Rational:
                    return None
                elif self.is_positive and quotient.is_negative:
                    return None
                else:
                    return quotient
            elif self.is_Float:
                if not quotient.is_Float:
                    return None
                elif self.is_positive and quotient.is_negative:
                    return None
                else:
                    return quotient
        elif self.is_NumberSymbol or self.is_Symbol or self is S.ImaginaryUnit:
            if quotient.is_Mul and len(quotient.args) == 2:
                if quotient.args[0].is_Integer and quotient.args[0].is_positive and quotient.args[1] == self:
                    return quotient
            elif quotient.is_Integer and c.is_Number:
                return quotient
        elif self.is_Add:
            cs, ps = self.primitive()
            # assert cs >= 1
            if c.is_Number and c is not S.NegativeOne:
                # assert c != 1 (handled at top)
                if cs is not S.One:
                    if c.is_negative:
                        xc = -(cs.extract_multiplicatively(-c))
                    else:
                        xc = cs.extract_multiplicatively(c)
                    if xc is not None:
                        return xc*ps  # rely on 2-arg Mul to restore Add
                return  # |c| != 1 can only be extracted from cs
            if c == ps:
                return cs
            # check args of ps
            newargs = []
            for arg in ps.args:
                newarg = arg.extract_multiplicatively(c)
                if newarg is None:
                    return  # all or nothing
                newargs.append(newarg)
            if cs is not S.One:
                args = [cs*t for t in newargs]
                # args may be in different order
                return _unevaluated_Add(*args)
            else:
                return Add._from_args(newargs)
        elif self.is_Mul:
            args = list(self.args)
            for i, arg in enumerate(args):
                newarg = arg.extract_multiplicatively(c)
                if newarg is not None:
                    args[i] = newarg
                    return Mul(*args)
        elif self.is_Pow:
            if c.is_Pow and c.base == self.base:
                new_exp = self.exp.extract_additively(c.exp)
                if new_exp is not None:
                    return self.base ** (new_exp)
            elif c == self.base:
                new_exp = self.exp.extract_additively(1)
                if new_exp is not None:
                    return self.base ** (new_exp)

    def extract_additively(self, c):
        """Return self - c if it's possible to subtract c from self and
        make all matching coefficients move towards zero, else return None.

        Examples
        ========

        >>> from sympy.abc import x, y
        >>> e = 2*x + 3
        >>> e.extract_additively(x + 1)
        x + 2
        >>> e.extract_additively(3*x)
        >>> e.extract_additively(4)
        >>> (y*(x + 1)).extract_additively(x + 1)
        >>> ((x + 1)*(x + 2*y + 1) + 3).extract_additively(x + 1)
        (x + 1)*(x + 2*y) + 3

        Sometimes auto-expansion will return a less simplified result
        than desired; gcd_terms might be used in such cases:

        >>> from sympy import gcd_terms
        >>> (4*x*(y + 1) + y).extract_additively(x)
        4*x*(y + 1) + x*(4*y + 3) - x*(4*y + 4) + y
        >>> gcd_terms(_)
        x*(4*y + 3) + y

        See Also
        ========
        extract_multiplicatively
        coeff
        as_coefficient

        """

        c = sympify(c)
        if self is S.NaN:
            return None
        if c.is_zero:
            return self
        elif c == self:
            return S.Zero
        elif self == S.Zero:
            return None

        if self.is_Number:
            if not c.is_Number:
                return None
            co = self
            diff = co - c
            # XXX should we match types? i.e should 3 - .1 succeed?
            if (co > 0 and diff > 0 and diff < co or
                    co < 0 and diff < 0 and diff > co):
                return diff
            return None

        if c.is_Number:
            co, t = self.as_coeff_Add()
            xa = co.extract_additively(c)
            if xa is None:
                return None
            return xa + t

        # handle the args[0].is_Number case separately
        # since we will have trouble looking for the coeff of
        # a number.
        if c.is_Add and c.args[0].is_Number:
            # whole term as a term factor
            co = self.coeff(c)
            xa0 = (co.extract_additively(1) or 0)*c
            if xa0:
                diff = self - co*c
                return (xa0 + (diff.extract_additively(c) or diff)) or None
            # term-wise
            h, t = c.as_coeff_Add()
            sh, st = self.as_coeff_Add()
            xa = sh.extract_additively(h)
            if xa is None:
                return None
            xa2 = st.extract_additively(t)
            if xa2 is None:
                return None
            return xa + xa2

        # whole term as a term factor
        co = self.coeff(c)
        xa0 = (co.extract_additively(1) or 0)*c
        if xa0:
            diff = self - co*c
            return (xa0 + (diff.extract_additively(c) or diff)) or None
        # term-wise
        coeffs = []
        for a in Add.make_args(c):
            ac, at = a.as_coeff_Mul()
            co = self.coeff(at)
            if not co:
                return None
            coc, cot = co.as_coeff_Add()
            xa = coc.extract_additively(ac)
            if xa is None:
                return None
            self -= co*at
            coeffs.append((cot + xa)*at)
        coeffs.append(self)
        return Add(*coeffs)

    @property
    def expr_free_symbols(self):
        """
        Like ``free_symbols``, but returns the free symbols only if they are contained in an expression node.

        Examples
        ========

        >>> from sympy.abc import x, y
        >>> (x + y).expr_free_symbols
        {x, y}

        If the expression is contained in a non-expression object, don't return
        the free symbols. Compare:

        >>> from sympy import Tuple
        >>> t = Tuple(x + y)
        >>> t.expr_free_symbols
        set()
        >>> t.free_symbols
        {x, y}
        """
        return {j for i in self.args for j in i.expr_free_symbols}

    def could_extract_minus_sign(self):
        """Return True if self is not in a canonical form with respect
        to its sign.

        For most expressions, e, there will be a difference in e and -e.
        When there is, True will be returned for one and False for the
        other; False will be returned if there is no difference.

        Examples
        ========

        >>> from sympy.abc import x, y
        >>> e = x - y
        >>> {i.could_extract_minus_sign() for i in (e, -e)}
        {False, True}

        """
        negative_self = -self
        if self == negative_self:
            return False  # e.g. zoo*x == -zoo*x
        self_has_minus = (self.extract_multiplicatively(-1) is not None)
        negative_self_has_minus = (
            (negative_self).extract_multiplicatively(-1) is not None)
        if self_has_minus != negative_self_has_minus:
            return self_has_minus
        else:
            if self.is_Add:
                # We choose the one with less arguments with minus signs
                all_args = len(self.args)
                negative_args = len([False for arg in self.args if arg.could_extract_minus_sign()])
                positive_args = all_args - negative_args
                if positive_args > negative_args:
                    return False
                elif positive_args < negative_args:
                    return True
            elif self.is_Mul:
                # We choose the one with an odd number of minus signs
                num, den = self.as_numer_denom()
                args = Mul.make_args(num) + Mul.make_args(den)
                arg_signs = [arg.could_extract_minus_sign() for arg in args]
                negative_args = list(filter(None, arg_signs))
                return len(negative_args) % 2 == 1

            # As a last resort, we choose the one with greater value of .sort_key()
            return bool(self.sort_key() < negative_self.sort_key())

    def extract_branch_factor(self, allow_half=False):
        """
        Try to write self as ``exp_polar(2*pi*I*n)*z`` in a nice way.
        Return (z, n).

