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ABSTRACT

TOWARDS FAIR AND EFFICIENT DISTRIBUTED INTELLIGENCE

Artificial Intelligence is rapidly advancing the modern technological landscape. Alongside this
progress, the ubiquitous presence of computational devices has created unique opportunities to
deploy intelligent systems in novel environments. For instance, resource constrained machines such
as [oT devices have the potential to enhance our world through the use of Deep Neural Networks
(DNNs). However, modern DNNs suffer from high computational complexity and are often relegated
to specialized hardware, a bottleneck which has severely limited their practical use. In this work, we
contribute to improving these issues through the use of neural network compression. We present new
findings for both model quantization and pruning, two standard techniques for creating compressed
and efficient DNNs. To begin, we examine the efficacy of neural network compression for time
series learning, an unstudied modality in model compression literature. We construct a generalized
Transformer architecture for multivariate time series which applies both binarization and pruning to
model parameters. Our results show that the lightweight models achieve comparable accuracy to
dense Transformers of the same structure on time series forecasting, classification, and anomaly
detection tasks while significantly reducing the computational burden. Next, we propose two novel
algorithms for neural network compression: 1) Tiled Bit Networks (TBNs) and 2) Iterative Weight
Recycling (IWR). TBNs present a new form of quantization to tile neural network layers with
sequences of bits to achieve sub-bit compression of binary-weighted models. The method learns
binary vectors (i.e. tiles) to populate each layer of a model via tensor aggregation and reshaping
operations; during inference, TBNs use just a single tile per model layer. TBNs perform well across
a diverse range of architecture (CNNs, MLPs, Transformers) and tasks (classification, segmentation)
while achieving up to 8x reduction in size compared to binary-weighted models. The second

algorithm, IWR, generates sparse neural networks from randomly initialized models by identifying

il



important parameters within neural networks for reuse. The approach enables us to prune 80% of
ResNet50’s parameters while still achieving 70.8% accuracy on ImageNet. Finally, we examine
the feasibility of deploying compressed DNNSs in practical applications. Specifically, we deploy
Sparse Binary Neural Networks (SBNNs), TBNs, and other common compression algorithms on an
embedded device for performance assessment, finding a reduction in both peak memory and storage
size. By integrating algorithmic and theoretical advancements into a comprehensive end-to-end
methodology, this dissertation contributes a new framework for crafting powerful and efficient deep

learning models applicable in real-world settings.
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Chapter 1

Introduction

Machine learning systems are becoming increasingly integrated into various aspects of our
lives, ranging from healthcare and finance to transportation and communication [3,4]. In the last
decade, DNNs have catapulted the broad field of machine learning into the forefront of technological
progress [5]. Hardware tools such as the Graphics Processing Unit (GPU) [6] have accelerated our
ability to train neural networks on large amounts of data. This achievement was first demonstrated
by the seminal work of Krizhevsky et al. [7] who produced state-of-the-results in the field of
computer vision.

The advent of the Transformer architecture, introduced by Vaswani et al. in 2017 [8], marked
another significant milestone in machine learning. The Transformer architecture revolutionized
natural language processing tasks and led to impressive advancements. However, it also brought an
increase in the computational burden required for Al systems to function. The Transformer’s atten-
tion mechanism, which allows models to capture contextual relationships across input sequences,
demands substantial computation to process vast amounts of data. As a result, the deployment of
advanced Transformer-based models, such as BERT [9], GPT [10], and their subsequent iterations,
has strained hardware infrastructure and prompted researchers to explore techniques for optimizing
computations.

Alongside the progress of large scale deep learning there is a growing need for DNNs in resource
constrained environments [11]. The field, commonly referred to as edge Al, involves the deploy-
ment and execution of deep learning models on smaller "edge" devices such as microcontrollers,
embedded systems, [oT devices, and smartphones, and enables data processing and intelligent
decision-making at the source [12]. The decentralized approach offers advantages like reduced
latency, enhanced privacy, efficient bandwidth usage [11], and model specificity catered to a de-
vice’s customized task. Moreover, edge Al provides democratization of deep learning algorithms

where any device can run a powerful deep learning model, an important property in today’s age of



monopolized large language models such as OpenAI’s GPT [10]. As a result, edge Al provides a
meaningful alternative to large scale Al systems.

The high computational cost of modern deep learning coupled with the need for more efficient
and lightweight DNNs has led researchers to explore methods to make deep algorithms more efficient
[13]. Methods such as pruning [14, 15] and weight quantization [16, 17] provide opportunities to
make neural networks smaller and less memory intensive, offering benefits in large-scale applications
as well as in smaller edge Al use cases. Neural network pruning involves removing some parameters
of the model by setting the values to zero. In effect, we create a "sparse" neural network, which can
theoretically lead to a reduced computational cost. Quantization involves reducing the precision of
the neural networks parameters and activations, such as reducing a models parameter from 32-bit
values down to 8-bit values. For example, a 32-bit value of 3452.1432 can be quantized down to
its 8-bit value 3452. While current pruning and quantization approaches offer substantial benefits,
many often lead to performance degradation [18-20], or are impractical for applied use [21,22].

In the following research we work towards addressing open problems in neural network compres-
sion research including both model quantization and pruning. In particular, we propose three distinct
research areas which each tackle a particular problem. To begin, we propose a novel Transformer
architecture, the SBT, which is a highly compressed (sparse and binary) Transformer capable of
learning generalized multivariate time series learning tasks. Our proposed research is the first to
show that neural networks are robust to extreme compression, particularly for multivariate time
series learning. Our model is tested on time series classification, anomaly detection, and forecasting,
and exhibits a substantial computational savings.

The second area of our work finds new algorithm for achieving neural network compression
(including pruning and quantization). First we propose Iterative Weight Recycling, which improves
our ability to find sparse neural networks within randomly initialized models. The algorithm achieves
this by reusing high importance parameters within the pruned model structure, exhibiting higher
sparsity and better test performance across architectures and datasets. In addition we explore another

novel compression algorithm, which we call "Tiled Bit Networks". The algorithm tiles a neural



network with binary weight by repeating a sequence of bits into the neural networks structure for
each layer. The algorithm is implemented across both convolutional and fully-connected layers, and
is the first of its kind, achieving sub-bit neural network compression on a multitude of architectures
(CNNs, Transformers, MLPs) and tasks (classification, segmentation) with significant compression
compared to binary-weighted models.

In the final area of our work, we assess the feasibility of deploying Sparse Binary Neural
Networks in real-world applications. The first two sections of our research employ a "sparse and
binary" architecture for pruning and quantizing model’s weights. In this section, we assess the
viability of deploying this architecture in a limited resource environment. Specifically, we deploy
a neural network on an Arduino microcontroller by first implementing the model with bit-packed
linear layers and converting the model to C. In addition, we assess the sparse and binary neural
network model against commonly used quantization approaches used in real world applications.

In the next section we provide a general overview of neural network pruning and quantization,
with aim of providing a high-level background information related to each of our proceeding
chapters. The rest of the proposal organizes each of our three topics into its own chapter: 1) Sparse
Binary Transformers for Multivariate Time Series Modeling, 2) Enhanced Compression Algorithms
for Neural Networks, and 3) Applying Sparse and Quantized Neural Networks in Real-World
Applications. Each of the chapters contains an introduction, a detailed related work, methodology,
experiments, and other analysis and research related to the topic. Finally, we wrap up the dissertation

in our Conclusion section.

1.1 Background: Pruning and Quantization in Deep Learning

Deep learning models, while powerful, often suffer from large memory footprints and high
computational costs. Model compression techniques have emerged as essential strategies to mitigate
these challenges. This dissertation focuses on two key techniques: pruning and quantization.

Pruning Neural network pruning involves the removal of redundant connections in neural net-

works, leading to smaller and more efficient models. Weight pruning methods focus on eliminating



connections with low magnitudes, exploiting the observation that small weights have negligible
impact on the network’s output. Early techniques such as Optimal Brain Damage [14] proposed
removing weights based on their second derivatives with respect to the loss function. Iterative
pruning algorithms like Optimal Brain Surgeon [23] further refined this approach, incorporating
Hessian information to identify and prune less significant connections. Recent advancements have
introduced structured pruning, where entire channels or layers are pruned based on importance
metrics such as L1-norm or saliency scores [24]. Moreover, sensitivity analysis methods [25]
have gained popularity for their ability to identify redundant connections, achieving substantial
compression ratios while preserving model accuracy.

Key to this dissertation is the work presented in the Lottery Ticket Hypothesis, introduced by
Frankle and Carbin in 2018, which has significantly influenced the field of deep learning model
optimization. This hypothesis challenges the conventional understanding of neural network training
by proposing that within large, over-parameterized networks, there exist small subnetworks, termed
"winning lottery tickets", which, when trained in isolation, can match the performance of the
original network. Frankle and Carbin’s groundbreaking work suggested that these sparse, trainable
subnetworks could be identified through iterative pruning and retraining processes, leading to
considerable model compression without sacrificing accuracy. Subsequent research efforts have
delved deeper into understanding the characteristics and principles behind these winning tickets [26],
exploring their role in transfer learning, exploring novel techniques for their identification [27], and
applying them to various network architectures and tasks [28]. The Lottery Ticket Hypothesis has
thus become a foundational concept in the realm of network pruning, offering valuable insights
into the nature of deep learning models and paving the way for more efficient and effective training
methodologies and model architectures.

Quantization

On the other front, quantization techniques focus on reducing the precision of model parameters,
enabling compact representation without sacrificing performance. Gupta et al. [29] delved into the

delicate balance between reduced numerical precision and model accuracy, offering insights into



the importance of precision control in deep learning applications. Additionally, Zhou et al. [30]
introduced incremental quantization, a dynamic precision adjustment method during training,
showcasing the significance of adaptive precision in maintaining model accuracy while significantly
reducing computational demands. Common techniques for creating quantized networks include
post-training quantization with retraining [31,32], where we train a full-precision model and then
quantize the weights after training, and quantization-aware training [29], where a DNN is trained
with the knowledge that it will be quantized after training. Common techniques generally quantize
model weights down to 8-bit parameters.

Specific to this work, binary weight quantization (binarization) restrict weights to binary values,
{—1,1}, significantly reducing memory usage and computational complexity. Binary neural
networks [33] employ binary weights to simplify arithmetic operations to bitwise operations. One
fundamental approach to BNNSs involves novel training methods. Rastegari et al. [34] introduced
XNOR-Net, a model incorporating binary weights and activations throughout training and inference,
achieving significant model compression while maintaining accuracy. Zhou et al. [35] proposed
using real-valued "centroids" in BNNs, enhancing convergence and overall performance. In terms
of hardware implications, Courbariaux et al. [33] applied BNNs to reinforcement learning tasks,
demonstrating the viability of binary networks in complex decision-making processes. Tang
et al. [36] explored specialized hardware accelerators designed for efficient binary operations,
maximizing computational efficiency. Furthermore, BNNs have found diverse applications. Hubara
et al. [37] showcased the suitability of BNNs for energy-constrained environments, making them
ideal for IoT devices and edge computing applications. Umuroglu et al. [38] extended BNNs for
FPGA-based implementations, enabling real-time processing in embedded systems. In summary,
quantization and binarization are powerful techniques for compressing neural networks, achieving
empirical successful on a range of tasks. Despite this, current techniques for neural network
binarization do not achieve the same accuracy as full precision models, leading to a trade-off

between model accuracy and compression.



Chapter 2
Sparse Binary Transformers for Multivariate Time

Series Modeling

Summary

Compressed Neural Networks have the potential to enable deep learning across new applications
and smaller computational environments. However, understanding the range of learning tasks in
which such models can succeed is not well studied. For the first chapter of our work, we examine
sparse and binary-weighted Transformers for multivariate time series problems, examining whether
the lightweight models can achieve accuracy comparable to that of dense floating-point Transformers
of the same structure. We examine three time series learning tasks: classification, anomaly detection,
and single-step forecasting. Additionally, to reduce the computational complexity of the attention
mechanism, we propose applying two modifications, which show little to no decline in model
performance: 1) in the classification task, we apply a fixed mask to the query, key, and value
activations, and 2) for forecasting and anomaly detection, which rely on predicting outputs at a
single point in time, we propose an attention mask to allow computation only at the current time

step.

2.1 Introduction

The success of deep learning can largely be attributed to the availability of massive computa-
tional resources [39—41]. Models such as the Transformer [8] have changed machine learning in
fundamental ways, producing state-of-the-art results across fields such as natural language process-
ing (NLP), computer vision [28,42], and time series learning [1]. Much effort has been aimed at
scaling these models towards NLP efforts on large datasets [43,44], however, such models cannot
practically be deployed in resource-constrained machines due to their high memory requirements

and power consumption.



Parallel to the developments of the Transformer, the Lottery Ticket Hypothesis [15] demonstrated
that neural networks contain sparse subnetworks that achieve comparable accuracy to that of dense
models. Pruned deep learning models can substantially decrease computational cost, and enable
a lower carbon footprint and the democratization of Al. Subsequent work showed that we can
find highly accurate subnetworks within randomly-initialized models without training them [27],
including binary-weighted neural networks [26]. Such “lottery-ticket” style algorithms have mostly
experimented with image classification using convolutional architectures, however, some work has
shown success in pruning NLP Transformer models such as BERT [45—47].

In this work, we extend the Lottery Ticket Hypothesis to time series Transformers, showing that
we can prune and binarize the weights of the model and still maintain an accuracy similar to that of
a Dense Transformer of the same structure. To achieve this, we employ the Biprop algorithm [26], a
state-of-the-art technique with proven success on complex datasets such as ImageNet [48]. The
combination of weight binarization and pruning is unique from previous efforts in Transformer
compression. Moreover, each compression technique offers separate computational advantages:
neural network pruning decreases the number of non-zero floating point operations (FLOPs), while
binarization reduces the storage size of the model. The Biprop algorithm’s two compression methods
rely on each other during the training process to identify a high-performing subnetwork within a
randomly weighted neural network. The combination of pruning and weight binarization is depicted
in Figure 2.1a.

We apply our approach to multivariate time series modeling. Research has shown that Transform-
ers achieve strong results on time series tasks such as classification [1], anomaly detection [49, 50],
and forecasting [51,52]. Time series data is evident in systems such as [oT devices [53], engines [54],
and spacecraft [55,56], where new insights can be gleaned from the large amounts of unmonitored
information. Moreover, such systems often suffer from resource constraints, making regular deep
learning models unrealistic — for instance, in the Mars rover missions where battery-powered devices
are searching for life [57]. Other systems such as satellites contain thousands of telemetry channels

that require granular monitoring. Deploying large deep learning models in each channel can be



extremely inefficient. As a result, lightweight Transformer models have the potential to enhance a
wide variety of applications.

In addition to pruning and binarizing the Transformer architecture, we simplify the complexity
of the attention mechanism by applying two modifications. For anomaly detection and forecasting,
which we model using overlapping sliding window inputs, we apply an attention mask to only
consider attention at the current time step instead of considering attention for multiple previous
time steps. For classification tasks, we apply a static mask to the query, key, and value projections,
showing that only a subset of activations is needed in the attention module to achieve the same
accuracy as that obtained using all the activations.

Finally, we estimate the computational savings of the model in terms of parameters, storage
cost, and non-zero FLOPs, showing that pruned and binarized models achieve comparable accuracy
to dense models with substantially lower computational costs.

Our contributions are as follows:

* We show that sparse and binary-weighted Transformers achieve comparable accuracy to
Dense Transformers on three time series learning tasks (classification, anomaly detection,
forecasting). To the best of our knowledge, this is the first research examining the efficacy of
compressed neural networks on time series related learning.

* We examine pruning and binarization jointly in Transformer-based models, showing the
benefits of each approach across multiple computational metrics. Weight binarization of

Transformer based architectures has not been studied previously.

These findings provide new potential applications for the Transformer architecture, such as in

resource-constrained environments that can benefit from time series related intelligence.

2.2 Related Work

In this section, we describe existing research related to Transformers in time series modeling,

neural network pruning and compression, and finally efficient Transformer techniques.



2.2.1 Transformers in Time Series

Various works have applied Transformers to time series learning tasks [58]. The main advantage
of the Transformer architecture is the attention mechanism, which learns the pairwise similarity
of input patterns. Moreover, it can efficiently model long-range dependencies compared to other
deep learning frameworks such as LSTM’s [51]. Zerveas et al. [1] showed that we can use
unsupervised pretrained Transformers for downstream time series learning tasks such as regression
and classification. Additional work in time series classification has proposed using a “two tower"
attention approach with channel-wise and time-step-wise attention [59], while other work has
highlighted the benefits of Transformers for satellite time series classification compared to both
recurrent and convolutional neural networks [60].

For anomaly detection tasks, Transformers have shown favorable results compared to traditional
ML and deep learning techniques. Notably, Meng et al. [61] applied the model to NASA telemetry
datasets and achieved strong accuracy (0.78 F1) in detecting anomalies. TranAD [50] proposed
an adversarial training procedure to exaggerate reconstruction errors in anomalies. Xu et al. [49]
achieve state-of-the-art results in detecting anomalies in multivariate time series via association
discrepancy. Their key finding is that anomalies have high association with adjacent time points
and low associations with the whole series; using this property, the authors are able to accentuate
anomalies.

