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NEUROMORPHIC SYNTHESIZER

PRIORITY

[0001] This application claims the benefit of priority to U.S. Patent Application No. 16/039,142
filed on July 18, 2018 and U.S. Provisional Application No. 62/534,188, filed July 18, 2017, the

entire contents of which are incorporated by reference herein.
FIELD

[0002] Embodiments of the disclosure related to the field of neuromorphic computing. More
specifically, embodiments of the disclosure relate to systems and methods for automatic and
computerized conversion of a behavioral description of a machine learning logic module into an

integrated circuit design.
BACKGROUND

[0003] Traditional central processing units (CPUs) process instructions based on “clocked time.”
Specifically, CPUs operate such that information is transmitted at regular time intervals. Based on
complementary metal-oxide—semiconductor (CMOS) technology, silicon-based chips may be
manufactured with more than 5 billion transistors per die and may be as small as 10 nm. Advances
in CMOS technology have been parlayed into advances in parallel computing, which is used

ubiquitously in cell phones and personal computers containing multiple processors.

[0004] However, as machine learning is becoming commonplace for numerous applications
including bioinformatics, computer vision, video games, marketing, medical diagnostics, online
search engines, etc., traditional CPUs are often not able to supply a sufficient amount of processing
capability while keeping power consumption low. In particular, machine learning is a subsection
of computer science directed to software having the ability to learn from and make predictions on
data. Furthermore, one branch of machine learning includes deep learning, which is directed at

utilizing deep (multilayer) neural networks.

[0005] Currently, research is being done to develop direct hardware implementations of deep

neural networks, which may include systems that attempt to simulate “silicon” neurons (e.g.,
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“neuromorphic computing”). Neuromorphic chips (e.g., silicon computing chips designed for
neuromorphic computing) operate by processing instructions in parallel (e.g., in contrast to clocked
time) using bursts of electric current transmitted at non-uniform intervals. As a result,
neuromorphic chips require far less power to process information, specifically, artificial
intelligence (AI) algorithms. To accomplish this, neuromorphic chips may contain as much as five
times as many transistors as a traditional processor while consuming up to 2000 times less power.
As one example of neuromorphic chips, IBM has developed a chip (deemed “TrueNorth™) that
implements one million spiking neurons and 256 million synapses on a chip with 5.5 billion
transistors with an average power usage of 70 milliwatts. Thus, the development of neuromorphic
chips is directed to provide a chip with vast processing capabilities that consumes far less power
than conventional processors. Further, neuromorphic chips are designed to support dynamic

learning in the context of complex and unstructured data.

[0006] Specifically, neuromorphic chips are designed to simulate and/or mimic neuro-biological
architectures present in the nervous system. For example, a memristor is intended to mimic a
synapse in the human nervous system. A memristor, e.g., a two-terminal element, has two

properties of particular importance: switching and plasticity.

[0007] Further, a neuristor is intended to mimic neuron within a human nervous system. A
neuristor may be designed with capacitors in parallel with memristors. Neuristors provide two
important functions: integration and threshold spiking. The integration, supplied by the

capacitance, and spiking function can be engineered into a single two-terminal memristor.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0009] Embodiments of this disclosure are illustrated by way of example and not by way of
limitation in the figures of the accompanying drawings, in which like references indicate similar

elements and in which:

[00010] FIG. 1 provides a schematic illustrating a system 100 for designing and updating

neuromorphic integrated circuits (“ICs”) in accordance with some embodiments.

[00011] FIG. 2 is an exemplary flowchart illustrating a computerized method 200 of

automatically generating a circuit layout from a behavioral description of machine learning logic.

[00012] FIG. 3 is an exemplary flowchart illustrating a computerized method 300 of
automatically generating a circuit netlist from a computational graph representing machine

learning logic.

[00013] FIG. 4 is a block diagram illustrating an exemplary computational graph in the form of
a long-short term memory (LSTM) circuit.

[00014] FIG. 5 is a block diagram of a neuromorphic synthesizer system 500.
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DETAILED DESCRIPTION

[0015] In the following description, certain terminology is used to describe features of the
invention. For example, in certain situations, the term “logic” may be representative of hardware,
firmware and/or software that is configured to perform one or more functions. As hardware, logic
may include circuitry having data processing or storage functionality. Examples of such circuitry
may include, but are not limited or restricted to a microprocessor, one or more processor cores, a
programmable gate array, a microcontroller, a controller, an application specific integrated circuit,
wireless receiver, transmitter and/or transceiver circuitry, semiconductor memory, or

combinatorial logic.

