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Abstract

After a decade of accelerated progress in the different areas of machine learn-
ing (ML), it has become virtually impossible to not interact with ML-powered
applications and services in our everyday lives. Recommender systems, com-
putational photography, speech translation or, getting directions are only a
handful of examples of what can be done from our smartphones or other smart
devices, sometimes battery-powered, present in the places where we live, work
and, socialize. However, despite the known benefits of running such applica-
tions on-device (e.g. privacy, works offline, real-time potential), their reliance
on millions (even billions!) of parameters and their increasingly complex ex-
ecution patterns, have prevented these from leaving the Cloud, where model
inference takes place. As a result, only a fraction of ML-powered applications,
such as keyword spotting and next-word prediction, remain lightweight enough
in terms of memory and compute footprint to run on-device.

Motivated by the urge to deploying more advanced ML-powered applications
on commodity devices, the research community has primarily relied on three
sets of techniques to lower their runtime costs: pruning, which results in model
compression and acceleration during inference by discarding model parame-
ters; quantization, which offers model size savings by representing parameters
with fewer bits and, often translates into faster inference when using lower
precision arithmetic; and, by making use of lightweight network architecture
designs which better map to the target platform’s hardware. However, in many
cases the aforementioned techniques are insufficient to deliver the required
compute, memory and energy savings to run most ML-powered applications
on-device. What further optimization avenues would enable the deployment

and the efficient execution of complex and better performing models on con-

strained devices?

This thesis studies this challenging problem from three different perspectives:
first, by identifying a new paradigm for compression frameworks where model



parameters are generated on-the-fly, enabling inference acceleration by re-
ducing the impact of data movement costs; second, by solving the inherent
problem of numerical degradation that has prevented the adoption and deploy-
ment of fast Winograd convolutions for models making use of integer arith-
metic; and third, by proposing mechanisms that enable the learning of quan-
tized graph neural networks for a variety of applications operating on irregular
grids. Each of these contributions materialize into three different frameworks,
namely unzipFPGA, wiNAS and Degree-Quant, which are comprehen-
sively evaluated through a wide range of experiments and ablation studies.
These contributions push the state of the art on three different fronts and can
be used in conjunction with other existing acceleration techniques to collec-
tively enable the deployment of high performance deep learning applications
on resource constrained devices.
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Chapter 1

Introduction

After a decade of accelerated progress in machine learning (ML), it is no longer a de-
bate that ML systems have surpassed average human-level performance in concrete tasks
such as image classification [145], speech recognition [380, 20] or, when playing some
board and arcade games [304, 23]. These tasks in particular, have been object of sus-
tained research and, inevitably, became the Petri dish in which the research community at
large cultured novel model architectures, training techniques for better model generaliza-
tion, software and hardware level optimizations and, datasets that more closely resemble
real world scenarios. Moreover, image classification and speech recognition are two of
the core tasks in the MLPerf benchmark [284], the industry’s gold standard benchmark
to fairly compare ML systems holistically and, often the single point of reference when
comparing the performance of radically different commercially available ML platforms
such as NVIDIA’s GPUs, Google’s TPUs, Graphcore’s IPUs or, Habana Labs’ accelera-
tors, among others. However, the landscape of applications is much more diverse than
those usually considered when referring to the term ML or artificial intelligence (AI). In
addition to the aforementioned, well studied tasks, a plethora of other applications ben-
efited from the ML momentum of recent years. These transitioned from using hand-
crafted features and sometimes overly complex, task-dependent algorithmic paradigms
into a unified, data-driven formulation that allowed for easier reproducibility, comparisons
and optimizations, fuelling further advancements. Such tasks include: autonomous driv-
ing [168, 50, 49], physics simulation [357, 361, 273], recommender systems [326, 419],
scene reasoning [403, 388, 409], image super-resolution [321, 213, 413, 415], protein
folding [296, 24, 185], chip design automation [250, 1], co-operative games [336, 214],
question-answering systems [204, 416, 394, 79], automated speech recognition [271, 253,
255, 64], federated learning [246, 221, 163, 278, 110] and, many more.
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This proliferation of ML-powered applications is not only, as it is commonly acknowl-
edged, the result of a more democratized access to compute resources (e.g. GPUs) and, the
availability of larger and often curated datasets [209, 199, 75, 227, 359, 68, 18, 269, 342,
279]. These efforts have been largely supported as well by a rich ecosystem of frameworks
that enabled fast prototyping [272, 2, 56, 34], scheduling and parallelization of experi-
ments [260, 178, 223], analysis and visualization of results [172, 360] and, deployment on
general purpose and specialized hardware [57, 126, 287]. Additionally, the much wider
range of available hardware (e.g. server-class GPUs and CPUs, their mobile counterparts,
microcontrollers, FPGAs, ASICs) not only supports training but also inspires the devel-
opment of novel applications. For example: battery-free devices that can harvest energy
from their environment and perform basic sensing [306, 327] would make ubiquitous ML
systems possible in otherwise unpractical settings (e.g. crop fields, forests); or LiDAR
sensors that are now being embedded on some smartphones, will drive the development of
efficient on-device point cloud processing techniques that are yet to be discovered. Such an
increasingly rich ecosystem of hardware, sensors and, reduced costs for custom solutions,
collectively fuel the desire for newer ML applications that better embodied in our society.
However, such developments must be supported by an equivalent, if not superior, effort to
design optimization strategies that would enable them to be deployed and run efficiently.

Despite the evident differences between model architectures, type of data consumed
and, hardware existing ML applications run on, they are all constrained in one way or
another. Specifically, it is either the latency requirements, memory footprint, energy con-
sumption or, several of these factors the ones that have restricted wider deployment of ML-
powered applications and services on commodity devices such as smartphones, wearables,
smart appliances and, battery powered devices such as drones and small robots [206]. When
considering training on-device, as is the case for example in Federated Learning settings,
these limitations get amplified. As a result, the vast majority of ML-powered services either
live in or off-load the majority of the compute to the Cloud, where powerful server-class
hardware is available. Today, very few applications that run on-device, namely key-word
spotting and next-word prediction, have been universally adopted.

How has the research community addressed the challenges of reducing the compute,
memory and energy requirements of ML workloads that is limiting their usage more widely?
With a concrete example: What set of techniques have been the main drivers that made
it possible to transition from models such as 2014’s VGG [305], with its 138M param-
eters and 15.6B FLOPS, into EfficientNet-B0 [319] five years later, that can reach 4%
higher Top-1 accuracy on ImageNet while relying on 26× fewer parameters and 40× fewer
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FLOPS? Model architecture unequivocally plays a direct role in addressing the complexity,
both in terms of compute and memory, of running ML workloads. As a result, it is often the
first dimension to consider when seeking high-level optimizations. This trend began with
residual connections in ResNets [146], later with depth-wise convolutions popularized by
MobileNets [165, 293], other hand-designed architectures [411, 173, 108, 170] and, orthog-
onal approaches that focused on model pruning techniques [140, 256, 143, 400, 257, 353]
pursuing the removal of redundant elements of already existing architectures. However,
the manual design of model architectures was overhauled by automated frameworks, col-
lectively categorized under the neural architecture search (NAS) label [318, 47, 230, 42,
225, 164, 319]. These approaches do a better job at exploring the vast design space while
considering, not only the set of candidate layers (e.g. different types of convolutions, acti-
vations, pooling layers, etc), but also their memory, compute and energy footprints. As a
parallel phenomenon, another line of research focused instead on reducing the compute and
memory budget required to run ML applications without changing the model architecture.
This second dimension, considered the use of low precision arithmetic to accelerate model
inference [175, 347, 402, 274, 71, 11, 127] while preserving the accuracy of the original,
full precision model. Their adoption not only translates into faster inference stages and
reduced model sizes but also results in lower power consumption and chip area require-
ments [162, 365]. These two orthogonal dimensions, spanning neural architecture designs
and low-precision optimizations, have by far dominated the efforts of bringing applications
relying on computer vision and language models closer to production-ready levels.

1.1 Research Questions and Contributions

The work presented in this thesis contributed to the pursuit of more lightweight inference
stages for various types of ML workloads. But, unlike the majority of other research con-
centrated in the domains of lightweight architectural designs, model pruning or reduced
precision arithmetic for CNNs and language models, this thesis explores orthogonal av-
enues while still sharing the same goal of enabling the deployment of high-performing
ML-powered applications on resource constrained devices. The work here presented con-
centrates on: reducing data movement through lightweight on-the-fly generation of model
parameters; algorithms for convolutions for lower-level compute graph acceleration; and,
a topology-aware formulation for quantization aware training on graphs. Each of these
three contributions address a different research challenge known by the ML and systems
community to varying degrees but that remained unsolved, at least partially. Each of the
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Figure 1.1: An overview of the main contributions presented in this thesis. First, a technique that
enables the on-the-fly generation of model parameters at runtime, effectively minimizing the data
movement cost [102, 324]. A hardware-based weights generator for FPGAs is proposed [333], that
eases the memory boundness of single computation engines by generating model parameters on-
the-fly. Second, a solution to the inherent problem of numerical degradation that has prevented the
use of fast Winograd convolutions in conjunction with lightweight integer arithmetic deployments.
Our Winograd-aware formulation results in 1.5× speedups compare to INT8 im2row convolu-
tions on Cortex-A CPUs [104]. Finally, this thesis compiles the first study [316] on the sources of
degradation that uniquely arise when quantizing graph neural networks and, propose a stochastic
topology-aware re-formulation of quantization-aware training suitable for graph

published works within this thesis provided an original solution to those problems. The
three research questions that this thesis seeks to answer are:

Q1. With the wide adoption of lightweight model architectures and quantization, the once
flourishing community developing compression frameworks fade out rapidly. This is be-
cause while the former translate into compact model representations and direct inference
acceleration, the latter only achieve compression. Can we design a compression framework

that upon deployment decompresses the model parameters on-the-fly, effectively accelerat-

ing inference, not by doing less compute, but by reducing data movement?

In Chapter 3, this thesis proposes a new formulation for compression frameworks which
not only fixate on compression ratio but also account for the necessary decompression stage
upon deployment and, include such compute and memory overheads at design time. We
then define what on-the-fly compression methods are and, propose a lightweight technique
that allows for an efficient on-the-fly generation of model parameters using deterministic
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elements. Then, we evaluate the compression capabilities of such approach on image and
speech classification tasks with model architectures ranging from 14K to 26M parameters.
Finally, we propose a hardware-based model weights generator suitable for FPGA-based
single computation engines and, demonstrate that on-the-fly models outperform state of the
art structured pruning methods in settings with restricted memory bandwidth.

Q2. Several algorithms for convolutions haven been proposed to better utilize on-board
resources, inducing higher parallelism. They can directly be used irrespective of the data
type, since these only perform a replication in memory of the convolution operands. This is
not the case for some theoretically faster algorithms that operate in a transformation space,
rendering them unusable due to numerical errors. Can we capture such errors during train-

ing to learn models that are aware of such inherent limitation but remain accurate? Can

we achieve so for Winograd convolutions, the fastest known algorithm for convolutions?

In Chapter 4, this thesis addresses the problem inherent to current Winograd convolution
implementations: severe numerical degradation in reduced precision contexts, which ren-
ders them unusable for light-weight deployments making use of integer arithmetic. We ad-
dress this limitation by introducing a relaxation on how Winograd convolutions are imple-
mented and, present an end-to-end Winograd-aware formulation of convolutional layers. To
find the optimal convolution algorithm configuration for a given model we propose wiNAS,
a neural architecture search framework that jointly optimizes a given macro-architecture for
accuracy and latency leveraging Winograd-aware layers and a latency model. We demon-
strate 1.5× speedups compare to INT8 im2row (one of the most widely used optimized
convolution implementations) with marginal accuracy degradation on Arm mobile CPUs.

Q3. As ML matures, it is being adopted in radically different applications and settings.
However, some of the most well-studied optimizations, such as the use of reduced preci-
sion arithmetic for inference acceleration, has only been considered in the context of data
structures over regular grids such as images, text or audio. One of such new domains are
graphs, which are irregular grids. What are the unique challenges that arise when quan-

tizing graph neural networks? How do the different types of layers found in the literature

perform under reduced bit-width given the same input graph?

In Chapter 5, this thesis explores the viability of training quantized GNNs, enabling the
usage of low precision integer arithmetic during inference. We perform a systematic study
on how existing quantization approaches commonly used for CNNs and language models
can be adapted for GNNs. Then, we introduce a stochastic topology-aware re-formulation
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of quantization-aware training in which high degree nodes are quantized less frequently
than lower degree nodes. In this way, accurate gradients flow more often through high
degree nodes, impacting a larger neighbourhood and, improving overall training quality. In
addition to the model size reduction and faster inference, using lower bit-widths indirectly
helps to alleviate the data locality problem, another of the challenge that arises with GNNs.
With the proposed framework, INT8 models perform as well as FP32 models in most cases
and enables up to 4.7× speedups on CPU.

In addition to the aforementioned chapters containing the contributions of this thesis,
Chapter 2 introduces the relevant background for the works presented in this dissertation.
It provides an overview on network optimization techniques such as quantization, pruning
and sparse methods. Then it introduces exiting algorithms used to speedup convolutions,
an overview on neural architecture search and, a discussion on data movement costs and
the use of high-level proxy metrics in ML workloads. Finally, a detailed introduction to
graph neural networks is provided as well as a discussion on the challenges that arise when
accelerating them. This thesis ends with Chapter 6, where we summarize the contributions
presented and discuss future research.

1.2 Publications

The main contributions of this thesis have already been published at the following interna-
tional conferences and workshops. When relevant, ? is used to denote equal contribution:

[324] Vincent Tseng, S. Bhattacharya, Javier Fernandez-Marques, Milad Alizadeh, Cather-
ine Tong and Nicholas D. Lane. Deterministic Binary Filters for Convolutional Neu-

ral Networks. In Proceedings of the Twnety-Seventh International Joint Conference

on Artificial Intelligence (IJCAI), 2018.

[103] Javier Fernandez-Marques , Vincent W.-S. Tseng, Sourav Bhattacharya and Nicholas
D. Lane. BinaryCmd: Keyword Spotting with deterministic binary basis. In Confer-

ence on Machine Learning and Systems (MLSys), 2018.

[333] Stylianos I. Venieris?, Javier Fernandez-Marques? and Nicholas D. Lane. unzipF-

PGA: Enhancing FPGA-based CNN Engines with On-the-fly Weights Generation.

In IEEE International Symposium on Field-Programmable Custom Computing Ma-

chines (FCCM), 2021.
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[104] Javier Fernandez-Marques, Paul N. Whatmough, Andrew Mundy and Matthew
Mattina. Searching for Winograd-aware Quantized Networks. In Proceedings of

Machine Learning and Systems (MLSys), 2020.

[316] Shyam A. Tailor?, Javier Fernandez-Marques? and Nicholas D. Lane. Degree-

Quant: Quantization-Aware Training for Graph Neural Networks. In International

Conference on Learning Representations (ICLR), 2021.

Other publications I contributed to during my DPhil studies but that are not part of this
thesis are listed as follows:
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Chapter 2

Background

In this chapter, we aim to provide readers with an overview on the background relevant to
the work presented in this thesis. First, Section 2.1 presents the set of techniques commonly
used to design lightweight DNNs, namely model pruning, sparsification and quantization;
in Section 2.2, we discuss why high-level proxy metrics to compare ML workloads might
be flawed in the general case; in Section 2.3 we cover existing implementations of the con-
volution algorithm commonly used to accelerate CNNs, this will be relevant for Chapter 4;
in Section 2.4 we introduce the challenge of data movement and discuss its impact for the
efficient processing of ML-workloads; and conclude this chapter by providing a primer on
Graph Neural Networks and the challenges associated to their acceleration in Section 2.5.