Finally, Transformer variations have been proposed for time series forecasting to lower the
attention complexity of long sequence time series [51, 52,62, 63], add stochasticity [64], and
incorporate traditional time series learning methods [63, 65]. Li et al. [62] introduce LogSparse
attention, which allows each cell to attend only to itself and its previous cells with an exponential
step size. The Informer method [52] selects dominant queries to use in the attention module based
on a sparsity measurement. Pyraformer [51] introduces a pyramidal attention mechanism for
long-range time series, allowing for linear time and memory complexity. Wu et al. [64] use a Sparse
Transformer as a generator in an encoder-decoder architecture for time series forecasting, using a

discriminator to improve the prediction.
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Figure 2.1: A sparse binary linear layer (left) and various attention modules (right). a) An example of a
sparse and binary linear module, with binary weights B scaled to { —a, a}. b) A fully-connected attention
module, where each point represents a time step (w = 6). ¢) The Step-T attention module, where each past
time point attends to itself and the latest time point ¢ attends to all past time points. d) An attention module
with sparse Query (Q), Key (K), and Value (V) activations.

2.2.2 Compressed Neural Networks

Pruning unimportant weights from neural networks was first shown to be effective by Lecun et
al. [14]. In recent years, deep learning has scaled the size and computational cost of neural networks.
Naturally, research has been directed at decreasing size [13] and energy consumption [66] of deep
learning models.

The Lottery Ticket Hypothesis [15] showed that randomly initialized neural networks contain
sparse subnetworks that, when trained in isolation, achieve comparable accuracy to a trained dense
network of the same structure. The implications of this finding are that over-parameterized neural
networks are no longer necessary, and we can prune large models and still maintain the original
accuracy.

Subsequent work found that we do not need to train neural networks at all to find accurate sparse
subnetworks; instead, we can find a high performance subnetwork using the randomly initialized
weights [27,67-69]. Edge-Popup [27] applied a scoring parameter to learn the importance of
each weight, using the straight-through estimator [70] to find a high accuracy mask over randomly
initialized models. Diffenderfer and Kailkhuram [26] introduced the Multi-Prize Lottery Ticket
Hypothesis, showing that 1) multiple accurate subnetworks exist within randomly initialized neural

networks, and 2) these subnetworks are robust to quantization, such as binarization of weights. In
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this work, we use the Biprop algorithm proposed in [26] to binarize the weights of Transformer

models.

2.2.3 Compressed and Efficient Transformers

Large-scale Transformers such as the BERT (110 million parameters) are a natural candidate
for pruning and model compression [46,71]. Chen et al. [28] first showed that the Lottery Ticket
Hypothesis holds for BERT Networks, finding accurate subnetworks between 40% and 90% sparsity.
Jaszczur et al. [72] proposed scaling Transformers by using sparse variants for all layers in the
Transformer. Other works have reported similar findings [73,74], showing that sparsity can help
scale Transformer models to even larger levels.

Other works have proposed modifications for more efficient Transformers aside from pruning
[71]. Most research has focused on improving the O(n?) complexity of attention, via methods such
as fixed patterns [75], learnable patterns [76], low rank/kernel methods [77,78], and downsampling
[79,80]. Various other methods have been proposed for compressing BERT networks such as
pruning via post-training mask searches [81], block pruning [82], and 8-bit quantization [83]. We
refer readers to Tay et al. [71] for details.

Despite the various works compressing Transformers, we were not able to find any research
using both pruning and binarization. Utilizing both methods allows for more efficient computation
(measured using FLOPs) as well as a significant decrease in storage (due to binary weights).
Additionally, we find that our proposed model is still a fraction of the size of compressed NLP
Transformers models when trained on time series tasks. For instance, TinyBERT [47] contains 14.5
million parameters and 1.2 billion FLOPs, compared to our models which contain less than 1.5

million binary parameters and 38 million FLOPs.

2.3 Methodology

In this section, we begin by describing the base Transformer architecture we will be using for

our work. We will apply this base model to all three time series tasks, making small modifications
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to the model in order to accomonodate the given task. Then, we will describe the modifications we
make to the base model for quantization, including the attention modifications we make to simplify
the model.

Our model consists of a Transformer encoder [8] with several modifications. We base our model

off of Zerveas et al. [1], who propose using a common Transformer framework for several time
series modeling tasks. To begin, we describe the base architecture of the Transformer as applied to
multivariate time series. Subsequently, we describe the techniques used for pruning and binarization.
Finally, we describe the two changes applied to the attention mechanism.
Dense Transformer We denote fully trained Transformers with no pruning and floating point
32 (FP32) weights as Dense Transformers. Let Xy € R**™ be a model input for time ¢ with
window size w and m features. Each input contains w feature vectors x € R™ : Xy € R*"*™ =
[Xt—ws Xt—w+1, ---» X¢), ordered in time sequence of size w. In classification datasets w is predefined
at the sample or dataset level. For anomaly detection and forecasting tasks, we fix w to 50 or 200
and use an overlapping sliding window as inputs.

The standard architecture (pre-binarization) projects m features onto a d-dimensional vector
space using a linear module with learnable weights W, € R¥™ and bias b, € R%. We use the
standard positional encoder proposed by Vaswani et al. [8], and we refer readers to the original
work for details. For the Dense Transformer classification models, we use learnable positional
encoder [1]. Zerveas et al. [1] propose using batch normalization instead of layer normalization
used in traditional Transformer NLP models. They argue that batch normalization mitigates the
effects of outliers in time series data. We found that for classification tasks, batch normalization
performed the best, while in forecasting tasks layer normalization worked better. For anomaly
detection tasks we found that neither normalization technique was needed.

Each Transformer encoder layer consists of a multi-head attention module followed by ReLLU
layers. The self-attention module takes input Z; € R“*¢ and projects it onto a Query (Q), Key
(K), and Value (V), each with learnable weights W € R%*¢ and bias b € R?. Attention is

defined as Attention(Q, K, V) = Softmax (%) V. Queries, keys, and values are projected
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by the number of heads (/) to create multi-head attention. The resultant output Z;’ undergoes a
nonlinearity before being passed to the next encoder layer. The Transformer consists of /V encoder
layers followed by a final decoder layer. For classification tasks, the decoder outputs [ classification
labels: X € R“*!, which are averaged over w. For anomaly detection and forecasting, the decoder
reconstructs the full input: X} € R¥*™.
Sparse Binary Transformer Central to our binarization architecture is the Biprop algorithm [26],
which uses randomly initialized floating point weights to find a binary mask over each layer. Given
a neural network with weight matrix W € R* initialized with a standard method such as Kaiming
Normal [84], we can express a subnetwork over neural network f(xz; W) as f(x; W © M), where
M e {0, 1} is a binary mask and © is an elementwise multiplication.

To find M, parameter S € R™*/ is initialized for each corresponding W € R/, S acts as a
score assigned to each weight dictating the importance of the weights contribution to a successful
subnetwork. Using backpropagation as well as the straight-through estimator [70], the algorithm

takes pruning rate hyperparameter p € [0, 1], and on the forward pass computes My, at layer m as

1 if [Sk] € {7(k)i, > [lmp]}

K 2.1)

0 otherwise

where 7 sorts indices {k}._; € S such that |S; ()| < |S(k+1)|.- Masks are computed by taking
the absolute value of scores for each layer, and setting the mask to 1 if the value falls above the top
p'" percentile.

To convert each layer to binary weights Biprop introduces gain term o € R, which is common
to Binary Neural Networks (BNN’s) [85]. The gain term utilizes floating-point weights prior to
binarization during training. During test-time, the alpha parameter scales the binarized weight
vector. The parameter rescales binary weights B € {—1,1} to {—«, a}, and the network function

becomes f(z; (B ® M)). a is calculated as

Mo W],

X 2
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with M being multiplied by « for gradient descent (the straight-through estimator is still used
for backpropagation). This calculation was originally derived by Rastegari et al. [86].

In our approach we create sparse and binary modules for each linear and layer normalization
layer. Our model consists of two linear layers at the top most level: one for projecting the initial input
(embedding in NLP models) and one used for the decoder output. Additionally, each encoder layer
consists of six linear layers: Q, K, and V projections, the multi-head attention output projection,
and two additional layers to complement multi-head attention.

Attention Modifications In this section we describe two modifications made to the attention module
to reduce its quadratic complexity. Several previous works have proposed changes to attention in
order to lessen this bottleneck, such as Sparse Transformers [87], ProbSparse Attention [52], and
Pyramidal Attention [51]. While each of these works present quality enhancements to the memory
bottleneck of attention, we instead seek to evaluate whether simple sparsification approaches can
retain the accuracy of the model compared to canonical attention. Our primary motivation for the
following attention modifications are to test whether a compressed Transformer can retain the same
accuracy as a Dense Transformer.

Fixed Q,K, and V Projection Mask To reduce the computational complexity of the matrix
multiplications within the attention module, we apply random fixed masks to the Q, K, and V
projections. We hypothesize that we can retain the accuracy of full attention by using this “naive”
activation pruning approach, which requires no domain knowledge. We argue that the success of
this approach provides insight into the necessity of full attention computations. In other words,
Transformers are expressive and powerful enough for certain tasks that we can prune the models in
an unsophisticated way and maintain accuracy. Moreover, many time series datasets and datasets
generated at the edge are often times simplistic enough that we can apply this unsophisticated
pruning [88, 89].

To apply this pruning, on model initialization we create random masks with prune rate p, €
{0, 1} for each attention module and each projection Q,K, and V. Attention heads within the same

module inherit identical Q, K, or V masks. The mask is applied to each projection during train and
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Figure 2.2: Step-t Attention Mask Left: For the forecasting task we mask inputs during training in order to
simulate unknown future time points. Right: The Step-T attention mask used to calculate attention only at the
current time-step versus past values. Using this mask rather than setting our Query dimension to one enables
us to pass time window vectors along multiple encoder layers.

test. In each of our models we set the prune rate p, of the attention module equal to the prune rate

of the linear modules (p, = p).

Step-t Attention Mask For anomaly detection and single-step forecasting tasks, the SBT algorithm
relies on reconstructing or predicting outputs at the current time step ¢ for each feature m, despite
w time steps of data being provided to the model. Specifically, the SBT model is only interested
in input vector x¢ € R"™. For anomaly detection, the model reconstructs x; from the input, while
in forecasting tasks the model masks x; = 0 prior to model input, reconstructs the actual values
during training and inference.

In both tasks, vector x; contains the only values necessary for the model to learn, and our loss
function reflects this by only computing error for these values. As a result, computing attention
for each other time step adds unnecessary computation. As depicted in Figure 2.2, we pass a
static mask to the attention module to compute attention only at step-T. We additionally exclude
attention computation at step-T with itself, forcing the variable to attend to historical time points
for prediction. Finally, we add diagonal ones to the attention mask at all past time points to add
stability to training. This masking method allows us to propagate the full input sample to multiple
attention layers, helping us retain relevant historical information for downstream layers that would

not be possible by changing the sizes of Q, K, and V to only model the ¢ time step.
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2.4 Experiments

In this section we detail our experiments for time series classification, anomaly detection, and
forecasting. Common to each learning task, we normalize each dataset prior to training such that
each feature dimension m has zero mean and unit variance. We use the Transformer Encoder,
training each learning task and dataset using the Dense Transformer and the SBT to compare
accuracy. Finally, we run each experiment three times with a different weight seed, and present the
average result. For the SBT model, varying the weight seed shows evidence of the robustness to
hyperparameters. Specific modifications to the model are made for each learning task, which we
describe in the following sections. Additional training and architecture details can be found in the

Appendix.

2.4.1 Classification

For our first time series learning task we select several datasets from the UCR Time Series
Classification Repository [90]. The datasets contain diverse characteristics including varying
training set size (204-30,000), number of features (13-200), and window size (30-405). We choose
three datasets with the largest test set size (Insect Wingbeats, Spoken Arabic Digits, and Face
Detection) as well as two smaller datasets (JapaneseVowels, Heartbeat). Each dataset contains a
set window size except for Insect Wingbeats and Japanese Vowels, which contain a window size
up to 30 and 29, respectively. In these datasets, we pad samples with smaller windows to give
them consistent window sizes. The decoder in our classification architecture is a classification head,
rather than a full reconstruction of the input as is used in anomaly detection and forecasting tasks.
The SBT classification model is trained and tested using the fixed Q,K,V projection mask.
Results In Table 2.1, we show that SBTs perform as well as, or similar to, the Dense Transformer
for each dataset at p = 0.5 and p = 0.75. Our models are averaged over three runs with different
weight seeds. When comparing our model to state-of-the-art approaches, we find that the SBT

achieves strong results across each dataset, with the highest reported performance on three out of
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Table 2.1: Accuracy of time series classification models on five datasets. Results are obtained from [1,2].
SBT models achieve higher accuracy than prior works (excluding the Dense Transformer) in each case,
except for the Japanese Vowels dataset. Additionally, SBT models achieve accuracy within 2.7% of the Dense
Transformer for each dataset.

Model Digts Beat  WB. Vowels Detecr MR
XGBoost 69.6 732 369 962 633 678
LSTM 3.9 722 176 797 577 518
Rocket [91] 712  75.6 - 86.5 64.7 745
Franetal. [2] 95.6 756 16.0 989 528 6738
DTW_D 96.3 71.7 - 949 529 79.0
Dense Trans. 98.0 76,6 634 98.0 56.0 788
SBT, o5 982 772 641 953 661 802

the five datasets. Further, the SBT models perform consistently across datasets while models such
as Rocket [91] and Fran et al. [2] have lower performance on one or more datasets.

Surprisingly, the SBT model achieves stronger average accuracy than the Dense Transformer
(80.2% versus 78.8%), indicating that the pruned and binarized Transformer achieves a robust
performance across datasets. Despite this, Insect Wingbeats and Japanese Vowels datasets achieved
a slightly lower performance at p = 0.5 with a more substantial dropoff at p = 0.75, indicating the

model may lose some of its power on certain tasks.

2.4.2 Anomaly Detection

For the anomaly detection task we test the SBT algorithm on established multivariate time
series anomaly detection datasets used in previous literature: Soil Moisture Active Passive Satellite
(SMAP) [92], Mars Science Labratory rover (MSL) [92], and the Server Machine Dataset (SMD)
[55]. SMAP and MSL contain telemetry data such as radiation and temperature, while SMD logs
computer server data such as CPU load and memory usage. The datasets contain benign samples
in the training set, while the test set contains labeled anomalies (either sequences of anomalies or

single point anomalies).
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Our model takes sliding window data as input and reconstructs data at x; given previous time
points. We use MSE to reconstruct each feature in x¢;. We use the step-T attention mask as described
in the previous section. To evaluate our results, we adopt an adjustment strategy similar to previous
works [49,50,55,93]: if any anomaly is detected within a successive abnormal segment of time, we
consider all anomalies in this segment to have been detected. The justification is that detecting any
anomaly in a time segment will cause an alert in real-world applications.

To flag anomalies, we retrieve reconstruction loss x; and threshold 7, and consider anomalies
where x; > 7. Since our model is trained with benign samples, anomalous samples in the test
set should yield a higher x;. We compute 7 using two methods from previous works: A manual
threshold [49] and the POT method [94]. For the manual threshold, we consider proportion r of the
validation set as anomalous. For SMD r = 0.5%, and for MSL and SMAP r = 1%. For the POT
method, similar to OmniAnomaly [55] and TranAd [50], we use the automatic threshold selector
to find 7. Specifically, given our training and validation set reconstruction losses, we use POT
to fit the tail portion of a probability distribution using the generalized Pareto Distribution. POT
is advantageous when little information is known about a scenario, such as in datasets with an
unknown number of anomalies.

Results In Table 2.2 we report the unique findings of our single-step anomaly detection method
using Precision, Recall, and F1-scores. Specifically, we find that when only considering inputs
with fully benign examples in window w, both the SBT and the Dense Transformer achieve high
accuracy on all three datasets (F1 between 90.6 and 100). In other words, we find that our model
performance is best when we filter examples that have an anomalous sequence or data point in
[Xt—ws Xt—wt1s s X¢—1]- For SMD, w = 200 and for SMAP and MSL w = 50. This observation
implies that the model needs time to stabilize after an anomalous period. Intuitively, if an anomaly
occurred recently, new benign observations will have a higher reconstruction loss as a result of their
difference with the anomalous examples in their input window. We argue that this validation metric
is logical in real-world scenarios, where monitoring of a system after an anomalous period of time

is necessary.
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Table 2.2: Anomaly detection results with benign sample windows. We evaluate Precision (P), Recall (R),
and the F1 score using both manual threshold and POT threshold technique. We find that the single time step
prediction window achieves high accuracy when each past time-step in w is benign. w = 200 for SMD and
w = 50 for SMAP and MSL. These results indicate that when given time to stabilize after an anomalous
event, our SBT framework can detect new anomalies with high accuracy. We evaluate our results using a
manual threshold (7=0.5% for SMD, 1% for others) and the POT automatic threshold selector.

Manual Threshold POT Threshold
Dense SBT,—o75 Dense SBT,—o7s5

Dataset Metric

P 92.7 96.8 85.5 82.9
MSL R 100 100 100 100
F1 96.2 96.8 92.1 91.1
P 85.4 85.3 99.9 100
SMD R 100 100 100 100
F1 92.1 92.1 100 99.9
P 93.9 93.7 85.9 84.9
SMAP R 100 100 100 100

F1 96.9 96.8 92.4 91.8

We additionally report F1-scores compared to state-of-the-art time series anomaly detection
models in Table 2.3. To accurately compare our model against existing methods, we use the full
test set without filtering out benign inputs with anomalies in the near past. SBT results are much
more modest, with F1-scores between 70 and 88. Despite this, our method still performs stronger
than non-temporal algorithms such as the Isolation Forest, as well as other deep-learning based

approaches such as Deep-SVDD and BeatGan.