[0016] The term “process” may include an instance of a computer program (e.g., a collection of
instructions, also referred to herein as an application). In one embodiment, the process may be
included of one or more threads executing concurrently (e.g., each thread may be executing the

same or a different instruction concurrently).

[0017] The term “processing” may include execution of a binary or script, or launching an
application in which an object is processed, wherein launching should be interpreted as placing
the application in an open state and, in some implementations, performing simulations of actions
typical of human interactions with the application. In some embodiments, processing may be a

combinations of operations (e.g., actions) performed as a result of execution of logic.

[0018] The term “object” generally refers to a collection of data, whether in transit (e.g., over a
network) or at rest (e.g., stored), often having a logical structure or organization that enables it to

be categorized or typed. Herein, the terms “binary file” and “binary” will be used interchangeably.

[0019] The term “file” is used in a broad sense to refer to a set or collection of data, information
or other content used with a computer program. A file may be accessed, opened, stored,
manipulated or otherwise processed as a single entity, object or unit. A file may contain other files,
and may contain related or unrelated contents or no contents at all. A file may also have a logical
format, and/or be part of a file system having a logical structure or organization of plural files.
Files may have a name, sometimes called simply the “filename,” and often appended properties or

other metadata. There are many types of files, such as data files, text files, program files, and
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directory files. A file may be generated by a user of a computing device or generated by the
computing device. Access and/or operations on a file may be mediated by one or more applications
and/or the operating system of a computing device. A filesystem may organize the files of the
computing device of a storage device. The filesystem may enable tracking of files and enable
access of those files. A filesystem may also enable operations (e.g., actions) on a file. In some
embodiments the operations on the file may include file creation, file modification, file opening,

file reading, file writing, file closing, and file deletion.

[0020] Lastly, the terms “or” and “and/or” as used herein are to be interpreted as inclusive or
meaning any one or any combination. Therefore, “A, B or C” or “A, B and/or C” mean “any of
the following: A; B; C; A and B; A and C; B and C; A, B and C.” An exception to this definition
will occur only when a combination of elements, functions, steps or acts are in some way inherently

mutually exclusive.

[0021] Referring now to FIG. 1, a schematic illustrating a system 100 for designing and updating
neuromorphic integfated circuits (“ICs”) is provided in accordance with some embodiments. As
shown, the system 100 can include a simulator 110, a neuromorphic synthesizer 120, and a cloud
130 configured for designing and updating neuromorphic ICs such as neuromorphic IC 102. As
further shown, designing and updating neuromorphic ICs can include creating a machine learning
architecture with the simulator 110 based on a particular problem. The neuromorphic synthesizer
120 can subsequently transform the machine learning architecture into a netlist directed to the
electronic components of the neuromorphic IC 102 and the nodes to which the electronic
components are connected. In addition, the neuromorphic synthesizer 120 can transform the
machine learning architecture into a graphié database system (“GDS”) file detailing the IC layout
for the neuromorphic IC 102. From the netlist and the GDS file for the neuromorphic IC 102, the
neuromorphic IC 102, itself, can be fabricated in accordance with current IC fabrication
technology. Once the neuromorphic IC 102 is fabricated, it can be deployed to work on the
particular problem for which it was designed. While the initially fabricated neuromorphic IC 102
can include an initial firmware with custom synaptic weights between the nodes, the initial
firmware can be updated as needed by the cloud 130 to adjust the weights. Being as the cloud 130
is configured to update the firmware of the neuromorphic IC 102, the cloud 130 is not needed for

everyday use.
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[0022] Neuromorphic ICs such as the neuromorphic IC 102 can be up to 100x or more energy
efficient than graphics processing unit (“GPU”) solutions and up to 280x or more energy efficient
than digital CMOS solutions with accuracies meeting or exceeding comparable software solutions.

This makes such neuromorphic ICs suitable for battery powered applications.

