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Abstract

A novel compilation of non-ideal characteristics which accompany hardware realizations of ma-
chine learning algorithms in the form RRAM-based neuromorphic ASIC processors is presented
within a convenient, simple, and powerful simulation library named LowPy for use with Python.
Simulations results are shown for four different networks; SLP, MLP, CNN, and LSTM. Each is
subjected to six different GPU-accelerated nonideality functions backed by experimentally gath-
ered data, as well as data provided by external research. Of the six nonideality functions, a spread
of selected parameters is chosen such that any performance impacts of the algorithm are easily
observed across several orders of magnitude. Main aspects differentiating LowPy from other neu-
romorphic simulation platforms include functions not yet implemented by other platforms, the
most non-ideal functions provided by any platform known by the author to date, an event-driven
architecture that provides the user full control over which and when nonideality functions are exe-
cuted during training and testing, as well as its ability to wrap around an existing well-documented,

popular, GPU-accelerated machine learning library.
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Chapter 1

Background

Year over year, machine learning becomes increasingly relevant across many sectors, with
general market spending (around $1.5 billion in 2017) projected to exceed $20 billion by 2024,
assuming its continued cumulative annual growth rate of over 44% [1]. This rapid increase in
relevance of and demand for machine learning is closely matched by a continual accumulation of
machine learn-able data, ready to be processed.

Large-scale data processing is often done in data centers [2], which are comprised of many
High Performance Computing (HPC) clusters. Each of these HPC clusters are typically comprised
of CPUs and GPUs, currently operating in the ”10-300W range in terms of power utilization” [3],
considering that ”300W is the upper limit for a PCI-based accelerator card” [3]. Machine learn-
ing tends to be a power-intensive process, and some networks utilizing these data centers contain
parameters on the order of billions [4]. Responsible for a much smaller energy demand, battery
powered smart devices also benefit greatly from low-power machine learning processors. Not ev-
eryone has blindly surged forward in an attempt to meet the high demand of machine learning,
however. The coupling of energy-hungry data centers operating around the clock with battery
powered smart devices that call for increased energy efficiency to provide longer operational dura-
tion has created fiscal, ecological, and duration-based motivations to reduce the power consumed
by computing processors, culminating in the field of green computing.

Green computing re-imagines portions of the computing process that result in power con-
sumption, including data center design, product longevity, software optimization, material recy-
cling, power management, and more. This work operates within a specific category of green
computing called neuromorphic computing, which has been responsible for recent developments
towards a number of Ultra Low Power (ULP) Very Large-Scale Integration (VLSI) circuits and pro-

cessors [5, 6, 7]. These processors offer substantial progression towards the goal of reduced power

1
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machine learning, and were accompanied by a fairly involved design process. LowPy streamlines
a vital portion of this design process, and offers insights when assessing the fundamental devices

that these neuromorphic processors are built upon.

1.1 Machine Learning

Traditionally, software developers are tasked with bridging the gap between some set of in-
put data, and producing some output, via computer code. They accomplish this with the invention,
implementation, and refinement of a set of rules for a computer to follow when presented with that
input data, until only the desired output is produced. Machine learning requires a paradigm shift,
in the sense that a network is now responsible for the creation and implementation of the rules.
The role of machine learning developers is to build and tune these networks such that they produce

desired outputs when faced with input data.

1.1.1 Datasets

The input and output data previously mentioned can come in a variety of formats such as
stock fundamentals, audio files, videos, pictures, and many more, are all contained in datasets.
In the case of supervised machine learning, these datasets are conventionally comprised of input
data and their corresponding desired outputs. Unsupervised machine learning may not include
these outputs, and depends on the network to create rules without the supervision of any desired
outputs. Developers may utilize an existing dataset, or create their own. Existing datasets are
available across the internet, and some are used as popular benchmarks to compare performance.
One of these datasets is the Modified National Institute of Standards and Technology’s (MNIST)
set of handwritten numerical digits [8]. Figure 1 shows nine of the digits from MNIST. The entire
dataset is comprised of 60,000 28x28 pixel images. Each image pixel’s intensity is represented by
a value 0O to 255, often normalized between 0 and 1 for machine learning purposes. The dataset
also contains 60,000 labels corresponding to the digits, 0 to 9. The MNIST dataset is so popular,

that it has inspired variants including fashion MNIST, sign language MNIST, spoken MNIST, and

2
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MNIST Handwritten Digits
0 0

28 - I | 28 -
0 28 28
0 0 0
28 - 1 28 - 1 28 - 1
0 28 0 28 0 28
0
28 - I
0 28
Figure 1

Nine digits from the MNIST Handwritten Digits dataset [8]. Dataset consists of 60,000 digits and
labels corresponding to which number is written, O to 9. Each image is comprised of 28x28 pixels
with values between 0 and 255 representative of pixel intensity. Often scaled down from O to 1 for
neural networks.

more. MNIST has also been quite popular within the neuromorphic community, with a number
of neuromorphic processor using it to, in a way, prove their worth, regarding machine learning
capabilities [9, 10, 11].

The MNIST dataset [8] is a static dataset, where the inputs do not change over time, with
the alternative being time series datsets. A stock price over a given time frame can be used as a time
series dataset. Natural Language Processing (NLP) datasets would be categorized as time series,
since the words occur in a sequential order over time. One such example would be the IMDB

movie reviews dataset [12], shown in Figure 2. The IMDB dataset is comprised of 50,000 movie

3
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Although I didn’t like Stanley & Iris tremendously as a film,
I did admire the acting. Jane Fonda and Robert De Niro are
great in this movie. I haven’t always been a fan of Fonda’s
work but here she is delicate and strong at the same time. De
Niro has the ability to make every role he portrays into acting
gold. He gives a great performance in this film and there is
a great scene where he has to take his father to a home for
elderly people because he can’t care for him anymore that will
break your heart. I wouldn’t really recommend this film as

a great cinematic entertainment, but I will say you won’t see
much bette acting anywhere.

Figure 2

Example input from the IMDB movie reviews dataset [12]. Labels are O or 1, corresponding to the
negative or positive sentiment found in the review, respectively. Dataset contains 50,000 text files
of move reviews and sentiment labels.

reviews stored in text files. Each text file has a corresponding label O or 1, indicating whether the
review is negative or positive, respectively. Many reviews contain misspellings, varying dialects,
and other factors that could make sentiment discernment difficult. This NLP sentiment predicting

often work better with networks designed to handle time series data.

1.1.2 Packages

Popular coding languages offer powerful and well documented packages or libraries built
for machine learning. Python, one of, if not the, most popular machine learning language has many
packages available for developers. TensorFlow [13], created by Google, is a symbolic math library
built for machine learning in Python. TensorFlow offers the user automatic differentiation, linear
algebra operations, and parallelized, graph based executions that can be run on Nvidia’s CUDA
[14] enabled GPUs. The Keras [15] API is built with TensorFlow’s functions, and included within
TensorFlow. Keras provides the user with models, optimizers, loss functions, and a multitude of
layer types and functions for building and using neural networks. LowPy wraps around the Keras

model, and offers the user access to functions that selectively manipulate the weights in the Keras

4
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Figure 3

Diagrammatic representation of a perceptron. Input edges from the left are weighted w; ;, with the
first subscript 7 indicating the input index, and the second subscript j indicating the neuron index.
Each neuron has one incoming connection from the top known as its bias b;. The perceptron can
execute a Multiply And Accumulate (MAC) function to produce an output, y;. This output y; can
then be activated using a variety of activation functions to produce an activated output z;. The
neuron’s activated output z;, can then be linked to subsequent, or previous neurons, depending on
the layer architecture.

layers to emulate properties introduced by neuromorphic processors. In order to better understand
the results gathered by LowPy’s non-ideal device characteristic simulations, it is important to un-
derstand the background behind the layers. The chosen layers for this paper include Single Layer
Perceptrons (SLPs), Multi-Layer Perceptrons (MLPs), Convolutional Neural Networks (CNNs),
and Long Short-Term Memory (LSTM) networks. These network types were chosen based on
their popularity, contrast relative to one another, and to provide a mix of networks predisposed to

perform well on image recognition datasets as well as time series data.

1.1.3 The Perceptron

It can be said that the perceptron is the building block of several neural networks [16]. In a
neural network, the perceptron is analogous to a neuron, and when interconnected, functions as a
connectionist network. Shown in Figure 3, it consists of several incoming connections on the left,
one from the top, and can have one or more output to the right. The weights and bias linked to each

neuron can be tuned and optimized to produce desired outputs specified by the developer, and are

5

18
Approved for public release; distribution is unlimited.



tuned via some sort of learning algorithm like regression or backpropagation. Each perceptron can

be forward propagated via the Multiply and Accumulation (MAC) function, shown in (Equation 1).

I
yi= Y (wij-xi)+b; ey
i=0
The MAC function sums the product of the incoming weights and their corresponding inputs, and
adds the bias to produce the perceptron’s output y;. Usually, perceptrons will also contain an acti-

vation function, most commonly the sigmoid (Equation 2), tanh (Equation 3), ReLu (Equation 4),

or Linear (Equation 5) functions.

AR +1e—yf @
zj = tanh(yj) 3)
zj = max(0,y;) (4)
Zj=Yj (5

These functions often prevent the change in weight values from vanishing (becoming too small) or

exploding (becoming too large).

1.1.4 Single Layer Perceptron

The Single Layer Perceptron (SLP) [17] consists of one input layer fully connected to an
output layer, as shown in Figure 4. The five blue circles on the left are representative of the inputs
(pixel values of MNIST [8], words from IMDB dataset), while the orange circles represent the
outputs (MNIST number prediction, IMDB movie review sentiment). 'Fully connected’ refers to
the weights, represented in Figure 4 by the gray lines, that connect the input and output layers.

The diagram in Figure 4 represents the forward propagation (Equation 1). It is built of perceptrons

6
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00

Figure 4

Fully connected diagrammatic representation of a Single Layer Perceptron (SLP). Consists of one
input layer (orange) fully connected with one output layer (blue). Connections (gray lines) repre-
sent weights, linking to perceptrons shown in Figure 3.

