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ABSTRACT
This is the documentation for the Xyce-PyMi embedded Python model interpreter in Xyce.
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1. INTRODUCTION

1.1. Purpose

Xyce-PyMi enables Python routines to be called from within the Xyce C++ executable. The use
of Xyce-PyMi enables devices, subcircuits, and circuits to be referenced in a netlist with their
behavior defined by Python code. Python is a popular language for prototyping algorithms and it
is the preferred language of most machine learning (ML) experts.

Recent research regarding deep neural networks and other forms of machine learning often
performed using Python with TensorFlow and PyTorch frameworks. There are a multitude of
reasons for desiring to be able to call Python defined models from within a production circuit
simulator such as Xyce, but a few stand out.

First, prototypes can more quickly be exercised in a production environment for components with
a large number of devices. This stress test makes weaknesses in the ML models more apparent,
allowing for an iterative process in informing model development.

Second, in the initial design stages for devices, it is not always possible to have a fully developed
analytical model describing a device, but there is often data available from which a model can be
created. ML models allow for quickly turning data into models that can then be exercised and
provide feedback to designers. Since ML models are often trained in Python, the results are often
similarly stored. Therefore, it is natural to execute them in the same environment.

Compiled languages are often faster at executing the same high level instructions. Along with the
ease in software development comes the cost of using a language that is compiled on the fly.
Therefore, while great efforts have been made to keep model execution efficient, one should
expect increased runtimes with Python code as compared to equivalent compiled C++
instructions. However, the Xyce-PyMi framework is sufficiently general so as to allow execution
of any Python code, leaving efficiency up to the user in the sense that they can use accelerators
such as JAX and Numba, with just-in-time decorators enabling near-precompiled speeds.
Similarly, PyTorch, TensorFlow, Numpy, and SciPy are Python libraries which wrap either
C/C++/Fortran code with Python wrappers, enabling C/C++/Fortran like speeds.

1.2, How it works

The Xyce-PyMi executable leverages the General External Interface in Xyce [3,[1]. This endows
it with the ability to read in all traditional netlists that would work with Xyce, as well as netlists
that call non-traditional devices that use the General External Interface. PyBind11 allows the



build system to embed the user specified Python interpreter into the Xyce executable.
Additionally, PyBind11 wraps all calls or hooks into the user defined Python models.

There are a number of C++ datastructures in Xyce that are appropriately wrapped by PyBind11 in
order to allow access to their contents from within Python. For arrays that are owned by the C++
application, but must be filled by the Python model, they are wrapped with Python decorators in
order to make them accessible from within the user defined Python model without data migration
(arrays are not copied back-and-forth).



2. INSTALLING XYCE-PYMI

Installation of Xyce-PyMi is currently only supported for Linux and Mac operating systems.

2.1. Installing Using Spack

Spack is by far the preferred and less error prone way of installing Xyce-PyMi along with all
dependencies.

Follow the Spack installation instructions| to get up-and-running with Spack.

Next, add:
source /path/to/your/spack/share/spack/setup—-env.sh

to either ~/ .bashrc or ~/ .bash_profile and call either source ~/.bashrc or
source ~/.bash_profile.

To install Xyce-PyMi, run:

e

>> spack -v -k install xycet+pymi % [compiler_id]

where [compiler_id] can be omitted (you’ll get the default compiler), or could be something
like gcc@9. 3. 0 (if you have gcc 9.3.0 configured as a compiler in Spack).

Finally, to load the executable and appropriate runtime paths, call:
>> spack load xyce

which will make the Xyce-PyMi executable available.
In order to update to the most recent version, the following set of commands will uninstall and

reinstall Xyce-PyMi.