[0023] Neuromorphic ICs such as the neuromorphic IC 102 can be configured for application
specific standard products (“ASSP”) including, but not limited to, keyword spotting, speaker
identification, one or more audio filters, gesture recognition, image recognition, video object
classification and segmentation, or autonomous vehicles including drones. For example, if the
particular problem is one of keyword spotting, the simulator 110 can create a machine learning
architecture with respect to one or more aspects of keyword spotting. The neuromorphic
synthesizer 120 can subsequently transform the machine learning architecture into a netlist and a
GDS file corresponding to a neuromorphic IC for keyword spotting, which can be fabricated in
accordance with current IC fabrication technology. Once the neuromorphic IC for keyword
spotting is fabricated, it can be deployed to work on keyword spotting in, for example, a system

or device.

[0024] Neuromorphic ICs such as the neuromorphic IC 102 can be deployed in toys, sensors,
wearables, augmented reality (“AR”) systems or devices, mobile systems or devices, appliances,

Internet of things (“IoT”) devices, or hearables.

[0025] Referring now to FIG. 2, an exemplary flowchart illustrating a computerized method 200
of automatically generating a circuit layout from a behavioral description of machine learning logic
is shown. Each block illustrated in FIG. 2 represents an operation performed in the computerized
method 200 of performing an automatic circuit layout generation. At block 202, a behavioral
description of a machine learning logic module is determined. The behavioral description may
comprise machine code, e.g., a set of one or more instructions that may be executed by a CPU,
that defines an architecture of the machine learning logic module. In one embodiment, the machine

learning logic module may represent at least a portion of a neural network.

[0026] At block 204, the behavioral description of the machine learning logic module is converted
into a computational graph that represents a plurality of levels of operations. Of these operations,

some may be referred to as “primitive operations” such as add, multiply, half-wave rectification
6
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(often referred to in machine learning parlance as a Rectified Linear Unit, or ReLU), leaky ReL U,
sigmoid, hyperbolic tangent function (“tanh”), winner-take-all (the output equal to the largest of
multiple inputs), loser-take-all block (the output is equal to the smallest of several inputs), arg-
max (the output indicates which of multiple inputs is the largest); arg-min (the output indicates
which of multiple inputs is the smallest), averaging, exponentiation, logarithm, etc. For these
primitive operations, there are corresponding analog circuits that implement the primitive
operations in the analog circuit library. Further, complex operations may be comprised of a
plurality of primitive operations, wherein examples of complex operations may include, but are
not limited or restricted to, fully-connected layers, convolutions, matrix-vector multiplication,
concatenation, vector addition, matrix inversion, LSTM layers, recurrent connections, gating units,
delay operations, pooling operations, temporal convolutions, embedding layers, merge layers, and
normalization. The primitive operations and complex operations may be referred to as “known
neural network operations.” Additional operations may be constructed from a combination of
complex operations and primitive operations. In one embodiment, a software algorithm called
TensorFlow may be used to convert the architecture of the machine learning logic module to the

computational graph.

[0027] However, it should be noted that in alternative embodiments, one or more logic engines (or
logic modules) may be provided a representation of a machine learning module, e.g., a portion of
a neural network, which may be referred to as a “neural network description.” In some
embodiments, the neural network description may be an enumeration of layers, corresponding
layer types and the connections between each layer. The logic engines may be configured to
receive and parse the neural network description. The logic engines may then be configured to
convert the parsed neural network description into a computational graph. For example, the logic
engines may be configured to convert the neural network from first syntax or format to a second
syntax or format, wherein the first syntax may be referred to as a neural network description and

the second syntax may be referred to as a computational graph.

[0028] At block 206, the computational graph is converted into a circuit netlist based on a
correlation of (i) operations described in the computational graph with (ii) a predetermined analog
cell library representing computational operations. In some embodiments, the computational graph

is comprised of a plurality of elements wherein each element corresponds directly to one or more
7



WO 2019/018564 PCT/US2018/042749

circuit blocks within a circuit layout. The term “circuit block” refers to predetermined circuits that
are part of a custom library. Each circuit block may have a fixed size or may be parametric. A
parametric circuit block has a dynamic size that is defined by one or more parameters. For example,
a circuit block, e.g., a memory array, might be instantiated with size parameters as follows, e.g.,:
“memory_array(rows=8, columns=16).” Such an example would result in an 8x16 array of core
memory elements having eight input circuits with one input connected to each row and 16 output

interface circuits with one connected to each column.