(blue), while the orange input layer simply offers one input value per input neuron (an MNIST pixel
value, an IMDB movie review word index). The SLP is lightweight, relative to most other network
architectures, and often struggles when extracting features from complex data. On MNIST, it is
not uncommon to see SLPs capable of exceeding 90% accuracy, though this is likely not desirable

for most applications.

1.1.5 Multi-Layer Perceptron

An SLP may transition into the category of deep learning with the addition of hidden layers.
Referred to as Multi-Layer Perceptrons (MLPs) [17], these SLPs + Hidden Layer(s) are comprised
of the same perceptrons that make up an SLP, and provide the network with the ability to learn
significantly more complex features from the dataset. A diagrammatic representation is shown
in Figure 5, where the same orange and blue layers are now outside of a green hidden layer.
The number of neurons in the hidden layer is treated as a hyperparameter, and while there are
recommendations on how many should be included, the number of hidden layers and number of

neurons that produces the highest accuracy for a network will depend on a number of factors.
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Figure 5

Fully connected diagrammatic representation of a Multi-Layer Perceptron (MLP). Consists of one
input layer (orange), fully connected with one hidden layer (green), connected to one output layer
(blue). Connections (gray lines) represent weights, linking to perceptrons shown in Figure 3.

1.1.6 Convolutional Neural Network

SLP and MLPs can be manipulated to create other layers, or can be prepended with data
preproccessing layers. One such preprocesssing layer is the convolutional layer. Convolutional
Neural Networks (CNNs) utilize matrices of coefficients called filters to expose and hide certain
features of data. There are filters to expose edges of objects within images, remove noise, expose
vertical, horizontal, or other angled features, and more. They can be treated as another hyperpa-
rameter for tuning a neural network to work well on a specific dataset.

The degree to which convolutional filters expose the features of the input data is high
enough that the inputs can be reduced in size to allow for high accuracy with smaller classification
networks. This dimensionality reduction is done with pooling layers, which preserve typically a
sliding average of the image inputs, or a sliding maximum of the images. For the scope of this
paper, it is only necessary to understand that these convolutional filters expose features via sliding
matrices of fixed coefficients, and the pooling layers slide across the inputs to reduce dimension-

ality.
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1.1.7 Recurrent Neural Network

The first major modification to consider for a MLP is recurrent handling of the perceptron
connections, to create a Recurrent Neural Network (RNN) better disposed to handle sequential or
time series data. While there are a multitude of ways to visualize this, the simplest is to consider
the outputs of the orange layer in Figure 5 feeding back as inputs into the green layer in Figure 5.

Their feed forward equations are found in (Equation 6).

hy = oy (iy) = op(Upxy + Viyhe—1 + by) ©
7 = oy(a;) = oy(Wyh; + by,)
While RNNs are a good first step towards handling time series data, they have drawbacks that make
them often insufficient for most complex datasets.

The largest issue with RNNs is their proclivity to experience vanishing gradients. As se-
quences grow in length, the likelihood that the backpropagation or regression algorithm will fail
to produce any change to be applied to the RNN’s weights becomes higher. The IMDB dataset
[12], for instance, contains reviews with hundreds of words, and this is often too many for RNNs

to handle.

1.1.8 Long Short-Term Memory Network

One such modification to RNNs seeking to rectify the vanishing gradient issue is the Long
Short-Term memory network. Proposed 1999 [18], LSTMs are still widely used today for NLP
[19] and many other applications. They contain some modifications to RNNs in their forward prop-
agation equations, found in (Equation 7), (Equation 8), (Equation 9), (Equation 10), (Equation 11),

and (Equation 12).

Jr=0Wr-[h—1,%]+by) (7
it = G("Vi‘ [ht—17xt] +bi) (8)
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Oy = G(Wo : [ht—l,xt] +b0) C))

C, = tanh(W¢ - [hy_1,x,] + be) (10)
C = fioG1+iioG (11)
I’lt = Oy OtanhC, (12)

The forget gate in (Equation 7) is responsible for deciding which information from inputs to retain,
and which to ignore. The input gate in (Equation 8) annd the hidden state (Equation 12) are used
to update the cell state in (Equation 11). Lastly, the output gate (Equation 9) is responsible for
deciding what the next hidden state will be.

Another popular modification the Gated Recurrrent Unit (GRU), which, along with the

RNN, is easy to simulate with Keras [15] and LowPy, but is not examined within this paper.

1.1.9 Loss Functions

Intuitively it makes sense that our neural networks all have the same goal of achieving the
highest accuracy on a chosen dataset, but this is achieved in a roundabout way. Neural networks
most often tune their weights based on guidance from an algorithm seeking to minimize a net-
work’s error. Commonly referred to as cost, loss, and error functions, a few of the more popular

loss functions are listed in (Equation 13) and (Equation 14).

n 52
MSE = Z M (13)
i=1 n
CrossEntropyLoss = —(y;log($;) + (1 — y;)log(1 —¥;)) (14)
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While these loss functions all report a measurement of how well a neural network models given

data, they can have a significant impact on how the weights of a neural network are updated.

1.1.10 Optimizers

Now that several common network types and loss functions have been defined, everything
is tied together with optimizers. Most commonly, optimizers offer up the numerical adjustments
that should be applied to neural network weights so that the network can minimize the loss reported
by the chosen loss function. Optimizers calculate these numerical adjustments, commonly referred

to as gradients, using a variety of algorithms.

1.1.10.1 Gradient Descent Seeking to minimize some function J(0), where 6 refers to
aneural network’s trainable parameters, and J refers to a loss function, gradient descent continually
solves (Equation 15), where 7 is an adjustable coefficient representative of the rate at which the
network learns.

0=0-nVeJ(6) (15)

Stochastic Gradient Descent (SGD) [20] takes in one input from the dataset at a time, and
based on the corresponding label, and the outputs from the neural network, makes adjustments to
the trainable parameters 6.

Batch Gradient Descent (BGD) looks at the entire dataset at once, and adjusts the weights
in one large swoop. While this method demands less processing time, datasets often don’t fit on
GPUs/RAM cards, and it does not update as frequently as SGD.

Mini-Batch Gradient Descent (MBGD) breaks the dataset up into smaller batches, and
applies updates to the weights based on each individual batch. In this work, we use Mini-Batch
Gradient Descent (MBGD), as it offers a good compromise between the two. While it might be

more difficult to model in hardware than SGD, simulation times are orders of magnitude quicker.
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1.1.10.2 Adam Optimizer Adaptive Moment Estimation (Adam) [21], an adaptation
on the SGD learning algorithm, was introduced in 2017, and adapts the learning rate based on the

calculated loss value (Equation 16).

my = Bimy—1 + (1 —Br)g:
(16)

ve = Bavi—1 + (1 —Bo)g?

1.2 Neuromorphic Computing

With sufficient background in the basics of machine learning, it is then easier to understand
where neuromorphic computing fits into the picture. It can be argued that machine learning algo-
rithms themselves take inspiration from the learning methods which biological organisms employ,
such as repeated input stimulus, neuronal potentiation and depression, and some algorithms, such
as LSTMs, forgetting irrelevant information as it learns. Neuromorphic computing takes inspira-
tion from biology, neurology, and nature to create algorithms implementable in hardware in pursuit
of low power, efficient machine learning, more closely replicating the way brains function. For in-
stance, the neurons in our brains pass spikes of voltage around for learning and actions, unlike the
previously discussed algorithms, which take a more analog approach. This more discrete format
results in much lower power consumption, and has been been favored by the neuromorphic com-
munity, as many neuromorphic processors implement these Spiking Neural Networks (SNNs) [22,
23, 24].

There are many other methods utilized by neuromorphic Very Large-Scale Integration
(VLSI) systems to mimic neuro-biological architectures, most of which are realized with oxide-
based memristors, spintronic memories, and other forms of transistors.

While the inspiration drawn from other scientific fields is currently has been prevalent in
the neuromorphic computing field, it currently offers a unique solution to the memory bandwidth
problem plaguing traditional computing architectures. Since floating point operations are executed

currently in devoted processors such as CPUs which draw information to and from Hard Drive
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Disks (HDDs), Solid State Drives (SSDs), and Random Access Memory (RAM), the PCle lines
present a delay in processing time unavoidable with traditional computing architectures. Neuro-
morphic processors offer a simpler, more elegant solution: In-Memory Computing [25]
In-Memory Computing [25] takes full advantage of the data retention characteristics af-
ter the removal of power from RRAM cells. The same memory which is used to store data and
information is used to execute computational operations, instead of relying on multiple off-chip
memory banks and waiting for their information transfer times to complete. Therefore, a neuro-

morphic CPU may one day no longer require the use of RAM and other memory based peripherals.

1.2.1 Resistive Random Access Memory

Postulated in 1971 [26], the actual memristor was first tangibly discovered in 2008 [27].
Put simply, it is a variable resistor that retains its resistance value, even without power. Compared
to previously known fundamental circuit components like the resistor, capacitor, and inductor, this
new component offers attributes not previously available to circuit designers. For many neuromor-
phic processors, this readily serves as a fundamental building block of neuromorphic devices.

Memristors have now opened the door to very low power computations. They can function
as Random Access Memory (RAM) does, donning the name Resistive Random Access Memory
(ReRAM or RRAM). In terms of neuromorphic RRAM-based machine learning algorithm hard-
ware realizations, the layered perceptrons have been realized in many ways [28, 29, 30], along
with RRAM-based LSTMs [31, 32], with all proudly reporting power consumption orders of mag-

nitudes lower than their CPU/GPU implemented counterparts.

1.2.1.1 Single and Multi State RRAM In terms of states, it should be mentioned that
RRAM can be used in a few different ways. At its simplest, RRAM can behave as a nonlinear
variable resistor, functioning in an analog manner, typically used in approximate computing ap-
plications [33]. This form of RRAM, referred to as Single Bit RRAM (SBRRAM), contains a

Low Resistance State (LRS), as well as a High Resistance State (HRS). In this paper, the term
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“High Resistance State (HRS)” will be used interchangeably with the term “Low Conductance
State (LCS)”, and likewise, the term ”Low Resistance State (LRS)” will be used interchangeably
with "High Conductance State”. Although not common nomenclature, referring to the states based
on their conductance levels aligns more simply with the way the weights in neural networks have
an upper and lower bound, can now be paired with HCS and LCS, respectively, to avoid confusion.
Approximate computing utilizes the analog region between the two states, often a more volatile
region than that of HRS and LRS. In SBRRAM, the number of possible states is not measured
by actual intermediate divisions, but rather by the accuracy with which memory writes can oc-
cur. SBRRAM saw 7-bit write precision in 2012 [34], equivalent to under 1% write variability.
Presently, there is a strong call for SBRRAM with 8-bit precision for use with convolutional fil-
ters, with most papers reporting that anything beyond 7-bit RRAM as unfeasible, even asserting a
more reasonable range of 2 to 4 bit RRAM [35] being more commonplace.