2.1 Lightweight Network Designs

For the last decade, the ML community has seen an unprecedented growth on the number
of model architectures [305, 173, 146, 319, 165, 192, 329, 381, 79, 88, 125], training tech-
niques [191, 174, 158, 175, 320, 230, 420, 236, 58], datasets [209, 199, 75, 227, 359, 68,
18, 269, 342, 279] and, frameworks [272, 2, 56, 57, 395, 202, 114, 260] to facilitate re-
search and deployment of ML-powered commercial applications. This rapid development,
primarily driven by performance metrics such as accuracy, spawned the design of models
with high representational power relying on millions— and even billions [43, 301]— of pa-
rameters with complex execution patterns. This hindered their deployment on off-the-shelf
hardware as well as restricting the viability of new custom hardware designs, effectively
limiting their usage on real-world applications and contexts. To address the challenge of
lowering the compute, memory and, energy requirements associated with high-performing
models, the research community has relied, primarily, on three sets of techniques: pruning,
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which results in model compression and acceleration during inference by discarding indi-
vidual weights or entire channels; sparsity, which by zeroing weights or blocks of weights,
inference can be accelerated on supported hardware; and quantization, which offers model
size savings by representing parameters with fewer bits and accelerates inference using
lower precision arithmetic (e.g. INT8, binary). In the second half of the decade, model
design, spanning the choice of layers, their order, inter connectivity, and, their parameter-
ization, stopped being a manual process and has been, for the most part, automated ever
since. Today, the adoption of the aforementioned optimization techniques can also be in-
cluded into the search space and, automate their inclusion and parameterization under a
single neural architecture search framework [46].

The remaining of this section presents each of these orthogonal optimization techniques
in further detail and in the context of the work presented in this thesis. With the exception
of quantization, a largely application-agnostic optimization technique, this section would
primarily focus on vision tasks when providing background on pruning, sparsity and, neural
architecture search.

2.1.1 Pruning

Pruning neural networks involves discarding parts of the model that are redundant and, in
this way, obtain a smaller, lightweight model architecture more suitable for deployment
on constrained settings with limited memory and compute budgets. Typically, pruning
a model is a three-step process where: first, an (allegedly) over-parameterized model is
trained; then, following a objective-based criterion the model gets pruned; finally, a fine-
tuning stage is used to update the remaining parameters in the model. Often pruning and
fine-tuning happens iteratively for a fixed number of rounds. The goal of pruning is to
meet the desired model size and latency constrains for a given task and hardware, while
preserving the performance metrics (e.g. accuracy) from the original model.

Early works on neural network pruning date as back as the late 80s and early 90s [261,
177, 143] but, just like other dimensions in the ML space, the popularity and sophistication
of this model optimization technique has grown rapidly in the last decade. What follows is
an overview of the current landscape of pruning methodologies and strategies.

2.1.1.1 Pruning Methods

Pruning techniques can be categorized as unstructured pruning [140, 256, 143, 141, 135],
where individual weights or neurons are removed or, structured pruning [148, 151, 181,
400, 257, 353], where entire channels or layers are discarded.
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Dense Filters Unstructured Pruning Structured Pruning Block Sparse

Figure 2.1: Illustration of the different types of sparsity often found on modern CNNs. Images
follow a gray-scale color map where values containing zeros are shown in black. Unstructured
sparsity can achieve very high compression ratios but is hard to accelerate on off-the-shelf hardware.
On the other hand, structured sparsity can discard channels (shown with low opacity) to reduce
the operations needed for inference, often resulting in lower latencies. Block sparsity sets tiles to
zero while keeping others dense. Compared to unstructured sparsity, block sparse layers can be
accelerated at lower ratios of overall sparsity on supported off-the-shelf hardware (e.g. Volta and
Ampere NVIDIA GPUs)

Frameworks relying on unstructured pruning often achieve higher compression ratios
at the expense of inference stages being as compute intensive in practice as those of the
original model. This is because, assuming pruning has been homogeneously applied on
the model, sparse operations can only be efficiently accelerated on supported hardware,
such as modern GPUs [355, 401, 160] or custom accelerators [410, 238, 308], for a suf-
ficiently high sparsity ratio. The lower the ratio, the less likely sparse operations would
translate into measurable speedups. In the case of CPUs, speedups due to sparse operations
where one operand is unstructurally sparse are often only realizable at 95% sparsity ratios
or higher [356, 161]. Although this might seem like an unattainable1 goal for vision or lan-
guage models, for other forms of ML such as those operating on graphs, the high sparsity
levels in the adjacency matrix guarantee the acceleration of certain stages during infer-
ence. Graph neural networks, however, have other challenges that limit their acceleration
in practice, as it would be discussed later in section 2.5.2.

On the other hand, methods that apply structured pruning, trade model compression
for acceleration potential. These approaches modify the underlying computational graph
by discarding channels, resulting in smaller but still dense convolution operations, or by
removing the nodes all together if an entire layer is set to be removed by the chosen pruning
strategy. As a result, structured pruning frameworks are the preferred option when aiming
to accelerate inference on general purpose hardware. A body of work across structured and
unstructured pruning methods, attempts to induce structure in otherwise randomly sparse

1Early models such as VGG and AlexNet are known to be notoriously over-parameterized and, as a result,
it is common to achieve very high sparsity ratios, i.e. above 90%, with marginal impact on accuracy [295, 140]
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networks [291, 285, 364, 334]. This is often referred to as block sparsity and consists in
subdividing the matrix representations of inputs or weights into tiles (e.g. 16×16 tiles),
and restrict the training in such a way that some tiles contain only zeros while the rest
remain dense and real-valued. Matrix-matrix multiplications following such a pattern can
be accelerated at lower global sparsity ratios compared to those following unstructured
sparsity [159]. Other forms of constraining how sparsity occurs have been proposed, for
example, a cache-aware reordering on the sparsity pattern of the weights [96]. This can be
used to ensure high cache reuse on Cortex-A mobile CPUs, resulting in 2.4× acceleration
of MobileNets. Each of the different pruning methods introduced so far are illustrated
in Figure 2.1.

2.1.1.2 Pruning Strategies

Over the years, several techniques have been proposed to guide the pruning process. These
include: discarding neurons based on their magnitude [140, 141], based on the weighted
norm of channels [218], the sparsity level of the output feature map [167], or by ran-
domly pruning channels [252], which can work as well as other heuristic-based pruning
approaches. Others frame pruning as a minimization process where the task is to re-
duce the cross-similarity of the output and discard channels in the weights tensor accord-
ingly [353, 312], or compute the contribution to the loss of each channel and inform an
importance-based mechanism to prune these [257]. Other methods include high-level met-
rics such as FLOPS to guide the pruning process [128, 340]. However, these are only proxy
metrics for latency and energy consumption [391, 149, 315], which might given a distorted
view of the real savings only observable on real model deployments. In Section 2.2 we
provide an expanded discussion on the problem of relying on proxy metrics.

A growing body of works present an alternative framing from the standard three-stage
pruning process and, instead, propose pruning the model ahead of training. This can be
achieved by identifying trainable sub-networks in dense models at initialization, as it was
first formally framed in the Lottery Ticket Hypothesis [107]. The work of Lee et al. [212],
prunes individual weights after learning a saliency-informed binary mask that preserves
connections that minimize the difference in loss between the original model and the pruned
one. GraSP [343] attempts to preserve gradient flows after pruning by removing weights
that contribute the least to the gradient norm, prioritizing in this way the flowing of informa-
tion during training. These two approaches perform unstructured pruning before training.
More recently, the work of Amersfoort et al. [325] adapts SNIP [212] to the structured
pruning setting, allowing also faster training stages without specialized hardware. While
pruning before training can help providing insights on the role the network architecture

12



plays [107, 378] when excluding the weights, the quality of the resulting pruned models
tends to be worse that that of models than followed the prune-then-fine-tune methodol-
ogy. The latter, however, are yet to be systematically evaluated [39] to properly asses their
performance and generalization. Pruning before training can therefore be seen as a more
general approach since it is, for the most part, data-agnostic. It can also be labeled as a
extremely lightweight form of, albeit very restricted, one-shot neural architecture search.

Until recently, it has been widely accepted that training an over-parameterised version
of the model first and then prune it would yield better results than training the smaller ar-
chitecture from scratch [48, 181, 400]. However, recent works demonstrate that, for a fixed
number of non-zero parameters, sparse models tend to outperform their dense counterparts,
even if these have more parameters [211, 187, 418]. This is an interesting line of future
work which could lead to new types of architectures only suitable for very sparse models.

2.1.2 Quantization

Quantizing neural networks involves reducing the numerical precision of the operands and
output of each layer in the compute graph describing the model. Unlike pruning, quan-
tization preserves the layers and tensor shapes defining the model2. While training these
models would normally be done using either FP32 of FP16—although recent approaches
attempt at using integer-only arithmetic [349]—, enabling lower bitwidth model represen-
tations for inference, e.g. INT8, is the main goal as it enables deploying smaller mod-
els, with faster inference stages, lower energy consumption and requiring smaller chip
area [315, 217]. Concretely, 8-bit quantizatized models have shown to achieve compara-
ble performance to full-precision models [175, 198, 316, 347, 402, 274] while being ready
for deployment on off-the-shelf hardware as 8-bit arithmetic is widely supported. In addi-
tion to resulting in a direct 4× model size reduction, 8-bit integer-only arithmetic benefits
from up to 116× and 27.5× chip area reduction compared to full precision additions and
multiplies respectively, requiring 30× and 18.5× less energy [162, 365]. Because of these
desirable benefits, 8-bit quantization has been widely adopted in both compute-constrained
devices [224, 68, 348, 225, 99] and accelerators [366]. While lower precision networks ex-
ist and have been studied for a few years, for example binary [72, 228, 376, 234, 242] and
ternary [215, 341, 76] networks, the challenges associated to training these and match ac-
curacy of their FP32 or INT8 counterparts, haven driven the community to develop frame-
works for 4-bit quantization [123, 28, 350, 264, 67] instead, which are easier to accelerate
on commodity hardware.

2Although some layers, such as Batch-Normalization and some activation functions, can be fused to better
accelerate inference. These techniques are discussed in section 2.1.2.2.
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Figure 2.2: Illustration of the mapping between real-valued and quantization domains for three
quantization implementations given a skewed Normal distribution: (right) uniform symmetric quan-
tization; (middle) uniform affine quantization, which allocates more bits to the left side of the dis-
tribution; and, (right) a form of non-uniform quantization which allocates more bits to regions on
the real line with higher concentration of values.

2.1.2.1 Quantization Implementations

The most widely used form of quantization is uniform affine quantization, which describes
the quantization of a floating point vector x to its b-bits representation as:

xb = clamp
(
bx/se+ z, 0, 2b − 1

)
(2.1)

where scaling factor s ∈ R+ and zero-point z ∈ Z are used to map x to the range
of representable values at the given bitwdith. Under this formulation the zero value is
accurately represented, b·e is the rounding operator and clamp is defined as:

clamp(x, a, b) =


a x < a

x a ≤ x ≤ b

b x > b

(2.2)

Then, the approximated real-valued of x, x̂, can be obtained by reverting eq. (2.1):

x̂ = s(xb − z) (2.3)

where, in the context of enough numerical resolution (i.e. high bitwidth) and x being
evenly spread on the [0, 2b − 1] range, x̂ and x would be indistinguishable. The overheads
of affine quantization associated to the zero-point can be discarded by setting it to 0. This
is known as symmetric uniform quantization and is often implemented by either mapping
values to a signed, [2b−1, 2b−1 − 1], or unsigned, [0, 2b − 1], ranges. Another optimization
involves restricting the scaling factor to be of the form s = 2−f , where f ∈ Z, enabling
scaling x using bit-shifts. However, these optimizations can restrict the quality of mapping
from x to xb, in particular in uneven or skewed distributions. Common to both affine and
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symmetric quantization is the use of a fixed step size, the scale factor s, that defines the
distance between representable values along the real line. This might result in a subopti-
mal mapping of values when many elements in x get mapped to the same quantized value
while other quantized values remain unused. Intuitively a better approach would be such
that assigns finer granularity in the range of values that concentrate the majority of values
(e.g. around zero) and less granularity, i.e. wider bins, for the tails of a distribution. This is
known as non-uniform quantization and several approaches have been proposed to define
variable step sizes including logarithmic distributions [338, 16] or by treating it as a learn-
able parameter [186, 389]. Despite non-uniform quantization introduces lower quantization
error, uniform quantization is often the better choice when considering the deployment of
quantized models on off-the-shelf hardware due to its simplicity. Figure 2.2 illustrates the
key differences between these quantization implementations.

2.1.2.2 Practical Considerations

In addition to the choice of quantization implementation, other design choices enable fur-
ther control on the quality of models and ensure data is quantized as few times as possible:

• Batch-norm folding. A popular design choice in CNNs and other models is to make
use of BatchNormalization (BN) [174] after convolutional layers to help achieve
faster convergence rates and model generalisation. Like other layers, it gets inputs
and generates outputs and, in the context of quantization, both should be quantized.
To minimize quantization error, a common approach is to fold BN parameters into
the preceding layer’s weights and biases [198, 175].

• Activation fusion. Similarly to BN layers, being able to fuse the activation layer with
the quantization stage of the preceding layer would result in one less quantization
layer and its associated injection of quantization error. In some cases, this is easily
achievable. For example, quantization layers followed by ReLU can be fused by
setting the minimum representable value during quantization to zero. However, for
other activations functions like Swish [280], Softplus (a smooth version of ReLU) or,
Sigmoid, which perform non-linear mappings, fusing them is not possible.

2.1.2.3 Post-training Quantization

Frameworks making use of post-training quantization (PTQ) take existing FP32 models
and convert them to b-bits models without retraining. The challenge is to calibrate the
quantization ranges for weights and activations in order to minimize the degradation intro-
duced by quantization. This calibration can be done taking the absolute min/max ranges
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observed, use percentiles (e.g. clipping the top 0.1% of values) to discard outliers, by re-
ducing the cross-entropy between an activations tensor X and its reconstructed version X̂

or, by reducing mean squared error between these. PTQ tends to work best with large over-
parameterized models than with lightweight architectures (e.g. MobileNets), with choice of
calibration method often being a function of the type of architecture and task at hand [372].

2.1.2.4 Quantization-aware Training

Although PTQ introduces minimal quantization error for some models, quantization-aware
training (QAT) has become the de facto approach towards designing robust quantized mod-
els with low error at lower bitwidths [347, 402, 347].

In their simplest form, QAT schemes involve exposing the numerical errors intro-
duced by quantization at training time by simulating this stage on the forward pass as
in eq. (2.1) followed by eq. (2.3). Then, during backward pass, the straight through es-
timator (STE) [33] is used—as if no quantization had been applied. This is often called
fake quantization. During training, the quantization layers are responsible for tracking the
input tensor’s min and max values, Xmin and Xmax, which are then used to compute the
zero-point z and scale s parameters. Two popular ways of performing such tracking are:
min/max, which tracks the min/max tensor values observed over the course of training;
and momentum, which computes the moving averages of those statistic. The latter intro-
duces an averaging constant c, which is often set to 0.01. Instead of simply tracking such
statistics, recent approaches propose learning z and s. This proved [97, 176] to result in
better accuracy retention than other forms of QAT.

To reach performance comparable to FP32 models, QAT schemes often rely on other
techniques such as gradient clipping, to mask gradient updates based on the largest rep-
resentable value at a given bitwidth; noisy QAT, which stochastically applies QAT to a
portion of the weights at each training step [309, 87]; or the re-ordering of layers [299, 11].

Quantization has been the object of study of a number of survey works [117, 372, 263,
198, 276]. We refer the interested reader to these for a more in depth analysis.