[0029] In one embodiment, a “fully connected layer” (e.g., within an integrated circuit) may be
represented by one or more operations that multiply one input vector by a matrix of weights to
yield one output vector. That matrix-vector multiplication corresponds to the operations performed
by an array of memory elements. In such embodiments, the conversion of the computational graph
to a circuit netlist includes, via a rules-based analysis, producing a representation of one or more
circuit blocks based on arithmetic operations, including, but not limited or restricted to, vector-
matrix multiplication operations that are representative of a machine learning logic module. In one
such embodiment, a circuit element comprising a plurality of multipliers and summation circuitry
and implementing a matrix-vector multiplication with parameters defining the number of inputs
and outputs may exist within a pre-defined library, e.g., the analog cell library 504 of FIG. 5. In
that case, the neuromorphic synthesizer system 500 of FIG. 5 might instantiate the pre-defined

matrix-vector multiplication circuit with the appropriate parameters.

[0030] In a similar embodiment wherein a fully-connected layer is desired, and a complete matrix-
vector multiplication circuit is not defined in the analog circuit library, but multiplication and
summation elements do exist within the pre-defined library, the synthesizer might construct a
matrix-vector multiplication circuit from the multiplication and summation elements according to

a set of rules.
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[0031] The following is “pseudo-code” illustrating one exemplary method of constructing a

matrix-vector multiplication, however, the disclosure is not intended to be so limited.

function construct mat vector mult (num_ inputs, num_outputs) {
for j= 1l:num outputs
for i=l:num_inputs
insert multiplier(inl=input[i], in2=weight[i,jl,
out=product [i,731);
if i==1 then

insert adder (inl=productli,j], in2=0, out=suml|i,j];
else
connect (sumfi,j], productli,jl);
connect (sum [num_inputs, jl, outputl[jl);

[0032] In other embodiments, an element in the computational graph may correspond to an entity
that is to be generated using one or more elements within a circuit library. In such embodiments,
representations of software routines will be stored within the circuit library, wherein each of the
software routines expresses a given type of computational element (e.g., a convolution, or a
recurrent layer) as a collection of circuit elements from a predefined and pre-populated analog cell
library and the connections between those elements. In one embodiment, the analog cell library,
stored in the non-transitory computer-readable as illustrated in FIG. 5, may include schematic
representations of one or more elements as well as predefined circuit layouts, and/or physical
implementation of each element. The layouts in the analog cell library will be designed to be
compatible with the requirements of standard automatic place and route (P&R) tools. In one
embodiment, the P&R tools may take as input a circuit netlist and properly designed layouts from
the analog cell library and generate a layout of the larger circuit described by the netlist. In
embodiments in which a P&R tool is not used to generate the circuit layout, one or more logic
engines may be configured to place the circuit blocks and route wires for the connections. In some
embodiments, the logic engines may be specific in configuration to identify a predetermined set
of layer types (e.g. fully-connected, convolutional, recurrent, etc.). In such embodiments, the logic
engines may be configured to place and route circuit blocks and route writes for the connections

of the predetermined set of layer types.

[0033] In one non-limiting example, a long-short term memory (LSTM) is a type of layer often

used in neural networks, that generally takes the form of the circuit shown in FIG. 4 (discussed

9
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below). The routine for a LSTM circuit would take parameters relating to the size of the inputs
and outputs and the type of the nonlinearities and generates circuit netlist lines that lists each of

the time delays, adders, multipliers, etc. and the connections between them.

[0034] In one example, an initial description of a neural network might include a statement that
defines a specific layer to be an LSTM with an input comprising an X-dimensional vector (“Inputs
401” as seen in FIG. 4), a Y-dimensional state vector (“State 403 in Fig. 4), and a Z-dimensional
output (“Output 418” in FIG. 4). The statement would then imply a computational graph like that
illustrated in FIG. 4. The neuromorphic synthesizer system 500 may be configured to then parse
a statement from a neural network description that calls for an LSTM layer and generate a circuit
netlist corresponding to the configuration of elements shown in FIG. 4. Additional detail of the
process for generating the circuit netlist is provided in FIG. 3. One or more logic engines may be
configured to parse the initial description and, with respect to the statement defining an LSTM
layer, generate a portion of a circuit netlist with circuit elements corresponding to the illustration

of FIG. 4 and with wires corresponding to the lines in FIG. 4.