Alternatively, Multi-State RRAM provides stability between HRS and LRS, and offers a
number of intermediate resistance states (IRSs). MSRRAM with 16 states (4-bit) [36] has been

reported.

1.2.1.2 Synaptic Configurations The next relevant decision following that of state con-
figuration when electing to utilize RRAM for hardware implementation of a machine learning
algorithm is which cell configuration to use. The algorithms examined within the scope of this
work rely on negative and positive weights, centered around zero.

One-transistor, one-RRAM (1T1R) cell synaptic configurations, as shown in Figure 6a, use
only one RRAM cell to store the entirety of the weight. This can be accomplished in multiple
ways, commonly defining a weight of 0 as the center state of the RRAM cell [38]. Two-transistor,
two-RRAM (2T2R) cell configurations, as Figure 6b, rely on one RRAM cell to represent the
weight below zero, and another to hold weights above zero [39]. At the cost of doubling area and
power consumption on a synaptic level, either the precision or weight range is effectively doubled.

It should also be noted that both Figure 6a and Figure 6b show gate terminals above the cells used
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Figure 6a shows a 1TIR synaptic cell configuration. An incoming voltage is encoded as an output
current, and later parts of the circuit determine the sign of the weight represented by the current.
Figure 6b shows a 2T2R synaptic cell configuration, consisting of two memristors, one devoted to
the positive part of the weight, and the other handling the negative portion of the weight. While
there are a multitude of ways to implement this, at a high level, most follow the principles depicted
in this diagram. Each cell in either subfigure shows a terminal on the side of the cell, representative
of the gate terminal in Gated RRAM [37]. With non-gated RRAM, a transistor is used to select
and write new values to the RRAM cells.

to write new values to the RRAM cells, representative of Gated RRAM [37]. However, in the case

of standard RRAM cells, they likely rely on a transistor to select and write to each individual cell.

1.2.2 Crossbar Arrays

Many neuromorphic processors make use of memristive crossbar arrays to organize access
to each individual cell [40]. A 3-D representation of a gated RRAM crossbar array can be found
in Figure 7. This crossbar array is an implementation of a MAC operation from (Equation 1).
Input voltages pass into the array via the three orange nodes on the left of Figure 7. They are
then encoded as currents in the RRAM cells, at which point they are accumulated and then exit
the memristive array through the blue nodes. This is representative of a 3 input, 2 output fully

connected layer, and can be expanded and tiled as needed.
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Figure 7

3D representation of a fully connected RRAM crossbar array. Incoming voltages from the orange
nodes are encoded as currents as they pass through the yellow RRAM cells and exit as MAC
currents through the blue nodes. The gate terminal is characteristic of a novel device created by
Dr. Jha’s lab [41, 37]. Figure 7 shows an example calculation for the non-activated, non-biased
output neuron J, using (Equation 1).

1.2.3 Non-Ideal Characteristics

With the motivation for developing neuromorphic machine learning processors now es-
tablished, it is necessary to now examine the downsides. As many of the realized neuromorphic
processors will report, RRAM contains nonidealities that cannot be ignored. Inherently, memris-
tors are nonlinear devices, unlike normal resistors. Given that neural networks are fueled by their
learning/optimization algorithms, a well written learning algorithm is fundamentally unlikely to be
augmented by non-ideal behavior, unless done so by sheer chance. So, it is intuitive to assume that
any nonideality too significant will impair the algorithm in almost any case. Therefore, sources
normally attempt to discern not whether a given nonideality will enhance a learning algorithm, but

rather to what degree can a machine learning algorithm tolerate this nonideality [42].
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Figure 8

Example distribution of actual weight writes to different RRAM cells. Increased standard deviation
(sigma) results in a wider normal distribution of weights deviating from the desired value of 1.0.

1.2.3.1 Write Variability In neuromorphic processors, the role of RRAM is most often
to store a weight value, and aid in forward propagation when called upon. However, individual
RRAM cells vary from device to device, resulting in, among many other things, write variability
[43]. With RRAM cells holding weight values, this results in discrepancy between the actual writ-
ten weight value and the requested weight value. Depending upon a multitude of factors, mainly

material type and fabrication quality, RRAM can have a wider or narrower standard deviation of

write variability [44], visualized in Figure 8.

1.2.3.2 Drift After writing to an RRAM cell, it can undergo a form of drift, where the
value written to the cell slowly begins to move in a certain direction over time. This occurs in
the more volatile, Short-Term Memory (STM) forms of RRAM, and is not usually as significant
in MSRRAM. Experimentally collected by Brett Hochman, data from Dr. Rashmi Jha’s lab in

Figure 9 shows a SBRRAM cell drifting over time from its originally specified states, as it is
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influenced by the read voltage. Inherently, this behavior has a reasonable amount of stochasticity
associated with it, as the resistance fluctuates substantially, notably during the 0.2V HRS trial in
Figure 9a, and the 0.8V LRS trial in Figure 9b. Additionally, it is worth noting that the majority of
drift occurs early on, and the cell appears to settle into its experimental state as time progresses, at

which point it deviates less and less.

1.2.3.3 Time Decay Some types of RRAM also experience a form of time decay, not
unlike that of a capacitor [45]. Data gathered by Aaron Ruen in Dr. Rashmi Jha’s research lab,
shown in Figure 10, illustrates how a written value to RRAM cells can slowly sink towards a higher

resistance level, outputting less and less current over time.

1.2.3.4 Stuck-At-Fault RRAM cells experience failure from time to time, even with
endurance cycles reaching into the trillions [46]. Similar in concept to other memory devices
becoming Stuck-At-Fault (SAF), cells can become Stuck-At-State (SAS), and depending upon
their synaptic cell configuration, this can manifest in a few different ways. 1T1R cells can either
end up stuck at their HRS or LRS, to the point where they conduct freely or not at all. 2T2R cells
can also become stuck at HRS or LRS, but in terms of neural network weights, this becomes the
upper weight limit, 0, or the lower weight limit. Additionally, assuming that SAS RRAM cells
have a 50% chance of residing at LRS, and a 50% chance of residing at HRS, this then indicates
that 25% of cells would be stuck at the upper weight limit, 25% at the lower weight limit, and 50%

at 0.

1.2.3.5 Random Telegraph Noise An obstacle with RRAM’s scalability is the increase
in Random Telegraph Noise (RTN) present as RRAM cells become smaller [47]. Researchers have
provided methods for reducing the RTN when scaling RRAM [47], though it is still present to some
degree. It can be modeled fairly similarly to write variability from Figure 8, following a normal

distribution controlled by some standard deviation parameter o. [48].
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1.2.3.6 Limited Precision As discussed previously, MSRRAM features several states
which can be used to store weight values, currently up to 4-bits. CPUs and GPUs rely on single,
double, and half floating point precision, which, by comparison, is often substantially higher than
the precision offered by RRAM today. While this downside may seem crippling, many machine
learning algorithms can tolerate low precision, yielding opportunities for substantially lower power
consumption and higher speed computations [49]. Therefore, limited precision may be a non-ideal
characteristic, but it is more of a controlled sacrifice of resolution in favor of minimized energy

usage.

1.2.4 Processor Architectures

The processor design process, enhanced with LowPy’s various features, can be found in
Figure 11. LowPy primarily serves as Keras [15] or any other machine learning library would, but
augmented with support for non-ideal characteristics often found in various forms of neuromorphic
volatile and non-volatile memory. It provides a chip designer with useful insights into how any
machine learning model would behave when subjected to these non-ideal characteristics, during
the initial design phase, as well as the simulation and qualification phases. These neuromorphic
machine learning processors are classified based on their inferencing and training capabilities, as

well as their ability to receive new weights into their memory.

1.2.4.1 Inferencing Only The first processor configuration simulated in this work with
LowPy is the inferencing only neuromorphic processor. Sometime after fabrication and before
chip distribution, the memristive cells within the chip are assigned their weight values. For various
reasons, ranging from simple design constraints to complex security requirements, the inferencing
only processor cannot be written to again by the end user. Therefore, the weights are trained on an

external processing unit, and then transferred to the inferencing only processor.

1.2.4.2 Online Learning Neuromorphic processors capable of adjusting their weights

and fitting to data are considered online learning processors. These processors might use STM
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RRAM for training and LTM for inferencing [29], since training iterations are likely occurring
frequently, and non-ideal characteristics likely do not have time to impact the weight values sub-

stantially.

1.2.4.3 Transfer Learning Processors which do not train on-chip, but instead depend
on an external source to provide them with properly tuned weights are considered transfer learn-
ing processors. This is the same as an inferencing only chip, but now includes the circuitry and
provides the user with the means to write new values to the memristive array. Not only are these
employed in the neuromorphic field, but some of the larger datasets trained on a fleet of GPUs can
have their weights exported, such that limited or no training is needed by another machine learning

processor, be it a GPU, CPU, or neuromorphic.
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Figure 9a shows the resistance over time of RRAM cells set to their HRS state as read by different
input voltages. Each trial was just under one hour in duration, and finds that the majority of drift
occurs early on. Similarly, Figure 9b shows the resistance over time of RRAM cells set to their
LRS state, and being read by different input voltages, with most of the drift occurring early on.
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Experimentally gathered data showing the decay occurring within an MSRRAM cell over time.
The cell is potentiated via a varied number of 5V pulses, and then read over time, showing the
current output falling rapidly at first, and then more slowly as it approaches 0.1A, or its non-
conducting, HRS.
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Figure 11

General neuromorphic processor design process, as augmented by LowPy’s features. After deter-
mining what the machine learning processor will do, as well as the dataset to train on, the network
design and hyperparameter tuning can be done with LowPy’s insights taken into account. Within
the neuromorphic hardware mapping and design, the reconfigurable nonvolatile memory can be
chosen, based on the non-idealities accompanying each memory type. Hardware simulations can
be augmented with the LowPy generated verification metrics, and then tested and validated during
the fabrication and qualification phases.
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Chapter 2

LowPy

When realizing a machine learning algorithm in hardware, the design process behind neu-
romorphic, Application Specific Integrated Circuit (ASIC), RRAM-based processors can be quite
involved. From a time and money invested standpoint, there is a lot to lose should an error be made
during the investigation phase, which involves choosing a type of memory to store the weights, a
type of algorithm to implement, and all of the hyperparameters that go into creating a neural net-
work that provides sufficient results. LowPy aims to provide the user with an insight into what
exactly these machine learning algorithms can tolerate, in terms of nonidealities accompanying the
different memory devices available. Additionally, the specifications obtained from LowPy can be

used for verification and validation of RRAM devices when designing a neuromorphic architecture.