2.1.3 Automating Neural Architecture Search

Automating the process of designing neural network architectures has drawn considerable
attention. The goal of NAS is to discover the best performing architecture given: a set of
candidate layers or blocks of layers and, target application-specific metrics being accuracy
and latency the most commonly used. In this way, the fundamental difference between the
many NAS techniques proposed in the literature, is how those architectures are discovered.
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Figure 2.3: A generic hardware-aware NAS diagram. During search, the NAS framework could
be guided by introducing several elements such as: latency models measured on the target platform
or amount of on-chip memory; the search space can further restricted by introducing application-
level constraints such as minimum accuracy or maximum energy consumption; similarly, the search
space can be expanded by considering different quantization implementations, each offering differ-
ent trade offs between attainable speedup, numerical degradation and software/hardware support.

Early attempts relied on reinforcement learning (RL) [420, 42, 283, 318] or Bayesian opti-
mization [153, 100] and required thousands of GPU hours to converge due to their compu-
tationally expensive and exhaustive search stages. Other works opted instead for a gradient-
based search by framing the problem as learning a single over-parameterized network, or
supernet, where all candidate operations at a particular node (e.g. a layer) are taken into
consideration. Once trained, an architecture can be sampled based on application-specific
constraints such as number of parameters or FLOPs. These NAS paradigm is often re-
ferred in the literature as to one-shot NAS. The main aspects differentiating gradient-based
NAS approaches are the procedure followed to sample the supernet and, the way the output
of a layer combines the contribution of each candidate operation when training the super-
net. While Bender et al. [32] combines them as the sum and DARTS [230] as a weighted
sum, ProxylessNAS [47] relies on path-level binarization, (i.e. two candidate operations
in each layer are considered per batch, then one gets its score increased while the other is
decreased) making it possible to perform the search on the entire architecture directly using
a single GPU. This effectively reduces the memory needs during training to that of training
a standard model. More importantly, and unlike prior approaches which generally perform
the search in a proxy space, ProxylessNAS enables the training of the entire architecture
directly. This formulation also enables the introduction of other per-layer metrics such as
latency. In Chapter 4, we rely on this key property of ProxylessNAS to identify the most
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suitable convolution algorithm for each layer in a fixed model architecture.
NAS has been predominantly used for vision tasks such as image classification or ob-

ject detection. On the other hand, its adoption in other domains such as for natural language
processing (NLP), automatic speech recognition (ASR) or, for discovering new graph neu-
ral network architecture [111], has been slow. Nonetheless, the imminent adoption of NAS
as an indispensable tool for all these tasks led to the introduction of several NAS bench-
marks. These not only restrict the search spaces with the types of layers or blocks that
are known to work well for the application at hand, but also provide performance met-
rics for all the possible models constructed from the search space. Some of the popular
benchmarks are NAS-Bench-101 [397], NAS-Bench-102 [86] which extends the former,
NAS-Bench-NLP [194] and, NAS-Bench-ASR [248].

In addition to architecture discovery, NAS has also been successfully used for auto-
mated network pruning [150] and quantization [348] to identify hardware-aware designs
(this is illustrated in Figure 2.3), facilitate hardware co-design of FPGA-based accelera-
tors [3], chip floorplanning [1] and placement [250], both using RL.

2.2 On Proxy Metrics and Lower-level Optimizations

Regardless of the optimization goal (e.g. compression, acceleration, lower memory peak,
etc), all of the previously introduced techniques impose a trade-off between efficiency dur-
ing inference and output quality. In order to compare such trade-off against other ap-
proaches that follow a similar or alternative optimization strategy, high-level metrics such
as number of model parameters or number of FLOPS during inference have been widely
used. However, these metrics might only loosely correlate with the real memory con-
sumption and latency observed upon model deployment. For example, model size does not
account for memory utilization, including memory peak, needed to have the layer input and
output buffers in memory. With the following example we aim to show how easy it is to
construct a convolutional layer with almost identical number of parameters but outputting
tensors of very different shape. Given a 32×32 RGB input and two convolutional layers:
conv2dA with stride two, kernel size of 7 and 32 output channels; and conv2dB with
stride one, kernel size of 3 and 160 output channels. Although both roughly have the same
number of parameters, conv2dB outputs a tensor that is 20× larger. This evidences that
model size alone is not a good proxy metric for memory utilization.

When it comes to estimating the latency of a network, FLOPS have been a widely used
proxy metric. However, it has been shown [370, 84] that FLOPS often do not correlate with
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real latency. A similar example to the previously given for model size can be constructed
to show networks with higher FLOPS can run faster than others with fewer operations. In
Sandler et al. [293], a MobileNetV1 with 575M FLOPS is shown to be 1.6× faster on a
Google Pixel 1 than a NasNet-A [421] that require 564M FLOPS. These differences are
even more dramatic if making the comparison between two radically different architec-
tures: a EfficientNet-B4 [319] requires 4.2GFLOPs compared to the 4.5GFLOPs needed
for a visual transformer (DeiT-Small) [322, 130]. Both achieve over Top-1 82% on Ima-
geNet but the latter is 15× faster on an server-grade Arm-Graviton2 CPU. The reason for
this large discrepancy in observed latency is due to the hidden costs of deploying often
complex compute graphs incurring into sub-optimal mapping of operations (e.g. matmul)
onto the available hardware, poor data locality for models with multi-branch architectures,
order of operations or, large activations that require frequent accesses to main memory on
devices with small caches. A better proxy than FLOPS consists of summing up the mea-
sured latencies for each individual layer in order to obtain an overall latency estimate [47].
However, this methodology still might fail to capture the impact of the last aforementioned
hidden costs. Dudziak et al. [90] have shown that predicting latency can be done by means
of a graph neural network, which better captures the non-linear mapping between FLOPS
and latency for a variety of platforms.

While graph-level changes in the compute graph describing the model (as those ob-
tained with structured pruning) can be an effective way at reducing operations and memory
utilization, other lower-level optimizations with regards to how each operator maps to the
available hardware or how memory buffers are re-utilized can provide further speedups. To
attain such optimizations, one must seek them closer to the metal and, generally at compile
time. TVM [57] is a compiler for deep learning targeting CPUs, GPUs and, specialized
accelerators. At its core, it exposes the graph-level and operator-level optimizations at
compile time, enabling the same compute graph to be seamlessly ported to a wide variety
of platforms. Graph-level optimization include operator fusion which mergers consecutive
layers into a single one (e.g. Conv2d+BN+ReLU fused into a single operator), reducing
memory accesses. On the other hand, node-level or operator-level optimizations include
data layout transformations that make better utilization of vector (e.g. SIMD) and tensor
(e.g in modern GPUs and TPUs) compute units, or automate the selection of specialized
implementations of the same operator (e.g. convolution algorithms) through built-in bench-
marking routines. TVM also has support for optimizing ML workloads on custom hard-
ware and can be extended to add expert knowledge to better capture certain properties of
the hardware or the compute graph at hand.
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2.3 Fast Convolution Algorithms

In addition to the use of lightweight CNN layers such as depth-wise convolutions [165, 293,
164], the use of integer arithmetic or sparse operations, among other techniques, inference
can be further accelerated by making use of one of the multiple and widely supported ways
of performing the convolution operation.

The standard approach to computing multi-dimensional convolutions is to lower the
operation to a matrix multiplication, which can be conveniently implemented using heavily
optimized General Matrix Multiplication (GEMM) libraries. Hence, different implemen-
tations of Multiple Channel Multiple Kernel (MCMK) convolutions have been described:
the im2 family of algorithms, such as im2col [179, 131], re-arrange (by replication) the
operands in memory enabling higher throughput than the textbook sum-of-single-channels
algorithm; the kn2 algorithms, e.g. kn2row [328], which alleviates the memory needs of
im2row by leveraging GEMM primitives applied to the layer’s input directly. This how-
ever comes at the cost of very limited striding options without incurring into substantial
data movement penalties. More recently, Indirect Convolutions [92] proposes the introduc-
tion of indirection buffers as a counter measure to avoid explicit data replication needed in
im2col-based implementations.

While the previous methods treat the textbook definition of convolution as a matrix-
matrix multiplication, alternative formulations of the convolution operation first envisioned
by the signal processing community have also been adapted to CNNs. These include: the
use of FFTs, which replace convolution with its multiplication-only counterpart in the fre-
quency domain resulting in faster inference [243, 6] and training [155]; the Strassen algo-
rithm [310], which when applied to convolutions [69, 323] significantly reduces the number
of multiplications at the cost of more additions; or the Winograd algorithm [367], which
replaces convolutions with a set of matrix transformations and point-wise multiplications
and, results in significantly faster inference stages [207].

All these different implementations of the convolution operation come with their own
set of pros and cons: direct-loop (i.e. the standard sliding window approach) offers min-
imal memory overheads but often becomes the slowest option; im2 are generally faster
but results in memory overheads due to the need of replicating the input prior to perform
the GEMM; Winograd is widely accepted as the fastest algorithm, comes with manage-
able memory overheads but suffers from numerical degradation, leading to its exclusion
for deployments using quantization; and, FFT which, although shares a similar structure as
Winograd, but cheaper O(n log n) transforms of inputs and weights, it only translates into
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speedups when using larger kernels, much larger than the 3×3 or 5×5 often found in mod-
ern CNNs. Furthermore, FFTs perform the element-wise multiplication of complex-valued
operands, requiring additional compute compared to real-valued multiplies [91, 188]. In
practice, the use im2 algorithms are the default choice when deploying CNNs and only
direct-loop is considered in those scenarios where memory and memory bandwidth are
limited, as is the case of low-end microcontrollers.

2.4 The Data Movement Challenge

For ML workloads, the term data movement is often used to collectively denote the pro-
cesses of: reading model parameters and layer inputs from main memory; fetching them
from the various levels of cache into the registers; writing the layer output to main mem-
ory, to the lower-level cache or, to both. The complexity of analyzing data movement is
tightly coupled with the hardware and the compute graph representing the ML model. For
CPUs, data movement is managed by the OS, restricting the amount of optimization that
can be achieve along this axis, although some works have proposed cache-aware regular-
ization mechanisms during training to facilitate higher cache hit rates [96]. In the case
of MCUs, which often come with a single level of cache or no cache at all, this analysis
gets substantially simplified also in part to their single-threaded nature. On the other hand,
platforms such as FPGAs require an explicit management of data movement including the
parameterization of on-chip buffers (i.e. their size and routing). These buffers act as caches
for reads and partial layer outputs. Such full control of on-chip memory hierarchy (as well
as compute resources) enables to design custom solutions for a particular ML workload
sustaining throughput levels that are unattainable by off-the-shelf hardware under the same
power envelope.

In addition to the latency costs associated to the accessing of lower-level memories
(e.g. DRAM but also Flash drives), these accesses also require vastly different amounts of
energy. For example, retrieving the same amount of data from DRAM compared to from
an L1 cache requires over two orders of magnitude more energy. By going one step up the
memory-hierarchy ladder to a L3 SRAM cache, this gap is reduced to about 6× [315]. We
now provide further context and a concrete example: under the 45nm CMOS fabrication
process an FP32 add consumes 0.9pJ, a 32bit SRAM cache access requires 5pJ, while the
same access to DRAM takes 640pJ. Accessing DRAM requires over 700× more energy
than performing a FP32 addition [162, 140]. This evidences that energy consumption can
easily be dominated by memory accesses, specially if models do not fit in system memory.
Easing the costs of intra-device data movement is therefore of paramount importance when
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deploying ML-powered applications on commodity devices running on batteries. Because
of the complexity associated to controlling data movement outside custom hardware im-
plementations such as FPGAs, the community has indirectly addressed the problem of data
movement by proposing lightweight architecture designs and quantization.

While intra-device data movement has attracted the most attention, inter-device data
movement also presents a similar distance-energy relationship and challenge. Even when
relying on low power communication mechanisms such as BLE or ZigBee for close-range
communications, energy consumption remains in the order of hundreds of milliwatts [303]
when transmitting data. On the other hand, and unlike displays and radios, CPUs and
sensors require considerably less power: real-time audio processing at 384 KHz requires
between 10-25 mW [156] using a Cortex-M4; and, a low-resolution image sensor suitable
for object tracking applications consumes 277µW [290].

The work presented in this thesis, with a bigger emphasis in Chapter 3, considers intra-
device data movement costs. For newer forms of ML, such as Federated Learning, which
could be viewed as a form of distributed learning where nodes are commodity devices such
as smartphones or other smart devices, both intra-device and inter-device data movement
costs should be considered.

2.5 Graph Neural Networks

Most Graph Neural Networks (GNNs) may be viewed as generalizations of CNN architec-
tures to an irregular domain: at a high level, graph architectures attempt to build represen-
tations based on a node’s neighborhood. However, unlike CNNs which operate on regular
grids (e.g. images), a node’s neighborhood does not have a fixed ordering or size. Because
GNNs operate on irregular topologies, i.e., graphs, a number of challenges arise when at-
tempting to accelerate these workloads. Nevertheless, GNNs are the preferred option when
it comes to modeling irregularly structured data in applications as diverse as molecular
interactions [94, 374], social networks [137], recommendation systems [326, 419] or pro-
gram understanding [12, 396, 265]. This section first provides an introduction on how
GNNs work and, presents some of the most popular layers often used to build GNNs. Fi-
nally, we highlight the three major limitations that make GNN acceleration challenging.
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2.5.1 A Primer on Graph Neural Networks

A graph G = (V,E) has node features X ∈ RN×F , an incidence matrix I ∈ N2×E , and
optionally D-dimensional edge features E ∈ RE×D. The incidence matrix I is often trans-
formed into its adjacency matrix A ∈ RN×N equivalent.

Early works for GNNs focused on spectral representations for graphs in the Fourier
domain, involving the learning of filters with various levels of spatial locality [44, 74, 152].
Under this formulation, signals on graphs are filtered based on the eigendecomposition of
the graph Laplacian [302], which encodes the graph topology and nodes’ degree. This
dependence on the graph Laplacian is one of the limitation of spectral methods, which
assume a fixed graph topology, making them unsuitable for applications where the learnt
GNN model needs to generalize to unseen graphs (e.g. as is the case in graph classification
or graph regression tasks) or consume dynamic graphs (e.g. point clouds).

In this chapter we consider GNNs architectures operating on the spatial domain, which
apply the convolution operation directly on the graph, by aggregating nodes’ neighbour-
hood information. This is done by adapting the notion of standard convolutions, that nor-
mally operate on regular grid (e.g. images), to an irregular grid. This can be formulated
conforming the message passing paradigm for neural networks (MPNN) [118], which rep-
resents the inference stage in GNNs as a three step process:

• Message generation: This stage involves the transformation of node features hl in
a given layer l in the GNN (recall that X = h0) using Wl ∈ RF×F ′ , the matrix rep-
resenting the layer parameters that perform a projection from F to F ′ dimensions.
The new feature embeddings can be expressed as yl = φ(hl,Wl), where φ denotes
differentiable functions such as MLPs (Multi Layer Perceptrons). The most common
approach is to perform a matrix-matrix multiplication yl = Wlhl. Then, the node
messages are constructed by applying an architecture-specific normalization mecha-
nism (e.g. degree-based or attention-based normalization) or left unnormalized.

• Message aggregation: In the aggregation stage, each node gathers and aggregates
the messages, yl, of each neighbouring node. More formally, the aggregation of
messages at node vi in layer l is defined as oli = yli+�j∈N (i)(y

l
j), where� denotes a

differentiable, permutation invariant function (e.g. sum, mean) and N (i) represents
the set of nodes that belong to vi’s neighbourhood.