        >>> from sympy import exp_polar, I, pi
        >>> from sympy.abc import x, y
        >>> exp_polar(I*pi).extract_branch_factor()
        (exp_polar(I*pi), 0)
        >>> exp_polar(2*I*pi).extract_branch_factor()
        (1, 1)
        >>> exp_polar(-pi*I).extract_branch_factor()
        (exp_polar(I*pi), -1)
        >>> exp_polar(3*pi*I + x).extract_branch_factor()
        (exp_polar(x + I*pi), 1)
        >>> (y*exp_polar(-5*pi*I)*exp_polar(3*pi*I + 2*pi*x)).extract_branch_factor()
        (y*exp_polar(2*pi*x), -1)
        >>> exp_polar(-I*pi/2).extract_branch_factor()
        (exp_polar(-I*pi/2), 0)

        If allow_half is True, also extract exp_polar(I*pi):

        >>> exp_polar(I*pi).extract_branch_factor(allow_half=True)
        (1, 1/2)
        >>> exp_polar(2*I*pi).extract_branch_factor(allow_half=True)
        (1, 1)
        >>> exp_polar(3*I*pi).extract_branch_factor(allow_half=True)
        (1, 3/2)
        >>> exp_polar(-I*pi).extract_branch_factor(allow_half=True)
        (1, -1/2)
        """
        from sympy import exp_polar, pi, I, ceiling, Add
        n = S.Zero
        res = S.One
        args = Mul.make_args(self)
        exps = []
        for arg in args:
            if isinstance(arg, exp_polar):
                exps += [arg.exp]
            else:
                res *= arg
        piimult = S.Zero
        extras = []
        while exps:
            exp = exps.pop()
            if exp.is_Add:
                exps += exp.args
                continue
            if exp.is_Mul:
                coeff = exp.as_coefficient(pi*I)
                if coeff is not None:
                    piimult += coeff
                    continue
            extras += [exp]
        if piimult.is_number:
            coeff = piimult
            tail = ()
        else:
            coeff, tail = piimult.as_coeff_add(*piimult.free_symbols)
        # round down to nearest multiple of 2
        branchfact = ceiling(coeff/2 - S.Half)*2
        n += branchfact/2
        c = coeff - branchfact
        if allow_half:
            nc = c.extract_additively(1)
            if nc is not None:
                n += S.Half
                c = nc
        newexp = pi*I*Add(*((c, ) + tail)) + Add(*extras)
        if newexp != 0:
            res *= exp_polar(newexp)
        return res, n

    def _eval_is_polynomial(self, syms):
        if self.free_symbols.intersection(syms) == set():
            return True
        return False

    def is_polynomial(self, *syms):
        r"""
        Return True if self is a polynomial in syms and False otherwise.

        This checks if self is an exact polynomial in syms.  This function
        returns False for expressions that are "polynomials" with symbolic
        exponents.  Thus, you should be able to apply polynomial algorithms to
        expressions for which this returns True, and Poly(expr, \*syms) should
        work if and only if expr.is_polynomial(\*syms) returns True. The
        polynomial does not have to be in expanded form.  If no symbols are
        given, all free symbols in the expression will be used.

        This is not part of the assumptions system.  You cannot do
        Symbol('z', polynomial=True).

        Examples
        ========

        >>> from sympy import Symbol
        >>> x = Symbol('x')
        >>> ((x**2 + 1)**4).is_polynomial(x)
        True
        >>> ((x**2 + 1)**4).is_polynomial()
        True
        >>> (2**x + 1).is_polynomial(x)
        False


        >>> n = Symbol('n', nonnegative=True, integer=True)
        >>> (x**n + 1).is_polynomial(x)
        False

        This function does not attempt any nontrivial simplifications that may
        result in an expression that does not appear to be a polynomial to
        become one.

        >>> from sympy import sqrt, factor, cancel
        >>> y = Symbol('y', positive=True)
        >>> a = sqrt(y**2 + 2*y + 1)
        >>> a.is_polynomial(y)
        False
        >>> factor(a)
        y + 1
        >>> factor(a).is_polynomial(y)
        True

        >>> b = (y**2 + 2*y + 1)/(y + 1)
        >>> b.is_polynomial(y)
        False
        >>> cancel(b)
        y + 1
        >>> cancel(b).is_polynomial(y)
        True

        See also .is_rational_function()

        """
        if syms:
            syms = set(map(sympify, syms))
        else:
            syms = self.free_symbols

        if syms.intersection(self.free_symbols) == set():
            # constant polynomial
            return True
        else:
            return self._eval_is_polynomial(syms)

    def _eval_is_rational_function(self, syms):
        if self.free_symbols.intersection(syms) == set():
            return True
        return False

    def is_rational_function(self, *syms):
        """
        Test whether function is a ratio of two polynomials in the given
        symbols, syms. When syms is not given, all free symbols will be used.
        The rational function does not have to be in expanded or in any kind of
        canonical form.

        This function returns False for expressions that are "rational
        functions" with symbolic exponents.  Thus, you should be able to call
        .as_numer_denom() and apply polynomial algorithms to the result for
        expressions for which this returns True.

        This is not part of the assumptions system.  You cannot do
        Symbol('z', rational_function=True).

        Examples
        ========

        >>> from sympy import Symbol, sin
        >>> from sympy.abc import x, y

        >>> (x/y).is_rational_function()
        True

        >>> (x**2).is_rational_function()
        True

        >>> (x/sin(y)).is_rational_function(y)
        False

        >>> n = Symbol('n', integer=True)
        >>> (x**n + 1).is_rational_function(x)
        False

        This function does not attempt any nontrivial simplifications that may
        result in an expression that does not appear to be a rational function
        to become one.

        >>> from sympy import sqrt, factor
        >>> y = Symbol('y', positive=True)
        >>> a = sqrt(y**2 + 2*y + 1)/y
        >>> a.is_rational_function(y)
        False
        >>> factor(a)
        (y + 1)/y
        >>> factor(a).is_rational_function(y)
        True

        See also is_algebraic_expr().

        """
        if self in [S.NaN, S.Infinity, S.NegativeInfinity, S.ComplexInfinity]:
            return False

        if syms:
            syms = set(map(sympify, syms))
        else:
            syms = self.free_symbols

        if syms.intersection(self.free_symbols) == set():
            # constant rational function
            return True
        else:
            return self._eval_is_rational_function(syms)

    def _eval_is_meromorphic(self, x, a):
        # Default implementation, return True for constants.
        return None if self.has(x) else True

    def is_meromorphic(self, x, a):
        """
        This tests whether an expression is meromorphic as
        a function of the given symbol ``x`` at the point ``a``.

        This method is intended as a quick test that will return
        None if no decision can be made without simplification or
        more detailed analysis.