[0035] At block 208, a layout of a circuit, e.g., an IC, that corresponds to the machine learning
logic module is generated by reformatting the syntax of the circuit netlist to represent a circuit
layout. At optional block 210, an IC is generated using the layout of the circuit generated in block
208.

[0036] Referring now to FIG. 3, an exemplary flowchart illustrating a computerized method 300
of automatically generating a circuit netlist from a computational graph representing machine
learning logic is shown. Each block illustrated in FIG. 3 represents an operation performed in the
computerized method 300 of performing an automatic circuit netlist generation within the
computerized method 200 of automatically generating a circuit layout. At block 302, a
computational graph comprising a plurality of levels of mathematical operations representing a
machine learning logic module is determined. In one embodiment, the machine learning logic

module represents at least a portion of a neural network.

[0037] At block 304, for each computational element implementing an operation in the
computational graph, a circuit block that implements the desired computational operation is

selected from a predetermined library of circuit blocks. Subsequently, at block 306, for each
10
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connection connecting components in the computational graph, creating a corresponding
connection that connects the circuit blocks implementing corresponding computational elements.
However, it should be noted that not all circuit blocks need to be selected prior to creating one or

more connections.

[0038] As one example, the method of FIG. 3 may be utilized to generate a circuit netlist
describing a convolution operation. The convolution operation may be constructed based on the
widely known definition of convolution, which a sequence of summations of multiplications of
filter coefficients with pixel quantities and according to a rule-based construction method
analogous to that described in the pseudo-code above. In some embodiments the pixels of the
convolution operation are pixels from an image that is to be classified by the neural network. In
another embodiment, the pixels may be elements of a “feature map,” resulting from a convolution
operation in a previous layer of the neural network. One illustration of a convolution includes
operations performed on a patch of pixels having a first predetermined size and a filter having a
second predetermined size is performed. In one embodiment, the patch of pixels may be a first
rectangular patch of pixels representing by X pixels by Y pixels, wherein both X and Y may
represent any integer. In one non-limiting embodiment, the patch of pixels may have a size of
80x60. In some embodiments, the filter may be a matrix having any size less than or equal to the
size of the patch of pixels, e.g., a Z by Z filter. In one non-limiting embodiment, the filter may

have a size of 3x3.

[0039] Generally, the patch of pixels may represent any element in a 2-D representation of an
input. In particular, the patch of pixels represents at least a portion of an image (e.g., audio or
graphic). In the case of an audio signal, prior to convolving the patch of pixels with the filter
includes dividing the audio signal into frequency components, and maintaining a record of the
value of each of the frequency (F) components at each of the last time (T) steps. The record may

be stored in a non-transitory computer-readable medium as illustrated in FIG. 5.

[0040] In such an example, a patch of pixels may be defined as an (F)x(T) array of “pixels,” such
that each pixel indicates a particular amount of signal energy at a particular frequency at a
particular time. Additionally, the filter may be used to recognize features or patterns in the image,

wherein the patch of pixels represents a portion of the image. In one non-limiting example, the

11
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1 0 -1
coefficients of the filter may be: [1 0 —-1]. Such a sample filter may be used in detecting
1 0 -1

vertical edges with a brighter color on the left bordered by a darker color on the right. Continuing
the example, the output of an operation applying the above filter is a second image where “bright
spots” correspond to the existence in a certain location of the specific feature that the filter is
programmed to detect. Subsequent layers may filter based on relationships between different
features (e.g., an isolated dot below a vertical edge might be the character ‘i’ in a character

recognition task).

[0041] It should be noted that an audio signal and an image pixel are just two examples of an input
signal. Specifically, audio signals are often processed by first using a filter bank to measure the
intensity of sound in various frequency bands and then performing operations on those frequency

band energy levels.

[0042] Referring now to FIG. 4, a block diagram illustrating an exemplary computational graph,
in the form of a long-short term memory (LSTM) circuit is shown. The LSTM circuit diagram 400
includes the following components: the matrix-vector operators 404;1-4044; the sigmoid vector
operators 4081-4084; the element-wise multiplier 412; the element-wise multiplier 420; the
element-wise summation operator 424; the unit time delay element 416; the sigmoid vector
operator 428; the element-wise multiplier 432; and the unit time delay element 436. The LSTM
circuit diagram 400 receives the X-dimensional input vector 402, which is provided to the matrix-
vector operators 4041-4044. Following the operations of the matrix-vector operators 404;-4044,
output vectors 406,-4064 are generated. The matrix-vector operators 4041-4044 each apply a weight

to the input vector 402, wherein one or more of the weights may differ from the others.