• Feature Update: The final stage involves passing the output of the aggregation
through a nonlinearity γ (e.g. ReLU) and obtain the activations before proceeding to
the next layer of the network: hl+1 = γ(ol).
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Putting everything together and, including the use of edge features, we can represent
the process of updating the node features of node vi at layer l as:

hl+1
i = γ

(
hli,�j∈N (i)φ

(
hli,h

l
j, ei,j

))
(2.4)

The majority of GNNs presented in the recent literature can be expressed with this
formulation, each making use of different φ,� or γ as well as introducing various message
normalization mechanism. Here we consider some of the most common layer architectures
for GNNs. These are also the building block for more sophisticated networks:

• Graph Convolution Network (GCN) [192]: Arguably one of the simplest form of
convolutional GNNs, a GCN updates node features by performing a degree-based
weighted sum over the messages in a node’s neighbourhood. This formulation is a
linear approximation of spectral convolutions:

hl+1
i = γ

( ∑
j∈N (i)∪{i}

(
1√
didj

Wlhlj

))
(2.5)

where di refers to the degree of the i-th node and γ represents a ReLU function.

• Graph Attention Network (GAT) [329]: By introducing a self-attention mechanism
(e.g. a single-layer MLP), nodes attend differently to each of their neighbouring
nodes based on the alignment of their respective feature vectors. This is one example
of anisotropic GNNs. The updated node features using a single attention head can be
expressed as:

hl+1
i = γ

(
αli,iW

lhli +
∑
j∈N (i)

(
αli,jW

lhlj
))

(2.6)

where α represent the soft-maxed attention coefficients. In practice, K attention
heads are used, each attending to a different projection in the node feature space. For
such multi-head attention scenario, the above formulation becomes a concatenation
of K terms and, the non-linearity γ is applied at the end.

• Graph Isomorphism Network (GIN) [381]: The graph isomorphism problem asks
a simple question: Are graphs G and G? topologically identical? The Weisfeiler-
Lehman (WL) test is a way to answer this question [363]. For certain graph topolo-
gies and aggregation functions�, GNNs such as those using GCN layers fail the WL
test. Such observation motivated the introduction of a generic formulation for GNNs
where the result of the aggregation gets transformed by means of MLP stage:

hl+1
i = MLPl

((
1 + εl

)
hli +

∑
j∈N (i)

hlj

)
(2.7)
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where ε is a learnable constant. The discriminative power of GIN networks is equal to
the power of the WL test and, as a result, more theoretically suitable for graph-level
tasks such as graph classification or graph regression.

• Residual Gated Graph Convolution Networks (GatedGCN) [40]: This layer is one
of the first (and very few) making use of edge features and, updating them during
training at each layer. In its most generic formulation, GatedGCN learns an edge-
informed dense gating mechanism, effectively bringing full anysotropy to an other-
wise GCN-like architecture. An attention tensor, ηi,j , is learnt at each layer and is
used during message aggregation to weight each dimension of the node features:

hl+1
i = γ

(
Ulhli +

∑
j∈N (i)

ηli,j �Vlhlj

)
(2.8)

where � represents the Hadamard product, ηli,j = σ(Alhli + Blhlj) and, matrices
Ul,Vl,Al,Bl ∈ RF×F are layer parameters. It remains an open research question
what is the appropriate way of incorporating edge features to the learning of GNN
models. The optimal approach would likely be application dependent.

• Edge Convolution Networks (EdgeConv) [352]: Point cloud data can be interpreted
as graph as long as its topology, i.e. incidence matrix I, is defined either as a pre-
processing stage or at run time. This is a challenging task, not only because of the
associated compute and memory challenges of operating with large point clouds, but
because defining a metric for node self-similarity and inform the process of creating
edges is highly task dependent and remains an active research area [85, 369, 288].
EdgeConv layers present a way of constructing edge features as a concatenation of lo-
cal and neighbourhood information by leveraging the edges following a k-NN stage:

eli,j = ReLU
(

Θl
[
hli ‖ hlj − hli

])
(2.9)

where Θl are trainable parameters. Then, the new node features are obtained fol-
lowing a max aggregation stage, hl+ii = maxj∈N (i)(e

l
i,j). Interestingly, the authors

propose recomputing the graph connectivity after each layer, demonstrating that the
connectivity in deeper layers become more semantically meaningful than maintain-
ing the Euclidean-based connectivity from the input graph.

A GNN layer, as those just introduced and many others present in the literature [371,
259, 320, 193, 78, 317, 36, 330], specifies how node messages are generated, aggregated,
updated and, it generally allows for different aggregation strategies, i.e., choices of �.
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While sum, min/max or mean have become the most common aggregators in the literature,
recent works put the focus on this often overlooked operator, � and, propose new methods
that better discriminate node-node neighbourhood interactions. Two examples of such ap-
proaches are: Principal Neighbourhood Aggregation(PNA) [70], where the results of four
simple aggregators are combined and independently scaled based on the central node’s
degree to generate the final contribution of each message; or the work of Wang & Karalet-
sos [351] where the aggregation stage is framed as a stochastic process in which noise is
added to the edges, effectively re-weighting the contribution of each node. This apparently
subtle change in the formulation proves to be helpful in alleviating the over-smoothing
problem that arises when designing deeper GNNs.

2.5.2 Efficient Processing of Graph Neural Networks

Graph Neural Networks represent a new computation paradigm that, as introduced in Sec-
tion 2.5.1, significantly differs from other deep learning workloads such as those relying
on CNNs. Although some stages in the GNN message-passing pipeline share a similar
data-flow as other types of networks operating on regular data (e.g. images, text, audio),
where similar optimizations can be applied, other factors unique to graph data make the
efficient processing of GNNs challenging. The current landscape of applications making
use of GNNs face the following challenges:

Alternate execution patterns. GNNs are comprised of two very distinct types of work-
loads: a node-level workload, during the message generation stage, in which node features
are transformed to a new embedding space; and a graph-level workload, during the mes-
sage aggregation stage, in which nodes aggregate the new representations of neighbouring
nodes. The first type of workload is similar to those found in CNNs or language models as
it characterizes by regular data pattern accesses, high levels of data reuse (i.e. high cache
hit rate) and, being compute bound [386, 59]. As a result, this stage benefits from software
and hardware level optimization used for the aforementioned type of architectures. On the
other hand, accelerating the graph-level workload requires a different set of optimizations
since such stage is notoriously memory-bound as it is dominated by up to O(E) irregu-
lar memory accesses. This could lead to over an order of magnitude lower L2 cache hit
rate than node-level workloads [386, 133], translating also into higher latencies and energy
consumption. To address these challenges, some works pre-process the input graph by:
reordering the nodes in order to maximize neighbourhoods overlap [362] and, cache hits
as a result; identifying node communities and map those that are more densely connected
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to caches closer to the compute [17]; reordering and sharing of intermediate node com-
putations [59]; identifying and removing redundant edges [406, 404]; and, making use of
custom hardware blocks to accelerate scattered memory accesses [387, 115, 21].

Large activations. Graphs, in particular those from social networks and recommender
systems, can easily contain millions of nodes and close to a billion edges. As a result,
and despite GNNs models containing significantly fewer parameters than large CNNs, the
number of operations needed during inference is several orders of magnitude higher, as it
is illustrated in Chapter 5’s Figure 5.1. Inference and specially training on large graphs
is therefore only possible on systems with large amounts of memory. Even server-grade
GPUs with VRAM amounts approaching 100GB per card might not be able to hold high-
dimensional activations for each layer in the network. An effective way of reducing mem-
ory usage is by sampling the graph at each step and operate on mini-batches of smaller
sub-graphs. Over the years, a number of frameworks have been proposed: at each layer
and training step, GraphSAGE [138] samples at most K neighbour nodes from each node,
effectively delaying the neighbourhood explosion problem3 and enabling the generation of
node embeddings for inductive settings such as evolving graphs or entirely new graphs not
seed at training time. FastGCN [53] performs importance-based node sampling at each
layer instead of sampling nodes’ neighbourhoods, ensuring in this way that the number of
nodes remains constant at each layer. This method proved to be over an order of magnitude
faster than GCN-based GraphSAGE on the Reddit dataset. Unlike the previous two meth-
ods, and many others in the literature [171, 398, 54], GraphSAINT [405] constructs mini
batches by sampling the graph directly, as opposed to performing the sampling at each
layer, using a community-aware sampling mechanism, leading to faster training conver-
gence and better performance. Another approach building mini-batches from sub-graphs
is ClusterGCN [63], which uses an off-the-shelf clustering algorithm (e.g. METIS [189],
Graclus [80]) to partition the graph ahead of training, in this way the neighbourhood ex-
pansion in deeper layers is confined within each nodes’ cluster and therefore allowing the
training of deeper GNNs without incurring into memory issues. These sampling techniques
are orthogonal to graph reordering optimizations to reduce on-chip cache utilization. For
example, latency in ClusterGCN could be further reduced by ensuring the nodes in a cluster
are contiguous in memory, promoting coalesced memory accesses, and, a better use of the
cache hierarchy.

Approaches for implementing message propagation. A general and well studied for-
mulation for implementing this stage is by means of gather/scatter operations [105,

3This refers to the scenario that arises when training deep GNNs in which, nodes in upper layers get their
gradients after backpropagating through a (potentially) exponentially increasing number of nodes.
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144, 124, 208], which are also the building blocks for other applications beyond GNNs.
During gather, messages from nodes in neighbourhood of central node vi are fetched,
likely from scattered locations in system memory, and copied into a new intermediate ma-
trix, Gi ∈ Rdi×F , where di is vi’s degree. This operation would normally be performed
on all nodes simultaneously, which leads to an intermediate memory footprint of O(E),
G ∈ RE×F , where E is the number of edges in the graph. This materialization of mes-
sages is therefore a major concern in larger or dense graphs. The result of gather ensures
messages to a given node are contiguous in memory, facilitating the independent scaling
of messages and applying the aggregation function, � : G ∈ RE×F 7→ S ∈ RN×F .
Then, S is given to the scatter routine to update each node’s representation. GAT is a
layer that needs explicit materialization of messages to compute the attention coefficients.
An alternative formulation to the use of gather/scatter is performing both the mes-
sage fetching and aggregation computation as a single sparse matrix-matrix multiplication,
spMM, between the adjacency matrix A ∈ RN×N and the messages Y ∈ RN×F . This is
the preferred approach for architectures such as GIN, that do not require scaling of node
features, or GCN, where messages are inversely scaled by the product of degrees along
the edge (effectively becoming a one-dimensional edge feature). For the latter, the degree-
based scaling factor can be embedded in A before multiplying with Y. While many of the
popular GNN layers can make use of spMM for aggregation, avoiding the burden of materi-
alizing messages and achieving speedups on supported hardware 4, it remains a challenge to
efficiently make use of spMMs in the context of graphs with bidirectional data flows, multi-
dimensional edge features or, message-based anisotropy mechanisms. For those types of
graphs, more efficient implementations of gather/scatter might be required.

2.6 Summary

As discussed in this chapter, the now maturing field of ML, in particular when it comes
to CNN-based architectures, has welcomed a plethora of optimization techniques ranging
from quantization, to pruning and, from lightweight architecture designs to fast convolution
algorithms. These have not only contributed to design larger, better performing models
but also made it possible to deploy them on constrained devices such as smartphones and
microcontrollers. With regards to GNNs, the field is steadily advancing as it draws interests
from core-ML and systems communities to support new types of applications and address

4For example cuSPARSE on modern NVIDA GPUs.
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some of their inherent challenges. By reviewing the recent literature we also identified
three limitations and opportunities that motivate the research presented in this thesis:

1. Compression for model acceleration. Structural pruning, quantization and to some
degree, sparsification, have dominated the efforts when it comes to accelerating infer-
ence. This set of techniques fixate on reducing the number of operations by removing
redundant model elements, reducing the numerical precision of operations, or both.
This translated as well into smaller models sizes which contributed towards easing
the data movement problem. However, this benefit is often either not acknowledged
or never treated as a first-class optimization dimension, despite it being one of the
main sources of on-device energy consumption [315]. In Chapter 3, we present a
new formulation for compression frameworks that achieves acceleration by reducing
off-chip memory accesses, with model parameters being generated on-the-fly follow-
ing an efficient reconstruction process.

2. Convolutions in transformation spaces. Convolution algorithms that operate in
transformation spaces require special attention when it comes to their implementation
using integer-only arithmetic, as these involve several stages all of which should
make use of quantization. This is not the case for other algorithms such as im2row,
since they operate directly on the input and weights tensors or, replicated versions of
these. This made them a good choice when considering deploying quantized models.
In Chapter 4, we address the problem of using quantization along with the Winograd
algorithm, which operates in a transformation space (the Winograd domain), and
propose a solution to other limitations it is known to suffer from.

3. GNNs are dually bounded. GNNs are notoriously difficult to accelerate, primar-
ily due to them having two very distinct execution patterns during inference, each
requiring a different optimization strategy. In Chapter 5, this thesis challenge this
assumption and, present a framework that enables the learning of quantized GNNs,
alleviating both the compute-bound node-level and memory-bound graph-level work-
loads while retaining good performance on various tasks. Chapter 5 includes the first
published characterization of the challenges that arise when quantizating GNNs.
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Chapter 3

On-the-fly Weights for ML Acceleration

Compressing ML models is desirable because it allows for their deployment on constrained
devices, where memory and on-chip storage come at a premium. In addition to the com-
pute needed during inference, data movement has a large impact on both latency and energy
consumption, specially if memory accesses are predominantly done to DRAM or to lower
levels in the memory hierarchy such as flash storage. Motivated by the urge to deploying
ML-powered applications on commodity devices, considerable efforts have been devoted
to designing more compact models. Among the various approaches presented in recent
years, those performing unstructured compression are the ones that achieve the highest
compression ratios. These frameworks often rely on lossy (e.g. K-means clustering, SVD)
and lossless mechanisms (e.g. Huffman encoding, sparse formats such as CSR or COO)
applied during training or as a post-training stage. The result is a extremely compact model
representation with, hopefully, marginal degradation on performance. A well known ex-
ample is DeepCompression [140], capable of compressing AlexNet by 35×, from 240MB
down to 6.9MB with no accuracy loss.

Although compressing a model eases the deployment to devices across the network and,
enables the storage of multiple models in devices with limited storage, most of unstructured
compression frameworks require either specialized hardware to achieve measurable accel-
eration or a ”decompression” stage prior to doing inference, the latter effectively voiding
most, if not all, acceleration potential. Such stage involves undoing the compression steps
used to derive a compact model: reverting Huffman encoding, the sparse weights represen-
tations or, the clustering of parameters. These stages necessarily translates into additional
latency and memory overheads during inference. Moreover, in those scenarios where the
fully decompressed model cannot be materialized due to memory constrains, the decom-
pression process needs to be repeated for each new input to the network, severely slowing
down inference. Because of these reasons, the community favored instead other techniques,
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namely quantization and lightweight architectural designs, that are easier to accelerate at
the expense of these offering more modest compression ratios.

Research Question: Can we design a compression framework that upon deployment de-

compresses the model parameters on-the-fly in a lightweight manner and, achieves infer-

ence acceleration, not by doing less compute, but by reducing data movement?

3.1 Problem Setting and Contributions

This chapter presents a new paradigm for compression frameworks aiming at accelerating
inference by reducing the impact of data movement. Concretely, it address the movement
costs associated to the fetching the model parameters and their transfer across the memory
subsystem during inference. Under this formulation, the main challenge is to design a com-
pression strategy that, not only compress the model while maintaining application-specific
performance metrics (e.g. accuracy), but that also can be reverted efficiently, without out-
weighing the savings due to data movement.