        Examples
        ========

        >>> from sympy import zoo, log, sin, sqrt
        >>> from sympy.abc import x

        >>> f = 1/x**2 + 1 - 2*x**3
        >>> f.is_meromorphic(x, 0)
        True
        >>> f.is_meromorphic(x, 1)
        True
        >>> f.is_meromorphic(x, zoo)
        True

        >>> g = x**log(3)
        >>> g.is_meromorphic(x, 0)
        False
        >>> g.is_meromorphic(x, 1)
        True
        >>> g.is_meromorphic(x, zoo)
        False

        >>> h = sin(1/x)*x**2
        >>> h.is_meromorphic(x, 0)
        False
        >>> h.is_meromorphic(x, 1)
        True
        >>> h.is_meromorphic(x, zoo)
        True

        Multivalued functions are considered meromorphic when their
        branches are meromorphic. Thus most functions are meromorphic
        everywhere except at essential singularities and branch points.
        In particular, they will be meromorphic also on branch cuts
        except at their endpoints.

        >>> log(x).is_meromorphic(x, -1)
        True
        >>> log(x).is_meromorphic(x, 0)
        False
        >>> sqrt(x).is_meromorphic(x, -1)
        True
        >>> sqrt(x).is_meromorphic(x, 0)
        False

        """
        if not x.is_symbol:
            raise TypeError("{} should be of symbol type".format(x))
        a = sympify(a)

        return self._eval_is_meromorphic(x, a)

    def _eval_is_algebraic_expr(self, syms):
        if self.free_symbols.intersection(syms) == set():
            return True
        return False

    def is_algebraic_expr(self, *syms):
        """
        This tests whether a given expression is algebraic or not, in the
        given symbols, syms. When syms is not given, all free symbols
        will be used. The rational function does not have to be in expanded
        or in any kind of canonical form.

        This function returns False for expressions that are "algebraic
        expressions" with symbolic exponents. This is a simple extension to the
        is_rational_function, including rational exponentiation.

        Examples
        ========

        >>> from sympy import Symbol, sqrt
        >>> x = Symbol('x', real=True)
        >>> sqrt(1 + x).is_rational_function()
        False
        >>> sqrt(1 + x).is_algebraic_expr()
        True

        This function does not attempt any nontrivial simplifications that may
        result in an expression that does not appear to be an algebraic
        expression to become one.

        >>> from sympy import exp, factor
        >>> a = sqrt(exp(x)**2 + 2*exp(x) + 1)/(exp(x) + 1)
        >>> a.is_algebraic_expr(x)
        False
        >>> factor(a).is_algebraic_expr()
        True

        See Also
        ========
        is_rational_function()

        References
        ==========

        - https://en.wikipedia.org/wiki/Algebraic_expression

        """
        if syms:
            syms = set(map(sympify, syms))
        else:
            syms = self.free_symbols

        if syms.intersection(self.free_symbols) == set():
            # constant algebraic expression
            return True
        else:
            return self._eval_is_algebraic_expr(syms)

    ###################################################################################
    ##################### SERIES, LEADING TERM, LIMIT, ORDER METHODS ##################
    ###################################################################################

    def series(self, x=None, x0=0, n=6, dir="+", logx=None, cdir=0):
        """
        Series expansion of "self" around ``x = x0`` yielding either terms of
        the series one by one (the lazy series given when n=None), else
        all the terms at once when n != None.

        Returns the series expansion of "self" around the point ``x = x0``
        with respect to ``x`` up to ``O((x - x0)**n, x, x0)`` (default n is 6).

        If ``x=None`` and ``self`` is univariate, the univariate symbol will
        be supplied, otherwise an error will be raised.

        Parameters
        ==========

        expr : Expression
               The expression whose series is to be expanded.

        x : Symbol
            It is the variable of the expression to be calculated.

        x0 : Value
             The value around which ``x`` is calculated. Can be any value
             from ``-oo`` to ``oo``.

        n : Value
            The number of terms upto which the series is to be expanded.

        dir : String, optional
              The series-expansion can be bi-directional. If ``dir="+"``,
              then (x->x0+). If ``dir="-", then (x->x0-). For infinite
              ``x0`` (``oo`` or ``-oo``), the ``dir`` argument is determined
              from the direction of the infinity (i.e., ``dir="-"`` for
              ``oo``).

        logx : optional
               It is used to replace any log(x) in the returned series with a
               symbolic value rather than evaluating the actual value.

        cdir : optional
               It stands for complex direction, and indicates the direction
               from which the expansion needs to be evaluated.

        Examples
        ========

        >>> from sympy import cos, exp, tan
        >>> from sympy.abc import x, y
        >>> cos(x).series()
        1 - x**2/2 + x**4/24 + O(x**6)
        >>> cos(x).series(n=4)
        1 - x**2/2 + O(x**4)
        >>> cos(x).series(x, x0=1, n=2)
        cos(1) - (x - 1)*sin(1) + O((x - 1)**2, (x, 1))
        >>> e = cos(x + exp(y))
        >>> e.series(y, n=2)
        cos(x + 1) - y*sin(x + 1) + O(y**2)
        >>> e.series(x, n=2)
        cos(exp(y)) - x*sin(exp(y)) + O(x**2)

        If ``n=None`` then a generator of the series terms will be returned.

        >>> term=cos(x).series(n=None)
        >>> [next(term) for i in range(2)]
        [1, -x**2/2]

        For ``dir=+`` (default) the series is calculated from the right and
        for ``dir=-`` the series from the left. For smooth functions this
        flag will not alter the results.

        >>> abs(x).series(dir="+")
        x
        >>> abs(x).series(dir="-")
        -x
        >>> f = tan(x)
        >>> f.series(x, 2, 6, "+")
        tan(2) + (1 + tan(2)**2)*(x - 2) + (x - 2)**2*(tan(2)**3 + tan(2)) +
        (x - 2)**3*(1/3 + 4*tan(2)**2/3 + tan(2)**4) + (x - 2)**4*(tan(2)**5 +
        5*tan(2)**3/3 + 2*tan(2)/3) + (x - 2)**5*(2/15 + 17*tan(2)**2/15 +
        2*tan(2)**4 + tan(2)**6) + O((x - 2)**6, (x, 2))

        >>> f.series(x, 2, 3, "-")
        tan(2) + (2 - x)*(-tan(2)**2 - 1) + (2 - x)**2*(tan(2)**3 + tan(2))
        + O((x - 2)**3, (x, 2))

        Returns
        =======

        Expr : Expression
            Series expansion of the expression about x0

        Raises
        ======

        TypeError
            If "n" and "x0" are infinity objects

        PoleError
            If "x0" is an infinity object

        """
        from sympy import collect, Dummy, Order, Rational, Symbol, ceiling
        if x is None:
            syms = self.free_symbols
            if not syms:
                return self
            elif len(syms) > 1:
                raise ValueError('x must be given for multivariate functions.')
            x = syms.pop()

        if isinstance(x, Symbol):
            dep = x in self.free_symbols
        else:
            d = Dummy()
            dep = d in self.xreplace({x: d}).free_symbols
        if not dep:
            if n is None:
                return (s for s in [self])
            else:
                return self

        if len(dir) != 1 or dir not in '+-':
            raise ValueError("Dir must be '+' or '-'")

        if x0 in [S.Infinity, S.NegativeInfinity]:
            sgn = 1 if x0 is S.Infinity else -1
            s = self.subs(x, sgn/x).series(x, n=n, dir='+', cdir=cdir)
            if n is None:
                return (si.subs(x, sgn/x) for si in s)
            return s.subs(x, sgn/x)