[0043] The output vectors 4061-4064 are then provided to the sigmoid vector operators 4081-4084,
which each apply a saturating nonlinearity to a corresponding element in corresponding output
vector 4061-4064. The resultant vectors following the sigmoid vector operations are the output
vectors 4101-4104. The element-wise multiplier 412 takes as input output vector 410; along with
the Y-dimensional state vector 426 at time, (wherein the Y-dimensional state vector 426 at timen

is generated as a result of the input of the Y-dimensional state vector 426 at timey-1 into the unit

12
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time delay element 416). The element-wise multiplier 412 generates as output the output vector

418.

[0044] The element-wise multiplier 420 takes as input the output vectors 4102-4103 and generates
the output vector 422. The element-wise summation operation 424 takes as input the output vectors
418 and 422, and generates the Y-dimensional state vector 426. As referenced above, the Y-
dimensional state vector 426 is then provided to the unit time delay element 416 for feedback into
the LSTM circuit diagram 400. Additionally, the Y-dimensional state vector 426 is provided to as
input to the sigmoid vector operator 428, which generates the output vector 430. The element-wise
multiplier 432 takes as input the output vector 4104 and the output vector 430, and generates the
Z-dimensional output vector 434. The output vector 434 may also be fed back into the LSTM

circuit diagram via the unit time delay element 436.

[0045] Referring now to FIG. 5, a block diagram of a neuromorphic synthesizer system is shown.
Herein, the neuromorphic synthesizer system 500 features a plurality of electronic components,
including one or more hardware processors 501 (generally referred to as “processor”), at least one
non-transitory computer-readable medium (“storage”) 502 having information and logic stored
thereon. Although not shown, these components may be encased in a housing, which may be made
entirely or partially of a rigid material (e.g., hard plastic, metal, glass, composites, or any
combination thereof) that protects these components from certain environmental conditions. As
illustrated in FIG. 5, the processor 501 is circuitry that is configured to execute logic stored within
the storage 502 to automatically convert a behavioral description of a machine learning logic
module into an integrated circuit design. The non-transitory computer-readable medium may have
stored thereon: an analog cell library 504, a neural network description parsing logic 506, a neural
network module generation logic 508 and a circuit layout generation logic 510. The neural network
description parsing logic 506 may be configured to identify standard neural network components,
such as, for example, a fully-connected layer, a convolutional layer, or an LSTM layer, in a
provided description of a neural network. The neural network description parsing logic 506 may
also be configured to (i) convert the neural network description to a computational graph, (ii)
convert the computational graph to a circuit netlist, and (iii) instantiate a corresponding integrated
circuit that implements each neural network component and corresponding connection in the

circuit netlist. The neural network module generation logic 508 may be parametric, e.g., receives

13
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input parameters, and may be configured to generate one or more neural network modules from
available analog cells, e.g., stored in the analog cell library504. The pseudo-code discussed above
describing a circuit implementing a fully-connected layer is one example of such logic (e.g., the
logic components illustrated in FIG. 5 provided as a single logic component). Similar routines for
generating other types of neural network modules, such as convolutional layers or LSTM layers,

would also be included.

[0046] In the foregoing description, the invention is described with reference to specific exemplary
embodiments thereof. It will, however, be evident that various modifications and changes may be
made thereto without departing from the broader spirit and scope of the invention as set forth in

the appended claims.
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CLAIMS
What is claimed is:

1. A non-transitory computer readable storage medium having stored thereon
instructions, the instructions being executable by one or more processors of to perform actions

comprising:

converting a computational graph that describes a first layer of a neural network to a circuit

netlist based on a correlation of:
(i) operations described in the computational graph, and

(i1) an analog cell library including a plurality of predetermined circuit blocks that

describe known neural network operations; and

generating a circuit layout that corresponds to at least the first layer of the neural network.

2. The non-transitory computer readable storage medium of claim 1, wherein
generating the circuit layout includes converting syntax of the circuit netlist to a representation of

a circuit layout.