>> spack uninstall xyce
>> spack -v -k install xycetpymi % [compiler_id]


https://spack.readthedocs.io/en/latest/
https://spack.readthedocs.io/en/latest/

2.2, Installing Using CMake

The Spack installation procedure, described in section 2.1, implicitly makes use of the CMake
build system and essentially adds a layer of automation to the process. However, for those who
wish to build Xyce-PyMi without Spack, one must invoke CMake directly as described at
https://github.com/Xyce/Xyce/blob/master/INSTALL.md. The autoconf build
system, which has historically also been used to build Xyce, does not support installation of
Xyce-PyMi.

In addition to other CMake variables defined for building Xyce, the following lines should be
added:

-DXyce_PYMI :BOOL=0ON \
-Dpybindll_DIR:PATH=/abs/path/to/pybindll \
-DPython_FIND_STRATEGY=LOCATION \

-DPython_ROOT_DIR:FILEPATH=‘which python"

\

Figure 2-1. CMake Additions for Xyce-PyMi

Users can replace ' which python’ in the above snippet with the location of the Python
binary of their choice. However, the Python library used by the Python executable should be a
shared library and the user should have Python package manager available for that Python
executable’s site packages.

PyBind11 can either be downloaded from https://github.com/pybind/pybindll or
you can

>> pip install pybindll

using your favorite Python package manager. If you go with the Python package pybindl1, the
pybind11_DIR path will point towards the site-packages such as

/abs/path/to/python/site-packages/pybindll/share/cmake/pybindll

2.3. Once the executable is built and/or installed

Once you have a Xyce-PyMi executable built, you can use it on netlists as you would the
traditional Xyce executable, i.e.

>> Xyce-PyMi [netlist_file.cir]

10


https://github.com/Xyce/Xyce/blob/master/INSTALL.md
https://github.com/pybind/pybind11

Note: Python package requirements vary by device, and can be installed after Xyce-PyMi has
been built and installed. Minimally, a user will want to have numpy installed. If building with
Spack, pip will be built and loaded into the user’s $PATH, accessible by running pip

install [package name]. If using CMake to install Xyce-PyMi, use the package manager
responsible for installing Python packages into the site-packages corresponding to the Python
executable referred to at -DPython_ROOT_DIR:FILEPATH=.

11



3. DEFINING A MODEL IN PYTHON

Now that we have the ability to call Python defined models from Xyce, let’s get into what is
expected of a Python model that is compatible with Xyce.

All devices/circuits defined in Python must be specified as an instance of a class Device that
inherits from a BaseDevice class. The full specifications of a BaseDevice can be found in
Appendix [A] but the one member function that must be overridden is

def computeXyceVectors(self, £fSV, solV, stoV, staV,
deviceOptions, solverState,
origFlag, F, Q, B, dFdX, dQdX, dFdXdVp, dQdXdvVp,
b_params, d_params, i_params, S_params):

Input:

£SV are the flag solution variables, solV is a vector of junction voltages, stoV are the storage
variables (not time integrated), staV are the state variables (time integrated, but not part of
DAE system).

£SVis a 1D array with size i_params["numVars"], while solV, stoV, and staV are 2D
arrays where the first axis is time level (0-next, 1-current, 2-last) and the second axis is of size
(i_params["numVars"], i_params["numStoreVars"], i_params[''numStateVars"]),
respectively. Note that there is no "last" time level for stoV (index 2).

deviceOptions is a C++ struct with the following properties exposed in Python (read only):
voltagelLimiterFlag

solverState is a C++ struct with the following properties exposed in Python (read only):
currTime_, newtonIter, initJctFlag_, inputOPFlag, dcopFlag, locaEnabledFlag

Input/Output:

origFlag indicates whether limiting has been used. If limiting is engaged in this device, then
origFlag should be set to False.

b_params, d_params, i_params, s_params are Python dictionaries that can be read
from / written to indicating booleans, doubles, integers, and strings, respectively.

Output Variables:
F, Q, B, dFdXdVp, dQdXdVp are 1D arrays, each with size i_params['"numVars"].

dFdX, dQdX are 2D arrays, each with size
(i_params["numVars"], i_params['"numVars"]).