        # use rep to shift origin to x0 and change sign (if dir is negative)
        # and undo the process with rep2
        if x0 or dir == '-':
            if dir == '-':
                rep = -x + x0
                rep2 = -x
                rep2b = x0
            else:
                rep = x + x0
                rep2 = x
                rep2b = -x0
            s = self.subs(x, rep).series(x, x0=0, n=n, dir='+', logx=logx, cdir=cdir)
            if n is None:  # lseries...
                return (si.subs(x, rep2 + rep2b) for si in s)
            return s.subs(x, rep2 + rep2b)

        # from here on it's x0=0 and dir='+' handling

        if x.is_positive is x.is_negative is None or x.is_Symbol is not True:
            # replace x with an x that has a positive assumption
            xpos = Dummy('x', positive=True, finite=True)
            rv = self.subs(x, xpos).series(xpos, x0, n, dir, logx=logx, cdir=cdir)
            if n is None:
                return (s.subs(xpos, x) for s in rv)
            else:
                return rv.subs(xpos, x)

        if n is not None:  # nseries handling
            s1 = self._eval_nseries(x, n=n, logx=logx, cdir=cdir)
            o = s1.getO() or S.Zero
            if o:
                # make sure the requested order is returned
                ngot = o.getn()
                if ngot > n:
                    # leave o in its current form (e.g. with x*log(x)) so
                    # it eats terms properly, then replace it below
                    if n != 0:
                        s1 += o.subs(x, x**Rational(n, ngot))
                    else:
                        s1 += Order(1, x)
                elif ngot < n:
                    # increase the requested number of terms to get the desired
                    # number keep increasing (up to 9) until the received order
                    # is different than the original order and then predict how
                    # many additional terms are needed
                    for more in range(1, 9):
                        s1 = self._eval_nseries(x, n=n + more, logx=logx, cdir=cdir)
                        newn = s1.getn()
                        if newn != ngot:
                            ndo = n + ceiling((n - ngot)*more/(newn - ngot))
                            s1 = self._eval_nseries(x, n=ndo, logx=logx, cdir=cdir)
                            while s1.getn() < n:
                                s1 = self._eval_nseries(x, n=ndo, logx=logx, cdir=cdir)
                                ndo += 1
                            break
                    else:
                        raise ValueError('Could not calculate %s terms for %s'
                                         % (str(n), self))
                    s1 += Order(x**n, x)
                o = s1.getO()
                s1 = s1.removeO()
            elif s1.has(Order):
                # asymptotic expansion
                return s1
            else:
                o = Order(x**n, x)
                s1done = s1.doit()
                if (s1done + o).removeO() == s1done:
                    o = S.Zero

            try:
                return collect(s1, x) + o
            except NotImplementedError:
                return s1 + o

        else:  # lseries handling
            def yield_lseries(s):
                """Return terms of lseries one at a time."""
                for si in s:
                    if not si.is_Add:
                        yield si
                        continue
                    # yield terms 1 at a time if possible
                    # by increasing order until all the
                    # terms have been returned
                    yielded = 0
                    o = Order(si, x)*x
                    ndid = 0
                    ndo = len(si.args)
                    while 1:
                        do = (si - yielded + o).removeO()
                        o *= x
                        if not do or do.is_Order:
                            continue
                        if do.is_Add:
                            ndid += len(do.args)
                        else:
                            ndid += 1
                        yield do
                        if ndid == ndo:
                            break
                        yielded += do

            return yield_lseries(self.removeO()._eval_lseries(x, logx=logx, cdir=cdir))

    def aseries(self, x=None, n=6, bound=0, hir=False):
        """Asymptotic Series expansion of self.
        This is equivalent to ``self.series(x, oo, n)``.

        Parameters
        ==========

        self : Expression
               The expression whose series is to be expanded.

        x : Symbol
            It is the variable of the expression to be calculated.

        n : Value
            The number of terms upto which the series is to be expanded.

        hir : Boolean
              Set this parameter to be True to produce hierarchical series.
              It stops the recursion at an early level and may provide nicer
              and more useful results.

        bound : Value, Integer
                Use the ``bound`` parameter to give limit on rewriting
                coefficients in its normalised form.

        Examples
        ========

        >>> from sympy import sin, exp
        >>> from sympy.abc import x

        >>> e = sin(1/x + exp(-x)) - sin(1/x)

        >>> e.aseries(x)
        (1/(24*x**4) - 1/(2*x**2) + 1 + O(x**(-6), (x, oo)))*exp(-x)

        >>> e.aseries(x, n=3, hir=True)
        -exp(-2*x)*sin(1/x)/2 + exp(-x)*cos(1/x) + O(exp(-3*x), (x, oo))

        >>> e = exp(exp(x)/(1 - 1/x))

        >>> e.aseries(x)
        exp(exp(x)/(1 - 1/x))

        >>> e.aseries(x, bound=3)
        exp(exp(x)/x**2)*exp(exp(x)/x)*exp(-exp(x) + exp(x)/(1 - 1/x) - exp(x)/x - exp(x)/x**2)*exp(exp(x))

        Returns
        =======

        Expr
            Asymptotic series expansion of the expression.

        Notes
        =====

        This algorithm is directly induced from the limit computational algorithm provided by Gruntz.
        It majorly uses the mrv and rewrite sub-routines. The overall idea of this algorithm is first
        to look for the most rapidly varying subexpression w of a given expression f and then expands f
        in a series in w. Then same thing is recursively done on the leading coefficient
        till we get constant coefficients.

        If the most rapidly varying subexpression of a given expression f is f itself,
        the algorithm tries to find a normalised representation of the mrv set and rewrites f
        using this normalised representation.

        If the expansion contains an order term, it will be either ``O(x ** (-n))`` or ``O(w ** (-n))``
        where ``w`` belongs to the most rapidly varying expression of ``self``.