2.4.3 Forecasting

We test our method on single-step forecasting using the Step-T attention mask. Specifically,
using the framework outlined by Zerveas et al. [1], we train our model by masking the input
at the forecasting time-step . For example, input X; containing m features and ¢ time-steps
[Xt—ws Xt—wa1, -, X¢] 18 passed through the network with x; = 0. We then reconstruct this

masked input with the Transformer model, using mean squared error between the masked inputs
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Table 2.3: F1 scores of various time series anomaly detection models. We compare our SBT framework
with several state-of-the-art algorithms on the anomaly detection task. The table is ordered by average F1
accuracy across each dataset. We evaluate our algorithm using the traditional method (different from Table
2.2), where each sample can contain anomalous events in its input window. We use a manual threshold to
report results for the SBT model.

Model SMD MSL SMAP | Avg.
LOF 46.7 612 576 | 552
IsolationForest 53.6 665 555 | 585
OCSVM 562 70.8 563 | 61.1
DAGMM 573 74.6 685 | 66.8
VAR 741 779 648 | 723
MMPCACD 75.0 70.0 81.7 | 75.6
ITAD 79.5 76.1 739 | 76.5
Deep-SVDD 79.1 83.6 690 | 77.2
SBT,—o9 825 785 70.6 | 77.2
CL-MPPCA 79.1 804 729 | 715
BeatGAN 78.1 875 69.6 | 784
SBT,— 5 87 784 69.8 | 784
SBT,—o.75 88.0 793 70.6 | 793
LSTM-VAE 823 826 78.1 | 81.0
OmniAnomaly 852 877 86.9 | 86.6
Anomaly Transformer 92.3 93.6 96.7 | 94.2
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Table 2.4: A summary of time series forecasting models on three datasets. Each SBT model is run three
times with different weight seeds and averaged. Standard deviation is less than 0.01.

ECL Weather ETTml
MSE MAE MSE MAE MSE MAE

Model

Informer 0.185 0.301 0.159 0.197 0.051 0.150
Pyraformer  0.149 0.305 - - 0.081 0.214
Dense Trans. 0.182 0.299 0.173 0.225 0.070 0.201

reconstruction and the actual value. The masking method simulates unseen future data points during
train time, making it compatible with the forecasting task during deployment.

We test our model on three datasets used in previous works: ECL contains electricity consump-
tion of 321 clients in Kwh. The dataset is converted to hourly consumption values due to missing
data. Weather contains data for twelve hourly climate features for 1,600 location in the U.S. ETTml
(Electricity Transformer Temperature) contains 15-minute interval data including oil temperature
and six additional power load features. Additional training details are available in the Appendix.

We compare our method against the Informer [52] and the Pyra-former [51] trained with single-
step forecasting. Both are current state-of-the-art models that have shown robust results compared
against a variety of forecasting techniques. Importantly, each method is compatible with multivariate
time series forecasting as opposed to some research. We note that these models are built primarily
for long-term time series forecasting (LSTF), which we do not cover in this work.

Results We evaluate results in Table 2.4 using MSE and MAE on the test set of each dataset. Results
indicate that the SBT model achieves accuracy comparable to the Dense architecture in each dataset
at p = 0.5. Interestingly, the Weather at ETTm1 SBT models achieved better accuracy than the
dense model at p = 0.5. Both models additionally showed robustness to higher prune rates, with
accuracy dropping off slowly. ECL on the other hand showed some sensitivity to prune rate, with a

slight drop off when increasing the prune rate. We find that datasets with a higher dimensionality
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Figure 2.3: Time series predictions on the ETTm]1 dataset for the Pyraformer (top) and Sparse Binary
Transformer (bottom) . We show 600 predictions across each model for two features (HULL, LUFL).

performed the worst: ECL contains 321 features, while Insect Wingbeats contains 200. Increasing
the dimensionality of the model (d) mitigated some of these effects, however it was at the cost of
model size and complexity. Despite this, we find that the SBT model is able to predict the general
trend of complex patterns in data, as depicted in Figure 2.3.

Compared to state-of-the-art approaches such as the Pyraformer and Informer architectures, our
general purpose forecasting approach performs comparably, or slightly worse, on the single-step
forecasting task. Metrics were not substantially different for any of the models except for the ECL
dataset, where Pyraformer was easily the best model. Comparing the architectures, we find that the
SBT model achieves substantially lower computational cost than both the Informer and Pyraformer
models. For example, on the ECL dataset, Pyraformer contains 4.7 million parameters and the
Informer 12.7 million parameters (both FP32, while the SBT model contains 1.5 million binary

parameters.

2.4.4 Architecture

Each model in our framework consists of 2 encoder layers each with a multi-head attention
module containing two heads. The feedforward dimensionality for each model is 256 with ReLU
used for nonlinearity. Classification models had the best results using Batch Normalization layers,

similar to [1], while forecasting models used Layer Normalization typical of other Transformer
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models. For anomaly detection we did not use Batch or Layer Normalization. For the output of our
models, anomaly detection and forecasting rely on a single decoder linear layer which reconstructs
the output to size (m, w), while classification outputs size (d, num.classes) and takes the mean of
d to formulate a final classification prediction. Further details are included in the Appendix and the

code repository.

2.5 Metrics

In this section we estimate the computational savings achieved by using the SBT model. We will
begin by introducing the metrics used to estimate computational savings, and will then summarize
the results of these metrics for each model and task.

We note that several works have proposed modifications to the Transformer in order to make
attention more efficient. In this section, we concentrate on the enhancements achieved by 1) creating
a sparsely connected Transformer with binary weights, and 2) simplifying the attention module
for time series specific tasks such as single-step prediction and classification. We argue that these

enhancements are independent of the achievements made by previous works.

2.5.1 Metrics

FLOPs (Non-zero). In the field of network pruning, FLOPs, or the number of multiply-adds, is a
commonly used metric to quantify the efficiency of a neural network [95]. The metric computes the
number of floating point operations required for an input to pass through a neural network. We use
the ShrinkBench tool to calculate FLOPs, a framework proposed by Blalock et al. [95] to perform
standardized evaluation on pruned neural networks.

Our Transformer architecture contains FP32 activations at each layer along with binary weights
scaled to {—«, a}. As a result, no binary operations are performed, and our total FLOPs count is a
function of prune rate p. For example, a linear module with a standard FLOPs count of d x m has a
new FLOPs count of d x m x p, where p € [0, 1]. Linear layers outside of attention do not need

window size added to the matrix multiply because the inputs are permuted such that batch size is
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Table 2.5: Non-zero FLOPs equations for various attention modules. These calculations assume Q, K
and V are equal sized projections in R¥*?, and d’ = d/h. QVT and AV are additionally multiplied by h.
Q-scaling and softmax FLOPs excluded from this table.

Attention Type Q,K,V Proj. QVT AV

Canonical d*w d'w? d'w?
Step-T Mask (Pw)p, (w—1)d 2(w—1)d
Q.,K,V Mask (Pw)p, — d'(wp,)?  (dw?)pa

the second dimension of the layer input. Each equation counts the number of nonzero multiply-adds
necessary for the neural network.

Furthermore, we modify the FLOPs for the attention module to account for step-t attention mask
and the fixed Q, K, V mask, as summarized in Table 2.5. In the standard attention module where
Q,K and V are equal sized projections, matrix multiply operations (QVT, AV) for each head
equate to d'w?, where d' = d/h. For step-t attention, we only require computation at the current
time step (the last row in Figure 2.2), while each each of the identities for past time steps equates to
one. AV requires double the computations because V contains FP32 activations multiplied by the
diagonal in A. For the fixed mask, since Q and K are sparse projections, we only require (wp,)?
nonzero computations in the matrix multiply. Since A is a dense matrix, we require w? FLOPs to
multiply sparse matrix V.

A simplified equation for network FLOPs becomes 2L + N (2L + M H A), where L is a linear
layer, N is the number of attention layers, and M H A is the multihead attention FLOPs (details
described in Table 2.5). Several FLOP counts are omitted from this equation, which we include in
our code, including positional encoding, (J-scaling, and layer and batch norm.

Storage Size. We measure the size of each model in total bits. Standard networks rely on weights
optimized with the FP32 data type (32 bits). We consider each binarized module in our architecture
to contain single bit weights with a single FP32 « parameter for each layer. Anomaly detection and
classification datasets contain 14 binarized modules, and forecasting contains 18 with the additional

binarization of the layer normalization. We note that the binarized quantities are only theoretical as
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a result of the PyTorch framework not supporting the binary data type. Hardware limitations are

also reported in other works [15].

2.5.2 Model Size Selection

Important to our work is tuning the size of each model. We analyze whether we can create a
Dense Transformer with a smaller number of parameters and still retain a performance on par with
a larger model. Our motivation for model size selection is two-fold: 1) Previous research has found
that neural networks need to be sufficiently overparameterized to be pruned and retain the same
accuracy of the dense model and 2) The time series datasets studied in this paper have a smaller
number of dimensions than the vision datasets studied in most pruning and model compression
papers. The effect of model overparameterization is that we need a dense model with enough initial
parameters in order to prune it and still retain high performance. Theoretical estimates on the
number of required parameters are proposed by the Strong Lottery Ticket Hypothesis [96,97] and
are further explored in other pruning papers [26,68]. On the other hand, the limited features of
some time series datasets (such as Weather with 7 features) leads us to wonder whether we could
simply create a smaller model.

To alter the model size, we vary the embedding dimension d of the model. To find the ideal size
of the model, we start from a small embedding dimension (such as 8 or 16), and increase the value
in the Dense Transformer until the model performance on the validation set stops increasing. With
this value of d, we test the SBT model.

Our results show that in each dataset, Dense Transformers with a smaller embedding dimension
d either a) perform worse than the SBT at the optimized size, b) contain more parameters (as
measured in total bits), ¢) have more FLOPs, or d) some combination of the above. In almost every
dataset, the smaller Dense Transformer performs worse than the SBT while also requiring more size
and FLOPs. The exception to this was Spoken Arabic Digits, where the smaller Dense Transformers
(d = 16 and d = 32) performed slightly better than the SBT with d = 64. Additionally, these models

had a lower FLOPs count. The advantage of the SBT model in this scenario was a substantially
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Table 2.6: Computational savings for Dense Transformers compared to SBTs. SBT models achieve a
substantial reduction in size and FLOPs count across all models. We denote parameters in thousands and size
and FLOPs in millions, with savings calculated by dividing the Dense values by the SBT values.

Dense Transformer Sparse Binary Transformer ~Savings
Type Dataset m  w d Pararrg(()FPSZ) Si?lev[(i]i;ts) I-ZIMOIIP; » Paramz Ig)3ina.ry) Siii/;:i;ts) 12[1\,/[0111? Si(zgS eél.T?ei)tS) I(:ID;%)%E;
HB 61 405 o4 169.6 54 52.7 1 0.5 102.3 0.1 21.6 | x49.1 x24
é InWB 200 30 128 555.5 17.8 54 |05 420.1 0.4 277 | x40.0 x2.0
% AD 13 93 o4 167.1 53 2.8 |05 100.0 0.1 1.3 | x495 x22
é v 12 29 32 75.5 24 0.3 |05 41.6 0.04 02 | x529 x2.1
FD 144 62 128 414.9 13.3 83 105 281.3 0.3 4.0 | x447 x2.1
%:;Msfimséfséfiﬁ{"iiah 77777 72 49 (075 2015 02 10 | x323 x50
§ % SMAP 25 50 50 75.2 24 1.3 |0.75 73.7 0.1 0.2 | x32.6 x6.1
< SlsMD 38 200 76 132.8 4.2 19.5 |0.75 129.8 0.1 1.9 | x32.7 x10.5
L JECL 321200350| 15694 502 2048(075 15639 16 745 | x321 x27
§ Weath 7 200 100 188.0 6.0 285 0.5 185.6 0.2 6.2 | x324 x4.6
< ETTml 12 200 64 102.0 33 155 0.5 100.0 0.1 26 | x32.6 x59

lower storage cost than both smaller Dense models. Even if both Dense Transformer models were
able to be quantized to 8-bit weights, the storage of the SBT would still be many times lower.
The ETTm1 dataset additionally had high performance Dense Transformers with a smaller size
(d = 16,d = 32). However, both models were substantially more costly in terms of storage and

additionally had a higher FLOPs count. Detailed results are provided in the Appendix.

2.5.3 Analysis

Results in Table 2.6 highlight the large computational savings achieved by SBT. We find that
layer pruning reduces FLOPs count (due to the added nonzero computations), while binarization
helps with the storage size.

Notably, all models have a FLOPs count at least two times less than the original Dense model.
FLOPs are dramatically reduced in the anomaly detection and forecasting datasets, largely due to
the step-t masking. Classification datasets have a dense attention matrix, leading to a smaller FLOPs

reduction due to the softmax operation and the AV calculation (where V' is sparse). We note that
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using a higher prune rate can reduce the FLOPs more, however we include results at 50% prune
rate for classification since these models achieved slightly better accuracy.

We highlight the storage savings of SBT models by measuring bit size and parameter count.
Table 2.6 summarizes the substantial reduction in bit size for every model, with only two SBT
models having a bit size greater than 1 million (Insect Wingbeats and ECL). The two models with a
larger size also had the highest dimensionality m, and consequently d.

We note that SBT models contain a small number of FP32 values due to the single o parameter
in each module. Additionally, we forego a learnable encoding layer in SBT classification models,
leading to a smaller overall count. Finally, no bias term is added to the SBT modules, leading to a
smaller number of overall parameters.

Compared to other efficient models, our model generally has a lower FLOPs count. For example,
MobileV2 [98] has 16.4 million FLOPs when modeling CIFAR10, while EfficientNetV2 [99] has

18.1 million parameters.

2.6 Ablation Studies

We conduct two ablation studies testing the effects of removing the individual pruning mech-
anisms from the attention computation. We note that the attention pruning methods complement
Biprop — Biprop mainly reduces the model size, whereas attention pruning does a better job at
reducing the FLOPs. Each ablation experiment is averaged over three experimental runs with
different seeds.

Table 2.7 highlights the effects of removing random pruning from the time series classification
models. Notably, Biprop plus random pruning performs comparably to, or better than, Biprop on
its own. Adding random pruning even outperforms using only Biprop with the Japanese Vowels
dataset.

Table 2.8 highlights the results of attention variations for both anomaly detection and forecasting

tasks. Specifically, we look at our proposed approach (Biprop+Step-T Mask), Biprop plus an

27



identity matrix mask in the attention layers, and finally Biprop only. We report results using mean

squared error (MSE) loss averaged over three runs.

Results show that Biprop plus the Step-T mask performs comparably to using Biprop only. For

anomaly detection tasks, the MSE is even lower compared to just using Biprop. Comparing both

methods to the Biprop plus the identity matrix attention mask, we can see a significant difference in

the results: the identity matrix attention mask attains a higher loss in each case.
Table 2.7: We compare Biprop with Biprop plus random pruning on classification tasks. We find that random
pruning of the attention activations does not hurt classifcation accuracy, and in fact helps it in the case of the

Japanese Vowels dataset.

Dataset Biprop+Random Pruning Biprop
Arabic Digits 98.2 98.2
Heartbeat 77.7 77.1
Insect Wingbeats 64.1 64
Japanese Vowels 95.3 84.4
Face Detection 66.1 65.9

Table 2.8: We compare Biprop plus the Step-T attention mask with two other methods. We find that Biprop
with the Step-T mask performs similarly to using Biprop with full attention (Biprop Only). Biprop with an
Identity Mask on the attention computation performs worse than the other two methods. We report results
using MSE loss averaged across three runs.

Dataset '@ i oy
Anomaly Detection
MSL 0.277 0.364 0.357
SMAP 0.117 0.131 0.125
SMD 0.037 0.041 0.052
Forecasting
ETTml1 0.059 0.068 0.070
ECL 0.198 0.204 0.182
Weather 0.166 0.180 0.166
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2.7 Additional Results

Key to the cohesiveness of this dissertation, we test the SBT algorithm with Iterative Weight
Recycling, an algorithm described in Chapter 4. Iterative Weight Recycling is an easily applied
approach to improve the performance of sparse neural networks. It can be applied to both sparse-
only models (e.g. Edge-Popup) and sparse and quantized models (Biprop). Since SBTs are built
using part of the Biprop algorithm, we can easily apply Iterative Weight Recycling to the SBT
model. We specifically test out the approach on time series forecasting tasks because it has the
weakest results out of the three tasks.

Similar to previous approaches [68,69] we use a recycling rate of 0.1. The rate provides enough
of a change to make a difference, while not being too overpowering. We modify the recycling
frequency with rates of 5 epochs, 10 epochs, and 20 epochs. Our models are trained for 100 epochs.
Finally, we run each model five times and take the mean of each.

Results in Table 2.9 indicate that iterative weight recycling provides a marginal benefit across
across all tasks compared to the baseline SBT model. All models except for ETTm1 at four-step
forecasting get a small benefit from some form of weight-recycling. The frequency is a sensitive
quantity, for example in the ECL dataset model in four-step forecasting, using a frequency of five
makes the model performance drop drastically. However, the values are somewhat stable in other
runs. Overall, Iterative Weight Recycling shows potential to improve SBT models across five out of

six tasks and three datasets, highlighting the efficacy of its use.

2.8 Discussion

We show that Sparse Binary Transformers attain similar accuracy to the Dense Transformer
across three multivariate time series learning tasks: anomaly detection, forecasting, and classification.
We estimate the computational savings of SBT’s by counting FLOPs as well as total size of the

model.
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Table 2.9: Results of applying the Iterative Weight Recycling algorithm to the SBT model. We test the resutls
on time-series forecasting tasks on both single-step forecasting (top) and 4-step forecasting (bottom). We run
each experiment five times and report the mean MSE of each.