12



Below is an example of a Python definition for a voltage controller:

import numpy as np
from BaseDevice import BaseDevice

class Device(BaseDevice):

def computeXyceVectors(self, fSV, solV, stoV, staV,
deviceOptions, solverState,
origFlag, F, Q, B, dFdX, dQdX, dFdXdvp, dQdXdvp,
b_params, d_params, i_params, s_params):

""" Fills contents of F, Q, B, dFdX, and dQdX and if
b_params["voltagelLimiterFlag"]==1, dFdXdVp and dQdXdvp """

# get nextSolutionVariables which is index 0 of solV
solV = solVI[O]

nodePos, nodeNeg, controlNodePost, and controlNodeNeg
would be defined in member function
processPythonParams (self, b_params, d_params, i_params,

S_params)

HOH B H

prior to using them here

nodePos = i_params[’nodePos’]
nodeNeg = i_params[’nodeNeg’]
controlNodePos = i_params[’controlNodePos’]
controlNodeNeg = i_params[’controlNodeNeg’]

Vd = solV[controlNodePos]—solV[controlNodeNeg]
transConductance_ = d_params[’ TRANSCONDUCTANCE’]
current = transConductance_ * Vd

F[nodePos] = current
F[nodeNeg] = —current

dFdX[nodePos] [nodePos] = 0

dFdX[nodePos] [nodeNeg] = 0
dFdX[nodePos][controlNodePos] = transConductance_
dFdX[nodePos][controlNodeNeg] = —transConductance_
dFdX[nodeNeg] [nodePos] = 0

dFdX[nodeNeg] [nodeNeg] = 0

dFdX[nodeNeg] [controlNodePos] = —transConductance_
dFdX[nodeNeg] [controlNodeNeg] = transConductance_
dFdX[controlNodePos] [nodePos] 0.0

13
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dFdX[controlNodePos][nodeNeg] = 0.0

dFdX[controlNodePos] [controlNodePos] = 0.0
dFdX[controlNodePos][controlNodeNeg] = 0.0
dFdX[controlNodeNeg][nodePos] = 0.0
dFdX[controlNodeNeg] [nodeNeg] = 0.0
dFdX[controlNodeNeg][controlNodePos] = 0.0
dFdX[controlNodeNeg][controlNodeNeg] = 0.0

Note the Python import. BaseDevice refers to BaseDevice.py, which is located in the Xyce
source code at Xyce/utils/PythonModelInterface. BaseDevice is the base class from
which all classes (named Device) inherit.

Most of the work you do to develop a device model is likely in providing the functionality in
computeXyceVectors. However, there are many other specializations you can make for your
Device.

Controlling number of variables:

i_params[’numInternalVars’], i_params[’numStoreVars’], and
i_params[’numStateVars’] can all be set by overriding the Python functions
processNumInternalVars, processNumInternalVars, and processNumInternalVars,
respectively.

i_params[’numExternalVars’] is set by Xyce-PyMi and is determined from the topology
of the device described in a netlist. i_params[’numVars’] is calculated as the sum of
i_params[’numExternalVars’] and i_params[’numInternalVars’].

Controlling the Jacobian stamp (nonzero elements):

getJacStampSize can be overridden to provide the number of rows in the Jacobian stamp.
setJacStamp can be overridden to provide a more minimal number of needed nonzero entries
for each row of the Jacobian. Not providing these functions will result in a dense Jacobian
stamp.

14



4. USING A MODEL DEFINED IN PYTHON

Once you have created your Python model in the form a .py file, it is time to call it in a netlist and
put it to use. All lines in a netlist that call a Python device must begin with YGENEXT and have an
SPARAMS keyword of MODULENAME with a corresponding path to the Python file containing the
Device definition (path can be relative or absolute).