2.1 Introduction

As mentioned previously, TensorFlow [13] provides optimized and well documented linear
algebraic and data handling functions intended for use with machine learning. The Keras API
[15] takes full advantage of the functionality provided by TensorFlow, and comes backed by all of
the power with TensorFlow boiled down into simple, readable functions in the popular high level
coding language Python.

Rather than recreate what has already been done, LowPy is designed to function as a wrap-
per around the Keras API, offering its end users lower level access into the objects contained within

Keras for neuromorphic processor investigation.

2.1.1 Intended Audience

While LowPy contains functions predisposed for neuromorphic research and development,

the functions are not designed in such a way that they are only useful for RRAM and no other form
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of memory. Rather, functions like sas() and quantize() can model SAS or mixed precision

behavior for any form of memory that these attributes apply to, respectively.

2.2 Workflow

LowPy requires the use of Keras’ [15] functional API, as opposed to sequential. As seen
in Figure 12, the different training and testing phases are prepended and appended with lowpy
function vectors. Regardless of weight initialization type, layer type, optimizer, loss function,
or any other hyperparameters, LowPy simply watches the chosen weights of the machine learn-
ing network and alters them as the user specifies within these lowpy function vectors. For
instance, the noise () function can be used to apply noise to the weights during the pre train
forward propagation function vector, in order to simulate RTN affected weights before forward
propagation. In order to prepare for the next weight read operation, the noise might be removed
with denoise () during post train forward propagation, and then subsequently reapplied,
among other nonidealities before gradients are calculated.

The advantage of the lowpy function vector approach is that the user can specify the
order and timing of any non-ideal function they choose. Some RRAM architectures may rely on
nonidealities between gradient calculation and application, while others may not. If no non-ideal
functions are added to the lowpy function vectors, then the vector is skipped, and perfor-

mance is not impacted.

2.2.1 Compatibility and Installation

LowPy has been tested on Windows 10, Mac OS Big Sur, and Ubuntu on Python3. To use
with a GPU, TensorFlow [13] requires certain versions of Python3 and [14], and this was found to
make a big difference with larger networks like the CNN and LSTM. It will be available as open

source software, installable from the Python Package Index with pip.

pip install lowpy

# or
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pip3 install lowpy

2.2.2 Setup and Usage

As with a Keras model, begin with importing the required packages. TensorFlow [13]

contains the Keras API [15], and NumPy [50] will be used to handle datasets and matrices.

import tensorflow as tf
import numpy as np
import lowpy as 1lp

# imported required packages

The next step is to import a dataset, and preprocess as needed.

(x_train, y_train), (x_test, y_test) = tf.keras.datasets.mnist.load_data()
X_train = np.reshape(x_train, (-1, 784)) / 255
x_test = np.reshape(x_test, (-1, 784)) / 255

# imported MNIST dataset and normalized digits

Models are defined using Keras’ functional API. Adding "LowPy” to the layer name subjects it to
the non-ideal characteristic functions. Without "LowPy” in the name, the layer will be overlooked
when non-ideal functions are applied to the network.

inputs = tf.keras.Input(shape=(784,), name="digits")

hidden = tf.keras.layers.Dense(533, activation="sigmoid", name="LowPy:hidden") (inputs
)

outputs = tf.keras.layers.Dense(10, activation="softmax", name="LowPy:predictions") (
hidden)

# built a MLP using the Keras functional API

Choose any optimizer and loss function, and then compile with preferred metrics.

model = tf.keras.Model (inputs=inputs, outputs=outputs)

optimizer = tf.keras.optimizers.Adam()

loss_function = tf.keras.losses.SparseCategoricalCrossentropy(from_logits=True)
model.compile(optimizer,loss_function,metrics=[tf.keras.metrics.

SparseCategoricalAccuracy()])
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# Created a model and compiled with a chosen optimizer, loss function, and metric

By default, all hyperparameters will be defined such that they do not interfere with the model. The

currently supported hyperparameters are shown below.

history = lp.metrics()

simulator = lp.wrapper(
history,
variability_stdev=0.1,
decay=1,
precision=0,
upper_bound=0.1,
lower_bound=-0.1,
percent_stuck_at_lower_bound=0.1,
percent_stuck_at_zero=0.2,
percent_stuck_at_upper_bound=0.1,

rtn_stdev=0

To add non-ideal functions to the lowpy function vectors shown in Figure 12, define them in

the simulation wrapper.

simulator.post_initialization = [
simulator.initialization_variability,
simulator.initialize_stuck_at_state_matrices

]

simulator.pre_train_forward_propagation = [
simulator.apply_sas

]

simulator.post_gradient_application = [
simulator.apply_write_variability

]

simulator.pre_evaluation = [

simulator.apply_write_variability
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simulator.pre_test_forward_propagation = [

simulator.apply_sas

Finish by wrapping the model with the LowPy wrapper.
simulator.wrap(model,optimizer,loss_function)
simulator.plot(variability_stdev)

After model compilation and wrapping, fit and evaluate the data, optionally, requiring the use of a

GPU.
with tf.device(’/GPU:0’):
simulator.fit(x_test, y_test, epochs, x_train, y_train)
Running this script will run a MLP on the MNIST dataset with a 2T2R synaptic cell configuration,
40% of cells SAS, and write variability with a standard deviation of 0.1. A for loop after the
history=1p.metrics() definition will allow the user to specify multiple variants of the network,

and append them to the existing metrics.

2.2.3 Data Handling

All metrics tracked by LowPy are housed in the 1p.metrics(). Currently, it tracks loss,
accuracy, and optionally, weight updates for all cells for endurance related tracking. All metrics
are output into their own CSV files, such that a script cancellation will not cause the loss of all

progress, and so an end user may plot results with their own software and styles.

2.2.4 Plots

LowPy does include a plot function that creates plots in the format shown in this thesis. It
is fairly likely that researchers will have their own plotting styles and software, so more emphasis

was put on the CSV file organization than offering multiple styles and plotting methods.
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2.3 Supported Non-Ideal Functions

The non-ideal characteristics mentioned previously in the Neuromorphic Computing sec-
tion are all included with LowPy. It is possible to create custom user defined functions, and simply
use LowPy for access into the inner workings of Keras. However, if a non-ideal function does not

exist, and it should be included, an issue can be raised on LowPy’s GitHub page.

2.3.1 Write Variability

Noticeable discrepancy can be observed between the requested value when writing to a
memristive device like RRAM, and the actual written value [43]. This nonideality is modeled

easily using TensorFlow[13], and is shown in Algorithm 1.

Algorithm 1 writeVariability()
1: for winmodel.trainableWeights do

2:  variedWeights = tf.random.normal(w,Gyqriapitiry)
3:  w.assign(variedWeights)

4: end for

The bulk of the work will be searching documentation to try and find a standard deviation
value that matches the RRAM in terms of materials that is being implemented, since there are
varying degrees of device variability. In simulation, it is tuned via G4 iapiliry, affecting that standard
deviation of device variability. This is illustrated in Figure 8, showing how the range of weights

changes as 0,4 iapiliry InCreases.

2.3.2 Drift

Depnding on several factors, such as the type of memristor, the temperature, etc., device
drift can manifest in a multitude of ways. For instance, the drift of SBRRAM could behave as

seen in Fig. Figure 13. 1TIR cells may drift towards their HCS, or their LCS, shown in Figure 13
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by the upper or lower bound drift regions, respectively. If 2-state RRAM were used to store a

neural network’s weight, it may drift towards the upper and lower bounds, or towards zero. This is

implemented in code in Algorithm 2.

Algorithm 2 drift()

1: for winmodel.trainableWeights do

2:  driftWeights=w- (1 —driftRateToZero)

3:  driftWeights=w+tf.sign* ((upperBound —tf.abs(w)) *driftRateToBounds)

4:  driftWeights= (w—upperBound) - (upperBound — driftRateToU pper) + upperBound
5. driftWeights= (w+upperBound) x (1 — driftRateToLower) — upperBound

6:  w.assign(driftWeights)

7: end for

MSRRAM is signifcantly more complex, and may drift towards intermediate states, or

experience a number of different behaviors.

2.3.3 Time Decay

Experimentally gathered data shown in Figure 10 illustrates the decay that occurs over time

in the more volatile forms of SBRRAM. Simplistically, this is modeled in Algorithm 3.

Algorithm 3 decay()

1: for winmodel.trainableWeights do

2:  decayedWeights = tf.multiply(w,decay)
3:  w.assign(decayedWeights)
4: end for

The thought behind this more simplistic approach of decay modeling is that the training

time for a devoted neuromorphic processor should be fairly quick, and the high frequency of writes
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indicates that the devices likely won’t have much time to decay. The decay constant in Algorithm 3
decays the weights towards O over the duration of training. As shown in Figure 14, the decay is
altered such that a weight value of 1 would decay with varying rates over 1 epoch of training with

MNIST [8].

2.3.4 Stuck-At-State

RRAM can be Stuck-At-State (SAS) in many different ways. MSRRAM may get stuck
at intermediate states, short and conduct freely, or stay in their HRS. Algorithm 4 offers different
options for both 1TIR [51] and 2T2R [52] synaptic configurations. In Algorithm 4, the matrices
tracking which cells are Stuck At Upper Bound are in SAUB, and the cells Not Stuck At Upper

Bound are in NSAUB. This process repeats for upper bound, as well as zero.