Forecasting IWR Freq. ECL  Weather ETTml

Model
Steps (Epochs) MSE MSE MSE
Informer 1 - 0.1850 0.1590 0.0510
Pyraformer 1 - 0.1490 - 0.0810
Dense Transformer 1 - 02350 01633 00446

SBTp—05 1 - 0.2164 0.1681  0.0561
SBT,—o5 1 5 0.2141 0.1672  0.0544
SBT,—o5 1 10 0.2062 0.1677  0.0553
SBT,—o5 1 20 0.2067 0.1661  0.0550

Dense Transformer 4
SBT,—o5 4
SBT,—o5 4 5 0.2651 0.2113  0.0848
SBT,—o5 4 10 0.2312 0.2105 0.0838
SBT,—o5 4 20 0.2350 0.2118 0.0816

2.8.1 Applications

SBTs retain high performance compared to dense models, coupled with a large reduction in
computational cost. As a result, SBTs have the potential to impact a variety of new domains.
For example, sensors and small embedded systems such as IoT devices could employ SBTs for
intelligent and data-driven decisions, such as detecting a malicious actor or forecasting a weather
event. Such devices could be extended into new areas of research such as environmental monitoring.
Other small capacity applications include implantable devices, healthcare monitoring, and various
industrial applications.

Finally, lightweight deep learning models can also benefit larger endeavors. For example,

space and satellite applications, such as in the MSL and SMAP telemetry datasets, collect massive
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amounts of data that is difficult to monitor. Employing effective and intelligent algorithms such as

the Transformer could help in the processing and auditing of such systems.

2.8.2 Limitations and Future Work

Although SBTs theoretically reduce computational costs, the method is not optimized for
modern libraries and hardware. Python libraries do not binarize weights to single bits, but 8-bit
counts. Special hardware in IoT devices and satellites could additionally make implementation a
burden. Additionally, while our implementation shows that sparse binarized Transformers exist,
the Biprop algorithm requires backpropagation over a dense network with randomly initialized
FP32 weights. Hence, finding accurate binary subnetworks requires more computational power
during training than it does during deployment. This may be a key limitation in devices seeking
autonomy. In addition to addressing these limitations, a logical step for future work would be to
implement SBTs in state-of-the-art Transformer models such as the Pyramformer for forecasting
and the Anomaly Transformer for time series anomaly detection.

SBTs have the potential to enable widespread use of Al across new applications. The Trans-
former stands as one of most powerful deep learning models in use today, and expanding this

architecture into new domains provides promising directions for the future.
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Chapter 3
Randomly Initialized Subnetworks with Iterative

Weight Recycling

3.1 Summary

The Multi-Prize Lottery Ticket Hypothesis posits that randomly initialized neural networks
contain several subnetworks that achieve comparable accuracy to fully trained models of the same
architecture. However, current methods require that the network is sufficiently overparameterized.
In this work, we propose a modification to two state-of-the-art algorithms (Edge-Popup and Biprop)
that finds high-accuracy subnetworks with no additional storage cost or scaling. The algorithm,
Iterative Weight Recycling, identifies subsets of important weights within a randomly initialized
network for intra-layer reuse. Empirically we show improvements on smaller network architectures
and higher prune rates, finding that model sparsity can be increased through the "recycling" of

existing weights.

3.2 Introduction

The Lottery Ticket Hypothesis [15] demonstrated that randomly initialized DNNs contain sparse
subnetworks that, when trained in isolation, achieve comparable accuracy to a fully-trained dense
network of the same structure. The results of the hypothesis indicate that over-parameterized
DNNSs are no longer necessary; instead, finding "winning ticket" sparse subnetworks can yield high
accuracy models. The consequences of winning tickets are abundant in practical use: we can train
DNNs with a decreased computational cost [100] including memory consumption and inference
time, and additionally enable wide-spread democratization of DNNs with a low carbon footprint.

Expanding on the Lottery Ticket Hypothesis, Ramanujan et al. [27] reported a remarkable

finding: we do not have to train neural networks at all to find winning tickets. Their algorithm, Edge-
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Popup, uncovered sparse subnetworks within randomly initialized DNNs that achieved comparable
accuracy to fully trained models. This phenomena was mathematically proven in the Strong Lottery
Ticket Hypothesis [67]. Practically, this finding showed that gradient-based weight optimization is
not necessary for a neural network to achieve high accuracy. Moreover, it allows us to overcome
difficulties of gradient-based sparsification, such as getting stuck at local minima and incompatible
backpropagation [26]. Finally, randomly initialized "winning ticket" subnetworks have been shown
to be more robust than other pruning methods [101].

Despite this fascinating discovery, it also marked a key limitation to existing work: randomly
initialized DNNs require a large number of parameters in order to achieve high-accuracy. In other
words, to reach the same level of performance as dense networks trained with weight-optimization,
randomly initialized models need more parameters, and hence more memory space. Subsequent
works have relaxed the bounds proposed by the Strong Lottery Ticket Hypothesis [96,97], showing
mathematically that network width needs to be only logarithmically wider than dense networks.
Chijiwa et. al [68] proposed an algorithmic modification to Edge-Popup, iterative randomization
(IteRand), showing that we can reduce the required network width for weight pruning to the same
as a fully trained model up to constant factors.

In this work, we propose an algorithm to find accurate sparse subnetworks in randomly initialized
DNNs and BNN’s. Our approach exploits existing weights in a network layer, identifying subsets of
trivial weights and replacing them with weights influential to a strong subnetwork. We demonstrate
our results in Figure 3.1, showing improvements on a variety of architectures and prune rates.

Our contributions are as follows:

* We propose a new algorithm, Iterative Weight Recycling, which improves the ability to
find highly accurate sparse subnetworks within randomly initialized neural networks. The
algorithm is an improvement to both Edge-Popup (for DNNs) as well as Biprop (BNN’s). The
algorithm identifies k extraneous weights in a model layer and replaces them with % relevant
weight values.

* We confirm the Multi-Prize Lottery Ticket Hypothesis with tighter overparameterization

requirements, showing empirically that sparse subnetworks in limited parameter models
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achieve high accuracy compared to their dense counterpart. We show that recycling weights

in a randomly initialized network enables us to achieve this.

3.3 Related Work

In this section we review research related to neural network compression. We concentrate on
work related to the Lottery Ticket Hypothesis (LTH) [15], as our proposed work aims to improve on
this class of compression algorithms. The LTH has garnered a significant amount of attention in the
research community in the last several years. We also introduce work related to Transformers [8],
including Transformers for time series modeling [58] and efficient Transformers [71]. Finally,
we introduce research related to empirical implementations of DNNs on resource-constrained

machines [102].

3.3.1 Neural Network Pruning and Compression

The effectiveness of sparse neural networks was first demonstrated by Lecun et al. [14]. With the
advent of deep learning, the size and efficiency of deep learning models quickly became a critical
limitation. Naturally, research aimed at decreasing size [13,103], and limiting power and energy
consumption [66].

The Lottery Ticket Hypothesis found that dense networks contained randomly-initialized subnet-
works that, when trained on their own, achieved accuracy comparable to the original dense model.
However, the approach required training a dense network in order to identify winning tickets. Sub-
sequent work identified strategies to prune DNNs without a pretrained model using methods such as
greedy forward selection [104], mask distances [105], flow preservation techniques [106, 107], and

channel importance [19].

Malach et al. [67] first showed mathematical justification for the LTH with the Strong LTH,
showing that the width of a randomly-initialized network must exceed some target network by a

polynomial term. Additionally they showed that the neural networks do not need to be trained at all.
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Pensia et al. [96] and Orseau et al. [97] offered improvements on this theorem, showing that the
network width needs to be only logarithmically wider than fully-trained dense networks.
Ramanujan et al. [27] provided substantial empirical results for the Strong LTH by showing
that randomly-initialized neural networks contain high-accuracy subnetworks. They found high-
performing neural networks masks across a range of architectures and datasets. They achieved this
using their proposed Edge-Popup algorithm. Chijiwa et al. [68] improved on previous works, finding
smaller and more accurate randomly initialized neural networks. They achieved this with IteRand
(Iterative Randomization), an algorithm which re-randomizes neural networks weights iteratively in
order to find highly-accurate subnetworks in smaller parameter spaces. They modified the Edge-
popup algorithm described in [27] to empirically demonstrate their results. Finally, the recently
proposed Multi-Prize Lottery Ticket poses that there are many randomly-initialized subnetworks
which attain accuracies comparable to dense fully-trained models. They extend this finding to binary

neural networks, detailed below.

3.3.2 Randomized Neural Networks

Relevant to work described in [27, 67, 68], randomized neural networks [ 108] have also been
explored in shallow architectures. Several applications explore randomization, including random
vector functional links [109-111], random features for kernel approximations [112—-114], reservoir
computing [115], and stochastic configuration networks [116]. Such applications employ unique
training processes that can be much simpler than training a full architecture, while potentially losing

some accuracy as a result.

3.3.3 Binary Neural Networks

BNN’s studied in this work fall into the class of quantized neural networks. Like pruning,
quantization is a natural approach for model compression [21], and involves creating lower precision
weights than the standard 32-bit floating point weights used in DNNs. Diffenderfer and [26] employ
binary quantization (binarization) of neural network weights, which they call MPT(1/32), and

additionally network weights and activations (MPT(1/1)). Biprop searches for MPTs in both
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scenarios, with strong results in MPT(1/32)’s and promising results in MPT(1/1). In this work,
we consider networks with only binary weights MPT(1/32)’s). Common techniques for creating
quantized networks include post-training quantization with retraining [31, 32] and quantization-
aware training [117]. In this work, and in the Biprop algorithm proposed in [26], quantization-aware
binary neural networks are trained with parameter «, which enables floating-point weights to learn

a scale parameter prior to binarization [118].

3.4 Background

In this section we review current state-of-the-art methods for pruning randomly initialized
and binary randomly initialized neural networks and then introduce our method, Iterative Weight
Recycling.

Randomly Initialized DNNs Given a neural network f(z;6) with layers 1,...L, weight parameters
0 € R" randomly sampled from distribution D over R, and dataset x, we can express a subnetwork
of f(x;0) as f(x;0 ® M), where M € {0, 1}" is a binary mask and ® is the Hadamard product.

Edge-popup, proposed by Ramanujan et al. [27], finds M within a randomly-initialized DNN by
optimizing weight scoring parameter S € R where S ~ Dy.oe. S; can be intuitively thought of as
an importance score computed for each weight 6;. The algorithm takes pruning rate hyperparameter

p € [0, 1], and on the forward pass computes M at M; as

1 if |Si| € {7(i)%, > [k;p/100]}
M, — (3.1)

0 otherwise
where 7 sorts indices {i}]_, € S such that |S,;| < |S;us1)|- In other words, masks are
computed at each weight by taking the absolute value of scores for each layer, and setting the mask
to 1 if the absolute score value falls within the top 100*p%, otherwise they set the mask to zero.
They use the straight-through estimator [70] to backpropagrate through the mask and update S via

SGD.
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Chijiwa et al. [68] improved on the Edge-Popup algorithm with their algorithm, titled IteRand.
They show that by rerandomizing pruned network weights during training, better subnetworks
can be found. They theoretically prove their results using an approximation theorem indicating
rerandomization operations effectively reduce the required number of parameters needed to achieve
high-accuracy randomly-initialized models.

The IteRand algorithm is mainly driven by two hyperparameters: K., and re-randomization
rate r. K., drives the frequency weights will be re-randomized. The second hyperparameter, 7,
denotes a partial re-randomization of pruned weights. To achieve the best results, the authors set r

to 0.1, meaning re-randomizing 10% of pruned weights (where M = 0).

Algorithm 1 Edge-Popup with IteRand

1: Require:0 ~ Dyyeight; S ~ Dscores Dy Kpers T
2: Input: Dataset(X,Y)
3: function EDGE-POPUP(S, M, f(x))
4: for each [ € L do
if |s;| € top k IS;| then M; = 1 else M; = 0
end for
return S, M
end function
: fori=1.., N-1 do
10: x,y < MINIBATCH(X,Y)
11: S, M < EDGE-POPUP(S, M, f(x))
12: if i mod K., = 0 then

eI

13: 0 < Rerandomize(f, M)
14: end if
15: end for

Randomly-Initialized Binary Neural Networks (BNNs) Complementary to the findings reported
in the previous section, Diffenderfer and Kailkhura [26] described a new method for finding high
accuracy subnetworks within binary-weighted models. This finding provides us the ability to store
discrete network weights rather than full-precision floating-point numbers, leading to substantial
compression of large models and hence lower memory and storage costs. In this section, we
summarize the Biprop algorithm.

We start with a modification of the function described in the previous section, replacing § € R"

with binary weights B € {—1,1}. The resulting network function becomes f(z; B ® M), with
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mask M over binary weights. Further, Biprop introduces scale parameter @ € R, which utilizes
floating-point weights 6 prior to binarization [118]. The learned parameter rescales binary weights
to {—a, a}, with the resulting network function becoming f(z; a(B ® M)). Parameter « is updated
with [|[M ® 6]];/||[M||1, with M being multiplied by « for gradient descent (the straight-through
estimator is still used for backpropagation). During test-time, the learned alpha parameter simply
scales a binarized weight vector. As a result, only bit representations of the weights are needed at
positive mask values (+1 where M = 1), substantially reducing memory, storage, and inference
costs.

Empirically, Diffenderfer and Kailkhura [26] are able to produce high accuracy binary subnet-
works using Biprop on a broad range of network architectures. They theoretically prove this result
on models with sufficient over-parameterization. In the subsequent section we show how we can
modify this algorithm, as well as Edge-Popup, with Weight Recycling to achieve high-performance

on lower parameter architectures.

3.5 Methodology and Scope

In this section we detail Iterative Weight Recycling, first summarizing the methodology behind
the approach, and subsequently detailing the experimental setup and results. Finally we perform
empirical analysis on the algorithm, with results showing that Iterative Weight Recycling emphasizes
keeping high norm weights values similar to the traditional L1 pruning technique.

We consider f(x;6) as an [-layered neural network with ReLU activations, dataset x € R™ with
weight parameters 6 ~ D,;qn+ and dataset x. We freeze 6 and additionally turn off the bias term for
each [. Our model is initialized similarly to Edge-Popup and Biprop: a score pararmeter S for each
6, where S; learns the importance of ¢;. Additionally, we set a pruning rate p € [0, 1]. Diyeign is
initialized using Kaiming Normal initialization (without scale fan) for Biprop and Signed Constant
Initialization for Edge-Popup. Further, D;.,,. is initialized with Kaiming Uniform with seed 0.

Weight recycling works on an iterative basis, similar to IteRand [68]. We define two hyperparam-

eters, K, and r, where K, is the frequency with which we change weights, and 7 is the recycling
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rate. During the recycling phase, we compute & as the number of weights we want to change in a
given layer as j *r, where j is the size of S at layer /. We retrieve subsets S{°%, S;”y " 'S, containing

the lowest absolute & scores and highest absolute & scores at each layer:

S ={r(Di ), S = {T(i)g:jfk} (3.2)

where 7 sorts {i}?_, € S such that |S, ()| < |S,@41)|. Here, {i}]_, equates to the index values
associated with set {|S;|}7_,. Next, we retrieve weight values associated with /9" and Sl°*, with
{i,....k}s = {i,...,k}y . Finally, we set Qfow:@high. Effectively, the Iterative Weight Recycling
algorithm finds S values and their associated index (where ig = iy) and retrieves the weight value
associated to the index, for both high and low S scores. The algorithm replaces low S weight values
with high S weight values, discarding of low S weight values. Algorithm 2 denotes the equation in

pseudo-code form.

Algorithm 2 Weight Recycling. Replace line 14 in Algorithm 1 with the following method

1: function WEIGHT-RECYCLE(S, 0)

2 for each [ € L do > layer of size j
3 k:<‘—j>|<r >Calculate number of weights to change
4 SI9h « highest k |S)| > Indices of top k abs(score) values
5: Siow «— lowest k |S)| > Indices of bottom k abs(score) values
6 01[SloY] « 68" >Replace low 6 with high 6,
7 end for

8 return S, M

9: end function

3.5.1 Scope

Next, we detail the scope of the research for our proposed algorithm Iterative Weight Recycling.
Broadly, we will test the approach against previous benchmarks Edge-Popup [27], IteRand [68],
and Biprop [26]. Previous works have mainly focused on test set accuracy to verify their results
empirically. We will follow this same approach. While both IteRand and Biprop have theorems to
go along with their empirical algorithms, we will concentrate on empirical results.

Model Architectures and Datasets We will use model architectures and datasets similar to the

three previous works [26,27,68]. Conv-2 to Conv-8 are VGG-like CNNs [119] with depth d =2 to
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8. We additionally use their "wide" analogues, which introduces a scale parameter at each layer to
influence the specific width of each layer width w = 0.1 to 1. Additionally we use ResNets [120],
which utilize skip connections and batch normalization. The CIFAR-10 dataset is used for all
experiments, with ImageNet experiments additionally included. Non-affine transformation is used
for all CIFAR-10 experiments, and ResNets use a learned batch normalization similar to Diffenderfer
and Kailkhura [26].

Prune Rates We will apply prune rates {0.2,0.4,0.5,0.6,0.8,0.9}. These values are the same as
previous works. We will additionally test our method at prune rates above 0.9.

Random Seeds To ensure reproducibility and accurate results, in Iterative Weight Recycling
experiments we will use three different initializations, and report the average accuracy, with error
bars denoting the lowest and highest accuracy.