We address this dual challenge by introducing the use of orthogonal variable spreading
factor (OVSF) codes to the ML domain and, treat them as a base for the high-dimensional
space where model parameters are defined. As it will be presented in Section 3.3.1 in
greater detail, these codes are binary, deterministic and can be generated on-the-fly very
cheaply. These properties enabled the design of compact models for applications as di-
verse as keyword spotting or image classification, with model sizes ranging from 14K to
26M parameters, while maintaining negligible accuracy drops in most cases. We study
several ways of generating the model parameters using OVSF codes and, derive and im-
plement a hardware weights generator capable of sustaining high processing rates without
slowing down layer inference, even in setups with constrained memory bandwidth. This
weights generator co-resides with an FPGA-based single computation engine in charged
of performing the convolution between the generated weights and the layer input. The
framework presented in this chapter, which we name unzipFPGA, achieves up to 1.7×
lower latency on FPGAs with restricted memory bandwidth compared to state-of-the-art
structured-pruning approaches.

The remaining of this chapter is organized as follows: in Section 3.2 we review the
set of approaches found in the literature that contributed to the design of compact model
architectures, then we present a framing for on-the-fly models and, compare it to existing
frameworks with similar characteristics. The section ends with an overview of FPGA-based
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CNN inference engines and their limitations. In Section 3.3, we introduce how on-the-fly
models can be constructed using OVSF binary codes and, present a hardware weights gen-
erator suitable for single computation engines. Following a detailed description of the
experimental setup in Section 3.4, an extensive evaluation of the compression and accel-
eration capabilities of on-the-fly OVSF models is presented in Section 3.5. This chapter
concludes with a discussion section, where avenues for future work are presented.

3.2 Background and Related Work

The field of neural network compression attracted exceptional levels of attention soon after
the first CNN-based architectures, e.g. AlexNet [200] and VGG [305], became the refer-
ence designs for future architectures, making prior supervised learning attempts relying on
hand-crafted features obsolete [142, 82, 83, 81]. The development of compression frame-
works took place parallel to other attempts focusing on reducing both memory footprint and
compute costs of large, over-parameterized models, with lightweight architecture designs
(e.g. MobileNets [165]) swiftly becoming the preferred option. However, with the rapid
advancements in NAS [420, 42, 283, 318, 230, 47] techniques in the following years and,
training techniques enabling the deployment of accurate low-precision arithmetic mod-
els [175, 198, 104, 309, 242], the interest for compression-only frameworks stagnated.

In this section we provide an overview on popular compression frameworks proposed in
recent years. While the main objective of such frameworks is to reduce the model size, they
occasionally include methods (e.g. weight pruning, as first introduced in Section 2.1.1)
that can also translate into acceleration of inference stages. In the following pages, we
first introduce some of these frameworks applied to CNN-based image classification tasks.
Then, we introduce on-the-fly models and state how these differentiate from other compres-
sion frameworks. Finally, we provide an overview on single computation engines for CNN
workloads which will be relevant when introducing the proposed unzipFPGA framework.

3.2.1 Compression Frameworks for CNNs

Over the years, multiple compression methods aimed at reducing the memory footprint of
CNN models have been proposed. These can be categorized into:

Low-rank approximations. Early forms of compressing parameters of convolutional
and fully connected layers relied on well established matrix factorization and dimensional-
ity reduction methods. Techniques such as truncated single value decomposition (SVD) [77,
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412, 383, 205, 382] and, to a lesser extent, principal component analysis (PCA) [112, 41,
229], became popular choices to obtain compress representations of the weights matrices.
These, however, soon became outperformed in terms of both compression ratio and ac-
curacy retention by data-driven approaches such as pruning and quantization that better
exploited the plasticity of CNNs.

Pruning. By discarding parts of the model that are redundant, smaller lightweight model
architectures become more suitable for deployment on constrained settings with limited
memory and compute budgets. Han et al. [141] reintroduced the use of pruning on modern
CNNs, after several attempts were first made in the early 90s [261, 177, 143] for much
smaller models, and achieved 13× compression on the then state-of-the-art VGG network
with no accuracy drop. Since then, the sophistication of pruning methodologies has grown
rapidly: pruning by measuring the level of sparsity on the output feature maps [167] or their
correlation[252]; by discarding channels with minimal contribution to the loss [257]; or, by
estimating which elements to prune before training [343, 212, 325], enabling the training of
smaller model directly. In Section 2.1.1 we provided further details on how pruning works
and, highlight variations of this optimization technique found in the literature.

Clustering and Code-book approaches. Weight clustering, often via K-means, has been
used as an effective weight sharing technique [173, 77, 373]: in DeepCompression [140],
weights with similar values are clustered together and a codebook is generated; simi-
larly but in the Fourier domain, CNNPack [354] clusters nearby DCT frequency coeffi-
cients; in Deep k-means [373], a regularization mechanism is used to learn filters where
rows below to one of the k-rows clusters. The centroids and clustering indices gener-
ated by these methods can be further compressed by either quantizing the centroids and
re-calibrating their values, by means of lossless compression techniques (e.g. Huffman
encoding [119]) [113, 66], or both, as is the case in DeepCompression and CNNPack.

Quantization. Quantization allows for model size reduction and inference speedup with-
out changing the model architecture. The most extreme form of model quantization is bi-
nary networks [72, 228, 376], which replace convolutions with bit-shifts resulting in 58×
inference speed-ups [281]. Ternary and 2-bit models [215, 341, 123] achieve higher accu-
racies while alleviating some the challenges of training binary networks [11]. However, it
is 8-bit quantization [175, 198, 348] that has attracted the most attention due to its balance
between accuracy, model size reduction and inference speedup. Whether it is applied after
training [372, 140] or during training [175, 309, 347], quantization has become, along with
pruning, the go-to methods for reducing memory and computational footprints of CNNs.
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We refer the reader to Section 2.1.2 for further details on how quantization works and, how
it has been used to compress models and accelerate inference in the recent literature.

Knowledge distillation. When a large and accurate model is available, its generalisa-
tion capability and knowledge about the task at hand can be transferred to a smaller net-
work [157]. In the literature, the former is often referred as to teacher, while the latter
gets labeled as student network. Knowledge distillation (KD) was first framed as a logits
transferring problem by which the student network uses the soft labels outputted by the
teacher as targets for guiding the training process [157, 344, 220, 61]. However, logits
transfer alone can result in the student network to fail when generalizing to unseen inputs.
To alleviate this, a teacher assistant module can be introduced to guide the mapping of fea-
tures between teacher and student, preventing overfitting at the expense of increasing the
complexity of the training process [251, 267, 109]. In certain settings, the teacher and stu-
dent would be using different (albeit related) datasets. For example, the former could have
be trained on ImageNet while the latter has to generalize to a smaller proprietary dataset
for image classification. For KD to work, several domain adaptation techniques have been
proposed [93, 390] and introduced during training, often as regularization terms added to
the loss. We refer the reader to the survey work of Gou et al. [129] for a detailed overview
on existing knowledge distillation methods.

While most of the works previously referenced focus on a single compression strat-
egy, others make use of several of these techniques and construct in this way multi-stage
compression frameworks: the already mentioned DeepCompression stacks pruning, quan-
tization, clustering and lossless encoding stages; CNNPack uses the same set of techniques
excluding the initial pruning phase; or Adadeep [231], which relies on SVD, magnitude-
based weight pruning and separable filters as in Bhattacharya & Lane [35].

3.2.2 On-the-fly Compression Frameworks

The techniques previously mentioned successfully construct compact model representa-
tions offering different levels of trade-offs between compression ratio and application per-
formance (e.g. classification accuracy) However, they are susceptible of requiring a sym-
metric decompression stage before inference can begin. For example, if a framework used
unstructured pruning and stored the sparse weights in CSR format, but the software stack
on the target device does not support sparse operations (or they come with significant over-
heads), transforming the weights into their dense representation would be needed, increas-
ing the runtime memory as a result. Similarly, if a model has been compressed using
heterogeneous bitwidth quantization (e.g. 8-bits and lower) but the target platform does
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not natively support such numerical resolutions, casting to the closest supported bitwdith
would be required, likely resulting in higher memory footprint. When these hidden1 costs
arise, the benefits of having a compressed model on-device are voided the moment the
model performs inference and, as a result, the compression benefits get relegated to easing
the impact of distributing such models over the network [282] or when storing them.

We define on-the-fly compression methods as those that explicitly account for such de-
compression stage on the target device and include their associated compute and memory
overheads at design time. On-the-fly methods trade model size and data movement costs
for additional compute when decompressing each layer at run time. The challenge is to
design a compression strategy that significantly reduces model size, preserves model ac-
curacy and, is computationally simple to revert. Concretely we label as on-the-fly those
compression-first frameworks that: (1) require a single-step inflation stage by which the
compressed model parameters are fully materialized; (2) such inflation stage is performed
on-demand, i.e. at each layer and for each input, without requiring the entire model to be
fully decompressed on-device; therefore, (3) the inflation procedure has to be lightweight
and without requiring such processing to be amortized over many inference stages; finally,
(4) on-the-fly methods use compression as a means to reduce data-movement overheads,
balancing the costs of decompressing the model parameters with the latency savings due to
reduced off-chip or main memory accesses.

From the literature, we can identify several compression methods that, although never
framed in such way by the authors, could be labeled as on-the-fly. For example, compres-
sion frameworks relying on truncated SVD representations of fully-connected or convo-
lutional layers [77, 412, 383, 205], where parameters can be constructed by reverting the
matrix factorization stage at run time. In HyperNetworks [136], an auxiliary neural net-
work is used as a universal generator for each layer’s weights in the main network given
a low-dimensional embedding. Both, the weights generator and the layer embeddings are
trained end to end, with the former being shared across layers or groups of layers. We
see HyperNetworks as the prototypical on-the-fly compression framework. However, since
their introduction and due to the memory overheads of the generator network, the use of
hypernetworks has shifted instead to methods that focus on their adaptive generation capa-
bilities [42, 233, 311, 339], instead of on their compression properties. In DCFNet [277],
filters are constructed as a dense combination of Fourier-Bessel bases that are generated de-
terministically at run time. Since the basis are deterministic, a negligible amount of index-

1We call them hidden because they only become evident after deployment on specific platforms and, when
the model needs to be used for inference. With an specialized accelerator [139], multi-stage compression
frameworks such as DeepCompression can be accelerated.
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ing parameters are needed for their construction, reducing the model size to just the weight-
ing coefficients. These properties made this method the closest to the work presented in
this chapter. In addition to Fourier-Bessel bases, the authors also evaluate the compression
capabilities of using random bases and, PCA bases computed from a pre-trained model.
DCFNet can also be implemented in such a way that the explicit generation of filters is
avoided. This is achieved by first convolving the inputs with the basis and then perform-
ing a linear combination of the intermediate outputs. Although such formulation translates
into latency savings, this DCFNet variant cannot be considered as on-the-fly. Finally, in
WSNet [184] training a CNN is framed as learning a single weight matrix per layer. Then,
the filter tensor in a given layer is constructed by a tiled sampling of the weight matrix,
inducing in this way high levels of parameter sharing across channels. The sampling is de-
terministic and defined at training time. If filters are constructed from overlapped patches,
this will result in redundant computations during inference. This can be avoided by fram-
ing such convolution as variant of the integral image algorithm [337], which speedups the
inner product at the expense of some pre-processing overheads for both operands. WSNet
was recently extended [393] adding better support for 3×3 convolutions.

3.2.3 FPGA-based CNN Inference Engines

The emergence of CNNs as a core component of modern ML systems spawned an interest
for custom FPGA-based accelerator designs during the last half of the decade. This trend
continues today. Among the plethora of designs, one of the most widely adopted paradigm
is the single computation engine [132, 4, 197, 408, 379, 196], where a powerful processing
engine is time-shared to sequentially execute the layers in the CNN. This approach enables
the reuse of the accelerator resources across various CNNs and minimizes the need for
fabric reconfiguration upon deployment. In other words, they offer a balanced trade-off
between programmability and performance.

3.2.3.1 Single Computation Engines for tiled GEMM-based Convolutions

To execute various types of layers with operands of varying shapes, the core of a CNN
engine comprises a parametrized array of processing elements (PEs) that execute a block
general matrix multiply or GEMM. By interpreting convolutional and linear layers as a
matrix multiplication, both types of layers can be described under the same formulation.
Borrowing notation from Kouris et al. [196], convolutional layers can be described as:

CONV < H,W,Nin, Nout, KH , KW , SH , SW , Z > (3.1)
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Figure 3.1: Overview of the main components in a typical GEMM-based CNN FPGA engine.
Unrolled in memory input of dimensions 1×Nin×H×W for a convolutional layer with K×K and
Nout output channels are loaded via Direct Memory Access (DMA) on to the respective FPGA
buffers. This process is done in a 〈TR, TP , TC〉 tiled fashion, generating a single TR×TC output tile
after accumulating over

⌈
P
TP

⌉
matrix multiplications.

where H and W denote the height and width of the input tensor, Nin and Nout the
number of input and output channels, KH and KW the spatial dimensions of the filters, SH
and SK the striding applied along each dimension and, Z the zero padding for the inputs.
Similarly, the dot products in linear layers can be formulated as:

CONV < 1, 1, Nin, Nout, 1, 1, 1, 1, 0 > (3.2)

In this manner, a CONV layer with Nin H×W input activations, Nout output channels,
K×K filters, Z zero padding and S stride involves the multiplication between anR×P un-
rolled activations matrix and a P×C unrolled weights matrix in order to produce a R×C
output matrix, with R=

⌈
H+2Z−K

S
+ 1
⌉ ⌈

W+2Z−K
S

+ 1
⌉
, P=NinK

2 and C=Nout. In Fig-
ure 3.1 we illustrate the main components involved in the design of an FPGA-based CNN
engine using the syntax presented in this subsection.

The GEMM unit is parameterized by the triplet 〈TR, TP , TC〉, which results in tiling
the multiplication of the unrolled matrices along each dimension 〈R,P,C〉. The choice of
tiling dimensions is generally a function of the number available PEs (TC) and their width
(TP ). In this way,

⌈
P
TP

⌉
TR×TP (input) and TP×TC (weights) tiles are loaded from off-

chip memory, multiplied and, accumulated over producing a TR×TC output tile. This is
equivalent to an output stationary dataflow [60, 89]. In this chapter we follow this dataflow
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since its design minimizes the energy consumption related to the reading and writing of
partial computations during the GEMM, alleviating in this way the data movement costs
and, aligning with the objectives of on-the-fly formulation previously introduced.

3.2.3.2 Limitations of single computation CNN engines

Despite the flexibility introduced with single computation designs, performance is often
bounded by two factors: layers with low compute-to-communication ratio that become
memory-bound [196, 266, 239]; and, suboptimal mapping of diverse CNN layers on the
fixed engine configuration, leading to underutilized PEs [239, 332, 407] due to the mis-
match of diverse layer shapes (e.g. 3×3 vs 1×1 convolutions). These two factors set a hard
limit to the actual sustained performance that this family of accelerators can reach, indicat-
ing an emerging need for novel solutions to minimize their impact. These limitations are
exacerbated as multiple applications are collocated on a single device. The work presented
in this chapter focuses on alleviating the memory-boundness of CNN layers by storing
their compressed weights representation on-chip or, in main memory for larger models,
and always reconstruct them on-the-fly. Intuitively, this should also translate into a better
utilization of the available computational resources.