Algorithm 4 SAS()
1: for win range(model .trainableWeights) do

2:  NSALB =tf.math.round((SALB[w] — 1) % —1)

3:  NSAZ =tf.math.round((SAZ[w] — 1) —1)

4:  NSAUB =t f.math.round((SAUB[w] —1)*—1)

5:  bounds = (lowerBound * SALB [w] ) + (upperBound - SAUB [w] )
6:  w.assign(bounds +weights [w] - NSALB-NSAZ - NSAUB)

7: end for

When these cells are stuck at the upper bound, lower bound, or zero, they can still be read
from, and thus gradients will still be calculated. This function should be called before gradient
calculation, and after gradient application to sufficiently model SAS behavior. There is another
function, initialize sas() that allows LowPy to track which cells are SAS, so that the cells
stuck at zero, or their bounds, can be remembered throughout training and/or testing. After initial-

izing with this function, LowPy will only apply SAS behavior to the requested cells.
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2.3.5 Random Telegraph Noise

As with many CMOS devices, scalability with RRAM offers a host of issues, including
increasing amounts of RTN [47]. In simulation, RTN is controlled by a standard deviation value,
ORrTN,similar to write variability in Figure 8. The major difference between write variability and
RTN is the impact of subsequent applications of noise. In simulation, write variability occurs
immediately following a device write, while RTN occurs prior to a device read. For example,
take a weight of w = 0.5. Application of RTN may raise the weight to w = 0.51. With the actual
written weight still at w = 0.5, this original weight value should be retained, and then RTN can
be removed before the next read operation. Algorithm 5 shows RTN applicaiton, and Algorithm 6

shows removal.

Algorithm 5 applyRTN()
I: preRTN =model.trainableWeights

2: for winmodel.trainableWeights do
3:  noisyWeights =t f.random.normal(w.shape,mean = w,stddev = sigmaRTN)
4:  w.assign(noisyWeights)

5: end for

Algorithm 6 removeRTN()
1: for winmodel.trainableWeights do

2:  w.assign(preRTN)

3. end for

2.3.6 Limited Precision

Multi-state RRAM [36] offers a designer lower precision memory storage in favor of faster
computation and substantially lower power consumption. Referred to as mixed precision comput-
ing [49], significant power is saved during operations like MAC in (Equation 1), which is visual-

ized in Figure 7 as a RRAM crossbar array. In concept, this is no different than switching from a
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variable type like double to float to half. Algorithm 7 demonstrates how this is implemented

in LowPy.

Algorithm 7 precision()
1: for winmodel.trainableWeights do

2:  one =w+abs(lowerBound)

3:  two = one-numStates/range

4:  three =tf.clip_by_value(two,clip_value_min = 0,clip_value_max = numStates)
5. four =tf.round(three)

6: five = four/(numStates/range)

7. six =five —abs(lowerBound)

8: w.assign(six)

9: end for

This is a parallelized implementation of hardware quantization, in software. The weights
are multiplied by the specified number of states and divided by the range between the upper and
lower bounds. After clipping the weights between the upper and lower bounds, the weights are
rounded to their new states. Finally, the weights are normalized, and shifted back down to their
original range. This function allows a user to specify a number of states, and requires an upper
and lower bound. These upper and lower bound values can be considered a hyperparameter on
their own, since they cause clipping of weights, and the closer they are together, the higher the

resolution of the weights.
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Various forms of device drift found particularly in memristive devices. Drifting towards bounds
involves the weights moving towards the HRS and LRS of RRAM. Zero is somewhat “opposite”,
where it drifts towards zero. Upper bound drift involves all weights drifting towards the state
representative of the upper bound, with drift to lower bound being the opposite.
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[lustration of memristive device time decay over 60,000 iterations with a varied decay constant.
1.0 = no decay.
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Chapter 3

Inferencing-Only Neuromorphic Processor Simulation

These next three chapters demonstrate the simulation capabilities of LowPy in terms of
possible combinations of processor, network, and nonideality types. As mentioned earlier, four
different networks were chosen to offer a reasonable coverage for various network architectures
and dataset types, also determined based on what is popularly implemented in current neuromor-

phic research.

3.1 Simulation Hardware

To provide information on the expected performance times of LowPy, a few different PC
configurations were used to enhance simulation throughput, and verify that LowPy code worked

on the three most common operating systems:

* Windows 10 PC with Intel®Core™ 15 4690k 3.50GHz CPU, 16GB RAM, Nvidia RTX 3090
24GB GPU

* Mac OS Big Sur with Intel®Core™ i9 8-Core CPU, 16GB RAM, GPU not used

* Linux PC with Intel®Core™ i9-9900K 3.60GHz CPU, 16GB RAM, Nvidia RTX 2080 Ti
11GB GPU

The Nvidia GPUs were significantly faster than all CPUs, and the Linux PC’s CPU was fastest for
all other networks. The Macbook’s CPU was faster than the Windows PC’s, possibly due to the
extra cores available, or better turbo boosting up to 4.9 GHz. Simulation times varied significantly
depending on which nonidealities being simulated, but always ended up taking longer than the
unmodified Keras layers. However, the SLP usually took about 20 minutes to 1 hour, MLP taking

between 30 minutes and 2 hours, the CNN taking up to 3 hours, and the LSTM sometimes taking
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SLP Weight and Bias Updates after 10 Epochs of MNIST
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Figure 15

Weight update visualization of an SLP trained on MNIST. Red corresponds to the upper limit of
over 15,000 updates over the course of training, while blue signifies 0 updates.

up to 7 hours to simulate. However, the 2080 Ti was able to handle up to 2 LSTMs at a time, and

probably could run more instances with more RAM, or better memory utilization from LowPy.

3.2 Single Layer Perceptron

The SLP, trained on MNIST [8], was trained for 10 epochs, where the 60,000 inputs pro-
vided were split 90% for training, 10% for testing. There are 7,840 trainable parameters. The
Keras [15] model is shown below:

inputs = tf.keras.Input(shape=(784,), name="digits")
outputs = tf.keras.layers.Dense(10, name="LowPy-predictions") (inputs)
It was subjected to six different nonidealities.

The number of weight updates that occurred over 10 epochs of MNIST [8] training in
batches of 32 inputs are visualized in Figure 15. Noteably, the cells which received the most
updates were likely connected to neurons in the center inputs. This makes sense, since as seen in
Figure 1, the data from the digits is largely centralized in each picture. Some perimeter cells never

received an update, while other central cells received an update with each iteration.
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3.3 Multi-Layer Perceptron

The MLP, trained on MNIST [8], was also trained for 10 epochs, where the 60,000 inputs
provided were split 90% for training, 10% for testing. The hidden layer contains 784 -533 4533 =
418,405 trainable weights, while the output layer contains 533 * 10+ 10 = 5340 trainable weights.

The Keras [15] model is shown below.

inputs = tf.keras.Input(shape=(784,), name="digits")

d1

tf.keras.layers.Dense(533, activation="sigmoid", name="lowpy-hidden") (
inputs)
outputs = tf.keras.layers.Dense(10, activation="softmax", name="lowpy-predictions") (

d1)
The number of weight updates that occurred over 10 epochs of MNIST [8] training in
batches of 32 inputs are visualized in Figure 16. In contrast to the SLP, the output layer was
almost entirely updated with each iteration, while the hidden layer was not updated as frequently.

Similarly to the SLP, the biases saw a substantial amount of updates, and the hidden layer shows

the same lack of perimeter cell updates that the SLP outer layer does in Figure 15.

3.4 Convolutional Neural Network

The CNN, trained on MNIST [8], was also trained for 10 epochs, where the 60,000 inputs
provided were split 90% for training, 10% for testing. The number of weight updates that occurred
over 10 epochs of MNIST [8] training in batches of 32 inputs are visualized in Figure 17. Interest-
ingly, the filters are adapted fairly regularly in both convolutional layers to better classify the data.
It should be noted that the filters are flattened in Figure 17, so visualization is more complicated.
The output layer sees a more sporadic update of weights, where there is not any easily discernible
pattern occurring, unlike the SLP and MLP. There are 3 * 3 x 32 = 288 weights in the first convolu-
tional layer, 288 « 64 = 18,432 weights in the second convolutional layer, and 1843 x 10 = 18,430
weights in the final output layer. In total, this sums to approximately 33,000 trainable parameters.

The Keras [15] model is shown below:
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MLP Weight and Bias Updates after 10 Epochs of MNIST
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Weight update visualization of an MLP trained on MNIST. Red corresponds to the upper limit of
over 15,000 updates over the course of training, while blue signifies 0 updates.

inputs = tf.keras.Input(shape=(28,28,1), name="digits")

cl = tf.keras.layers.Conv2D(32, kernel_size=(3, 3), activation="relu") (inputs)
pl = tf.keras.layers.MaxPooling2D(pool_size=(2, 2)) (c1)

c2 = tf.keras.layers.Conv2D(64, kernel_size=(3, 3), activation="relu") (pl)

p2 = tf.keras.layers.MaxPooling2D(pool_size=(2, 2)) (c2)

f1 = tf.keras.layers.Flatten() (p2)

dl = tf.keras.layers.Dropout(0.5) (f1)

outputs = tf.keras.layers.Dense(10, activation="softmax", name="lowpy-output") (d1)
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3.5 Long Short-Term Memory Network

The LSTM, trained on IMDB [12], was trained for 5 epochs, where the 25,000 inputs
provided first reduced to 2,500, and then split 90% for training, 10% for testing. The Keras [15]

model is shown below:

inputs = tf.keras.Input(shape=(None,), dtype="int32")

emb = tf.keras.layers.Embedding(max_features, 128) (inputs)

bidl = tf.keras.layers.Bidirectional(tf.keras.layers.LSTM(64, return_sequences=True),
name="LowPy-bidirectionall") (emb)

bid2 = tf.keras.layers.Bidirectional (tf.keras.layers.LSTM(64) ,name="LowPy-
bidirectional2") (bidl)

outputs = tf.keras.layers.Dense(2, activation="sigmoid",name="LowPy-output") (bid2)

The reasoning behind the reduction in this test is that tracking every weight update is very compu-
tationally expensive, and even with this reduction, the LSTM still took a full hour on an NVIDIA
RTX 3090 GPU (though it may have been bottlenecked slightly by an Intel 15 4690K CPU).