Benchmarks We compare the performance of Iterative Weight Recycling to Edge-Popup, Biprop,
and IteRand algorithms using the same hyperparameters. For each baseline algorithm, we use the
hyperparameters that yielded the best results in the original papers: Signed Constant initialization
for Edge-Popup/IteRand, and Kaiming Normal with scale fan for Biprop. For our algorithm, we use
these same initialization strategies, except for Biprop with Weight Recycling we did not use scale
fan as this yielded slightly better results. Additionally, for IteRand we use the same K., and r as
the paper: K., = 1 (once per epoch), with r = 0.1.

In the research questions, we note that existing algorithms (Edge-Popup, IteRand, Biprop) find
accurate subnetworks in randomly-intialized models exist in models which are at least 4 layers deep
or have a width of roughly one.

Iterative Weight Recycling Hyperparameters For our algorithm, we choose K., = 10 and
r = 0.2 for all models. We find that less aggressive recycling yields better results, hypothesizing

that recycling weights too frequently yielded highly redundant values.
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3.6 Experimental Setup

To begin, we use model architectures and datasets similar to the three previous works. Conv-2
to Conv-8 are VGG-like CNNs [119] with depth d = 2 to 8 We additionally use their "wide"
analogues, which introduces a scale parameter at each layer to influence the specific width of each
layer width w = 0.1 to 1. Additionally we use ResNets [120], which utilize skip connections and
batch normalization. The CIFAR-10 dataset is used for all experiments, with ImageNet experiments
included in the Appendix. Non-affine transformation is used for all CIFAR-10 experiments, and
ResNets use a learned batch normalization similar to [26]. We apply similar pruning rates to
previous works {0.2,0.4,0.5,0.6, 0.8, 0.9}, and additionally test our method at prune rates above
0.9. In Iterative Weight Recycling experiments, we use three different initializations, and report the
average accuracy, with error bars denoting the lowest and highest accuracy.

We compare the performance of Iterative Weight Recycling to Edge-Popup, Biprop, and IteRand
algorithms using the same hyperparameters. For each baseline algorithm, we use the hyperpa-
rameters that yielded the best results in the original papers: Signed Constant initialization for
Edge-Popup/IteRand, and Kaiming Normal with scale fan for Biprop. For our algorithm, we use
these same initialization strategies, except for Biprop with Weight Recycling we did not use scale
fan as this yielded slightly better results. Additionally, for IteRand we use the same K., and r as
the paper: K., = 1 (once per epoch), with r = 0.1. For our algorithm, we choose K., = 10 and
r = (0.2 for all models. We found that less aggressive recycling yielded better results, hypothesizing

that recycling weights too frequently yielded highly redundant values.

3.7 Results

In this section we test the effects of network overparameterization and prune rate on subnetwork
performance, with the goal of empirically verifying the Iterative Weight Recycling compared to
Edge Popup [27], Biprop [26], and IteRand [68] algorithms. We follow previous works and test
neural networks with varying depth and width, and additionally test each algorithm at aggressive

prune rates.
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Figure 3.1: Performance of Iterative Weight Recycling at varying network depth: We compare the
accuracy of our algorithm against Edge-Popup, Biprop, and a densely trained baseline. We use varying prune
rates and varying network depths on VGG-like architectures. We train and evaluate all algorithms on the
CIFAR-10 dataset using the same hyperparameter’s and training procedure.

Varying Depth In Figure 3.1, we vary the depth of VGG architectures from 2 to 8 and compare

the test accuracy at different pruning rates. We observe a clear advantage to using Biprop+Weight
Recycling: at every prune rate and model architecture, Weight Recycling outperforms both Biprop
and Edge-Popup. Additionally, Biprop with Weight Recycling generally outperforms Edge-Popup
with Weight Recycling at higher prune rates. Iterative Weight Recycling outperforms dense models
in each architecture except when 90% of the weights have been pruned. Notably, we discover
that Iterative Weight Recycling is able to achieve accuracy exceeding the dense model in Conv-2
architectures. This is the first such observation on a low-depth model — Edge-Popup and Biprop
research reported test accuracy near the dense model, however never clearly exceeded it. Further,
Iterative Weight Recycling is able to achieve an 80.23% test accuracy with just 20% of the weights.
Varying Prune Rate In Figure 3.3, we demonstrate the results of Biprop, Edge-Popup, IteRand,
and Iterative Weight Recycling (Biprop) on DNNs with prune rates above 80%. Iterative Weight
Recycling shows favorable results with limited parameter counts. Notably, the algorithm consistently
outperformed IteRand at aggressive prune rates between 80% and 99%. At more modest prune rates
(20%-60%), Iterative Weight Recycling was comparable to IteRand.

In the ResNet18 architecture (11 million parameters), our algorithm was able to find winning
tickets with just 5% of the random weights. These results are further evidence that overparameteri-

zation helps in the identification of high performing subnetworks.
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Figure 3.2: Effects of Varying Width at 50% Prune Rate Results of Dense, Biprop, and Biprop+Iterative
Weight Recycling models at varying network widths less than one. Using Iterative Weight Recycling in
addition to Biprop yields winning tickets with a comparable accuracy to densely trained models at just 50%

width factor in all architectures.
Varying Width We also consider network width as a factor to control network parameterization.

Previous showed that as we increase width, our chances of finding winning tickets increased.
Ramanujan et al. [27] found winning tickets at width factors greater than 1, while Diffenderfer et
al. [26] reported winning tickets around width factor 1.

In Figure 3.2, we demonstrate the efficacy of Iterative Weight Recycling on networks with width
factors less than one. Results show that in each architecture, we can find winning tickets at just 50%
width. In practical terms, in a Conv-4 architecture this computes to just 25% of the parameters as
a Conv-4 with width factor 1 (600k vs. 2.4m). Additionally, our Conv-4 architecture with width

factor 0.5 achieved an accuracy of 86.5% compared to 86.66% for a dense Conv-4 with width factor

1.
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Figure 3.3: Model Performance with Limited Parameters We test the effect of high prune rates (>90%)
on model performance, showing that Weight Recycling achieves high accuracy compared to IteRand, Edge-
Popup, and Biprop. Left: Accuracies of various VGG architectures with prune rates greater than 90% and
parameter count less than 500k. Right: ResNet18 with prune rates greater than 95%. With just under 600k
parameters (95% prune rate), ResNet18 achieves higher accuracy than a dense baseline model (93.1%).
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Chapter 4
Tiled Bit Networks: Sub-Bit Neural Network
Compression Through Reuse of Learnable Binary

Vectors

4.1 Summary

BNNs enable efficient deep learning by saving on storage and computational costs. However,
as the size of neural networks continues to grow, meeting computational requirements remains a
challenge. In this work, we propose a new form of quantization to tile neural network layers with
sequences of bits to achieve sub-bit compression on binary-weighted neural networks. The method
learns binary vectors (i.e. tiles) to populate each layer of a model via aggregation and reshaping
operations. During inference, the method reuses a single tile per model layer. We employ the
approach to both fully-connected and convolutional layers, which make up the breadth of space in
most neural architectures. Empirically, the approach achieves near full-precision performance on a
diverse range of architectures (CNNs, Transformers, MLPs) and tasks (classification, segmentation)
with a 4x reduction in size compared to binary-weighted models. We provide two implementations
for Tiled Bit Networks: 1) we deploy the model to a microcontroller to assess its feasibility in
resource-constrained environments, and 2) a GPU-compatible inference kernel to utilize the reuse

of a single tile per layer in memory.

4.2 Introduction

The progress of modern machine learning can be largely attributed to the exponential growth
of DNNs. Empirically, the capacity of DNNs is expanding at an astounding rate [121], a practice
supported by theory showing that sufficiently over-parameterized models are in fact necessary for

deep learning [122, 123]. Alongside this progress, the growing presence of resource-constrained
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Figure 4.1: Tiling Illustration: A binary tile (top left) of size & = 3 is replicated 3 times to create a
tiled vector of size 9 (bottom left). This vector is then reshaped to fill a 3z3 weight tensor (right). Tiling
and reshaping is used during the training process of TBNs to learn tiles for filling the parameters of a
model (illustrated above). During inference, only a single tile needs to be referenced per layer (top left) — a
specialized kernel can reuse the tile throughout layer computation for memory savings.

machines (e.g. cell phones, embedded devices) has created unique opportunities to deploy increas-
ingly large DNNs in novel environments. Consequently, maximizing the computational efficiency
of neural networks is a relevant challenge at many scales of application.

Efforts toward efficient deep learning span a broad range of techniques such as architectural
design [98,124], neural architecture search [102], knowledge distillation [125,126], and quantization
[35,127,128]. Quantization, which converts high precision neural network weights into discrete
values, has achieved success in real-world applications [129, 130], and has been applied down to the
scale of BNNs where the weights (and often activations) of a model are single bit values [131].

While BNNs have been established as a practical and extreme form of quantization , an emerging
line of research has gone a step further with sub-bit neural network compression, which requires
less than a single bit per model parameter. Wang et. al [132] first observed that the discrete set of
binary convolutional kernels tend to cluster into a smaller subset; as a result, they devised a training
regime to use a smaller set of kernels. Subsequent work has achieved improved compression by
leveraging the properties of binary convolutional kernels using minimum spanning trees [133] and
sparse kernel selection [134].

Independent from previous approaches, this work proposes tiling neural networks with binary
weights to achieve sub-bit memory and storage compression of model parameters. Tiled Bit
Networks (TBNs) learn binary sequences (tiles) to fill in the weights of a DNNs layers during
training. A simple tiling operation is depicted in Figure 4.1. The algorithm learns a condensed

parameter representation for each layer by compressing the bit values using tensor reshaping and

46



aggregation (Figure 4.3). Inspired by XNOR-Nets [86] we also make use of full-precision tensors
to calculate a scalar over each tile.

Unique from previous work that leverages the properties of convolutional kernels to achieve
sub-bit compression, TBNs work on both fully-connected and convolutional layers, a relevant
application for modern architectures as depicted in Figure 4.2. We test the approach on CNNS,
Transformers, PointNets, and MLPs. Compared to previous approaches, TBNs achieve better or
similar performance on image classification, exhibiting strong generalization at 4x compression
rates. Moreover, the algorithm translates to MLP and Transformer models which contain high
proportions of fully-connected parameters, enabling for the first time sub-bit DNN compression
on these architectures. Empirically, across 2D and 3D image classification tasks TBNs achieve
performance on par with a full precision model at roughly 4x compression compared to a standard
BNN (i.e. we only require roughly ;11 of model parameters to be stored). We additionally achieve
strong performance on semantic and part segmentation tasks.

We provide two implementations for model inference, which both require only a single tile per
model layer in memory. First, we implement a lightweight TBN for deployment on a microcontroller,
showing that the algorithm reduces memory and storage consumption. We also implement a GPU-
compatible inference kernel using the Triton library [135], enabling memory savings through reuse
of a single tile in the highly parallelized setting. The TBNs inference kernel requires 2.8x less
peak memory (78.5MB vs. 222.5MB) compared to a standard kernel on the ImageNet Vision
Transformer when both have full precision weights.

Our contributions are as follows:

* We achieve sub-bit memory and storage compression of neural network parameters by learning
sequences of binary values (tiles) to populate the layers of DNNs. We apply the method to
fully-connected and convolutional layers. To the best of our knowledge, this is the first work
to show sub-bit compression of fully-connected DNNs, which are relevant in Transformers

and MLPs (PointNet, MLPMixer).
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* We provide two implementations which achieve sub-bit compression of model parameters
by reusing a single tile per model layer: 1) We deploy a TBN to a microcontroller with a
customized C kernel, and 2) a specialized GPU kernel for fully-connected models to leverage

memory savings of tiled layers during inference.

4.3 Related Work

Efficient deep learning encompasses multiple areas not covered in this work such as low rank
factorization [78, 136], pruning [137], and memory efficiency through input patching [138] and
attention tiling [139]. In this section we concentrate on binary and sub-bit neural networks.

Quantized and Binary Neural Networks DNN quantization reduces full-precision weights
and activations to discrete and lower precision values to enhance model storage, memory, and
inference speed [140, 141]. The most extreme quantization was conventionally thought to be
binarization, where weights can only be £1 [85]. Binarization helps reduce computation, however
it often reduces model accuracy. Several works attempt to alleviate this issue such as XNOR-Net,
which used channel-wise scaling factors for BWNNs and BNNs [86]. IR-Net [142] preserved
information by maximizing information entropy while minimizing the quantization error. ReActNet
used generalized activation functions to get within 3% of full-precision accuracy on ImageNet [143];
Shang et al. utilized contrastive learning to learn BNNs [144]. Xu et al. proposed FDA, which
estimates sign function gradients in a Fourier frequency domain [145]; Xu et al. proposed ReCU

which introduces a rectified clamp unit to address dead weights [146].

Bl Fully-Connected
mmm Conv. Kernel Size > 1x1
mmE Conv. Kernel Size = 1x1

Number of Parameters

ResNet18 ResNet50 PointNet MLP Mixer — VIT (Small) Swin-t

Figure 4.2: Layer composition of DNN architectures: The ResNet series is made up primarily of
convolutional layers; Transformer (Swin-T, ViT) and MLP (PointNet, MLPMixer) models consist mostly of
fully-connected layers.
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Figure 4.3: Tile Construction During Training: For each layer of a neural network we train a weight tensor
(W) (left). During training, we compress the parameter by a factor of p by performing a reshaping (second
column top) and then sum operation (second column middle). We use the straight-through estimator to
binarize vector s, creating tile t (second column bottom). We next create binary weights B from the resulting
binary vector by tiling vector t two times and reshaping it to an n X m tensor (third column). Finally, we
apply a scalar « over each of the two tiles, resulting in the final weight tensor B. During inference, only a
single tile is needed, along with a small number of « scalars.

We note that most BNN research uses binary activations as well as binary weights. TBNs use
full-precision activations, however still achieve storage and memory improvements from using a
single tile per layer. We denote BNNs that have full-precision activations as BWNNSs, and indicate
whether benchmark models have binary activations accordingly.

Sub-Bit Quantization Sub-bit DNN compression reduces model sizes to less than a single bit
per model parameter. Kim et al. [147] proposed a kernel decomposition to reduce computations
in binary CNNs. FleXOR [148] used an encryption technique for storing binary sequences. Wang
et. al [132] observed that the full set of binary convolutional kernels tends to cluster into a subset;
they formulate a training technique for finding the best subsets of kernels. Lan et al. [149] stack
convolutional filters to achieve sub-bit compression. Wang et al. [134] group kernels into binary
codebooks for sparse kernel selection. Finally, Vo et al. [133] propose minimum spanning tree
compression, which takes advantage of the observation that output channels in binary convolutions
can be computed using another output channel and XNOR operations.

Previous sub-bit compression approaches are distinct from TBNs: initial work was based on
removing redundancy and encrypting weights; current approaches are based on utilizing properties
of convolutional kernels. While convolutional layers enhance efficiency of neural networks, many
architectures still rely on fully-connected layers (Transformers, PointNet, MLPs, etc.). For example,

the lightweight Mobile ViT has significant fully-connected parameters [150] (see Figure 4.2).
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4.4 Method

Tiled Bit Networks are constructed from a standard neural network with layers 1,2, [..., L. We
consider fully connected and convolutional layers in this work since these layers generally make up
the breadth of a DNNs weights. We do not consider bias parameters in this work.

In this section we describe the training process for TBNs, which involves learning full-precision
parameters (W) and applying aggregation and reshaping to create the tile vectors t. We then
describe our approach to tile-wise scaling, the second step of training TBNs. Finally, we describe
training hyperparameters and their default settings.

Layer-Wise Tiling In our approach we learn tile vectors t!1, t!, ... t!" for each layer of our
network. We initialize our model with full-precision values for each layer similar to standard
training, creating weight tensor Wl € R% - for layer [, where d, is the dimensionality of the
tensor (e.g. a fully-connected layer has k = 2). The total elements in the tensor is N = Hle d;.
During training we update WU via stochastic gradient descent. Our goal is to compress W by a
factor of p, where size N is divisible by p such that p x ¢ = N. To achieve this we reshape tensor

W as a p x ¢ dimensional matrix W* during forward propagation:

WU € Ravde _y Wlllx ¢ Rpxa 4.1)

We then sum WI* along the p dimension to create a vector s € R:

1]*
j=1 W[li 51
s |7 A | (4.2)
[1]+
25 Wo | [54)
We next create tile tI!! = [t t,, t;...t,] for a given layer by applying a threshold function to

determine the binary value for each s; in s:
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1, ifs; >0
£ — 4.3)

—1, otherwise
Tile t! is then replicated p times to create tile vector bl! € RY. Formally, let 1y be a vector of

ones with size N. The tiling operation creates vector bl as:
bl =1y @ ! 4.4)

where ® is the Kronecker product. We create our final binary weight tensor Bl € {—1, 1}du-dx

by reshaping vector bl!:

Bl = Vecgll’mdk(bm) (4.5)

where vec;llw_ 4, () denotes a vector to k-dimensional tensor operation.