        References
        ==========

        .. [1] A New Algorithm for Computing Asymptotic Series - Dominik Gruntz
        .. [2] Gruntz thesis - p90
        .. [3] http://en.wikipedia.org/wiki/Asymptotic_expansion

        See Also
        ========

        Expr.aseries: See the docstring of this function for complete details of this wrapper.
        """

        from sympy import Order, Dummy
        from sympy.functions import exp, log
        from sympy.series.gruntz import mrv, rewrite

        if x.is_positive is x.is_negative is None:
            xpos = Dummy('x', positive=True)
            return self.subs(x, xpos).aseries(xpos, n, bound, hir).subs(xpos, x)

        om, exps = mrv(self, x)

        # We move one level up by replacing `x` by `exp(x)`, and then
        # computing the asymptotic series for f(exp(x)). Then asymptotic series
        # can be obtained by moving one-step back, by replacing x by ln(x).

        if x in om:
            s = self.subs(x, exp(x)).aseries(x, n, bound, hir).subs(x, log(x))
            if s.getO():
                return s + Order(1/x**n, (x, S.Infinity))
            return s

        k = Dummy('k', positive=True)
        # f is rewritten in terms of omega
        func, logw = rewrite(exps, om, x, k)

        if self in om:
            if bound <= 0:
                return self
            s = (self.exp).aseries(x, n, bound=bound)
            s = s.func(*[t.removeO() for t in s.args])
            res = exp(s.subs(x, 1/x).as_leading_term(x).subs(x, 1/x))

            func = exp(self.args[0] - res.args[0]) / k
            logw = log(1/res)

        s = func.series(k, 0, n)

        # Hierarchical series
        if hir:
            return s.subs(k, exp(logw))

        o = s.getO()
        terms = sorted(Add.make_args(s.removeO()), key=lambda i: int(i.as_coeff_exponent(k)[1]))
        s = S.Zero
        has_ord = False

        # Then we recursively expand these coefficients one by one into
        # their asymptotic series in terms of their most rapidly varying subexpressions.
        for t in terms:
            coeff, expo = t.as_coeff_exponent(k)
            if coeff.has(x):
                # Recursive step
                snew = coeff.aseries(x, n, bound=bound-1)
                if has_ord and snew.getO():
                    break
                elif snew.getO():
                    has_ord = True
                s += (snew * k**expo)
            else:
                s += t

        if not o or has_ord:
            return s.subs(k, exp(logw))
        return (s + o).subs(k, exp(logw))


    def taylor_term(self, n, x, *previous_terms):
        """General method for the taylor term.

        This method is slow, because it differentiates n-times. Subclasses can
        redefine it to make it faster by using the "previous_terms".
        """
        from sympy import Dummy, factorial
        x = sympify(x)
        _x = Dummy('x')
        return self.subs(x, _x).diff(_x, n).subs(_x, x).subs(x, 0) * x**n / factorial(n)

    def lseries(self, x=None, x0=0, dir='+', logx=None, cdir=0):
        """
        Wrapper for series yielding an iterator of the terms of the series.

        Note: an infinite series will yield an infinite iterator. The following,
        for exaxmple, will never terminate. It will just keep printing terms
        of the sin(x) series::

          for term in sin(x).lseries(x):
              print term

        The advantage of lseries() over nseries() is that many times you are
        just interested in the next term in the series (i.e. the first term for
        example), but you don't know how many you should ask for in nseries()
        using the "n" parameter.

        See also nseries().
        """
        return self.series(x, x0, n=None, dir=dir, logx=logx, cdir=cdir)

    def _eval_lseries(self, x, logx=None, cdir=0):
        # default implementation of lseries is using nseries(), and adaptively
        # increasing the "n". As you can see, it is not very efficient, because
        # we are calculating the series over and over again. Subclasses should
        # override this method and implement much more efficient yielding of
        # terms.
        n = 0
        series = self._eval_nseries(x, n=n, logx=logx, cdir=cdir)

        while series.is_Order:
            n += 1
            series = self._eval_nseries(x, n=n, logx=logx, cdir=cdir)

        e = series.removeO()
        yield e
        if e is S.Zero:
            return

        while 1:
            while 1:
                n += 1
                series = self._eval_nseries(x, n=n, logx=logx, cdir=cdir).removeO()
                if e != series:
                    break
                if (series - self).cancel() is S.Zero:
                    return
            yield series - e
            e = series

    def nseries(self, x=None, x0=0, n=6, dir='+', logx=None, cdir=0):
        """
        Wrapper to _eval_nseries if assumptions allow, else to series.

        If x is given, x0 is 0, dir='+', and self has x, then _eval_nseries is
        called. This calculates "n" terms in the innermost expressions and
        then builds up the final series just by "cross-multiplying" everything
        out.

        The optional ``logx`` parameter can be used to replace any log(x) in the
        returned series with a symbolic value to avoid evaluating log(x) at 0. A
        symbol to use in place of log(x) should be provided.

        Advantage -- it's fast, because we don't have to determine how many
        terms we need to calculate in advance.

        Disadvantage -- you may end up with less terms than you may have
        expected, but the O(x**n) term appended will always be correct and
        so the result, though perhaps shorter, will also be correct.

        If any of those assumptions is not met, this is treated like a
        wrapper to series which will try harder to return the correct
        number of terms.

        See also lseries().

        Examples
        ========

        >>> from sympy import sin, log, Symbol
        >>> from sympy.abc import x, y
        >>> sin(x).nseries(x, 0, 6)
        x - x**3/6 + x**5/120 + O(x**6)
        >>> log(x+1).nseries(x, 0, 5)
        x - x**2/2 + x**3/3 - x**4/4 + O(x**5)

        Handling of the ``logx`` parameter --- in the following example the
        expansion fails since ``sin`` does not have an asymptotic expansion
        at -oo (the limit of log(x) as x approaches 0):

        >>> e = sin(log(x))
        >>> e.nseries(x, 0, 6)
        Traceback (most recent call last):
        ...
        PoleError: ...
        ...
        >>> logx = Symbol('logx')
        >>> e.nseries(x, 0, 6, logx=logx)
        sin(logx)

        In the following example, the expansion works but gives only an Order term
        unless the ``logx`` parameter is used:

        >>> e = x**y
        >>> e.nseries(x, 0, 2)
        O(log(x)**2)
        >>> e.nseries(x, 0, 2, logx=logx)
        exp(logx*y)

        """
        if x and not x in self.free_symbols:
            return self
        if x is None or x0 or dir != '+':  # {see XPOS above} or (x.is_positive == x.is_negative == None):
            return self.series(x, x0, n, dir, cdir=cdir)
        else:
            return self._eval_nseries(x, n=n, logx=logx, cdir=cdir)

    def _eval_nseries(self, x, n, logx, cdir):
        """
        Return terms of series for self up to O(x**n) at x=0
        from the positive direction.

        This is a method that should be overridden in subclasses. Users should
        never call this method directly (use .nseries() instead), so you don't
        have to write docstrings for _eval_nseries().
        """
        from sympy.utilities.misc import filldedent
        raise NotImplementedError(filldedent("""
                     The _eval_nseries method should be added to
                     %s to give terms up to O(x**n) at x=0
                     from the positive direction so it is available when
                     nseries calls it.""" % self.func)
                     )

    def limit(self, x, xlim, dir='+'):
        """ Compute limit x->xlim.
        """
        from sympy.series.limits import limit
        return limit(self, x, xlim, dir)

    def compute_leading_term(self, x, logx=None):
        """
        as_leading_term is only allowed for results of .series()
        This is a wrapper to compute a series first.
        """
        from sympy import Dummy, log, Piecewise, piecewise_fold
        from sympy.series.gruntz import calculate_series

        if self.has(Piecewise):
            expr = piecewise_fold(self)
        else:
            expr = self
        if self.removeO() == 0:
            return self

        if logx is None:
            d = Dummy('logx')
            s = calculate_series(expr, x, d).subs(d, log(x))
        else:
            s = calculate_series(expr, x, logx)

        return s.as_leading_term(x)

    @cacheit
    def as_leading_term(self, *symbols, cdir=0):
        """
        Returns the leading (nonzero) term of the series expansion of self.