The number of weight updates that occurred over 5 epochs of IMDB [12] training in batches
of 16 inputs are visualized in Figure 18. There were over 170,000 trainable parameters in this 2-
layer bidirectional LSTM. While the MLP had substantially more trainable paremeters, both the
CNN and LSTM took much longer to process, due to the more complex operations involved in
forward and backpropagating these networks. Almost every weight was updated during the LSTM
training process, meaning that an RRAM realization of this particular network may wear out more

of its cells sooner than other network types.

3.6 Write Variability

The inferencing processor was subjected to the write variability nonideality outlined in
Algorithm 1. Since this was inferencing only, it was applied during the pre_evaluation() phase for
all four networks, trained under the same configuration as mentioned earlier in this chapter. Results

are shown in Table 1. Write variability, as controlled by Gy iapitiry» appears to have no impact on
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Table 1

Impacts of Write Variability on Inferencing-Only Processor

O\ariability SLP MLP CNN LSTM
0 92.8% 98.0% 98.9% 78.2%
le-05 92.8% 98.0% 98.9% 78.2%
0.0001 92.8% 98.0% 98.9% 78.2%
0.001 92.8% 98.0% 98.9% 78.2%
0.01 92.7% 97.9% 98.9% 78.0%
0.1 89.0% 97.1% 97.6% 67.1%
1 35.0% 11.8% 28.9% 50.2%
Table 2
Impacts of Drift to Bounds on Inferencing-Only Processor
Drift Rate to SLP MLP CNN LSTM
Bounds
0 92.5% 98.2% 98.7% 76.2%
le-06 92.5% 98.2% 98.6% 76.2%
le-05 92.5% 98.2% 98.6% 76.4%
0.0001 92.0% 97.8% 98.4% 76.0%
0.001 74.7% 80.2% 97.3% 68.6%
0.01 69.7% 74.2% 97.1% 60.5%
0.1 69.2% 73.6% 97.1% 59.7%

any network until G4iapiziry = 0.01. After that, any increase in write variability scrambles the

weights to the point where performance suffers, across our tested networks and datasets.

3.7 Drift

The inferencing processor was subjected to the drift to bounds nonideality outlined in Algo-
rithm 2. Since this processor is inferencing only, it was applied during the pre_inference() phase
for all four networks, trained under the same configuration as mentioned earlier in this chapter.

Results are shown in Table 2. Drift to bounds, as controlled by drift_rate to_bounds, has little
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Table 3

Impacts of Decay on Inferencing-Only Processor

decay SLP MLP CNN LSTM
1.0 92.6% 97.6% 98.9% 79.5%
0.99999 92.6% 97.6% 98.9% 79.3%
0.9999 92.6% 96.2% 98.9% 77.8%
0.999 92.6% 27.7% 98.9% 71.0%
0.99 80.9% 11.9% 27.5% 55.0%
0.9 16.6% 10.1% 11.5% 52.5%

impact until > 0.0001. Since this processor only receives weights once, the weights will eventu-
ally drift to the bounds, and drop performance to the point which the processor is unusable. And,
it is likely that the cells will drift outside of the testing phase over time. Therefore, it may also
be useful to monitor tests completed after the weights have drifted a certain percent towards their

bounds, or another configuration.

3.8 Time Decay

The inferencing processor was subjected to the decay nonideality outlined in Algorithm 3.
Since this processor is inferencing only, it was applied during the pre_inference() phase for all
four networks, trained under the same configuration as mentioned earlier in this chapter. Results
are shown in Table 3. Decay, as controlled by decay, has its first detrimental performance impact
at decay = 0.9999, or 99.99% weight value retained per iteration. However, the MLP seemed
to suffer the greatest. This is likely due to the hidden layer weights having a tighter standard
deviation around zero than other layers, and being scrambled sooner than other layer types. Aside
from this observation, similar conclusions can be made, where ensuring that this nonideality lie
below a certain threshold will have less performance impact on the network. Similar to drift, this
will affect the network performance even when the processor is not being used, so decay based

RRAM is not likely to be suitable in an inferencing processor for most applications.
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Table 4

Impacts of 2T2R Stuck at State on Inferencing-Only Processor

% Cells SAS SLP MLP CNN LSTM
0% 92.6% 97.9% 98.6% 80.2%
10% 91.9% 97.3% 98.4% 77.1%
20% 89.7% 96.8% 98.2% 72.5%
30% 88.1% 95.7% 97.4% 74.0%
40% 86.2% 91.8% 96.0% 67.8%
50% 81.2% 76.5% 93.1% 70.5%

3.9 Stuck At State

The inferencing processor was subjected to the Stuck At State (SAS) nonideality outlined in
Algorithm 4. Since this processor is inferencing only, it was applied during the pre_evaluation()
phase for all four networks, trained under the same configuration as mentioned earlier in this
chapter. Results are shown in Table 4. 25% of stuck cells were set to be stuck at the lower bound
weight of -0.1, 25% of stuck cells were set to be stuck at the upper bound weight of 0.1, and the
remaining 50% of stuck cells were stuck at 0. The SAS simulations show some interesting results,
particularly with the LSTM. Given that the LSTM simulations were very light (meaning, they did
not train or test on a particularly large set of inputs, and that it was a rather small network), it
may be difficult to make generalizations sturdy enough to support behavioral prediction for other
forms of LSTMs on other datasets. However, it was still interesting to note that accuracy did not
decrease perfectly linearly throughout our tests - 40% of cells SAS yielded less accuracy than 50%
of SAS cells. Perhaps this could be due to some of the LSTM weights being more integral to higher
performance, and selecting more of those weights during the 40% trial than the 50% trial. With
the other networks, it behaves perfectly linearly, dropping as more cells become SAS. However,
it becomes apparent across the board that these RRAM processors are fairly tolerant to a high

number of cells being SAS.
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Table 5

Impacts of RTN on Inferencing-Only Neuromorphic Processor

ORTN SLP MLP CNN LSTM
0.0 92.4% 98.0% 98.9% 75.7%
0.0001 92.5% 98.0% 98.8% 75.8%
0.001 91.4% 97.8% 97.8% 76.5%
0.01 53.1% 23.2% 32.6% 59.8%
0.1 20.5% 12.4% 9.3% 51.5%
1.0 14.0% 10.9% 6.8% 50.0%

3.10 Random Telegraph Noise

The inferencing processor was subjected to the Random Telegraph Noise (RTN) nonideal-
ity outlined in Algorithm 5. Since this processor is inferencing only, it was applied during the
pre_inference() phase and removed during the post_inference() phase for all four networks,
trained under the same configuration as mentioned earlier in this chapter. Results are shown in
Table 5. As seen in the LSTM accuracy of Table 3, it is possible for a nonideality to have a positive
impact on the performance of a neural network. While a consistent, positive increase in accuracy
should not be ignored, it may speak to a poor choice of optimization, loss function, or some other
architectural decision or hyperparameter choice - since nonidealities have the affect of altering
weights from their intended values. However, it is encouraging to see that even with noise disturb-
ing weight reads of up to 20% standard deviation from their written values, that the network can

still perform nearly ideally, and in the case of this particular LSTM, better than without RTN.

3.11 Limited Precision

The inferencing processor was subjected to the limited precision nonideality outlined in
Algorithm 7. Since this processor is inferencing only, it was applied during the pre_evaluation()
phase for all four networks, trained under the same configuration as mentioned earlier in this
chapter. Results are shown in Table 6. Results for the SLP, MLP, and LSTM in Table 6 begin with
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Table 6

Impacts of Limited Precision on Inferencing-Only Neuromorphic Processor

Num States SLP MLP CNN LSTM
1024 75.4% 78.3% 98.6% 69.0%
512 75.4% 78.2% 98.6% 69.0%
256 75.4% 78.2% 98.6% 69.0%
128 75.4% 78.2% 98.6% 69.0%
64 75.4% 78.3% 98.6% 69.0%
32 75.3% 78.3% 98.6% 69.1%
16 75.2% 78.3% 98.6% 68.6%
8 75.5% 78.2% 98.6% 68.7%
75.6% 76.5% 98.5% 69.1%

75.8% 75.9% 98.5% 69.4%

a lower starting accuracy at 1024, or 10 bits of precision, than the previous trials did. This is likely
due to weight clipping. In order to simulate a set number of states, a range of bounds must be
set. Meaning, an upper and lower weight must be determined, such that the resolution, or number
of intermediate states, between these bounds can be set. Because of this, the bound values were
chosen to be 0.1 < W > —0.1. The dilemma faced when choosing your upper and lower bounds
comes when balancing weight resolution with number of weights clipped. Any weight update
that attempts to set the value above the upper bound will be clipped to the upper bound of 0.1,
while the same case applies for weights falling below —0.1. These weight bounds should likely
be tuned as a hyperparameter when deciding on your network architecture and dataset, and these
values of 0.1 and —0.1 seemed to offer a good balance between resolution and clipping for most
cases. However, for the SLP, MLP, and LSTM, it would appear that many of the weights were
clipped to the bounds when they were written to the inferencing processor, meaning that it would
be beneficial in practice to expand the range between the upper and lower bounds. However, this
data is still meaningful, as it shows that a decrease in precision still has detrimental impacts on
accuracy. The CNN appears not to have suffered much clipping, and benefits from the resolution

of the weights offered by these somewhat restrictive bound choices.
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CNN Weight and Bias Updates after 10 Epochs of MNIST
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Figure 17

Weight update visualization of an CNN trained on MNIST. Red corresponds to the upper limit of
over 15,000 updates over the course of training, while blue signifies O updates.
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LSTM Weight and Bias Updates after 5 Epochs of IMDB
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Weight update visualization of an LSTM trained on IMDB. Red corresponds to the upper limit of
over 15,000 updates over the course of training, while blue signifies 0 updates.
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Chapter 4

Online Learning Neuromorphic Processor Simulation

Simulations in this work will be split into two chapters: Online Learning, and Transfer
Learning processors. As mentioned previously, the online learning neuromorphic processor is
capable of updating its own weights to fit the input data, as well as inferencing on it, while the
transfer learning processors rely on external sources to train their weights.