Here is an example:

YGENEXT devicenamel 3 0

+ DPARAMS={NAME=IS VALUE=100FA}

+ SPARAMS={NAME=MODULENAME VALUE=./relative/path/to/MyDevice.py}

Note: Any BPARAMS, TPARAMS, DPARAMS, or SPARAMS defined in the netlist for a device will
be available in the Python module through b_params, i_params, d_params, and s_params,
respectively. Even if the Python module overloads processPythonParams and uses the same
keywords as the netlist, the values defined in the netlist have precedence.

15



5. EXERCISING XYCE-PYMI

5.1. Regression Tests

A limited number of tests exist in the Xyce_Regression repository. These tests require the
following Python packages to be installed (numpy, pycompadre, tensorflow, sympy):

>> pip install numpy pycompadre tensorflow sympy

From the directory Xyce_Regression/TestScripts/, the following command will
exercise these tests:

>> ./run_xyce_regression
--taglist="+genext+pymi?tensorflow?pycompadre" S$PATH_TO_XYCE

5.2. Examples

The goal of Xyce-PyMi is to enable the expedient generation of data-driven compact device
models. However, these types of models require either a dataset or storage of the model, neither of
which can be contained within this document.

In Xyce_Regression/Netlists/GenCoupAPI/, there is a Netlist for a diode in the file
python_gmls_diode_with_limiting.cir which uses synthetic data generated from
the Xyce diode model stored in
Xyce_Regression/Netlists/GenCoupAPI/models/diode.py (a translation of the
N_DEV_Diode in Xyce from C++ to Python).

16



Diode Circuit Netlist

R b b b b b b b b b b b b b i b b b b b b b b b b b b b b b b b i b b b b b b b 4
VIN 1 0 PULSE ( 5 -1 0.05ms 100ns 100ns
+ 0.1lms 0.2ms )

R1 1 2 2K

D1 3 0O DMOD

VMON 2 3 0

.MODEL DMOD D (IS=100FA)

.TRAN 0 0.b5ms

.options timeint reltol=1.0e-4

.options device voltlim=1

.PRINT TRAN I (VMON) V(3) {V(3)/I(VMON) }

.END

Figure 5-1. N_DEV_Diode reference Netlist

GMLS Data-Driven Diode Circuit Netlist
R R b b b a2 d b db b b b b b b b b b b b db b b b b b b d b b b b b b db b b b
VIN 1 0 PULSE ( 5 -1 0.05ms 100ns 100ns
+ 0.1lms 0.2ms )

R1 1 2 2K

YGENEXT pydl 3 0

+ DPARAMS={NAME=IS VALUE=100FA}

+ SPARAMS={NAME=MODULENAME

+ VALUE=./models/gmls_diode.py}

VMON 2 3 0

.TRAN 0 0.5ms

.options timeint reltol=1.0e-4

.options device voltlim=1

.PRINT TRAN I (VMON) V(3) {V(3)/I(VMON) }

.END

Figure 5-2. GMLS data-driven device used in Netlist

A Netlist for exercising N_DEV_D1iode in Xyce is given in Figure [5-1] followed by a Netlist for
exercising the Generalized Moving Least Squares [4] in pycompadre [2] powered data-driven
compact device model using Xyce-PyMi in Figure Next, a plot (Figure is shown
demonstrating strong agreement between the circuit simulations.

17
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Figure 5-3. Comparison between Xyce N_DEV_Diode and Xyce-PyMi using GMLS

The device description for Xyce-PyMi using GMLS as implemented pycompadre can be found at
Xyce_Regression/Netlists/GenCoupAPI/models/gmls_diode.py.
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APPENDIX A. BaseDevice.py

from XyceObjects import DeviceOptions, SolverState

# specifies functions that must be defined
class BaseDevice(object):

# intended if no p_params to store in b,d,i,s params
# otherwise, override and be sure last call inside
# processPythonParams is to call pythonParamsMerge
def processPythonParams(self, b_params, d_params,
i_params, s_params):
pass