The memory bandwidth problem faced by CNN engines has been studied in previous
work. EIE [139] uses the multi-stage DeepCompression framework to significantly com-
press (over 95% compression ratio) parameters in fully connected layers. However, as these
layers have been mostly abandoned in modern CNNs, its applicability is limited. Angel-
Eye [134] compresses all layers through precision quantization. Cambricon-X [410] trans-
fers only the non-zero weights, while Cambricon-S [417] and Scalpel [399] apply coarse
weight pruning, but with significant accuracy drop. Shen et al. [297] exploits large batch
sizes to increase weights reuse and, thus, is not suitable for latency-critical applications
that cannot tolerate batching [332]. Focusing on reducing the memory footprint of layer
activations, Chen et al. [13] fuses adjacent layers to cache intermediate activations, while
Eyeriss [60] and others [258, 270] employ encoding schemes to minimize their bandwidth
footprint. Other solutions have either relied on large devices [22] and multiple FPGAs [106]
to fit all weights on-chip, or utilized highly customized designs to exploit multi-precision
cascades [197] or fine-grained pruning [238] at the cost of notable accuracy drop.
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3.3 On-the-fly Weights with OVSF Codes

In this section we identify Orthogonal Variable Spreading Factor (OVSF) codes as an at-
tractive choice to facilitate the generation of model parameters on-the-fly. We show that
these can be used as a base over the real field, guaranteeing models using them to be indis-
tinguishable from regular models that are not on-the-fly. These codes can be constructed
recursively following a deterministic algorithm, largely simplifying the design of the code
generator instance running along side the network inference process. The deployment of
such models could be simplified even further by not generating the OVSF codes on de-
mand but storing them instead as part of the model. Since these are binary and, shared
across channels and layers, they represent a negligible portion of the artifact to deploy.

This section first provides a brief historical context for OVSF codes and two approaches
to construct them. Then, we show how OVSF codes are used to construct filters in CNNs,
how they are introduced in the training process and, limitations that arise when using them.
We then introduce an adaptive regression stage that enables transforming standard models
into on-the-fly models requiring just a few iterations of re-training. Finally, we describe
unzipFPGA, a framework that introduces a novel CNN hardware architecture with cus-
tom memory organization and datapath for on-the-fly generation of CNN weights in single
computation FPGA-based CNN engines.

3.3.1 Re-purposing OVSF Codes for Model Compression

The chosen OVSF codes are a set of mutually orthogonal binary codes originally designed
to split in the frequency domain signals from different users in W-CDMA based 3G cellu-
lar systems [8]. Using them as channelization codes allowed for communication channels
remain orthogonal in multi-user access scenarios, reducing signal interference while dra-
matically increasing system capacity.

These codes can be obtained using Sylvester’s construction algorithm for Hadamard
matrices. In this way, given H0 = [1] and H2, subsequent H2k expansions are defined by:

H2 =

[
1 1
1 −1

]
, H2k =

[
H2k−1 H2k−1

H2k−1 −H2k−1

]
= H2 ⊗H2k−1 (3.3)

where H2k is an L×L Hadamard matrix, with L = 2k, k ∈ N and ⊗ is the Kronecker
product. Each row for k > 1 is an OVSF code fulfilling the properties of being binary and
orthogonal to each other. This will enable us to use them as basis for RL when defining the
filter construction process in Section 3.3.1.1. An alternative formulation [98], allows for
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Figure 3.2: Fully constructed binary tree with OVSF codes of lengths L ∈ 2, 4, 8. Each code can
be individually addressed as CL,K where L is referred to as spreading factor in the telecoms jargon
and K the code index. For example, C2,2 is equal to the second row in H2 in Equation (3.3).

the construction of OVSF codes as a recursive expansion of a perfect binary tree. Such tree
is depicted in Figure 3.2 for OVSF codes of up to length L = 8. This formulation allows
the retrieval of individual codes, at both leafs and intermediate nodes, without having to ex-
plicitly generate the entire tree. This property of lightweight generation of individual OVSF
as well as the fact that the construction process is recursive and deterministic, make OVSF
codes an attractive basis over which ML models can be defined and generated on-the-fly. In
addition and, unsurprisingly given the maturity of the W-CDMA standard, several efficient
hardware implementations of OVSF code generators have proposed [15, 190, 286, 275] by
the wireless community.

3.3.1.1 Constructing filters with OVSF Codes

By treating the set of L OVSF codes as a base spanning RL, we can define the construction
process of an arbitrary real-valued vector vvv′i as the linear combination of such codes:

vvv′i =

bρ·Le∑
j=0

αjib
j
i , Ei = ‖v′i − vi‖

2
2 =

∥∥∥∥∥∥
bρ·Le∑
j=0

αjib
j
i − vi

∥∥∥∥∥∥
2

2

< ε (3.4)

where αααi = {α0
i , α

1
i , α

2
i , ..., α

L−1
i } are weighting coefficient, bbbji is the j-th OVSF binary

code of length L and, ρ ∈ [ 1
L
, 1] is the ratio of codes to use in order to construct vivivi. The

expression on the right measures the difference between a real-valued standard vector of
length L, vvvi, and vvv′i. Intuitively, ε→ 0 as we increase the ratio of binary codes used.

41



OVSF
Generator

...

Linear
combination

Reshape

Weighting coefficients
learnt during training.
One coefficient/scalar
per OVSF code

Reshape vector into
filter tensor shape

Weights Tensor

Layer Weights
Tensor

Figure 3.3: Constructing filters of a CNN layer using OVSF codes. A filter of shape Nin×K×K
is obtained by performing a linear combination of L̂ = bρ · Le of length L = Nin×K×K, with
ρ ∈ [0, 1]. Then the N×1 vector is reshaped to the target filter’s shape. If the convolutional layer
has Nout output channels, this process is repeated that many times concatenating the results.

When constructing matrices from OVSF codes or higher-dimensional tensors, a reshap-
ing stage follows the linear combination shown in Equation (3.4). In this way, if the weights
tensor of a given convolutional layer is of shape Nout×Nin×K×K, the construction pro-
cess using OVSF could be framed as the concatenation of Nout Nin×K×K filters using
codes of length L = Nin×K×K and up to L of such codes. This scenario is illustrated
in Figure 3.3. This process can be constructed at different granularity levels, as discussed
later in Section 3.3.2, each with a different compute overhead.

In certain scenarios, a pre-trained model with standard convolutions might be available.
In such cases, the formulation in Equation (3.4) could be reinterpreted as a minimization
problem and regress the set of ααα∗i that minimize the difference w.r.t the standard filter f̂i as

ααα∗=argminα

∥∥∥f − f̂∥∥∥2
2
, which can be implemented as a 2-layer MLP regression stage. We

provide further details on how this is implemented in Section 3.4 with results in Section 3.5.

3.3.2 On-the-fly OVSF Models: Training and Limitations

Unlike standard CNNs, architectures using OVSF codes do not learn convolutional filters
directly. Instead, they learn weighting coefficients for each OVSF code. In the forward
pass, the filters are individually generated prior to convolving with the input. Then, infer-
ence proceeds as normal. During back-propagation, only the weighting coefficients {α}Lk=1

of each layer are updated.
Despite the simplicity of OVSF codes as a straight drop and replacement option for

standard convolutional layers, the nature of OVSF codes and the filter generation process,
presents several challenges:
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• OVSF codes are of power-of-two length. This constrains the generation of filters
with all Nout, Nin, and K being a power-of-two integer. While this might be rea-
sonable for the input and output channel dimensions, it prevents the construction of
3×3 filters, which are now ubiquitous in modern architectures. We evaluated two
approaches to overcome the limitation of generating 3×3 filters using OVSF codes:
first, by learning a 3×3 crop from a 4×4 filter (which can be represented using OVSF
codes); secondly, by means of an auxiliary layer that performs adaptive average pool-
ing transforming a 4×4 filter into the desired 3×3 shape.

• Choice of basis. Model compression is only achieved when ρ < 1, which raises
the question of which bases to choose from the total L available for OVSF codes of
length L. One approach would involve choosing the first L̂ = bρ · Le, potentially
allowing for further optimizations on the OVSF code generator design. Alternatively,
basis could be greedily dropped during training based on the magnitude of their as-
sociated weighting coefficient. A similar strategy has been adopted by some pruning
frameworks. We analyze the impact on model accuracy for these two strategies for
choosing OVSF codes that span RL.

• Filter generation overheads. Despite the simplicity of the filter construction pro-
cess, it can account for a sizeable portion of the compute needed for inference at each
layer. The procedure presented earlier and described in Figure 3.3 is of complexity
O(Nout(NinKK)

L̂
L
+1), which becomes a problem at deeper layers of the network.

The construction process can be simplified by framing it as a 2-level concatena-
tion where first Nin K×K OVSF-based matrices are constructed and concatenated.
Then this process is repeated Nout times, reducing the computational complexity to
O(NoutNin(KK)

L̂
L
+1). Both approaches share the same properties, including the

same number of parameters when perfectly (i.e. ρ = 1) constructing an arbitrary
filter, but at different granularities.

3.3.3 A Hardware Weights Generator using OVSF Codes

Of particular concern when it comes to the deployment of models using on-the-fly weights
constructed from OVSF codes are the costs associated to generating the filters at deeper
layers in the network. As these costs grows at least linearly with the number of chan-
nels, in order to attain high performance, the weights generation algorithm is mapped to
hardware via two techniques: a tiled weights generation (TiWGen) stage and a hardware
weights generator (CNN-WGen) block. Together, they represent the hardware-level contri-
bution of the proposed unzipFPGA framework. Their parameterization is exposed to the
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Figure 3.4: Overview of unzipFPGA’s architecture. In this example, the weights tile is split into
three sub-tiles that are generated sequentially by CNN-WGen. The OVSF Generator uses a FIFO
buffer to store OSVF codes and, logic to serve and re-insert them efficiently. The Alpha Buffer
stores the {α}Lk=1 coefficients learnt during training. The combination of OVSF codes is performed
in the M -wide array of multipliers and adders. Then, the corresponding sub-tile in the TP×TC tile
is updated. The control unit (CU) resets the state of the accumulators between sub-tiles updates.

system-level design space exploration (in A.4) to yield the highest performing allocation
of resources between CNN-WGen and the CNN engine for a given CNN-FPGA pair.

As introduced in Section 3.2.3 and illustrated in Figure 3.1, convolutions and fully con-
nected layers can be interpreted as block-wise matrix multiplications, where tiles in the
unrolled input and weight matrices are multiplied in the CNN engine comprised of an ar-
ray of PEs. Under the on-the-fly formulation previously presented, the layer weights are
not present in off-chip memory as these have to first be generated by linearly combining
{α}Lk=1 coefficients with their respective OVSF codes. The TP×TC weights tile is gener-
ated by CNN-WGen. Figure 3.4 shows the complete architecture used for unzipFPGA.
The remainder of this section describes its implementation and design choices.

3.3.3.1 Tiled Weights Generation

To be able to target layers of various dimensions, we introduce a sub-tiling method that di-
vides each TP×TC weight tile into

⌈
TPTC
M

⌉
sub-tiles of length M . In this way the data flow

of diverse layers are identical to each other. Furthermore, M provides a tunable trade-off
between weights generation speed and resource consumption: higher values of M would

44



Algorithm 1: Generation of a layer’s weights using TiWGen. Each TP×TC tile of the
weights matrix is processed sequentially (line 1) by partitioning each tile into

⌈
TPTC
M

⌉
sub-tiles (line 2). After all basis vectors of the current sub-tile have been processed (lines
4-9), the associated part of the output tile is updated, proceeding then to the next sub-tile.
When all sub-tiles of a tile have been generated, the weights matrix is updated (line 12)
and the algorithm continues to the next tile.

Input: Layer’s weights matrix shape: P × C = NinK
2 ×Nout, row and column

tile sizes TP and TC , α values with α ∈ RNinNoutdρK2e
Output: Weights matrixW

1 for t← 1 to
⌈
P
TP

⌉
·
⌈
C
TC

⌉
do // tiles loop - # PIPELINE

2 for i← 1 to
⌈
TPTC
M

⌉
do // sub-tiles loop - # PIPELINE

3 sub-tileti ← 0
4 for j ← 1 to ρK2 do // basis vectors loop - # PIPELINE
5 for k ← 1 to M do // # UNROLL
6 incrk ← vecj(k) · αk // Multiplier array
7 sub-tileti(k)← sub-tileti(k) + incrk // Adder array
8 end
9 end

10 tilet ← UpdateTile(tilet, sub-tileti)
11 end
12 W ← UpdateMatrix(W , tilet)
13 end

result in fewer but larger sub-tiles requiring more compute resources to instantiate the re-
quired M -wide vector units in CNN-WGen; on the other hand, for lower values of M ,
fewer resources would be needed at the expense of requiring more steps to fully generate
the weights tile since, as described in Algorithm 1, this is a sequential process.

3.3.3.2 A Hardware Weights Generator

The microarchitectural design of CNN-WGen is comprised of three main components: a
compute datapath formed by two vector arithmetic units (multiplier and adder arrays); the
Alpha buffer storing the α values; and, the OVSF generator responsible for outputting
OVSF codes to generate the M -sized vector sub-tiles as dictated by the TiWGen scheme.

CNN-WGen’s strategy for mapping TiWGen pipelines the three outer loops over tiles,
sub-tiles and basis vectors, and unrolls the inner loop that processes the M -sized sub-
tile. For such unrolling, CNN-WGen employs two M -wide vector units that perform M -
parallel multiplications and additions, respectively. In this manner, tuning M can balance
the parallelism-resource usage trade-off.
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Compute Datapath. The vector arithmetic units in the CNN-WGen block must have
a fixed number of inputs that meets the DSP resources of the target FPGA. For the i-th
sub-tile (line 3 in Alg. 1), ρK2 vectors of size M are produced by the OVSF generator and,
the associated α values fetched from the Alpha buffer, are fed to the multiplier array in a
pipelined manner. All M elements are processed in parallel by the M -wide vector units,
leading to the unrolling of the inner loop on line 5 of Alg. 1. The adder array processes
the outputs of the multiplier array by accumulating the ρK2 intermediate results. Finally,
when the processing moves to the next sub-tile, the control unit (CU in Fig. 3.4) resets the
accumulators’ state. The notation using K accounts for weights already being adjusted to
be 3×3 or other K ∈ Z, not restricted to a power-of-two number.

Alpha Buffer. Following TiWGen, each sub-tile contains weights from Nf distinct
K×K filters as in Eq. 3.5. To sustain the throughput of CNN-WGen, an equal number of
αs has to be fetched in parallel from the Alpha buffer. This is accomplished by design-
ing the buffer with appropriate memory organization and addressing. Each layer contains
NinNout dρlK2

l e distinct α values. The RAM blocks are organized with NAlpha
P =Nf ports

and a depth of DAlpha as in Eq. 3.6 to accommodate NL layers.

Nf =

⌈
min(TP ,M)

K2
max

⌉⌊
M

TP

⌋
+ mod(M,TP )

⌈
M

K2
max

⌉
(3.5)

DAlpha =

for each layer︷︸︸︷
NL∑
l=1

no. of α values︷ ︸︸ ︷
N l

inN
l
out

⌈
ρlK

2
l

⌉
NAlpha
P

( Buffer depth ) (3.6)

where NL is the number of layers, N l
{in,out} the l-th layer’s number of input/output chan-

nels and ρl the compression ratio.
OVSF Generator. The generation of OVSF codes is also done in a blocked manner

with a tile size of M . To produce the i-th sub-tile, the OVSF generator has to feed the
compute datapath with ρK2 codes that are tiled as dictated by TiWGen’s parameter M . In
order not to slow down the operation of CNN-WGen, the OVSF generator has to match the
processing rate of the vector units by providing a bandwidth of M bits/cycle. To achieve
this, the OVSF generator utilizes an OVSF FIFO buffer storing the (K2

iK
2
i )-bit OVSF codes

for a given layer i. Since these are binary, they can be stored in a very compact manner.
Further details and a diagram af the OVSF generator are presented in Appendix A.2.
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3.4 Experimental Setup

On-the-fly models with OVSF codes are evaluated along two dimensions: first, we focus
on measuring their performance in terms of model accuracy at different compression ratios
for both image and audio classification tasks; then, we evaluate the attainable increase in
throughput that results when generating the layer weights on-the-fly with CNN-WGen under
the unzipFPGA formulation as opposed to retrieving them directly from off-chip memory.
In this section, we describe the experimental setup for both set of experiments and provide
details about the model architectures, the datasets and, the FPGA platforms used.