We note that computing binary parameters B! involves non-differentiable operations during
forward propagation. As a result, we utilize straight-through gradient estimation, where the gradients
of the model are passed-through the non-differentiable operator during backpropagation [151]. To
achieve this we implement Equations 4.1-4.5 in the forward pass of a customized differentiation
engine, and on backpropagation we pass the gradients through the customized module to update
wil,

Putting it together, the tiled model f(-) can be trained with parameters W (to compute BY)
and inputs x, producing an output y which serves as a continuous, differentiable approximation
of a tiled neural network. In the context of straight-through gradient estimation, y is used during
backpropagation to compute the gradient of loss £ with respect to the parameter W

oL oL oyl oyl N oyl

OWI — 9yl oW’ oWl ~ 9Bl (4.6
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Figure 4.4: We learn scalar o from tensor A by computing Equation 4.7 or 4.9 over its values (W can also
be used in place of A). The figure visualizes Equation 4.9 which calculates « over each tile.

where ! is the output of layer [ prior to the activation. % involves the thresholding, tiling,
and reshaping operations.

Tile-wise Scalars Similar to XNORNet [86], we scale B/ by «a. Rastegari et al. [86] derived
the optimal scaling factor of a binary weight filter as the average absolute value of a weight, a

method widely used in other research [85, 152, 153]. We can use parameter W to compute the

scalar, since its non-aggregated size is the same as a standard weight tensor:

W,

~ (4.7)

«

We additionally experiment with an independent tensor, denoted Al € R% > to exclusively
compute the « scalar. We observe a slight performance benefit from using AV in addition to W1V,
We add this option as a hyperparameter to our models.

Another hyperparameter setting for TBNs calculates one « for each tile tq, t5...t, in layer [ by
utilizing the i set of the flattened tensor A!l (or W), and calculating o; using only these values.
This represents the optimal scalar for that particular tile. To do this, we can reshape AU to get the

values corresponding to the p'” tile of layer I:

Al e RAv-de 5 AllF ¢ ROP (4.8)

Next, similar to Equation 4.7 we calcuate the 1-norm for each segment of values corresponding

to the i*" tile in A, We divide this number by ¢ (the size of each tile) to give us o, ay, ...ay:

52



l 1] %
ol AT 1q
= : 4.9)

l 1] %
ay 1A 1q

Each o gets multiplied element-wise by its corresponding tile in BIU. The resulting tensor, BUY
is used for the operation on the input data. Equation 4.9 is depicted in Figure 4.4.

After training is complete, we save a vector of size N/p for each layer along with full-precision
scalars (as).

Hyperparameter Settings We test our models with several hyperparameter configurations to

assure the best performance. TBNs primarily contain three hyperparameters:

1. Minimum layer size for tiling, A. We set a minimum size N of a DNN layer required for tiling
to be performed. Tiling smaller layers causes a drop in performance. Default: \=64,000,

ImageNet models: A=150,000

2. Parameter W for tiling and A for calculating o. W is used to learn a tile for each layer;
it can also be used to calculate « scalars. Alternatively, we propose a separate parameter
A to compute as independently, which exhibits a small performance gain. Default: A for

calculating «. For ImageNet, we use W.

3. Tile-wise as. We experiment with calculating a single « per layer as well as calculating « for

each tile in a layer. In some settings multiple as perform better. Default: Single « per layer.

4.5 Experiments

We next detail our experiments across a range of architectures, datasets, and tasks. We test
our approach on CNNs as well as fully-connected models such as PointNet and Transformers.

Additional results can be found in the Appendix.
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4.5.1 CNN Architectures

In this section we compare TBNs against previous sub-bit compression techniques for Convolu-
tional Neural Networks (CNNs) including SNN [132], MST [133], and Spark [134]. We assess the
performance of the techniques on both CIFAR-10 datasets using the ResNet series of models [154]
and the VGG-Small model [142], similar to previous works. In addition to the models used in
previous research we include ResNet-50 for CIFAR-10, which has 1 x 1 convolutional kernels. The
SNN sub-bit compression algorithm was assessed with Resnet-50 using a modified kernel selection
technique specialized for 1 x 1 convolutions, enabling up to 8x compression. The technique, from
Section C of the Appendix in [132], is the most similar approach to TBNs.

Results. Table 4.1 highlights the results of TBNs compared to previous sub-bit compression
techniques on the CIFAR-10 and ImageNet datasets. For CIFAR-10, we achieve sub-bit compression
across architectures without a decrease in test set performance at 4x compression. Experiments
are run three times each and averaged. Compared to other methods, TBNs achieve a competitive
performance with MST, the current state-of-the-art method for sub-bit compression. TBNs achieve
similar performance at roughly the same compression rates of MST for the CIFAR-10 models.
Finally, our approach allows for more extreme compression rates. Results in Table 4.1 show only

small drops in performance at up to 16x compression compared to a full precision model.

4.5.2 MLP-Based Architectures

In addition we consider MLLP models which contain a high proportion of fully-connected
and 1 x 1 convolutional layers. PointNet [155] is a well-established model for unified tasks in
classification, part segmentation, and semantic segmentation. The model takes point cloud data from
3d representations. To assess PointNet we use datasets ModelNet40, Shapenet, and S3DIS, which
are each designed for a specific task. We denote segmentation performance with Intersection over
Union (IoU), and class average IoU. IoU is the ratio of the intersection area between the predicted

and ground truth regions to the union area of both regions.
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Table 4.1: CNN Results on CIFAR-10: * indicates model with binary activations. We denote the tiling
compression p of each experiment as TBN,. Savings (in blue) indicates the compression from a binary-weight
model (1-bit per model parameter).

CIFAR-10
Bit-Width #Params  Test Acc.
Model Method (Savings) (M-Bit) %)
Full-Precision 32 351.54 93.1
IR-Net 1 10.990 92.9

SNN 0.440 2.3x)  4.882 92.1
Sparks* 0.440 2.3x) 4.880 90.8

RelsgNet MST*  0.075133x) 0814 916
TBN, 0256 (39%) 2850  93.1

TBNy  0.131 (770 1463 924

TBN,, 0069 (145x) 0768  91.2
Full-Precision 32 750.26 95.4

IR-Net 1 23450 932

ResNet SNN 035280 8321  94.0
50 TBN, 0259399 6.100 949

TBNjg 0.136 (7.4x)  3.210 94.3
TBN 6 0.075 133x) 1.760 93.5

We derive MLP experiments from BiBench [156], who provide a diverse set of tasks to evaluate

BNNs. We note that the benchmarks provided in BiBench assess binarizing pretrained models.
Additionally BiBench only assesses models with binary weights and activations, while TBNs have
full-precision activations. In Table 4.2 we denote the best algorithms from the BiBench. We also
train a BWNN for each task, since it provides us with abetter comparison (models with full-precision
activations).

Results. In Table 4.2 we summarize the PointNet model results across classification (Mod-
elNet40), part segmentation (ShapeNet), and semantic segmentation (S3DIS). We find that clas-
sification performance is almost on par with the full-precision model, with less than a 2% drop
in accuracy and 4x compression. For both part and semantic segmentation, TBNs exhibit loss in
accuracy compared to their full-precision counterpart. However, we note that in both cases TBNs
perform on par with BWNNSs. TBNs also significantly outperform XNOR-Net in part segmentation,

which was the most successful BNN on the task in BiBench.
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Table 4.2: PointNet Results: We test TBNs on the fully-connected PointNet model. TBNs achieve
performance close to the full-precision model on the classification benchmark and within 10% of full-
precision performance on the Part Segmentation task. * indicates model results from BiBench with binary
activations. We take BiBench binarization algorithm with the best results for both ModelNet40 and ShapeNet.

Task: Classification, Dataset: ModelNet40

Algorithm I?Plfa::lfst? #;;afg?:; Tes(tl%cc‘/
Full-Precision 32 111.28 90.30
FDA* 1 348 81.87
BWNN 1 3.48 89.20
TBN,4 0.259 3.9x) 0.90 88.67
TBNg 0.136 (74x)  0.47 87.20

Task: Part Segmentation, Dataset: ShapeNet

Bit-Width #Params  Instance Class

Algorithm (Params) (M-Bit) Avg. IoU Avg. IoU
Full-Precision 32 266.96 83.06 77.43
XNOR-Net* 1 8.34 - 60.87
BWNN 1 8.34 76.1 69.90

TBN, 0.340 2.9x)  2.68 76.3 70.20
TBNg 0.207 4.8x) 1.73 75.1 68.90

Task: Semantic Segmentation, Dataset: S3DIS

Algori thm Bit-Width #Params Test Class
(Params) (M-Bit) Acc. Avg. IoU

Full-Precision 32 112.96  78.27 42.20

BWNNs 1 3.53 69.50 31.30

TBN, 0.431 23x) 1.52 67.55 31.10
TBNg 0.337 3.ox) 1.19 65.70 29.55

4.5.3 Vision Transformers

In our next set of experiments we assess TBNs on Transformer models. It was noted in
BiBench that Transformers perform poorly in BNNs, with none of the binarization algorithms from
the benchmark research achieving more than 70% of the performance of full-precision models.
The research, which looks exclusively at models with binary weights and activations, noted that
binarization of activations greatly affects the attention mechanism and leads to poor quality models.
In particular, the multiplications between the query, key, and value cause amplified information loss
when model activations are binarized. The authors show that the local structure of CNNs has the

least amount of error compared to Transformers and MLPs.
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Table 4.3: Vision Transformers trained on CIFAR-10: We compare the performance of a ViT (patch size
4) and the Swin-T model with TBN, and TBNg variations. Experiments are averaged over 3 runs (S.D. is
less than 0.5).

Bit-Width #Params  Test Acc.

Model Method (Params) (M-Bit) %)

Full-Precision 32 303.68 82.5

ViT BWNN 1 9.50 82.2

TBN4 0.253 4.0x) 2.40 82.7

TBNjg 0.129 (7.8x) 1.22 82.1

Full-Precision 32 851.14 86.8

. BWNN 1 26.60 85.8
Swin-T

TBN, 0.259 3.9x)  6.88 85.8
TBNjg 0.135 (74x)  3.61 84.6

In contrast to BiBench we address models with binary weights and full-precision activations,

which do not suffer from the same information loss as models with binary activations. Due to the
difficulty of training large language models from scratch, we instead turn back to Computer Vision,
where Transformers have been established as state-of-the-art architectures. We train Swin-T [157]
and ViT [158] models from scratch on the CIFAR-10 dataset and compare the models to a full-
precision model of the same structure. ViT’s use image patching along with the traditional attention
mechanism. Swin-T uses hierarchical partitioning of the image into patches and then merges them
as the network gets deeper.

Results. In Table 4.3 we summarize the results of ViTs trained on the CIFAR-10 dataset. TBN's
achieve performance within 2.5% of Full-Precision models across all experiments. Specifically,
the TBN ViT is able to closely match the accuracy of the full-precision model at both 4x and 8x

compression rates, while Swin-T has a performance degradation of just 1.2% at 4x and 2.5% at 8x.

4.5.4 Effect of Layer Size

In our final set of experiments we look at MLPMixers [159] and ConvMixers [160] for the
CIFAR-10 classification task. ConvMixer has shown potential to compete with ViTs on complex
tasks, while MLPMixers provide us with another opportunity to test fully-connected models.

In Figure 4.5 we visualize the performance of TBNs at tiling compression rates up to 32x for
both models. We find that the ConvMixer accuracy degrades quickly after 4x compression. When

analyzing the architecture, we find that the largest layer has just 65,536 elements. Many layers have
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less than 65k parameters and dont’t fulfill our minimum layer size for compression. This results in
limited reductions in parameter count along with high performance degradation. MLPMixer, on the
other hand, had layers with 131k elements, and resulted in a more modest performance degradation
at higher parameter compression.

Assessing other architectures, we found that the convolutional, PointNet, and Transformer

models contained layers with many features (often in the millions).

92 1.34M 32-Bit Params

------ ConvMixer, Full-Precision
—e— Tiled ConvMixer

MLPMixer, Full-Precision
TBN3, Tiled MLPMixer

Test Set Accuracy

821 1.82M 32-Bit Params
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Figure 4.5: TBNs are vulnerable in models with low width layers: We plot the performance of the
ConvMixer and MLPMixer at various compression rates/number of parameters compared to its full-precision
baseline (horizontal line). The ConvMixer accuracy degrades quickly as a result of smaller layers: its
maximum layer size is 65k. The MLPMixer has layer sizes of 131k. Both models achieve near full-precision
performance at 4x compression, and degrade at varying rates thereafter.

4.6 Implementation
We cover two implementations of TBNs for model inference: 1) a C implementation which we
deploy to a microcontroller, and 2) a GPU-compatible kernel for for tile reusability. Both methods

implement reuse of a single tile per layer to achieve memory and storage savings.

4.6.1 Microcontroller Deployment
We first implement an inference engine to run on an Arduino microcontroller. The microcon-
troller has 1MB of storage and 250KB of memory, making it practical for a lightweight model.

We program an MLP model trained on the MNIST dataset with 128 hidden neurons and a fused
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Algorithm 3 FC Layer with Tiling, Many as, Forward Pass

Inputs: Tile vector t of size g, input vector x of size n, layer size metadata (m, n), o, as, ...qy
t; 0, Q; <
fori « ltomdoyli] + 0, =a; +1
for j < 1ton do
yii| < yli] + titi] - x[j] - v

if {;, = ¢ then
t; <0 Move to beginning of tile vector
Q; — Q1 Get next tiles «
else
ti+—t;+1 Increment tile index
end if
end for
yi] < max(0, y[i]) Fused ReLU
end for

Output: Output vector y of size m
ReLU nonlinearity. We implement both a standard BWNN and a TBN. Our TBN has a compression

rate of 4 and uses multiple as (one for each tile). To implement the TBN we first train our model
in PyTorch [161], and then convert the layer tiles and « scalars to C data types. We implement
a fully-connected kernel in C as detailed in Algorithm 3. We develop a fully binarized kernel by
packing weights into unsigned 8-bit integers and use bit-masking to extract the correct values.

We assess the speed, memory, and storage space of each model. To assess speed, we report the
Frames Per Second (FPS), which measures the number of times the program is able to execute on a
sample per second. We measure FPS using a provided script which executes the compiled model
1000 times and reports the mean and standard deviation across five runs. We report memory as the
maximum memory at any layer of the model. Finally, we report the storage space as the number
of bits stored for each model. We expect speed to be the same across models, while memory and
storage space should improve with TBNs.

Results We summarize the results of the implementation across speed, memory, and storage
space in Table 4.4. As expected, the speed of both models is roughly the same. The max memory
usage, which happens during execution of the first fully-connected layer, is 58% less for the
TBNs compared to the BWNN. Both models still require full-precision inputs and a full precision

placeholder for the output, while the TBN model requires roughly }l of the weights loaded in
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memory compared to the BWNN. Finally, storage for the TBN model is almost i that of the BWNN.
Since the classification layer only contains 1280 parameters, it is not tiled, accounting for more

parameters in the tiled model.

Table 4.4: We compare the performance of a binary-weight neural network (BWNN) and a TBN deployed
on a microcontroller. We implement an MLP with one hidden layer (size 128). The maximum memory usage
corresponds to the full-precision image being processed by the first fully-connected layer, with additional
memory being allocated for the output activation.

Speed Max Memory  Storage
Model (FPS) Usage (KB)  (KB)
BWNN 704.5£3.3 16.20 12.70
TBN, 705.1+3.6 6.80 3.32

4.6.2 GPU Inference Kernel

Our second implementation utilizes the open source Triton library which enables us to write
customized CUDA kernels in Python to run on GPU. Standard PyTorch operations do not allow us
to reuse a single tile without allocating new memory for the full layers parameters (multiple tiles);
leveraging Triton provides more control over lower level memory allocation.

We implement a fully connected module using full precision (32-bit) parameters. We argue
that comparing a tiled 32-bit model with a standard 32-bit model simulates the comparison of a
tiled 1-bit model with a standard 1-bit model. Moreover, tiled networks work with full-precision
parameters, and may be relevant to other levels of weight precision (see Appendix).

We implement the fully connected layer using the matrix multiplication functionality provided by
Triton. It uses block-level matrix multiplication and achieves similar performance to the optimized
cuBLAS library. Our implementation coverts an m X n matrix to m X r, where r equals n/p (we
compress the second dimension). For pointer arithmetic we point to the n/p block of weights.
In other words we implement fully connected tiling with matrix-to-matrix pointers rather than
matrix-to-vector pointers.

Results We measure the GPU memory usage for inference on a single image in Figure 4.6. The
two figures profile the memory usage through each layer of the model. For the ViT ImageNet model,

peak memory usage is 222.5MB for the standard kernel and 78.5MB for the TBN, kernel. The
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Figure 4.6: GPU memory allocated during model inference: We profile the memory of the ImageNet
Vision Transformer (Left) and PointNet (right) during inference on a single input using our customized GPU
kernel. The x-axis represents memory recorded within intermediate model layers during execution of a
PyTorch model. The kernel achieves 2.8x memory reduction on the ViT and 1.2x reduction on PointNet. The
green line represents a standard kernel with full-precision weights; other lines represent a tiled kernel with
full-precision weights.

MLPMixer model offers more modest reductions as a result of holding its intermediate activations.
The standard kernel has a peak memory of 25.1MB compared to 21.1MB for the TBNj,.

The results in Figure 4.6 reflect the memory savings by only loading a single tile per model
layer. Specifically, during inference the PyTorch library loads weights for all layers into memory.
It allocates new memory for the input and output activations to each layer, and deallocates these
activations when they are no longer needed. For example, the ViT model has six attention layers
with roughly 8.4 million parameters each (the (), K, V' parameters and the feed forward parameters)
for a total of 54.6 million parameters. The input and output activations to the attention layers have a
size of 65,536. As a result, we can see the small spikes in the graph, which represent the allocation
and de-allocation of activations. However, most of the memory is a result of the weights, which

make up 34MB per attention layer.