3. The non-transitory computer readable storage medium of claim 1, wherein the
instructions being executable by the one or more processors of to perform further actions

comprising:

performing additional actions configured to cause generation of an integrated circuit based

on the circuit layout.

15
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4. The non-transitory computer readable storage medium of claim 1, wherein the

instructions being executable by the one or more processors to perform further actions comprising:

prior to converting the computational graph to the circuit netlist, receiving a behavioral

description of at least the first layer of the neural network; and

converting the behavioral description of the first layer of the neural network into the

computational graph.

5. The non-transitory computer readable storage medium of claim 4, wherein the
behavioral description includes machine code being a set of one or more instructions that are

executable by a computer processing unit (CPU).

6. The non-transitory computer readable storage medium of claim 5, wherein the
behavioral description defines an architecture of machine learning logic that represents at least a

portion of the neural network.

7. The non-transitory computer readable storage medium of claim 1, wherein the
integrated circuit includes a plurality of cells, each cell including a metal-oxide-semiconductor

field-effect transistor (“MOSFET”).

8. The non-transitory computer readable storage medium of claim 1, wherein

converting the computational graph to the circuit netlist further includes:

for each component element implementing an operation included in the computational
graph, selecting one of the plurality of predetermined circuit blocks of the analog cell library that

implements the operation; and

16
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for each connection connecting components in the computational graph, creating a
corresponding connection that connects the circuit blocks implementing corresponding

computational elements.

9. A method for automatically generating an integrated circuit, the method

comprising:

converting a computational graph that describes a first layer of a neural network to a circuit

netlist based on a correlation of:
(i) operations described in the computational graph, and

(ii) an analog cell library including a plurality of predetermined circuit blocks that

describe known neural network operations;

generating a circuit layout that corresponds to at least the first layer of the neural network.;

and

performing actions configured to cause generation of the integrated circuit based on the

circuit layout.

10.  The method of claim 9, wherein generating the circuit layout includes converting

syntax of the circuit netlist to a representation of a circuit layout.

11.  The method of claim 9, wherein the instructions being executable by the one or

more processors of to perform further actions comprising:

prior to converting the computational graph to the circuit netlist, receiving a behavioral

description of at least the first layer of the neural network; and

17
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converting the behavioral description of the first layer of the neural network into the

computational graph.

12.  The method of claim 11, wherein the behavioral description defines an architecture

of machine learning logic that represents at least a portion of the neural network.

13.  The method of claim 12, wherein the behavioral description includes machine code

being a set of one or more instructions that are executable by a computer processing unit (CPU).

14.  The method of claim 9, wherein the integrated circuit includes a plurality of cells,

each cell including a metal-oxide-semiconductor field-effect transistor (“MOSFET”).

15.  The method of claim 9, wherein converting the computational graph to the circuit

netlist further includes:

for each component element implementing an operation included in the computational
graph, selecting one of the plurality of predetermined circuit blocks of the analog cell library that

implements the operation; and

for each connection connecting components in the computational graph, creating a
corresponding connection that connects the circuit blocks implementing corresponding

computational elements.
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16. A system comprising:
a memory to store executable instructions; and

a processing device coupled with the memory, wherein the instructions, when executed by

the processing device, cause actions including:

converting a computational graph that describes a first layer of a neural network to a

circuit netlist based on a correlation of:
(i) operations described in the computational graph, and

(ii) an analog cell library including a plurality of predetermined circuit blocks

that describe known neural network operations; and

generating a circuit layout that corresponds to at least the first layer of the neural

network..

17. The system of claim 16, wherein generating the circuit layout includes converting

syntax of the circuit netlist to a representation of a circuit layout.

18. The system of claim 16, wherein the instructions being executable by the one or

more processors of to perform further actions comprising:

performing additional actions configured to cause generation of an integrated circuit based

on the circuit layout.

19
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19.  The system of claim 16, wherein the instructions being executable by the one or

more processors of to perform further actions comprising:

prior to converting the computational graph to the circuit netlist, receiving a behavioral

description of at least the first layer of the neural network; and

converting the behavioral description of the first layer of the neural network into the

computational graph.

20.  The system of claim 19, wherein the behavioral description includes machine code
being a set of one or more instructions that are executable by a computer processing unit (CPU),

and

wherein the behavioral description defines an architecture of machine learning logic that

represents at least a portion of the neural network.
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