3.4.1 Datasets and Tasks

We evaluate on-the-fly models on image classification and speech classification tasks. The
former is evaluated on ResNet-{18,34,50} [146] and SqueezeNet 1.1 [173] on CIFAR-
10 and ImageNet. For the latter we implement a custom 3-layer CNN architecture that
consumes MFCC2 representations of the inputted audio samples from the SpeechCom-
mands [358] dataset. Datasets and architectures, as well as their parameterization, are
described next.

Image classification. We conducted our experiments on two popular datasets for image
classification: ImageNet and CIFAR-10. ImageNet is a large-scale image classification
dataset, which contains 1000 categories and a total of 1.33 million color images. These im-
ages vary in dimension and resolution and are generally resized and cropped to 224×224
images. The dataset is divided into training and validation data, with 1.28 million images
and 50,000 images, respectively. The CIFAR-10 dataset contains 60,000 32×32 color im-
ages in 10 classes, with 6,000 images per class. There are 50,000 training images and
10,000 test images, with equal number of images per class in both training set and test set.

We have implemented OVSF-based convolutional layers and their associated training
pipeline on top of PyTorch (1.5) [272]. To derive the OVSF models, we modified the official
PyTorch-based ResNet architectures by replacing all 3×3 convolutional layers within resid-
ual blocks with their OVSF counterparts. In all our ImageNet experiments, we employed
pretrained models from torchvision (0.6.0) and transformed them into their OVSF counter-
parts following a regression stage. Then, the models were fine-tuned for 30 epochs using
Adam [191] and learning rate decay every 10 epochs. For each given model, we trained
two OVSF variants following different distributions of ratios ρ for each 3×3 convolutional

2Mel-frequency cepstral coefficients (MFCCs) are commonly used as features in speech recognition sys-
tems. These are hand-crafted features and part of the ETSI [73] standard for mobile communication systems.
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layer in each of the four residual blocks. First, OVSF50 with ratios=[1.0, 0.5, 0.5, 0.5]; and
OVSF25 with ratios=[1.0, 0.4, 0.25, 0.125]. We follow the same procedure and ratios for
SqueezeNet’s Fire modules. For CIFAR-10, we train all models from scratch using the
same architectures as for ImageNet with the exception of having smaller 3×3 input convo-
lutional layers, no pooling layer after the first convolutional layer and, reduced final fully
connected layer outputing a 10-element tensor. We trained models for 180 epochs using
batch size of 128 and, initial learning rate of 0.1. In addition to OVSF50 and OVSF25,
we evaluate the impact on model performance for: OVSF100, which keeps ρ=1 across all
layers; OVSF75, with ratios=[1.0, 0.5, 0.6, 0.6] which results in model sizes close to the
baseline models using 3×3 filters; and, OVSF12.5 with ratios=[0.75, 0.25, 0.125, 0.125]

which compresses these further than OVSF25. Table A.3 includes a detailed breakdown of
the ρ assigned to each layer for the architectures considered in this chapter.

While the main aspect here evaluated is the accuracy retention at different compression
ratios, we also evaluate: two different approaches to extract 3×3 filters from 4×4 since the
former cannot be constructed with OVSF codes, as first discussed in Section 3.3.2. We also
compare the results between choosing the first bρ ·Le basis when ρ≤1 or greedily selecting
them during training.

Audio Keyword Spotting (KWS). KWS has become a popular always-on feature in
smartphones, wearables and smart home devices. It serves as the entry point for speech
based applications once a predefined command (e.g. “Ok Google“, “Hey Siri”, ”Alexa”)
is detected from a continuous stream of audio. Because KWS applications are always
running they follow a very efficient architectural design and are often implemented on small
dedicated microcontrollers (MCUs). These devices are constrained in terms of memory and
compute capabilities, limiting the complexity and memory footprint of the deployed model.
We used this task to evaluate the performance of on-the-fly models with OVSF codes when
scaling them down to models of memory footprint <25 KB.

We employ Google’s Speech Commands dataset, which is comprised of 65k one-second
long single-word audio clips from thousands of different people. There are 30 different key-
words that can be classified into three groups: a known expression, commands like “yes”,
“no” or “up”, “down”; silence (i.e. a audio clip with only background noise); and unknown
commands (e.g. “happy”, “Sheila”, “cat”) for the remaining 20 keyword classes. There are
a total of 12 classes: known expression (10 labels), unknown and, silence. An extended
version of this dataset [359] was released after publishing the work here described.

As for the architecture, that we name BinaryCmd (read as “Binary Command”), we
use a stack of three on-the-fly convolutional layers followed by a standard convolution,
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BinaryCmd: System Architecture
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Figure 3.5: (Above) a typical Keyword Spotting system where MFCC features are first extracted
from a stream of audio and are then passed to a neural network based classifier. (Below) a diagram
showing the main components in BinaryCmd. The input convolutinal layer uses 8×4 filters while
the next two on-the-fly layers use 4×4 filters. These can be perfectly constructed with OVSF codes
since they are a power-of-two. The number of output channels (N) is shown in Table 3.1.

Config #Filters (Nout) Strides [x, y] OVSF Ratios (ρ) Model Size OPs

A [64, 8, 32] [2, 2], [2, 2], [1, 1] [1.0, 1.0, 1.0] 24.5 KB 1.8M

B [64, 16, 16] [2, 2], [2, 2], [1, 1] [1.0, 0.5, 1.0] 22.8 KB 2.3M

C [16, 16, 16] [2, 2], [1, 1], [1, 1] [1.0, 1.0, 1.0] 15.8 KB 2.6M

Table 3.1: Parameters for each configuration evaluated for BinaryCmd and associated memory
and compute footprints. Parameters are given in triplets since there are three on-the-fly convo-
lutional layers (see Figure 3.5). For KWS evaluation, we focus on the accuracy retention when
training extremely small models and exclude the compute costs of generating the weights. The
number of operations (OPs) for inference do not account for those costs.

pooling and fully connected layers. The input to the KWS system are 49×10 MFFC fea-
tures extracted from 1 second long audio clips representing each dataset sample. The model
outputs a single scalar representing the guessed command id (i.e. one of the 10 words of
interest, a silence or, an unknown command). Figure 3.5 shows the main components of
the implemented KWS pipeline. We evaluated three variations of such architecture, vary-
ing the number of filters, striding and, the OVSF ratio ρ. The parameterization for each
model configuration is shown in Table 3.1.

This part of the experimental evaluation was implemented in TensorFlow [2] adding to
the source code provided in Zhang et al. [414]. We therefore maintained the use of Adam
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Platform Processor LUTs Flip-Flops DSPs BRAM

Zynq 7045 Dual-Core Arm Cortex-A9 218,600 437,200 900 2.40 MB
UltraScale+ ZU7EV Quad-Core Arm Cortex-A53 230,000 461,000 1,728 4.75 MB

Table 3.2: FPGA platforms used for evaluation. The Zynq 7045 is a mid-tier FPGA while ZU7EV
can be considered to be a tier higher, both are from Xilinx. On-chip memory are commonly arranged
in small blocks (e.g. 36Kb in the case of the Z7045), which can be interconnected or stacked in
various ways, hence the term BRAM, which stands for “Block RAM”.

optimizer, 30k learning iterations and initial learning rate of 5×10−4 and decreased by fac-
tors 0.2 and 0.5, after 10k iteration and 20k iterations respectively. 8-bit quantization aware
training was used and implemented with Tensorflow’s fake-quantization layers. We main-
tained the same dataset splitting ratios with 80% of the commands are used for training,
10% for validation and, the remaining for testing.

3.4.2 Target FPGA Platforms and Baselines

We deploy the larger ResNet-{18,34,50} and SqueezeNet models for ImageNet on two
FPGAs platforms in order to asses the speedups obtained from the reduction of off-chip
memory accesses when using on-the-fly OVSF-based convolutional layers.

We target two FPGA platforms with different resource characteristics: ZC706 mounting
the mid-tier Z7045 and, a ZCU104 with the larger ZU7EV, with a clock rate of 150 MHz
and 200 MHz respectively. More details about each platform are shown in Table 3.2. Our
hardware designs were synthesized and placed-and-routed with Xilinx Vivado HLS and
Vivado Design Suite (v2019.2) and run on both boards. The corresponding Arm CPU
was used to set up the off-chip memory transactions, launch the hardware execution and
measure the end-to-end performance of each design. In the evaluation, 16-bit fixed-point
precision was used. If the instantiated Alpha Buffer cannot store all the {α}Lk=1 describing
the model, these would be retrieved from off-chip memory. The available off-chip memory
bandwidth was controlled by using a different number of memory ports and amount of
word packing, spanning from 1.1 GB/s (1×) to 13.4 GB/s (12×). This allowed us evaluate
the idoneity or impact of on-the-fly models at different memory bandwidths.

As for baselines, we introduce two highly optimised single computation engines exe-
cuting: the vanilla CNNs for ResNet-{18,34,50} and SqueezeNet for ImageNet; and, their
pruned variants. For the latter, we use a state-of-the-art method [257] which applies chan-
nel pruning based on the first-order Taylor approximation contribution of each filter to the
model’s loss (i.e. importance-based pruning). This process is carried out iteratively until
a target compression ratio is reached. We refer to a pruned model that keeps 82% of the
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Model Accuracy Memory OPs A2S/A2OPs

DS-CNN [414] 94.4% 38.6kB 5.4M 2.45/17.48
CRNN [414] 94.0% 79.7kB 3.0M 1.18/31.33
GRU [414] 93.5% 78.8kB 3.8M 1.19/24.6

LSTM [414] 92.9% 79.5kB 3.9M 1.17/23.82
Basic LSTM [414] 92.0% 63.3kB 5.9M 1.45/15.59

CNN [414] 91.6% 79.0kB 5.0M 1.16/18.32
BinaryCmd-A 91.4% 24.5kB 1.8M 3.73/50.78
BinaryCmd-B 91.2% 22.8kB 2.3M 4.00/39.57
BinaryCmd-C 91.0% 15.8kB 2.6M 5.76/34.96

DNN [414] 84.6% 80.0kB 0.16M 1.05/528.75

Table 3.3: Comparison of three BinaryCmd configurations against DS-CNN, the current state
of the art for KWS applications, and other baselines presented in [414] for MCUs limited to a
maximum of 80kB of memory and 6M OPs. Values shown are for networks with 8-bit quantization.

filters as Tay82 and follow the same naming scheme for other ratios. The baseline archi-
tecture comprises the same design as the on-the-fly models but with the weights transferred
from the off-chip memory into an additional TP×TC buffer, if they do not fit on-chip as
in Figure 3.1. Both the vanilla and the pruned baseline models are parameterized with tile
sizes 〈TR, TP , TC〉 and a roofline modeling [407] is used to obtain the highest throughput
configuration for the target CNN-FPGA pair during design search exploration.

3.5 Experimental Results

We empirically evaluate models using on-the-fly OVSF-based weights from two perspec-
tives: compression potential and acceleration potential. First, in Section 3.5.1 we demon-
strate that OVSF codes can successfully construct competitive models for KWS with ex-
tremely low compute and memory footprints. In Section 3.5.2 we evaluate the performance
of OVSF models at varying compression ratios, different strategies to construct 3×3 filters
and, to select OVSF codes. Then, in Section 3.5.3 we compare the speedups obtained by
OVSF models compared to a state-of-the-art structural pruning techniques.

3.5.1 Keyword Spotting with OVSF Models

In Table 3.3 we compare BinaryCmd against DS-CNN, a CNN with depth-wise convo-
lutional layers, and all the baselines analyzed in [414]. Our configurations explore the
void space of 1M-3M OPs and 10kB-25kB. The results in Figure 3.6, show the potential
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Figure 3.6: Results comparison against architectures in [414] for the category of small microcon-
trollers. DS-CNN has never been tuned below 38.6kB and 5.4M OPs. All other configurations result
in larger and computationally more expensive models.tion time measured on the ARM Cortex-M7 microcontroller
when generating each of the filters.
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Figure 6: Number of OPs required for each filter gener-
ation method for di↵erent filter dimensions.
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Figure 7: Execution time (seconds) required for each
filter generation method for di↵erent filter dimensions
on ARM Cortex-M7.

It is worth mentioning that the execution times shown in
Figure 7 include both the filter generation itself (i.e. per-
forming the linear combination of OVSF codes) and the cre-
ation of those OVSF codes as a recursive tree (see Figure 4).
Because faster needs to generate OVSF codes of dimensions
K ⇥ K, we only need (KK)2 bits to store all of them. In
other works, by caching the OVSF codes we were able to
further reduce the filter generation stage by ⇠50%.

These measurements use a lightly optimised OVSF code
generator written in C and using 32-bit weights. We believe
further optimisations are possible, including the usage of 8-
bit weights for filter generation.

Finally, in Table 4 we show the total number of operations
required for our BinaryCmd configurations when generating
filters on the fly. By using the faster filter generation tech-
nique and caching the OVSF codes, we are able to generate
filters by increasing the inference time less than 14ms. We
also estimated the execution time required for inference (ex-
cluding filter generation) in the M7.

Model
OPs Inference Time Inference

Forward Generation Forward Generation
BinaryCmd-A 1.77M 0.40M 32.67ms 13.6 ms
BinaryCmd-B 2.27M 0.40M 41.9ms 13.6 ms
BinaryCmd-C 2.63M 0.25M 48.6ms 10.3 ms

Table 4: Inference costs of running each BinaryCmd con-
figuration on an ARM Cortex-M7 using 32-bit weights.
Forward inference time is approximated using the base-
lines measurements in [21].

5. LIMITATIONS AND FUTURE WORK
Implicit in Section 4 and Section 3, the usage of OVSF

codes comes with two limitations:
OVSF dimensionality. The nature of OVSF codes

limits them to be of length L = 2l, l 2 N. This means that
commonly used filter dimensions such as 3 ⇥ 3 or 5 ⇥ 5 are
not a possibility. This is a reason why our filters are 4 ⇥ 8
and 4⇥4. Note that a 4⇥4 filter has 1.78⇥ more parameters
than a 3⇥ 3 filter. We think this is an important limitation
of our approach.

Using OVSF codes e�ciently. Being able to generate
very cheaply a basis of RL, where L = 2l, l 2 N, makes OVSF
codes a powerful tool. However, we find that this usage of
OVSF codes to build a basis comes with a no negligible
drawback: the need to assign (learn) a magnitude to each
of the basis, as shown in Eq. 1. To e↵ectively reduce the
number of learnable parameters we will need to set ⇢ <
1 and, as shown in [29], it is a viable solution for larger
networks.

The next iteration of this work will explore two main paths
that we believe would make OVSF codes more advantageous:

Less paging. Microncontrollers often have less than
1MB of memory and slightly more flash storage (e.g. our
Nucleo-144 comes with an ARM Cortex-M7 has 512 kB of
SRAM and 2MB of flash) severely limiting the complexity
of the application that these devices can run. Although in a
normal scenarios we would like the totality of our network
to fit in memory, we might be interested in running a larger
model to perform, for example, a more complex task. Run-
ning such application would require paging (i.e. temporally
storing main memory data in flash memory) the network
parameters (i.e. filters) and such I/O operations would con-
siderably slowdown the inference process. By using OVSF
codes, ⇢ < 1 and generating the filters as described in this
work, we could reduce the time taxing access to flash mem-
ory without changing the structure of the network.

New architectures. In this work we have limited our
study of DBFs in a “traditional” CNN. Giving the binary
and deterministic nature of OVSF codes, we believe a more
in-depth search for a better architectural design should be
carried out. We are particularly interested in designing bi-
nary end to end architectures that can exploit the construc-
tion simplicity of Hadamard matrices. In addition, we used
as input MFCC hand-crafted features as they have become
standard for KWS applications. The performance of other
features or the usage of the raw audio waveform should be
evaluated.