4.7 Ablation Study

We study the effects of three hyperparameters of TBNs: 1) A (minimum layer size for tiling), 2)
W for tiling and A for computing «, and 3) Multiple versus single « scalars. For A, we test global
tiling, where all layers are compressed. We compare this to our default training which sets A to 64k.
For the second hyperparameter, we test two settings: the first uses W for both learning the binary

tile and calculating «; the second uses parameter A for calculating ov. We denote this setting as W

61



Test Accuracy

—— MLPMixer, TBN,, W, Many a
MLPMixer, TBN,, W+A, Many a

o MLPMixer, TBN,, W-+A, Single @
—+— ResNet18, TBN;, W+A, Single a
ResNet18, TBNg, Global Tiling

0 50 100 150 200 250 300
Epoch

Figure 4.7: Hyperparameter Configurations: Test set accuracy across training for the MLLPMixer and
ResNet18 models with various hyperparameter configurations. For ResNet18, we show how tiling every
convolutional layer, rather than layers of a certain size, leads to performance loss (red/orange). In blue we
show the effects of using a separate parameter A to calculate « compared to calculating «v using just W. We
additionally show the benefit of using multiple as (one per tile) rather than a single a.

or W + A. For the third parameter, we test a single « per layer and compare it to computing « for

each tile.

Figure 4.7 shows the effects of the different hyparameters on both the ResNet50 and MLPMixer
models on the test accuracy throughout training. We show that a global tiling factor (no \) on
ResNet50 causes a significant decrease in performance. This was observed across most models, with
some CIFAR-10 models failing to reach even 50% test accuracy. Next, we find the model converges
best when given a separate parameter A to calculate a. Moreover, when calculating an « for each
tile, we observe a slight increase in performance. We note that the latter two hyperparameters
exhibit varying results across architectures, thus we do not adhere to a single configuration for these

approaches.

4.8 Discussion

We propose Tiled Bit Networks for learning binary vectors to fill in the weights of a neural net-
works layers during training, achieving sub-bit compression on model parameters during inference.
TBNs work on both convolutional and fully-connected layers, and are applicable to CNNs, MLPs,
and Transformer-based architectures. The method performs well across multiple computer vision
datasets and tasks.

Future Work A natural direction for future work is to apply TBNs to models with binary

weights and binary activations. BNNs with binary activations maximize memory savings and
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improve speed. We would also like to test the approach on larger scale models (e.g. LLMs),
where additional algorithmic modifications (such as full-precision parameter tiling) may enhance
performance. Finally, specialized kernels could be implemented to maximize the efficiency of TBN

with regards to parallelization, including convolutional kernels and kernels better optimized for

re-usability of tiles.
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Chapter 5
Applying Sparse and Quantized Neural Networks in

Real-World Applications

5.1 Summary

This research focuses on two primary objectives: benchmarking sparse and binary neural
networks against conventional quantization techniques and assessing the feasibility of deploying
these sparse binary models on microcontrollers, specifically the Arduino Nano 33 BLE Sense Rev2.
The first goal involves a comprehensive evaluation, comparing sparse binary neural networks with
post-training quantization and quantization-aware training methods across metrics such as test
accuracy, FLOPs, memory, and model size. Concurrently, the study outlines an implementation
strategy for deploying sparse binary models on microcontrollers. Our ultimate aim is to demonstrate
the practical viability of sparse binary neural networks in real-world applications by successfully
deploying them on resource-constrained microcontrollers, ensuring a holistic understanding of their

utility and limitations.

5.2 Introduction

In this chapter we delve into two objectives surrounding the application of neural network
quantization and compression. Our first goal revolves around benchmarking sparse and binary
neural networks against conventional methodologies prevalent in practical applications. Specifically,
we scrutinize sparse binary neural networks in comparison with widely adopted post-training
quantization and quantization-aware training techniques. The assessment is multi-faceted and
focuses on parameters such as test accuracy, computational complexity (measured through FLOPs),
maximum memory requirements, and model size. Such metrics are essential for comprehending the

impact of quantization and compression on performance.
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The second facet of this research endeavors to explore the feasibility of deploying sparse
binary models on resource-constrained microcontrollers. Specifically, we deploy our models on the
Arduino Nano 33 BLE Sense Rev2. This includes the development of a feedforward network for the
MNIST dataset, employing techniques such as bit packing and unpacking, model compilation using
the PyTorch C++ runtime, and implementation of standard quantized models. Our ultimate goal is
to demonstrate the viability of sparse binary neural networks in real-world applications, gauged
through successful deployment on microcontrollers, ensuring a comprehensive evaluation of their

practical utility.

5.3 Background and Related Work

In this section we describe the related work in both industry and research related to implementa-

tions of compressed neural networks.

DNNs on Resource-Constrained Machines

Compressed neural networks have shown potential in both research [102, 138, 162] and industry
[163]. The last few years, work out of the Han lab at MIT has enabled neural network deployment
on MCUs, which we will cover first in this section. In addition, companies such as EdgeImpulse
have started specifically targeting "edge AI", which we define as neural networks being deployed on
resource constrained machines such as microcontrollers and mobile devices. Edgelmpulse’s library,
TensorFlow Lite Micro [164, 165], is a lightweight neural network library which is compatible
with small devices such as the Arduino [166] MCU. In the rest of this section, we will cover the
advances made with the MCUNet at the Han Lab, as well as other recent advances in deploying
neural networks on microcontrollers.

"MCUNet: Tiny Deep Learning on [oT Devices" [102] is a research paper publisehd at NeurIPS
in 2020. The paper focuses on the development of an innovative deep learning framework, MCUNet,
specifically designed for Internet of Things (IoT) devices with constrained resources. The authors
address the challenge of deploying complex deep learning models on resource-limited 10T de-

vices, which typically have limited memory, processing power, and energy consumption capacities.
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Specifically, MCUNet is a software-system co-design (similar to Apple products) which enables
ImageNet scale inference on tiny devices. Lin et al. propose optimizing the deep learning model
design (TinyNAS) and the inference library (TinyEngine) to reduce the memory usage. Specifically,
they use neural architecture search and provide the algorithms with constraints common to micro-
controllers. Impressively, the authors achieve over 70% accuracy on the ImageNet test set running
on a microcontroller.

In follow-up work, the authors propose memory-efficient inference by "patching" to control
peak memory usage of neural networks during inference [138]. Specifically, the authors find that
common convolutional neural networks have an imbalanced memory usage throughout their layers.
They balance out this memory usage by applying "patch-by-patch" memory usage. In their most
recent publication, the authors propose training neural networks directly on microcontrollers via a
novel training method which uses sparse gradients and quantization awareness techniques [167].
Specifically, the authors propose "Quantization-Aware Scaling", a method which calibrates gradient
scales and stabilize 8-bit training. They additionally use a sparse update to reduce the gradient
computation.

Other Research and Frameworks Novac et al. [168] focus on quantization and deployment of
DNN s on 32-bit microcontrollers. They propose an alternative inference engine to TensorFlow Lite
Micro called MicroAl. The framework offers execution on 32-bit floating points as well as 8-bit
and 16-bit integers. They evaluate their framework on several microcontrollers, such as the ARM
Cortex-M4F.

One last framework we consider in our work is PyTorch, specifically PyTorch for mobile [169].
The engine offers its QNNPack, a quantization engine, XNNPACK, a floating point kernel library
engine for Arm CPUs, as well as efficient mobile interpreters for Android and i0OS. However,
PyTorch’s mobile library is too large to deploy on microcontrollers (which have significantly less
memory than phones. To counter this, we investigate PyTorch’s Tracing Based selective build
tool [170], which prunes the necessary files from PyTorch C++ library to compile into a lighter

weight compilation for deploying. We hypothesize that successfully deploying a PyTorch model on
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a microcontroller could offer outstanding benefits to the broader community, since PyTorch is the
main deep learning library in use today.

Other research has examined specific aspects of neural architecture search for deploying neural
networks on MCUs. MicroNets [171] propose a differentiable neural network architecture search
where operation count is treated as a proxy for latency. Finally, Xie et al. [172] propose a weight-
sharing mechanism to improve optimization.

Post-Training Quantization

Post-training quantization techniques have emerged as the standard for compressing neural
networks in real-world applications. For example, both PyTorch Quantization [20] and TensorFlow
[173] provide post-training quantization as standard tools. Below we review work related to post-
training quantization. The standard technique involves first training a model using either 32-bit
or 16-bit floating point integers, and then converting the integers to their lower precision 8-bit
counterpart after training has completed. This typically reduces the performance, but it is a simple
and effective approach. Next we review several related works for post-training quantization.

Gupta and Jacob [17] provided a comprehensive survey on quantization and training of neural
networks, covering post-training quantization and discussing the broader landscape of quantization
techniques. Courbariaux et al. [16] introduced the concept of quantization and training of neural
networks for efficient integer-arithmetic-only inference. Their approach demonstrated that by
representing both weights and activations as low bit-width integers, significant reductions in memory
footprint and computation cost could be achieved. Rastegari et al. [34] extended the concept of
quantization to edge devices in their work on quantization and training of neural networks for
efficient inference on edge devices. By optimizing models for edge deployments, they showcased
the potential to unlock powerful Al capabilities on devices with limited resources. In the context of
binary neural networks, Li et al. [174] proposed techniques to create accurate binary convolutional
neural networks. Their exploration of quantization to binary values (1-bit) demonstrated how
training and quantization of networks to binary weights and activations could yield compact models

with promising accuracy. Notably, the technique required five layers of bit-size matrices for each
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standard layer to achieve performance similar to a dense model. In other words they needed 5-bits
for each parameter in the model to achieve high accuracy on ImageNet.

Quantization-Aware Training

Quantization Aware Training (QAT) has gained significant attention as a method to improve
the performance of quantized neural networks. Both PyTorch and TensorFlow offer QAT in their
quantization libraries, and the method offers a competitive alternative to post-training quantization.
QAT trains a neural network in a way that prepares it to work efficiently with limited numerical
precision. For example, the model may be trained with 32-bit floating point numbers, but QAT
prepares the model to use lower precision (typically 8-bit) numbers.

In more technical detail, quantizing a model from 32-bit weights to 8-bit weights introduces an
error, e.g. a number may go from 8.123 to 8. QAT introduces "fake" quantization layers after certain
operations, simulating what would happen if the model was using lower-precision numbers. These
layers calculate quantization effects on gradients while keeping the actual weights and activations in
32-bit. QAT additionally introduces a quantization loss, which is the difference between the actual
32-bit output and the quantized output. This loss is added to the total loss during training. This loss
is used for backpropagation.

Related research has introduced a differentiable quantization framework for neural networks
[175]. In particular, Gong et al. enabled end-to-end training of quantized models by introducing a
relaxation technique that bridges the gap between discrete quantization and continuous optimization.
Jacob et al. [176] proposed a quantization technique that integrates directly into the training
process. Their method employs a quantization function that mimics the quantization behavior
during inference. Polino et al. [177] introduced the concept of loss-aware quantization during
training. Mishra et al. [178] proposed the "Apprentice" framework for quantization-aware training.
Their approach involves training a student network to mimic the behavior of a larger, well-trained

teacher network.
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5.4 Research Methodology

In this section we describe our proposed approach implementing a sparse binary weighted neural
network in practice. This includes bit packing and unpacking into higher precision data types as
well as optimizing the model in C. Neither of these things have been achieved with this particular

algorithm, thus our motivation is studying its practical use.

5.4.1 Bit Packing and Unpacking

To correctly binarize a neural network, we need to perform several special operations as a result
of higher level programming language. Specifically, Python and C have data types as low as a single
byte, rather than single bit, so we will need to perform bit-packing to save and deploy our model
post-training, and bit-unpacking for model inference on an edge device. Bit packing involves taking
a set of 8 bits and "packing" them into a byte data type. For example, a single byte consists of
8-bits, which can be represented as an unsigned integer in most common computer languages. The
bit string "00000000" equals integer O and "11111111" equals integer 256. We can represent any
value between 0 and 256 with 8-bit strings. The integer value (0-256) is saved as an "uint8" in most
common programming languages. The "u" in uint8 means unsigned. We can also represent positive
and negative values with a signed integer data type between -128 and 127.

Below, we demonstrate how to convert the binary maxtrix [1, 1, 1, 1, 1, 1, 1, 1] into the packed
8-bit integer value 255. To do this, we create a uint8 tensor with the packed value, and then unpack
it back to the original binary data. The resulting output will show you the original binary data,

packed value, packed tensor, unpacked binary, and unpacked data.

import torch

# Original binary data
binary_data = torch.tensor(f1, 1, 1, 1, 1, 1, 1, 1], dtype=torch.int8)

# Packing
packed_value = int ('’ .Jjoin(map(str, binary_data.tolist())), base=2)

# Convert binary (with base 2) to integer

# Create a uint8 tensor with the packed value
packed_tensor = torch.tensor ([packed_value], dtype=torch.uint8)
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# Unpacking
unpacked_binary = bin (packed_tensor.item()) [2:].2z£fill(8)
# Convert packed value to binary, remove ’'0b’, zero-fill to 8 bits

unpacked_data = torch.tensor (list (map(int, unpacked_binary)),dtype=torch.int8)
# Convert binary back to tensor

print ("Original Binary Data:", binary_data)

m, 1, 1, 1, i1, 1, 1, 1iJ

print ("Packed Value:", packed_value)

255

print ("Packed Tensor:", packed_tensor)

tensor ([255], dtype=torch.uint8)

print ("Unpacked Binary:", unpacked_binary)
11111111

print ("Unpacked Data:", unpacked_data)

tensor([1, 1, 1, 1, 1, 1, 1, 1], dtype=torch.int8)

Listing 5.1: Packing and Unpacking a bit string into uint8 data type
To apply this to a neural network, we will pack and unpack weights the weights of a linear layer
specifically. Since the Biprop algorithm does not use bias in its linear layer computation, we will

focus on the weight matrix of the linear layer. A linear layer performs the computation

y=x -W 5.1

where z is the input to the layer, such as data or the values output from the previous layer), and
W is the weights of the layer. W is a 2d matrix of size M xN. For example, an MNIST sample is
784 pixels, which we input into a linear layer of size 512. WW will therefore be size 784x512.

We will pack the linear layer column-wise (using the NV dimension) or row-wise (using the M
dimension). In either situation we’ll need to consider columns or rows that are not divisible by
8, leading to potential trailing values in the uint8 data type to fill the extra allocated space. For
example, a matrix with 8 columns can be packed down to 1 uint8 column, while a matrix with 13
columns must be packed into 2 uint8 columns with 3 trailing values. We implement this in code

below:

import torch
import math
import numpy as np
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# Original binary data, a 3x13 matrix with binary values
binary_data = torch.tensor((f(1i, o0, 13, 0, 1, 0, 12, 0, 1, 0, 1, 0, 17,
e, i1, ©, 1, 0, 1, 0, 1, 0, 1, @, 1, @I,
(, ., », o, o, 0, 1, 1, 1, o, 0, 0, 111, dtype=
torch.int8)

num_cols = 13
pack_columns = binary_data.size(l) / 8 if binary_data.size(l) / 8 == 0 else
math.floor (binary_data.size(l) / 8) + 1 #2

# Packing
packed_values = []
for row in binary_ data.numpy () .tolist () :
row.extend ([0] * (pack_columns*8-num_cols))
result_list = [int ('’ .join(map(str, row[i:1 + 8])),2) for i in range(O0,
len(row), 8)]
print (result_list)
packed_values.append(result_list)

packed_tensor = torch.tensor (packed_values, dtype=torch.uint8)

#Unpacking

matrix=packed_tensor.numpy ()

num_bits = 8 # Number of bits to extract

shifted_matrix = matrix[:, :, np.newaxis] >> np.arange (num_bits - 1, -1, -1)

extracted_bits_matrix = shifted_matrix & 1

extracted_bits_matrix=extracted_bits_matrix.reshape (extracted_bits_matrix.
shape[0], -1)[:, :num_cols]

unpacked_binary_data=torch.tensor (extracted bits_matrix)

print ("Packed Tensor:\n", packed_tensor)
tensor ([[170, 1687,
[ 85, 801,
[227, 136]], dtype=torch.uint8)
print ("Unpacked Tensor:\n", unpacked_binary_data)
tensor(((1, O, 1, O, 1, O, 1, O, 1, O, 1, 0O, 1],
o, i1, o, 1, 0, 1, 0, 1, 0, 1, ©, 1, 0,
(., 1, ., o, o0, 0, 13, 1, 1, 0, 0, 0, 111)

Listing 5.2: Packing and Unpacking a neural network linear layer into uint8 data type (column wise)

5.4.2 Optimizing the model for real-world applications

We additionally consider activation fusing. Activation fusing involves combining the computa-
tion of a layers activations with its weight matrix multiply computations, leading to a more efficient

model.
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5.5 Research Scope

Our research scope consists of two primary goals. The first goal involves benchmarking sparse
and binary neural networks compared to typical approaches which are common in the wild. The
second goal is to assess the feasibility of deploying sparse binary models on microcontrollers.
Together, these two goals will help us understand the overall benefit and feasibility of sparse binary

neural networks in real-world applications.

5.5.1 Benchmarking Against Real-World Quantization Techniques

We benchmark sparse binary neural networks against both post-training quantization as well as
models trained with quantization awareness. These are the two most commonly used approaches in
industry and practice. Our goal is to assess the performance across several metrics to understand the
feasibility of sparse binary models.

Metrics To begin, we assess sparse binary neural networks with common approaches by
comparing the test accuracy of each model. This metric is important to understand the degradation
of performance quantization and model compression will incur. For our other metrics, we will
use FLOPs and storage size as described in Chapter 1. FLOPs provide a reasonable metric on
computational complexity, and is used to measure computational performance including processing
power and efficiency. Model size gives us an idea of how much space the model will take up on a
given device.