        The _eval_as_leading_term routines are used to do this, and they must
        always return a non-zero value.

        Examples
        ========

        >>> from sympy.abc import x
        >>> (1 + x + x**2).as_leading_term(x)
        1
        >>> (1/x**2 + x + x**2).as_leading_term(x)
        x**(-2)

        """
        from sympy import powsimp
        if len(symbols) > 1:
            c = self
            for x in symbols:
                c = c.as_leading_term(x, cdir=cdir)
            return c
        elif not symbols:
            return self
        x = sympify(symbols[0])
        if not x.is_symbol:
            raise ValueError('expecting a Symbol but got %s' % x)
        if x not in self.free_symbols:
            return self
        obj = self._eval_as_leading_term(x, cdir=cdir)
        if obj is not None:
            return powsimp(obj, deep=True, combine='exp')
        raise NotImplementedError('as_leading_term(%s, %s)' % (self, x))

    def _eval_as_leading_term(self, x, cdir=0):
        return self

    def as_coeff_exponent(self, x):
        """ ``c*x**e -> c,e`` where x can be any symbolic expression.
        """
        from sympy import collect
        s = collect(self, x)
        c, p = s.as_coeff_mul(x)
        if len(p) == 1:
            b, e = p[0].as_base_exp()
            if b == x:
                return c, e
        return s, S.Zero

    def leadterm(self, x, cdir=0):
        """
        Returns the leading term a*x**b as a tuple (a, b).

        Examples
        ========

        >>> from sympy.abc import x
        >>> (1+x+x**2).leadterm(x)
        (1, 0)
        >>> (1/x**2+x+x**2).leadterm(x)
        (1, -2)

        """
        from sympy import Dummy, log
        l = self.as_leading_term(x, cdir=cdir)
        d = Dummy('logx')
        if l.has(log(x)):
            l = l.subs(log(x), d)
        c, e = l.as_coeff_exponent(x)
        if x in c.free_symbols:
            from sympy.utilities.misc import filldedent
            raise ValueError(filldedent("""
                cannot compute leadterm(%s, %s). The coefficient
                should have been free of %s but got %s""" % (self, x, x, c)))
        c = c.subs(d, log(x))
        return c, e

    def as_coeff_Mul(self, rational=False):
        """Efficiently extract the coefficient of a product. """
        return S.One, self

    def as_coeff_Add(self, rational=False):
        """Efficiently extract the coefficient of a summation. """
        return S.Zero, self

    def fps(self, x=None, x0=0, dir=1, hyper=True, order=4, rational=True,
            full=False):
        """
        Compute formal power power series of self.

        See the docstring of the :func:`fps` function in sympy.series.formal for
        more information.
        """
        from sympy.series.formal import fps

        return fps(self, x, x0, dir, hyper, order, rational, full)

    def fourier_series(self, limits=None):
        """Compute fourier sine/cosine series of self.

        See the docstring of the :func:`fourier_series` in sympy.series.fourier
        for more information.
        """
        from sympy.series.fourier import fourier_series

        return fourier_series(self, limits)

    ###################################################################################
    ##################### DERIVATIVE, INTEGRAL, FUNCTIONAL METHODS ####################
    ###################################################################################

    def diff(self, *symbols, **assumptions):
        assumptions.setdefault("evaluate", True)
        return _derivative_dispatch(self, *symbols, **assumptions)

    ###########################################################################
    ###################### EXPRESSION EXPANSION METHODS #######################
    ###########################################################################

    # Relevant subclasses should override _eval_expand_hint() methods.  See
    # the docstring of expand() for more info.

    def _eval_expand_complex(self, **hints):
        real, imag = self.as_real_imag(**hints)
        return real + S.ImaginaryUnit*imag

    @staticmethod
    def _expand_hint(expr, hint, deep=True, **hints):
        """
        Helper for ``expand()``.  Recursively calls ``expr._eval_expand_hint()``.

        Returns ``(expr, hit)``, where expr is the (possibly) expanded
        ``expr`` and ``hit`` is ``True`` if ``expr`` was truly expanded and
        ``False`` otherwise.
        """
        hit = False
        # XXX: Hack to support non-Basic args
        #              |
        #              V
        if deep and getattr(expr, 'args', ()) and not expr.is_Atom:
            sargs = []
            for arg in expr.args:
                arg, arghit = Expr._expand_hint(arg, hint, **hints)
                hit |= arghit
                sargs.append(arg)

            if hit:
                expr = expr.func(*sargs)

        if hasattr(expr, hint):
            newexpr = getattr(expr, hint)(**hints)
            if newexpr != expr:
                return (newexpr, True)

        return (expr, hit)

    @cacheit
    def expand(self, deep=True, modulus=None, power_base=True, power_exp=True,
            mul=True, log=True, multinomial=True, basic=True, **hints):
        """
        Expand an expression using hints.

        See the docstring of the expand() function in sympy.core.function for
        more information.

        """
        from sympy.simplify.radsimp import fraction

        hints.update(power_base=power_base, power_exp=power_exp, mul=mul,
           log=log, multinomial=multinomial, basic=basic)

        expr = self
        if hints.pop('frac', False):
            n, d = [a.expand(deep=deep, modulus=modulus, **hints)
                    for a in fraction(self)]
            return n/d
        elif hints.pop('denom', False):
            n, d = fraction(self)
            return n/d.expand(deep=deep, modulus=modulus, **hints)
        elif hints.pop('numer', False):
            n, d = fraction(self)
            return n.expand(deep=deep, modulus=modulus, **hints)/d

        # Although the hints are sorted here, an earlier hint may get applied
        # at a given node in the expression tree before another because of how
        # the hints are applied.  e.g. expand(log(x*(y + z))) -> log(x*y +
        # x*z) because while applying log at the top level, log and mul are
        # applied at the deeper level in the tree so that when the log at the
        # upper level gets applied, the mul has already been applied at the
        # lower level.