Typically with online learning RRAM processors, the weights are stored in RRAM cells
that are responsible for both training and inferencing. Therefore, any nonidealities occurring during

testing will not be removed when resuming training.

4.1 Write Variability

Oyariabiliry Values were spaced logarithmically from O to 1. Write variability is applied at

two sections of Figure 12:

simulator.post_initialization = [
simulator.initialization_variability

]
simulator.post_gradient_application = [

simulator.write_variability

This configuration works regardless of synaptic configuration, since device variability is normally
distributed around the requested weight value for both 1TIR and 2T2R. Results are shown in Fig-
ure 19. The SLP in Figure 19a is unaffected by write variability until 6,4 iapiziry = 0.01. Anything
above that causes substantial performance issues. Similar results are found with the MLP in Fig-
ure 19b, the CNN in Figure 19c, and the LSTM in Figure 19d. Notably, the LSTM experienced

overtraining during Gyuriapitiry = 0.01, likely due to exploding gradients, among other factors.
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4.2 Drift

Similar to write variability, drift values were spaced logarithmically from O to 0.1. Drift is

applied at two sections of Figure 12, occurring prior to any read operation:

simulator.pre_train_forward_propagation = [
simulator.apply_decay
]

simulator.pre_test_forward_propagation = [

simulator.apply_decay

The logarithmically varied drift coefficients represent the percentage of drift per iteration, as ap-
plied to every weight, shown in Algorithm 2, illustrating that there are several drift configurations,
depending on synaptic connection style, as well as the type of RRAM selected. The chosen con-
figuration for simulation in this work was drift towards bounds, which can be characteristic of a
2T2R configuration.

Results are shown in Figure 20. The SLP performed better than the MLP in terms of tol-
erance to drift, with all networks beginning to suffer performance degradation > 0.001, or 0.1%
drift per iteration. The drift to bounds was tolerated reasonably well by the CNN, since the convo-
lutional filters were exempt from this non-ideality. Results for the LSTM were more similar to the

SLP and MLP, in that anything > 0.001 was fairly detrimental to performance.

4.3 Time Decay

Similarly to write variability, decay values were spaced logarithmically, this time from 0
down to 0.9. Decay is applied during two sections of Figure 12, which is when the values are read

from the inferencing processor:

simulator.pre_train_forward_propagation = [

simulator.apply_decay
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simulator.pre_test_forward_propagation = [

simulator.apply_decay

In this case, time decay was simulated for a 2T2R synaptic connection, since it decays towards
0, implemented in Algorithm 3. A 1TIR synaptic connection might decay towards LCS, which
would likely be the lower bound. Results are shown in Figure 21. All networks struggled with
decay > 0.99. Most notably, the SLP performed much better than the MLP. This is likely due
to the tighter range of the weights in the hidden layer, losing their optimized values well before
the outer layer might. Given that this is an ideal CNN with non-ideal classification layers since
decaying filters would yield useless results, it makes sense that it did a much better job converging
than the MLP. The LSTM was the first network to show signs of struggle, with the third trial of

decay = 0.9999 reducing the accuracy by a few percent.

4.4 Stuck-At-State Modeling

Over time, memristive cells can fail, sometimes becoming SAS, as mentioned previously.
This affects all read operations, since the cells can no longer be written to, and in simulation, will
be applied during two sections of Figure 12. The matrices which track which cells are stuck at

certain states must also be initialized:

simulator.post_initialization = [
simulator.initialize_sas_matrices
]
simulator.pre_train_forward_propagation = [
simulator.apply_sas
]
simulator.pre_test_forward_propagation = [

simulator.apply_sas

There are many forms of SAS that RRAM synapses can take. MSRRAM may get stuck at some

50

63
Approved for public release; distribution is unlimited.



intermediate state, short and conduct freely, or break and stop conducting altogether. Therefore,
the most common forms of SAS were included in Algorithm 4, containing different choices for
ITIR [51] and 2T2R [52] synaptic cell configurations. As long as the cells are set to their stuck
values in simulation during any read operation, then it can easily be simulated at a high level.
Results are shown in Figure 22. All networks classified well, with both training and testing
bits SAS. In these simulations, the percentage of total SAS cells is varied from 0% to 50%. This
is a 2T2R configuration, and as such, 50% of the cells are stuck at 0, while the other 50% reside at
the bounds. The SLP shows some signs of performance loss as more and more cells become SAS,
but still achieves over 91.5% accuracy. All other networks perform mostly unfazed, likely due to

the similarities between SAS and machine learning dropout.

4.5 Random Telegraph Noise

oyn values were spaced logarithmically from O to 1, similarly to write variability. RTN is
applied prior to read operations, and subsequently removed, shown in Figure 12:

simulator.pre_train_forward_propagation = [
simulator.apply_rtn

]

simulator.post_gradient_calculation = [
simulator.remove_rtn

]

simulator.pre_test_forward_propagation = [
simulator.apply_rtn

]

simulator.post_inference = [

simulator.remove_rtn

This configuration works regardless of synaptic configuration, since device variability is normally
distributed around the requested weight value for both 1T1R and 2T2R. Results are shown in

Figure 23. The impact of noise does not become apparent until a ogry > 0.01 has been reached.
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This applied to all networks, and seemed to affect the CNN the most. The CNN and LSTM were
unable to train with too much noise present, while the others appeared to train somewhat normally,

given enough iterations.

4.6 Limited Precision

The numStates value was spaced in terms of bits, O to 10 bits. This shows a good spread of
the lowest tolerable precision, and the possible achievable performance as RRAM advances, and
new developments present higher precision and write accuracy. Limited precision is applied prior

to read operations, shown in Figure 12:

simulator.pre_train_forward_propagation = [
simulator.precision

]

simulator.pre_test_forward_propagation = [

simulator.precision

This configuration works regardless of synaptic configuration, since the number of states can be
controlled by the user. RRAM cells with 4 bits of precision may have 16 states, but two of them set
up in a 2T2R configuration may offer 32 states, 31 states, or a different value, depending on many
factors. Results are shown in Figure 24. Notably, the networks still performed with reasonable
accuracy when restricted to only 16 states for training and inferencing. The CNN, however, was
able to achieved almost 90% accuracy for 1, 2, and 3 bits, which shows that the bulk of the work
is done in data preparation by the convolutional filters. Therefore, RRAM may serve as a good
low power classification layer succeeding a convolutional layer. The LSTM’s highest resolution of
1024 states fell to 60% accuracy at the second epoch. This would seem to be a fluke, but a similar
drop occurred for 256 states, meaning there could be something more going on than just unlucky

gradient descent.
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4.7 Discussion

In terms of an online training processor, performance is likely to suffer more due to non-
idealities compared to that of an inferencing processor. This is due to the nonidealities having a
heavy influence over not only the evaluation phase, but also the testing phase.

While it is difficult to make broad generalizations for these four different networks across
six different nonidealities, it seems that there is an intuitive principle that the further a non-ideal
characteristic alienates an algorithm from its original behavior, the more performance tends to
suffer. This unfortunately indicates that there is little chance that a non-ideal behavior that has any
substantial impact on weight value is unlikely to aid a network in its convergence.

If not boosting the accuracy of a network, then the best case scenario is that the nonideality
has no noticeable impact on accuracy. This was found under certain thresholds for all non-ideal
functions, with Figure 24c coming to mind in terms of significant tolerance to a non-ideal behavior.
All networks seemed to tolerate 2T2R SAS behavior with little issue, shown in Figure 22. How-
ever, most other results simply show that minimizing these non-idealities is likely a requirement

for online learning neuromorphic processors.
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Results of online training neuromorphic processor subjected to write variability.
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(a) SLP

(b) MLP

(c) CNN

(d) LSTM

Figure 20

Results of online training neuromorphic processor subjected to drift towards its bounds.
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Online SLP-MNIST - Varied Decay
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Results of online training neuromorphic processor subjected to time decay.
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57

70
Approved for public release; distribution is unlimited.



Online SLP-MNIST - RTN

1.00 1 i { i ; ‘[ 1‘ % Sigma
| 0.0
0.75 ‘ i

e§‘ s (0.0001

3 0.50 y 0.001

Q p—

2 // 0.01
0.25 14— (), ]
0.00 T

0 1 2 3 4 5 6 7 8
Epochs
(a) SLP
Online MLP-MNIST - RTN
1.00 — .
- ‘ ‘ ‘ ‘ Sigma
0.75 0.0

& s (0.0001

<

2 050 — 0.001

Q

< 0.01
0254 e e 0.1

| 1.0
0.00 T

0 1 2 3 4 5 6 7 8

Epochs
(b) MLP
Online CNN-MNIST - RTN
1.00 .
r__====— Sigma

0.75 — 0.0

§ / s (0.0001

§ 0.50 0.001

< 0.01
0.25 4+ s (), ]

——————————— | —1.(
0.00 T T T T T T T
0 1 2 3 4 5 6 7 8
Epochs
(c) CNN
Online LSTM-IMDB - RTN )
1.0 Sigma

> 0.8 /J» m—— ]e-05

8 0.0001

3 0.001

< 06 0.01
0.4 ‘. T 1.0

0 1 2 3 4 5
Epochs
(d) LSTM
Figure 23

Results of online learning neuromorphic processor subjected to RTN.
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Results of online training neuromorphic processor subjected to limited precision.
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Chapter 5

Transfer Learning Neuromorphic Processor Simulation

Transfer learning is not unique to neuromorphic processors - as previously mentioned, it is
used even with GPUs to save on training time with a head start contained in the initialized weights
[4]. Transfer learning processors, also referred to as inferencing processors, do not contain the
circuitry necessary to train their weights internally, and rely on some external source to train their
weights for them, such as a GPU or CPU.