Our final metric, maximum memory, measures the most amount of RAM that will be required
for model inference. Neural networks work by passing an input layer by layer through the model
until a final output is reached. As a result, in general only two parts of a given neural network
are needed in memory at any given time: the input to a layer and the layer itself. In addition to
these two things, we also need to allocate memory for the output of the layer. The input to a layer
can be the data the model is using for inference, or the activation from the previous layer in the
model. The layer itself is a multidimensional weight matrix that is learned during training. The

memory allocated to the output should be the expected size of the output once the layer performs

72



its operations on the input. Some models such as ResNet architectures hold additional tensors in
memory in order to propagate the activations deeper into the network; doing so helps with vanishing
gradient problem where gradients diminish as they are backpropagated through the model. In this
work, we do not consider these types of architectures.

Experiments: Datasets and Architectures We run experiments using MNIST, a dataset used
heavily throughout literature. We will use a two layer feed forward architecture for baseline experi-
ments as well as sparse binary neural network experiments. We will report test accuracy, FLOPs, and
storage size of three models each with different compression techniques (quantization, quantization
aware training, and sparse binary neural networks) so as to provide reasonable comparison of sparse

binary models against real-world commonly used algorithms.

5.5.2 Deploying Sparse Binary Neural Networks to MCUs

Our main goal for this chapter of the research is to deploy a sparse binary model to an MCU. We
first detail hardware, then summarize our model and dataset, and finally detail our implementation.

Hardware We use an Arduino Nano 33 BLE Sense Rev2 for this application. The Arduino
model has 256KB of memory (SRAM) and 1MB of flash storage. It connects to a computer with a
Micro USB and has sensors to detect color, proximity, motion, temperature, humidity, audio and
more. Arduino is compatible with C++ and C programming languages.

Model and Dataset We exclusively experiment with the simplest dataset and task for this
project: a simple feedforward network (otherwise known as a multilayer perceptron) using MNIST.
MNIST is a dataset of images of handwritten digits (numbers O to 9), and the job of the model is to
classify the handwritten digit into the actual number. The MNIST dataset is commonly used for
simple experiments and to quickly iterate on ideas. The feedforward network is used as a non-linear
architecture that we can perform gradient descent on. The feedforward network will consist of 784
inputs (MNIST is 28x28 pixels, which we flatten), a hidden layer with size 256 neurons, a ReLU

nonlinear activation, and a classification output (there are 10 classes).
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Implementation Our implementation consists of a model which performs bit packing and
unpacking as well as compiling the model using C. We additionally deploy a quantized model on a
microcontroller.

For the sparse binary neural network, we develop a feed forward network which packs and
unpacks bits into the larger precision 8-bit integer data type, as described in the previous section.
To the best of our knowledge parameter packing has not been implemented for this algorithm.
Previous works implemented a theoretical models for the sparse binary framework [26,27], which
use full-precision data types that simulate binary weights.

After the packing/unpacking implementation is completed, we convert the model to C for
compilation and deployment. Specifically, we create a feed forward model which does the following

(in order):
1. We first train a sparse binary model on MNIST.

2. After training completion, we pack the binary weight values into the higher precision 8-bit

integer data type in PyTorch. We save this model.

3. We next test model inference by performing weight unpacking. To do this, we load the model
and a test sample in python and run the sample through the model. We perform unpacking of

the model into higher precision binary weights, layer by layer.
4. We convert the model to C and build it using a mobile selective build.

5. We perform any optimizations on the model, such as deleting layer pointers as we traverse

through the model.

5.6 Experimental Results

In this section we detail our experimental results, starting with summarizing how sparse bi-
nary neural networks performed compared to other approaches, and then detailing the process of

deploying the algorithms on an Arduino microcontroller.
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5.6.1 SBNN’s and Quantization Performance Evaluation

Table 5.1 offers a comparative analysis of several quantization techniques applied to neural
networks trained on the MNIST dataset. Each model features a single hidden layer with 256
neurons and a ReLLU activation function. The models evaluated include a Dense Neural Network,
Post-Training Quantization, Quantization-Aware Training, and SBNN.

The provided table offers a comprehensive comparison of various quantization techniques
applied to neural networks trained on the MNIST dataset, each featuring a single hidden layer with
256 neurons and a ReLLU activation function. The quantization methods assessed include a Dense
Neural Network (Dense NN), Post-Training Quantization (PTQ), Quantization-Aware Training
(QAT), and SBNN.

The dense neural network serves as the baseline, achieving a high test accuracy of 98.5%
but demanding substantial computational resources with 101,632 FLOPs and a large memory
requirement of 806.98 KB. Post-Training Quantization (PTQ) significantly reduces computational
complexity to 101,632 FLOPs and storage to 1,626,112 bits, showcasing a notable reduction in
both memory (204.86 KB) and inference time (6.178 seconds). Quantization-Aware Training (QAT)
achieves the highest accuracy among the evaluated methods at 98.33%, maintaining the same
computational and memory efficiency as PTQ. The SBNN excels in memory optimization, requiring
only 54.33 KB of memory and reducing storage significantly to 406,528 bits. However, this memory
efficiency comes at a slight cost, with an inference time of 7.215 seconds.

In summary, each quantization technique presents distinct advantages. PTQ and QAT offer
an excellent balance between accuracy, computational complexity, and memory usage, making
them suitable for various applications. SBNN stands out for its remarkable memory optimization,
while still providing competitive accuracy, making it ideal for scenarios where memory efficiency
is paramount, and a minor trade-off in execution speed is acceptable. The choice among these
techniques should align with the specific requirements and constraints of the application. We

note that further code optimization may be achieved through other techniques unknown to us
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Table 5.1: Performance Comparison of Quantization Techniques. Each model is trained on MNIST and has a
single hidden layer with 256 neurons and a ReLU activation. The storage size is measured in bits and the
inference time is measured by the time it takes each model to execute 1,000 times (averaged over 3 runs).
The maximum memory is computed by computing the memory required to execute the first layer of the
MLP, which is substantially larger than the output layer. Overall, each quantization method provides different
benefits.

Quant. Type | Test Acc. | FLOPs | Max. Memory (KB) | Storage (Bits) | Inf. Time (S)
Dense NN 98.5% 101,632 806.98 6,504,448 -

PTQ 97.05% | 101,632 204.86 1,626,112 6.178
QAT 98.33% | 101,632 204.86 1,626,112 6.295
SBNN 97.57% | 101,632 54.33 406,528 7.215

for the sparse binary neural network model. This work is meant to serve as a starting point for

implementation; we leave further improvements (such as speed enhancements) to future work.

5.6.2 Compressed Neural Networks Arduino Deployment

Next we summarize the process of deploying SBNN’s and 8-bit quanitzation models on an
Arduino microcontroller. For this section, we desired to achieve two things: 1) deploy our model to
a microcontroller for demonstration, and 2) learn and familiarize ourselves with the design of lower
level neural network programs.

We explored several libraries for achieving this such as TensorFlow Lite Micro [173] and Pytorch
C++ Mobile Selective Build [20]. TensorFlow Lite Micro has a robust functionality which could
have suited our needs, however, we were concerned that the codebase was established enough that
we wouldn’t have achieved point 2 (learning and familiarization). Moreover, it is written in C++,
which is not compatible with all microcontrollers and embedded systems. Finally, we would have
still needed to implementation sparse binary neural networks on top of this codebase. PyTorch C++
Mobile Selective Build had potential, however, its stripped down C++ code on even the simplest
models was still substantially larger than the storage space available on a microcontroller (over four
megabytes).

Tensorl Instead of using a pre-existing library, we elect to build our own. This allowed

us flexibility and the ability to learn each step of the engineering. We named our repository
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Tensorl, which stands for tensors with 1 bit parameters. Our code repository is available at
www.github.com/mattgorb/tensorl.

Detailed Implementation In this section we describe step-by-step how we implemented sparse-
binary neural networks. Our Python step-by-step scripts are available at www.github.com/mattgorb/
tensorl/tree/main/python_quantization/sbnn_mlp, and our C library is available at www.github.com/
mattgorb/tensor1/tree/main/models/sbnn_mlp and www.github.com/mattgorb/tensor1/tree/main/src.

Steps to implement sparse binary neural networks on a microcontroller are as follows:

1. We train a Sparse Binary Neural Network using the full precision weights to simulate quanti-

zation during training in "1_sbnn_train.py".

2. We reconfigure the model to drop the scoring parameter, binarize the weights, and compute
a single alpha. We then save the model with these new configurations in Python. Code is

located in "2_sbnn_reconfigure.py".

3. Next, we convert the simulated binarized weights as well as the sparse mask into bit packed
data types. Current approaches binarize a parameter to plus/minus 1 for each weight, but keep
the value in a 32-bit tensor. For example, we pack 8 binary weight values into a single byte

tensor. Code is located in "3_sbnn_packed.py".

4. For the final part of our Python code we write our neural networks weights to C files. We save
each layer’s weights in C data types. In our previous packing file, we save bits into unsigned
bytes. Here, we take those bytes and save them as uint8_t data types in C. This is achieved
writing the data types layer by layer into a C file via Python. This file produces two files in C:

sbnn_weights.c and sbnn_256_weights.h. Code is located in "4_write_params_{p.py".

5. We can build out our model definition in C. To do this, we first create a main function in C,
then define the two layers of our model in a separate file. Code is located at www.github.com/

mattgorb/tensor1/tree/main/models/sbnn_mlp.
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[tuna:~/sbnn/python_quantization/sbnn_mlp% python 3_sbnn_packed.py
Test set: Average loss: 8.38BB, Accuracy: 9753/1ee88 (98%)

model prediction:
[[-1419.2297 —-4785.825 -27.85613 684 .3576 —3494.6579
-1612.4B72 —-6695.3283 3626.692 -1694.5974 1.3012885]]

tuna:~/sbnn$ make build-model MODEL=sbnn_mlp
rm —f sbnn_mlp

m -rf build

rm —f build/kernels.c build/tenserl.o build/futil.o build/main.o build/sbnn.e build/sbnn_25é_weights.o

mkdir —p build

gee -Wall -Iinclude —-c sre/kernels.c —o build/kernels.o

mkdir —p build

gee -Wall -Iinclude -c srec/tensorl.c —o build/tensorl.o

mkdir —p build

gec -Wall -Iinclude —c srefutil.c —o build/util.o

mkdir —p build

gee -Wall -Iinclude -c models/sbnn_mlp/main.c —o build/main.o

mkdir —p build

gce -Wall —Iinclude —c medels/sbnn_mlp/sbnn.c —o build/sbnn.o

mkdir —p build

gee —-Wall -Iinclude —c models/sbnn_mlp/sbnn_25&6_weights.c —o build/sbnn_256_weights.o

gce -Wall —Iinclude build/kernels.o build/tensorl.o build/util.o build/main.o build/sbnn.o build/sbnn_256_weights.o —o sbnn_mlp
tuna:~/sbnn$ 1s

qat_mlp run_exec.sh
README.md  sbr lp

Makefila p

it 1 TﬂDﬂ.t;t
sbnn$ sbnn_mlp
—1419.217773, —4785.8623@5, -97.857529, 684.357971, —-3694.641357 1612.514838, —6695.44628%, 3626.694588, —-1694.594116, 1.267365

(b)

Figure 5.1: (a) Output on Image 1 when running inference on a trained sparse binary neural network. We
use this network to convert to C and run on a microcontroller. (b) Model output when running inference on
Image 1 in our C program. Both models produce the same output.

6. We finally build out specific kernels for each model. Since our model only has linear layers,

this was the only kernel built. We included an option to fuse ReLU nonlinearity into the layer:

www.github.com/mattgorb/tensor1/blob/main/src/kernels.c#L.193

For both standard quantization methods, we perform the same steps: train the models in Python,
convert them to their quantized versions, and then convert the quantized parameters to C. From here,
we are able to write the model defintions and specific kernels in C for each model.

Validation We validate each of our three models by confirming that the model inference on
a single input image is the same in both Python and C. We take screenshots, which are shown in
Figure 5.1

Deployment to Arduino Microcontroller To make the C model compatible with Arduino, we
include all of our .c and .h files in a single folder. This way the Arduino development environment
is able to recognize the files as a single library. We import this library into Arduino, and all of its
methods are then usable. The Arduino IDE is pictured in Figure 5.4

In Arduino, we then simply include our code from the main function into the Arduino setup

method. We connect our microcontroller to a labtop where our Arduino IDE is, and press "Deploy"
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@ gat | Arduino IDE 2.2.1
Arduino Nano 33 BLE

e qgatino

TensorUInt81Dx test_:

TensorFloat1Dx outpu orward(&test_img) ;

NEW SKETCH

Lng,Col5 Arduino

Figure 5.3: The Arduino Nano 33 BLE microcontroller used for this dissertation.
in the Arduino IDE. This compiles and deploys the code to the Arduino microcontroller. We can

then print our model’s output from the microcontroller.

In conclusion, we were able to deploy the sparse binary neural network successfully to the
Arduino microcontroller. Initially, we attempted to write our model in C++, however we had an
easier time using C. C++ has in-built libraries that aren’t all available on the microcontroller. C,
on the other hand, is a light enough programming language that we were able to build and use

functionality available to the tiny MCU.
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sbnn.ino

.h
sbnn_256 we
'

sbnn.h'

setup{} {

TensorFloatlD* test_img=t
TensorFloatlD# output=sbn

i=0;i<18;i++)}{

ial.print{ou

[-1419.22,-4785.86,-97.86,604.36,-3694.64,-1612.51,-6695.45,3626.69,-1694.59,1.27,]

Figure 5.4: The Arduino IDE with the sparse binary neural network sketch (top) and the output of the code
on the microcontroller (bottom). The microcontroller uses a custom Arduino print method (Serial) to output
and log things on a computer.
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Chapter 6

Discussion

6.1 Future Work

The research in this dissertation contains novel quantization objectives across new architectures
(Transformers) and algorithms (Iterative Weight Recycling, Tiled Bit Networks), and additionally
includes a low level implementation of the compression methods achieved in this work. The research
opens up several new paths which we hope to explore after the completion of this work.

To begin, the Transformer architecture in Chapter 1 has potential for additional research along
two paths. First, we’d like to explore an implementation of the model on a microcontroller. This
would be the first, to our knowledge, implementation of a Transformer on such a small device. We
would like to explore the memory and storage constraints of deploying Transformers on tiny devices.
This goes hand in hand with Chapter 4 of our dissertation, where we explore implementation of
quantized models on microcontrollers.

Next, we’d like to explore building an generalized time series architecture for multi-task time
series learning. Multi-task learning is an ML field which aims to utilize useful information contained
in multiple related tasks to help improve the generalization performance of all the tasks [179-181].
In our architecture in Chapter 1, we utilize the general Transformer framework of Zerveas et al. [1],
which is capable of learning pre-trained multivariate time series representations. Zerveas et al. use
a pretraining method which learns to impute values of multivariate time-series representations. It is
then fine-tuned for downstream tasks such as classification and regression on the same dataset used
for pretraining. We instead aim to use this architecture to learn multiple different time series tasks
at once. In the original paper, the authors found that the architecture could be used for classification
and regression. We extended the architecture to anomaly detection and single-step forecasting as
well. Our goal in future work is to tune this model to learn multiple tasks (such as classification

and forecasting) at once from the same data. To achieve this, we will review existing literature
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on time-series multi task learning as well as glean information from other fields, such as vision
Transformers, which have been show to be capable of multi-task learning with just a few samples of
data [182].

Similar to multi-task learning for time-series data, we also propose exploring multi-task learning
for computer vision problems using Vision Transformers. For example, Kim et al. use few-shot
learning [182] to learn dense prediction tasks. We believe these models could be quantized and
pruned substantially. Our goal is to achieve a highly compressed model from quantization while
additionally compressing the model by packing multiple learning tasks into the single model.

Finally, we would also like to expand our research on tiled bit parameters. Specifically, we
would like to complete our experiments on larger scale models, such as LLM’s like BERT and
ResNet models trained on ImageNet. Further, we would like to implement the approach on resource
constrained machines such as microcontrollers. We believe we can theoretically deploy a ResNet50
model (which has 25 million parameters) onto a microcontroller with less than 1 MB of storage

capacity.

6.2 Conclusion

In this work we propose several novel algorithms and findings in the field of neural network
compression. First, we examine the efficacy of compressing Transformer models down to single
bit weights overlaid with a sparse single bit matrix. This work is the first to look at quantizing
Transformers down to single bits. Additionally, we apply the approach to three time series learning
tasks (classification, anomaly detection forecasting) which are relevant to resource-constrained
environments. To the best of our knowledge, this is the first work to examine model compression
specifically for time series tasks. The second objective of our research proposes a new method for
creating high accuracy subnetworks within randomly-initialized neural networks. We find that the
method, Iterative Weight Recycling, can achieve higher accuracy on smaller models compared to
previous approaches. Our second algorithm, Tiled Bit Parameters, learns sequences of bits to tile

through each layer, leading to a substantial decrease in storage space. Finally, we implement model
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binarization and sparsification in a real-world application. Specifically, since modern libraries do
not support single bit data types, we pack single-bit weights into a neural network which contains
8-bit integer data types. This is the first work to implement the end-to-end sparse binary model
structure in a real application. We deploy the model to a small microcontroller to show the efficacy
of sparse and binary models. Overall, this research contributes too several categories of neural
network compression and quantization, and we argue that each approach can provide value to both

the academia and industry.
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