        # Additionally, because hints are only applied once, the expression
        # may not be expanded all the way.   For example, if mul is applied
        # before multinomial, x*(x + 1)**2 won't be expanded all the way.  For
        # now, we just use a special case to make multinomial run before mul,
        # so that at least polynomials will be expanded all the way.  In the
        # future, smarter heuristics should be applied.
        # TODO: Smarter heuristics

        def _expand_hint_key(hint):
            """Make multinomial come before mul"""
            if hint == 'mul':
                return 'mulz'
            return hint

        for hint in sorted(hints.keys(), key=_expand_hint_key):
            use_hint = hints[hint]
            if use_hint:
                hint = '_eval_expand_' + hint
                expr, hit = Expr._expand_hint(expr, hint, deep=deep, **hints)

        while True:
            was = expr
            if hints.get('multinomial', False):
                expr, _ = Expr._expand_hint(
                    expr, '_eval_expand_multinomial', deep=deep, **hints)
            if hints.get('mul', False):
                expr, _ = Expr._expand_hint(
                    expr, '_eval_expand_mul', deep=deep, **hints)
            if hints.get('log', False):
                expr, _ = Expr._expand_hint(
                    expr, '_eval_expand_log', deep=deep, **hints)
            if expr == was:
                break

        if modulus is not None:
            modulus = sympify(modulus)

            if not modulus.is_Integer or modulus <= 0:
                raise ValueError(
                    "modulus must be a positive integer, got %s" % modulus)

            terms = []

            for term in Add.make_args(expr):
                coeff, tail = term.as_coeff_Mul(rational=True)

                coeff %= modulus

                if coeff:
                    terms.append(coeff*tail)

            expr = Add(*terms)

        return expr

    ###########################################################################
    ################### GLOBAL ACTION VERB WRAPPER METHODS ####################
    ###########################################################################

    def integrate(self, *args, **kwargs):
        """See the integrate function in sympy.integrals"""
        from sympy.integrals import integrate
        return integrate(self, *args, **kwargs)

    def nsimplify(self, constants=[], tolerance=None, full=False):
        """See the nsimplify function in sympy.simplify"""
        from sympy.simplify import nsimplify
        return nsimplify(self, constants, tolerance, full)

    def separate(self, deep=False, force=False):
        """See the separate function in sympy.simplify"""
        from sympy.core.function import expand_power_base
        return expand_power_base(self, deep=deep, force=force)

    def collect(self, syms, func=None, evaluate=True, exact=False, distribute_order_term=True):
        """See the collect function in sympy.simplify"""
        from sympy.simplify import collect
        return collect(self, syms, func, evaluate, exact, distribute_order_term)

    def together(self, *args, **kwargs):
        """See the together function in sympy.polys"""
        from sympy.polys import together
        return together(self, *args, **kwargs)

    def apart(self, x=None, **args):
        """See the apart function in sympy.polys"""
        from sympy.polys import apart
        return apart(self, x, **args)

    def ratsimp(self):
        """See the ratsimp function in sympy.simplify"""
        from sympy.simplify import ratsimp
        return ratsimp(self)

    def trigsimp(self, **args):
        """See the trigsimp function in sympy.simplify"""
        from sympy.simplify import trigsimp
        return trigsimp(self, **args)

    def radsimp(self, **kwargs):
        """See the radsimp function in sympy.simplify"""
        from sympy.simplify import radsimp
        return radsimp(self, **kwargs)

    def powsimp(self, *args, **kwargs):
        """See the powsimp function in sympy.simplify"""
        from sympy.simplify import powsimp
        return powsimp(self, *args, **kwargs)

    def combsimp(self):
        """See the combsimp function in sympy.simplify"""
        from sympy.simplify import combsimp
        return combsimp(self)

    def gammasimp(self):
        """See the gammasimp function in sympy.simplify"""
        from sympy.simplify import gammasimp
        return gammasimp(self)

    def factor(self, *gens, **args):
        """See the factor() function in sympy.polys.polytools"""
        from sympy.polys import factor
        return factor(self, *gens, **args)

    def cancel(self, *gens, **args):
        """See the cancel function in sympy.polys"""
        from sympy.polys import cancel
        return cancel(self, *gens, **args)

    def invert(self, g, *gens, **args):
        """Return the multiplicative inverse of ``self`` mod ``g``
        where ``self`` (and ``g``) may be symbolic expressions).

        See Also
        ========
        sympy.core.numbers.mod_inverse, sympy.polys.polytools.invert
        """
        from sympy.polys.polytools import invert
        from sympy.core.numbers import mod_inverse
        if self.is_number and getattr(g, 'is_number', True):
            return mod_inverse(self, g)
        return invert(self, g, *gens, **args)

    def round(self, n=None):
        """Return x rounded to the given decimal place.

        If a complex number would results, apply round to the real
        and imaginary components of the number.

        Examples
        ========

        >>> from sympy import pi, E, I, S, Number
        >>> pi.round()
        3
        >>> pi.round(2)
        3.14
        >>> (2*pi + E*I).round()
        6 + 3*I

        The round method has a chopping effect:

        >>> (2*pi + I/10).round()
        6
        >>> (pi/10 + 2*I).round()
        2*I
        >>> (pi/10 + E*I).round(2)
        0.31 + 2.72*I

        Notes
        =====

        The Python ``round`` function uses the SymPy ``round`` method so it
        will always return a SymPy number (not a Python float or int):

        >>> isinstance(round(S(123), -2), Number)
        True
        """
        from sympy.core.numbers import Float

        x = self

        if not x.is_number:
            raise TypeError("can't round symbolic expression")
        if not x.is_Atom:
            if not pure_complex(x.n(2), or_real=True):
                raise TypeError(
                    'Expected a number but got %s:' % func_name(x))
        elif x in (S.NaN, S.Infinity, S.NegativeInfinity, S.ComplexInfinity):
            return x
        if x.is_extended_real is False:
            r, i = x.as_real_imag()
            return r.round(n) + S.ImaginaryUnit*i.round(n)
        if not x:
            return S.Zero if n is None else x

        p = as_int(n or 0)

        if x.is_Integer:
            return Integer(round(int(x), p))