Normally, the goal of machine learning is to maximize accuracy. What if the training chip’s
peak accuracy does not necessarily align with our non-ideal inferencing chip’s peak accuracy? For
instance, due to something like write variability or noise, the peak accuracy for the inferencing
chip may not be the same peak accuracy as that of a GPU. Therefore, it is important to determine if
there will be feedback from the inferencing chip to choose the highest accuracy possible, or if the
trainer will converge with the highest accuracy it can attain, and not worry about the inferencing
processor.

This greatly affects simulations in LowPy. For example, time decay could be present on the
inferencing processor, but does not afflict the GPU training chip. After each epoch of training, the
weights from the GPU are then loaded onto the RRAM cells. The RRAM cells are evaluated, and
their accuracy is recorded. What happens to the weights on the RRAM cells then? They’ve been
decaying during testing, so should they be ignored, or written back to the trainer GPU, in hopes
that the GPU will take the decayed weights and make them more accurate? In this work, it was

decided that the values would be loaded back onto the training chip after testing.

5.1 Write Variability

As with the online learning processor write variability simulations, G, iapiliry Values were

spaced logarithmically from O to 1. However, write variability is only applied during one section
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Figure 12, which is when the values are written to the inferencing processor:

simulator.pre_evaluation = [

simulator.write_variability

As with before, this configuration works regardless of synaptic configuration, since device variabil-
ity is normally distributed around the requested weight value for both 1TIR and 2T2R. Results are
shown in Figure 25. The SLP in Figure 25a is unaffected by write variability until Gyiapiriry = 0.01.
Anything above that causes substantial performance issues. Similar results are found with the MLP
in Figure 25b, the CNN in Figure 25c, and the LSTM in Figure 25d. Notably, the LSTM experi-

enced overtraining during G,4iapitiry = 0.01, likely due to exploding gradients.

5.2 Drift

As with the online learning processor drift to bounds, drift values were spaced logarith-
mically from O to 0.1. Drift is now applied at one section of Figure 12, occurring prior to any

inference operation:

simulator.pre_test_forward_propagation = [

simulator.apply_decay

The logarithmically varied drift coefficients represent the percentage of drift per iteration, as ap-
plied to every weight, shown in Algorithm 2, illustrating that there are several drift configurations,
depending on synaptic connection style, as well as the type of RRAM selected. The chosen con-
figuration for simulation in this work was drift towards bounds, which can be characteristic of a
2T2R configuration.

Results are shown in Figure 26. As is to be expected, drift in an inferencing processor
is much less detrimental than drift in an online processor, since the training phase is unaltered.
None of the networks failed to converge, and the SLP in Figure 26a, along with the MLP in

Figure 26b both saw 10% drift to bounds classify with higher performance than 1% drift to bounds,
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interestingly enough. Perhaps this change in drift was due to a weight initialization predisposed
to produce a higher accuracy, or a more nuanced reason. Since gradient descent can easily get
trapped in local minima during the optimization phase, drift may have caused the gradient descent
process to avoid being trapped in a local minima altogether. The LSTM was fairly tolerant to drift
in particular, though seemed to be limited by the overfitting which occurred around the third epoch

onward.

5.3 Time Decay

As with the online learning processor, decay values were spaced logarithmically, this time
from O down to 0.9. Decay is now applied during one section of Figure 12, which is prior to every

inference:

simulator.pre_test_forward_propagation = [

simulator.apply_decay

As with before, time decay was simulated for a 2T2R synaptic connection, since it decays towards
0, implemented in Algorithm 3. Results are shown in Figure 27. As with before, networks strug-
gled with decay > 0.99. And again, the SLP performed much better than the MLP. All networks

appear to have performed with fewer sharp jumps and falls in accuracy as well.

5.4 Stuck-At-State Modeling

Cells again were simulated in a 2T2R configuration, varied from 0% SAS to 50%. From
Figure 12, it is only necessary to apply SAS prior to inferencing. The matrices which track which
cells are stuck at certain states must also be initialized:
simulator.post_initialization = [
simulator.initialize_sas_matrices

]

simulator.pre_train_forward_propagation = [
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simulator.apply_sas

]
simulator.pre_test_forward_propagation = [

simulator.apply_sas

Results are shown in Figure 28. All networks classified well, even better than the online
learning counterpart. All networks handled even 50% cells SAS with ease, with the SLP dropping

the most accuracy of 2.5%.

5.5 Random Telegraph Noise

Oy values were again spaced logarithmically from O to 1. RTN is applied prior to infer-

encing operations, and subsequently removed, shown in Figure 12:

simulator.pre_test_forward_propagation = [
simulator.apply_rtn

]

simulator.post_inference = [

simulator.remove_rtn

This configuration works regardless of synaptic configuration, since device variability is normally
distributed around the requested weight value for both 1T1R and 2T2R. Results are shown in
Figure 29. As with the online processor, the impact of noise does not become apparent until
a ogry > 0.01 has been reached. This applied to all networks, and seemed to affect the CNN
the most. The CNN and LSTM were again unable to train with too much noise present, while
the others appeared to train somewhat normally, given enough iterations. Since noise is occurring
constantly, it makes sense that noiseless training would not perform much differently than noiseless

inferencing.
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5.6 Mixed Precision

The numStates value was again spaced in terms of bits, 0 to 10. Limited precision is applied
prior to evaluation operations, shown in Figure 12. It is not applied prior to every inference, since

the weight does not need to change with each test iteration:

simulator.pre_evaluation = [

simulator.precision

This configuration works regardless of synaptic configuration, since the number of states can be
controlled by the user. RRAM cells with 4 bits of precision may have 16 states, but two of them
set up in a 2T2R configuration may offer 32 states, 31 states, or a different value, depending on
many factors. Results are shown in Figure 30. The transfer learning processor showed a great deal
of higher tolerance relative to the online training processor simulations. The only accuracy loss
occurred during the SLP at 2 states, and all others performed as well as is reasonably expected

with no nonidealities present.

5.7 Discussion

Not surprisingly, the transfer learning processor performed much better than the online
learning processor. It is important to keep in mind that the transfer processor was not only having
its weights written to, but was sending them back out to the trainer with the nonidealities applied.
This will not always be the case, it is likely much more convenient to simply write to the memristive
crossbar array without reading the values back out. Not only that, but the method of transfer
learning simulated here may even show worse accuracies than if the weights were not sent back to
the external trainer, but there are likely exceptions to that statement.

While notable performance improvements were observed when switching to the transfer
learning processor such as the limited precision, the results were overall very similar. The same

thresholds from the online processor were likely where performance loss began to occur for the
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transfer learning processor as well, though some nonidealities like write variability and precision
loss did have an improved tolerance with the transfer learning processor, since the iterative training

process was unaltered.
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Figure 26

Results of transfer learning neuromorphic processor subjected to drift towards its bounds.
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Transfer SLP-MNIST - Varied Decay
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Results of transfer learning neuromorphic processor subjected to time decay.
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Transfer SLP-MNIST - SAS
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Results of transfer learning neuromorphic processor subjected to 2T2R SAS.
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Transfer SLP-MNIST - RTN
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Results of transfer learning neuromorphic processor subjected to RTN.
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Transfer SLP-MNIST - Varied Precision Num States
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Results of transfer learning neuromorphic processor subjected to limited precision.
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Chapter 6

Conclusion

With such an involved design process for neuromorphic processors, the quick, high-level
insights that LowPy offers can, at the very least, offer the user a starting point for where the severity
of the memristive device’s various nonidealities should be. At most, it gives a precise, quantifiable
value for what can be tolerated your specific combination of algorithm, optimizer, loss function,
and all other hyperparameters in a given machine learning network, regarding the most commonly
observed memristive nonidealities, allowing for verification and validation of RRAM devices when
designing a neuromorphic architecture based on the specifications obtained from LowPy.

Regarding overall generalizations to be made from the simulations presented for the infer-
encing only, online learning, and transfer learning processors, keeping the nonidealities below the
limits listed in Table 7. These generalizations should serve as a starting point for any processor
style, but is largely dependent upon a number of individual factors, such as the chosen optimizer,
loss function, hyperparameters, and dataset.

The structuring of LowPy to wrap around Keras [15], as well as its reliance on the par-
alellizeable TensorFlow [13] functions, offers the user powerful computations through high level
function calls, even usable on Cuda [14] GPUs. This provides the familiarity of Keras, and keeps
machine learning simulations in line with current research and industry usage.

The event based design shown in Figure 12 allows the user to choose when nonidealities
are applied to any layer with the string "LowPy” in its layer name. Not only that, it allows the user
to apply a nonideality during one event, and then subsequently remove it, reverting their weights
to the previous state. This implementation choice offers flexibility so that LowPy can be used for

a wider range of applications.
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Table 7

Thresholds where Non-Ideal Memristive Properties Begin to Reduce Neural Network Accuracy

Nonideality Inferencing Online Transfer
Only Learning Learning
Oariability >0.01 > 0.01 >0.1
% drift to bounds per iteration >0.01% >0.1% >0.01%
% decay per iteration > 0.01% > 0.01% > 0.01%
9% SAS > 10% >20% > 40%
ORTN > 0.001 >0.001 > 0.01
Number of states <32 <32 <2

6.1 Limitations

While LowPy benefits from wrapping around an existing machine learning API, it is only
allowed access to whatever the API provides. For instance, if the multiplication circuit within a
neuromorphic ASIC has nonidealities present, then the otherwise convenient Keras [15] layers,
optimizers, and loss functions will need to be redesigned by the end user from scratch, at which
point the convenience of LowPy is lost.

Along with that, there is a balance to be struck between being too RRAM-specific, and
being too generalized such that no one can make use of it. If all properties replicate RRAM’s

decay perfectly, it likely no longer represents the way in which other memory devices decay.

6.2 Future Work

The specificity problem mentioned previously can be solved with the implementation of
multiple functions for RRAM, general devices, and any other specific devices that can benefit
from LowPy. There is plenty more tailoring to be done to the provided algorithms, and more
nonidealities to be modeled. Given that the goal is not to replace the precise nature of SPICE
and other lower level simulators, the amount of features added should be tempered, should they

ever cause unreasonable training times. However, topics such as high level power consumption
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estimations could still be possible, since LowPy tracks cell updates and other network properties.
Overall, there is still more to be done for LowPy to meet its end goal of providing a user with
a familiar, powerful python library capable of simulating any nonideality found particularly in

memristive devices.
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