# default merging into b,d,i,s params
def pythonParamsMerge(self, b_params, d_params,
i_params, s_params, p_params):
# merges p_params into b,d,i,s params
# gives priority to existing values in b,d,i, and s
# since these were specified in the netlist by the user
for item in p_params.items():
if (item[®] not in d_params.keys()):
if isinstance(item[1], bool):
b_params[item[0]] = 1 if item[1] else 0
elif isinstance(item[1], float):
d_params[item[0]] = item[1]
elif isinstance(item[1], int):
i_params[item[0]] = item[1]
elif isinstance(item[1], str):
s_params[item[0]] = item[1]

# do not override, only called from Xyce—PyMi
def processTotalVars(self, i_params):
try:
num_external_vars = i_params["numExternalVars"]
except:
assert False, "processTotalVars() called before \
setNumExternalVars ()"
try:
num_internal_vars = i_params["numInternalVars"]

20



except:
assert False, "processTotalVars() called before \
processNumInternalVars ()"

i_params["numVars"] = num_external_vars + num_internal_vars

# do not override, only called from Xyce—PyMi

# and determined by topology

def

def

def

def

def

def

def

setNumExternalVars(self, i_params, num_external_vars):

i_params["numExternalVars"]=num_external_vars

processNumInternalVars(self, b_params, d_params,
i_params, s_params):

i_params["numInternalVars"]=0

return i_params["numInternalVars"]

processNumStateVars(self, b_params, d_params,
i_params, s_params):

i_params["numStateVars"]=0

return i_params["numStateVars"]

processNumStoreVars(self, b_params, d_params,
i_params, s_params):

i_params["numStoreVars"]=0

return i_params["numStoreVars"]

processNumBranchDataVars(self, b_params, d_params,
i_params, s_params):

i_params["numBranchDataVars"]=0

return i_params["numBranchDataVars"]

processNumBranchDataVarsIfAllocated(self, b_params, d_params,
i_params, s_params):
try:
i_params["numBranchDataVarsIfAllocated"] = \
i_params["numExternalVars"]
except:
assert False, "processNumBranchDataVarsIfAllocated(...) \

called before setNumExternalVars(...)
return i_params["numBranchDataVarsIfAllocated"]

getArraySizes(self, b_params, d_params,
i_params, s_params):
try:
num_vars = i_params["numVars"]
except:

21



assert False, "getArraySizes(...) called before \
processTotalVars(...)"

size_dict = {}

# 'F’ must have size num_vars

size_dict[’F’]=[num_vars,]

# 'Q’ can have size num_vars or 0

size_dict[’Q’]=[num_vars,]

# B’ can have size num_vars or 0

size_dict[’B’]=[num_vars,]

# limiting variables will have same size
# as variable they shadow

# gradients of variables F and Q (dFdX and dQdX) will have
# shape (size F x size F) and (size Q x size Q), respectively
return size_dict

# tell Xyce—PyMi Jacobian stamp (nonzeros per row) size
# if not overridden, a dense Jacobian will be created
def getlacStampSize(self, b_params, d_params,
i_params, s_params):
return np.zeros(shape=(0,),dtype="1i4")

# only needs overridden if getJacStampSize is overridden
def setlJacStamp(self, jacStamp, b_params, d_params,
i_params, s_params):
pass

# called prior to computeXyceVectors, computed results should be
# store in self.* so that they persist for future
# computeXyceVectors calls
def initialize(self, deviceOptions, solverState,
b_params, d_params, i_params, s_params):
pass

# this function must be overridden to provide device definition
def computeXyceVectors(self, fSV, solV, stoV, staV,
deviceOptions, solverState,
origFlag, F, Q, B, dFdX, dQdX, dFdXdvp, dQdXdvp,
b_params, d_params, i_params, s_params):
raise NotImplementedError
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