        digits_to_decimal = _mag(x)  # _mag(12) = 2, _mag(.012) = -1
        allow = digits_to_decimal + p
        precs = [f._prec for f in x.atoms(Float)]
        dps = prec_to_dps(max(precs)) if precs else None
        if dps is None:
            # assume everything is exact so use the Python
            # float default or whatever was requested
            dps = max(15, allow)
        else:
            allow = min(allow, dps)
        # this will shift all digits to right of decimal
        # and give us dps to work with as an int
        shift = -digits_to_decimal + dps
        extra = 1  # how far we look past known digits
        # NOTE
        # mpmath will calculate the binary representation to
        # an arbitrary number of digits but we must base our
        # answer on a finite number of those digits, e.g.
        # .575 2589569785738035/2**52 in binary.
        # mpmath shows us that the first 18 digits are
        #     >>> Float(.575).n(18)
        #     0.574999999999999956
        # The default precision is 15 digits and if we ask
        # for 15 we get
        #     >>> Float(.575).n(15)
        #     0.575000000000000
        # mpmath handles rounding at the 15th digit. But we
        # need to be careful since the user might be asking
        # for rounding at the last digit and our semantics
        # are to round toward the even final digit when there
        # is a tie. So the extra digit will be used to make
        # that decision. In this case, the value is the same
        # to 15 digits:
        #     >>> Float(.575).n(16)
        #     0.5750000000000000
        # Now converting this to the 15 known digits gives
        #     575000000000000.0
        # which rounds to integer
        #    5750000000000000
        # And now we can round to the desired digt, e.g. at
        # the second from the left and we get
        #    5800000000000000
        # and rescaling that gives
        #    0.58
        # as the final result.
        # If the value is made slightly less than 0.575 we might
        # still obtain the same value:
        #    >>> Float(.575-1e-16).n(16)*10**15
        #    574999999999999.8
        # What 15 digits best represents the known digits (which are
        # to the left of the decimal? 5750000000000000, the same as
        # before. The only way we will round down (in this case) is
        # if we declared that we had more than 15 digits of precision.
        # For example, if we use 16 digits of precision, the integer
        # we deal with is
        #    >>> Float(.575-1e-16).n(17)*10**16
        #    5749999999999998.4
        # and this now rounds to 5749999999999998 and (if we round to
        # the 2nd digit from the left) we get 5700000000000000.
        #
        xf = x.n(dps + extra)*Pow(10, shift)
        xi = Integer(xf)
        # use the last digit to select the value of xi
        # nearest to x before rounding at the desired digit
        sign = 1 if x > 0 else -1
        dif2 = sign*(xf - xi).n(extra)
        if dif2 < 0:
            raise NotImplementedError(
                'not expecting int(x) to round away from 0')
        if dif2 > .5:
            xi += sign  # round away from 0
        elif dif2 == .5:
            xi += sign if xi%2 else -sign  # round toward even
        # shift p to the new position
        ip = p - shift
        # let Python handle the int rounding then rescale
        xr = round(xi.p, ip)
        # restore scale
        rv = Rational(xr, Pow(10, shift))
        # return Float or Integer
        if rv.is_Integer:
            if n is None:  # the single-arg case
                return rv
            # use str or else it won't be a float
            return Float(str(rv), dps)  # keep same precision
        else:
            if not allow and rv > self:
                allow += 1
            return Float(rv, allow)

    __round__ = round

    def _eval_derivative_matrix_lines(self, x):
        from sympy.matrices.expressions.matexpr import _LeftRightArgs
        return [_LeftRightArgs([S.One, S.One], higher=self._eval_derivative(x))]


class AtomicExpr(Atom, Expr):
    """
    A parent class for object which are both atoms and Exprs.

    For example: Symbol, Number, Rational, Integer, ...
    But not: Add, Mul, Pow, ...
    """
    is_number = False
    is_Atom = True

    __slots__ = ()

    def _eval_derivative(self, s):
        if self == s:
            return S.One
        return S.Zero

    def _eval_derivative_n_times(self, s, n):
        from sympy import Piecewise, Eq
        from sympy import Tuple, MatrixExpr
        from sympy.matrices.common import MatrixCommon
        if isinstance(s, (MatrixCommon, Tuple, Iterable, MatrixExpr)):
            return super()._eval_derivative_n_times(s, n)
        if self == s:
            return Piecewise((self, Eq(n, 0)), (1, Eq(n, 1)), (0, True))
        else:
            return Piecewise((self, Eq(n, 0)), (0, True))

    def _eval_is_polynomial(self, syms):
        return True

    def _eval_is_rational_function(self, syms):
        return True

    def _eval_is_meromorphic(self, x, a):
        from sympy.calculus.util import AccumBounds
        return (not self.is_Number or self.is_finite) and not isinstance(self, AccumBounds)

    def _eval_is_algebraic_expr(self, syms):
        return True

    def _eval_nseries(self, x, n, logx, cdir=0):
        return self

    @property
    def expr_free_symbols(self):
        return {self}


def _mag(x):
    """Return integer ``i`` such that .1 <= x/10**i < 1

    Examples
    ========

    >>> from sympy.core.expr import _mag
    >>> from sympy import Float
    >>> _mag(Float(.1))
    0
    >>> _mag(Float(.01))
    -1
    >>> _mag(Float(1234))
    4
    """
    from math import log10, ceil, log
    from sympy import Float
    xpos = abs(x.n())
    if not xpos:
        return S.Zero
    try:
        mag_first_dig = int(ceil(log10(xpos)))
    except (ValueError, OverflowError):
        mag_first_dig = int(ceil(Float(mpf_log(xpos._mpf_, 53))/log(10)))
    # check that we aren't off by 1
    if (xpos/10**mag_first_dig) >= 1:
        assert 1 <= (xpos/10**mag_first_dig) < 10
        mag_first_dig += 1
    return mag_first_dig


class UnevaluatedExpr(Expr):
    """
    Expression that is not evaluated unless released.

    Examples
    ========

    >>> from sympy import UnevaluatedExpr
    >>> from sympy.abc import x
    >>> x*(1/x)
    1
    >>> x*UnevaluatedExpr(1/x)
    x*1/x

    """

    def __new__(cls, arg, **kwargs):
        arg = _sympify(arg)
        obj = Expr.__new__(cls, arg, **kwargs)
        return obj

    def doit(self, **kwargs):
        if kwargs.get("deep", True):
            return self.args[0].doit(**kwargs)
        else:
            return self.args[0]



def unchanged(func, *args):
    """Return True if `func` applied to the `args` is unchanged.
    Can be used instead of `assert foo == foo`.

    Examples
    ========

    >>> from sympy import Piecewise, cos, pi
    >>> from sympy.core.expr import unchanged
    >>> from sympy.abc import x

    >>> unchanged(cos, 1)  # instead of assert cos(1) == cos(1)
    True

    >>> unchanged(cos, pi)
    False

    Comparison of args uses the builtin capabilities of the object's
    arguments to test for equality so args can be defined loosely. Here,
    the ExprCondPair arguments of Piecewise compare as equal to the
    tuples that can be used to create the Piecewise:

    >>> unchanged(Piecewise, (x, x > 1), (0, True))
    True
    """
    f = func(*args)
    return f.func == func and f.args == args


class ExprBuilder:
    def __init__(self, op, args=[], validator=None, check=True):
        if not hasattr(op, "__call__"):
            raise TypeError("op {} needs to be callable".format(op))
        self.op = op
        self.args = args
        self.validator = validator
        if (validator is not None) and check:
            self.validate()

    @staticmethod
    def _build_args(args):
        return [i.build() if isinstance(i, ExprBuilder) else i for i in args]

    def validate(self):
        if self.validator is None:
            return
        args = self._build_args(self.args)
        self.validator(*args)

    def build(self, check=True):
        args = self._build_args(self.args)
        if self.validator and check:
            self.validator(*args)
        return self.op(*args)

    def append_argument(self, arg, check=True):
        self.args.append(arg)
        if self.validator and check:
            self.validate(*self.args)

    def __getitem__(self, item):
        if item == 0:
            return self.op
        else:
            return self.args[item-1]

    def __repr__(self):
        return str(self.build())

    def search_element(self, elem):
        for i, arg in enumerate(self.args):
            if isinstance(arg, ExprBuilder):
                ret = arg.search_index(elem)
                if ret is not None:
                    return (i,) + ret
            elif id(arg) == id(elem):
                return (i,)
        return None


from .mul import Mul
from .add import Add
from .power import Pow
from .function import Function, _derivative_dispatch
from .mod import Mod
from .exprtools import factor_terms
from .numbers import Integer, Rational
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