6. CONCLUSION
We have applied a new type of convolutional layer to KWS

and shown that they are capable of giving near start of the
art accuracy levels even in architectures requiring a frac-

Figure 3.7: Number of OPs required for each fil-
ter generation method for different filter dimen-
sions.
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Figure 7: Execution time (seconds) required for each
filter generation method for di↵erent filter dimensions
on ARM Cortex-M7.

It is worth mentioning that the execution times shown in
Figure 7 include both the filter generation itself (i.e. per-
forming the linear combination of OVSF codes) and the cre-
ation of those OVSF codes as a recursive tree (see Figure 4).
Because faster needs to generate OVSF codes of dimensions
K ⇥ K, we only need (KK)2 bits to store all of them. In
other works, by caching the OVSF codes we were able to
further reduce the filter generation stage by ⇠50%.

These measurements use a lightly optimised OVSF code
generator written in C and using 32-bit weights. We believe
further optimisations are possible, including the usage of 8-
bit weights for filter generation.

Finally, in Table 4 we show the total number of operations
required for our BinaryCmd configurations when generating
filters on the fly. By using the faster filter generation tech-
nique and caching the OVSF codes, we are able to generate
filters by increasing the inference time less than 14ms. We
also estimated the execution time required for inference (ex-
cluding filter generation) in the M7.

Model
OPs Inference Time Inference

Forward Generation Forward Generation
BinaryCmd-A 1.77M 0.40M 32.67ms 13.6 ms
BinaryCmd-B 2.27M 0.40M 41.9ms 13.6 ms
BinaryCmd-C 2.63M 0.25M 48.6ms 10.3 ms

Table 4: Inference costs of running each BinaryCmd con-
figuration on an ARM Cortex-M7 using 32-bit weights.
Forward inference time is approximated using the base-
lines measurements in [21].

5. LIMITATIONS AND FUTURE WORK
Implicit in Section 4 and Section 3, the usage of OVSF

codes comes with two limitations:
OVSF dimensionality. The nature of OVSF codes

limits them to be of length L = 2l, l 2 N. This means that
commonly used filter dimensions such as 3 ⇥ 3 or 5 ⇥ 5 are
not a possibility. This is a reason why our filters are 4 ⇥ 8
and 4⇥4. Note that a 4⇥4 filter has 1.78⇥ more parameters
than a 3⇥ 3 filter. We think this is an important limitation
of our approach.

Using OVSF codes e�ciently. Being able to generate
very cheaply a basis of RL, where L = 2l, l 2 N, makes OVSF
codes a powerful tool. However, we find that this usage of
OVSF codes to build a basis comes with a no negligible
drawback: the need to assign (learn) a magnitude to each
of the basis, as shown in Eq. 1. To e↵ectively reduce the
number of learnable parameters we will need to set ⇢ <
1 and, as shown in [29], it is a viable solution for larger
networks.

The next iteration of this work will explore two main paths
that we believe would make OVSF codes more advantageous:

Less paging. Microncontrollers often have less than
1MB of memory and slightly more flash storage (e.g. our
Nucleo-144 comes with an ARM Cortex-M7 has 512 kB of
SRAM and 2MB of flash) severely limiting the complexity
of the application that these devices can run. Although in a
normal scenarios we would like the totality of our network
to fit in memory, we might be interested in running a larger
model to perform, for example, a more complex task. Run-
ning such application would require paging (i.e. temporally
storing main memory data in flash memory) the network
parameters (i.e. filters) and such I/O operations would con-
siderably slowdown the inference process. By using OVSF
codes, ⇢ < 1 and generating the filters as described in this
work, we could reduce the time taxing access to flash mem-
ory without changing the structure of the network.

New architectures. In this work we have limited our
study of DBFs in a “traditional” CNN. Giving the binary
and deterministic nature of OVSF codes, we believe a more
in-depth search for a better architectural design should be
carried out. We are particularly interested in designing bi-
nary end to end architectures that can exploit the construc-
tion simplicity of Hadamard matrices. In addition, we used
as input MFCC hand-crafted features as they have become
standard for KWS applications. The performance of other
features or the usage of the raw audio waveform should be
evaluated.

6. CONCLUSION
We have applied a new type of convolutional layer to KWS

and shown that they are capable of giving near start of the
art accuracy levels even in architectures requiring a frac-

Figure 3.8: Execution time (seconds) required
for each filter generation method for different fil-
ter dimensions on Arm Cortex-M7.

of our architecture and training formulation: up to 59% model size and 67% number of
OPs reduction at the expense of little more than 3% accuracy loss when compared to DS-
CNN. All three of our configurations simultaneously achieve top accuracy-to-size (A2S)
and accuracy-to-OPs (A2OPs) ratios meaning that BinaryCmd is a good first step towards
the design of architecture capable of providing over 90% accuracy levels with minimal
memory footprint and low computational costs.

When comparing against the other baselines in terms of the compute budget required
to run inference, we have excluded the costs of generated the OVSF-based filters on-the-
fly. As it was first discussed in Section 3.3.3, our on-the-fly formulation can be efficiently
implement with custom hardware, CNN-WGen, allowing for full control on memory hi-
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erarchies, data paths and, logic. We argue that CPUs and MCUs can still benefit from
the on-the-fly formulation with OVSF codes if a co-processor implementing CNN-WGen’s
functionality is available. Nonetheless, we measured the compute in terms of number
of operations (OPs) and latency costs of generating filters of different shapes including
some of the ones found in the three variants of BinaryCmd. These are shown in Fig-
ure 3.7 and Figure 3.8 respectively. The platform used is a SRM32F767ZI Arm Cortex-M7
with 512kB of SRAM and 2MB of flash. These measurements use a lightly optimised
OVSF code generator written in C and using 32-bit weights and weighting coefficients.
The naive approach performs a truncated combination of L̂ = bρ · Le tensors with shape
Nout×Nin×K×K, which is very computationally expensive. Both fast and faster were de-
scribed in 3.3.2: the former performs a concatenation ofNout tensors of shapeNin×K×K,
resulting inO(Nout(NinKK)L̂) and 860ms to generate the largest filter considered; the lat-
ter concatenates NoutNin matrices of shape K×K, of complexityO(NoutNin(KK)L̂). For
this approach, generating a 64×32×4×4 weights tensor took 60ms. To put these costs
in context with the baseline methods shown in Table 3.3, the total costs of generating the
three OVSF-based layers in BinaryCmd-{A,B,C} ranged between 10ms and 14ms. This
represents around 10% of the total latency of the state-of-the-art DS-CNN model which
required 131ms on the same Cortex-M7 MCU [27].

The main takeaways from this first evaluation of on-the-fly models with OVSF codes
on the lightweight but challenging task of KWS are two fold: OVSF-based models can
compete with other type of layers while using fewer parameters and operations during
inference despite requiring a more complex training procedure; second, the costs associated
to the construction of filters, even for models with small memory footprint, is not negligible.
This last point motivated the exploration of ways to accelerate this workload, resulting in
the weights generator, CNN-WGen and, the rest of the unzipFPGA infrastructure.

3.5.2 Image Classification with OVSF Models

In Table 3.4 we compare the performance of on-the-fly OVSF models for image classi-
fication on CIFAR-10 at different compression ratios, methods for extracting 3×3 filters
and, strategies for selecting OVSF codes when ρ<1. First, we evaluate on ResNet-18 and
ResNet-34 following the same architecture that will later be used for ImangeNet. The only
difference is the replacement of the final fully connected layer to match the number of
classes, as well as the input convolutional layer to accommodate for the smaller input size
of 3×32×32 instead of 3×224×224. For OVSF100, OVSF75 and OVSF50, both architec-
tures maintain their respective accuracy levels regardless of the basis selection strategy or
method to extract a 3×3 filter. Only when seeking higher compression ratios with OVSF25
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Model Arch. Basis Filters OVSF100 OVSF75 OVSF50 OVSF25 OVSF12.5
(baseline) Strategy to 3×3 Param. Acc. Param. Acc. Param. Acc. Param. Acc. Param. Acc.

ResNet18
( 93.2%
11.2M )

Sequential Crop

19.7

93.9

10.6

93.9

9.1

93.7

3.6

92.9

2.9

91.8
Adaptive 93.7 93.9 93.8 93.0 91.5

Iterative Crop 94.1 93.6 93.6 93.6 93.6
Adaptive 94.0 93.7 93.8 92.3 90.4

ResNet18†

( 91.3%
0.27M )

Sequential Crop

0.48

90.8

0.27

90.9

0.25

90.8

0.15

88.3

0.1

83.0
Adaptive 91.1 91.2 91.2 88.5 81.8

Iterative Crop 91.1 91.3 91.3 91.4 90.4
Adaptive 91.2 91.4 91.4 91.0 90.4

ResNet34
( 93.9%
21.3M )

Sequential Crop

37.7

94.1

20.2

93.7

17.6

93.9

7.2

93.4

5.2

92.0
Adaptive 94.3 93.9 94.0 93.4 91.8

Iterative Crop 94.1 93.6 93.8 94.3 93.9
Adaptive 93.8 93.8 93.7 93.2 91.4

ResNet34†

( 92.1%
0.46M )

Sequential Crop

0.82

92.3

0.54

91.7

0.43

91.4

0.26

89.3

0.16

84.1
Adaptive 92.2 91.5 91.5 89.2 82.4

Iterative Crop 92.3 92.2 91.8 92.2 91.2
Adaptive 92.4 92.1 91.7 91.7 91.1

Table 3.4: Analyzing the impact on accuracy for each basis selection strategy (relevant when ρ<1)
and method to obtain 3×3 filters from 4×4 OVSF filters. Models trained on CIFAR-10 on the
commonly used ResNet-18/34 implementations for this dataset. We also test on the much smaller
variation of such architectures (†) proposed by He et al. [146]. Performing an iterative drop of basis,
as opposed as taking the first bρ ·Le, consistently results in better models. As model size is reduced,
taking a 3×3 crop from a 4×4 filter performed better than using an average pooling stage.

and OVSF12.5, we observe that performing a greedy selection of OVSF codes as opposed
of taking the first bρ · Le works better. In addition, taking a 3×3 crop out of a 3×3 filter
shows up to 3 percentage points (pp) improvement compared to using an adaptive aver-
age pooling for this purpose. This becomes evident in the OVSF12.5 settings, where we
aggressively compress the last layers of the networks by discarding 87.5% of the basis.

For the much smaller ResNet-18† and ResNet-34†, that are around 37× smaller than
the commonly used version of these architectures, the impact of the approach followed to
choose which OVSF basis to utilize is more dramatic. Using an iterative approach results in
8.6 pp and 8.8 pp higher accuracy for ResNet-18† and ResNet-34† respectively. Regarding
the extraction of 3×3 filters, taking a crop also resulted in the best option in general.

Informed by the analysis on the CIFAR-10 dataset and results in Table 3.4, the experi-
ments on ImageNet were configured to take a 3×3 crop and follow an iterative greedy stage
for selecting the OVSF basis. Results are shown in Table 3.5 for ResNet-18, in Table 3.6 for
ResNet-34 and, in Table 3.7 for SqueezeNet. For ResNets, OVSF50 shows better perfor-
mance than Tay82 and ResNet18-OVF25 is as accurate as ResNet18-Tay82 while requiring
about half the number of model parameters. ResNet34-OVSF25 yields 3.7 pp higher accu-
racy than ResNet34-Tay56, despite using 25% fewer parameters. The benefits in terms of
throughput of using OVSF on-the-fly models are discussed in the next subsection.
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Model Compression Params Accuracy Performance (inf/sec)
Arch. Method (millions) (%) (1×, 2×, 4×)

ResNet-18 - 11.7 69.8 (12.0, 23.5, 40.1)

ResNet-18 Tay88 9.1 68.8 (14.3, 28.0, 46.4)
ResNet-18 Tay82 7.9 67.3 (14.3, 27.8, 45.4)
ResNet-18 Tay72 6.0 64.8 (18.2, 35.3, 57.6)
ResNet-18 Tay56 3.7 58.3 (23.8, 47.3, 82.2)

ResNet-18 OVSF50 9.1 69.2 (19.4, 33.8, 49.9)
ResNet-18 OVSF25 4.1 67.3 (19.4, 34.8, 51.0)

ResNet-18 Tay82 + OVSF50 6.3 66.2 (24.5, 43.2, 57.9)
ResNet-18 Tay82 + OVSF25 2.8 64.4 (24.5, 43.6, 59.7)

Table 3.5: Accuracy and number of parameters for ResNet-18 models on ImageNet following
different compression schemes. Performance measured on the Zynq 7045 platform at different
memory bandwidths.

3.5.3 Reducing Data Movement with OVSF Models

We now assess the actual performance gains of unzipFPGA compared to optimized ResNet-
18, ResNet-34 and SqueezeNet baselines for deployment on the Zynq 7045 and Ultra-
Scale+ ZU7EV platforms. Tables 3.6 and 3.5 show the achieved validation set accuracy
and actual performance of each design as measured on ZC706 under varying bandwidth
budget. Across bandwidths (1×/2×/4× where 4× is the 4.5 GB/s peak measured band-
width on ZC706), unzipFPGA’s OVSF50 and OVSF25 designs outperform the faithful
baseline. As bandwidth availability increases, the baseline becomes less memory-bound
and the performance gap w.r.t unzipFPGA models closes. Table 3.7 shows the compari-
son of unzipFPGA with the faithful baseline for SqueezeNet on ZU7EV with peak mea-
sured bandwidth of 13.4 GB/s (12×). Both OVSF50 and OVSF25 designs yield increasing
throughput gains as the bandwidth becomes more restricted, with OVSF25 sustaining over
57% speedup for up to 4× bandwidth.

Across architectures, at 1× bandwidth, OVSF25 offers minimal additional gains despite
resulting in smaller memory footprints. This is because, below a compression ratio, even
though the memory accesses and utilization for model parameters are further reduced, the
activations begin to dominate I/O, and hence further weights reduction does not provide
significant benefits.

Compared to the pruned baselines, unzipFPGA’s OVSF models are more resilient at
high compression ratios while resulting in similar accuracy at lower compression ratios.
In terms of throughput, unzipFPGA delivers faster processing at more constrained band-
widths. Concretely, ResNet-34-OVSF50 is 80% faster than Tay82 at 1× bandwidth, with
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Model Compression Params Accuracy Performance (inf/sec)
Arch. Method (millions) (%) (1×, 2×, 4×)

ResNet-34 - 21.8 73.3 (8.6, 16.8, 28.7)

ResNet-34 Tay82 17.4 72.7 (10.7, 21.0, 35.6)
ResNet-34 Tay72 15.1 71.9 (13.3, 25.8, 44.0)
ResNet-34 Tay56 9.4 67.8 (18.3, 36.3, 63.8)
ResNet-34 Tay45 6.3 63.1 (21.8, 43.4, 79.8)

ResNet-34 OVSF50 17.2 72.8 (18.1, 21.8, 31.1)
ResNet-34 OVSF25 7.2 71.5 (18.4, 27.3, 33.5)

ResNet-34 Tay82 + OVSF50 13.2 71.1 (18.6, 30.0, 37.3)
ResNet-34 Tay82 + OVSF25 6.7 70.6 (18.8, 31.0, 38.9)
ResNet-34 Tay72 + OVSF50 11.9 70.3 (18.8, 32.0, 40.2)
ResNet-34 Tay72 + OVSF25 4.9 68.9 (18.9, 33.3, 42.0)

Table 3.6: Accuracy and number of parameters for ResNet-34 models on ImageNet following
different compression schemes. Performance measured on the Zynq 7045 platform at different
memory bandwidths.

Model Compression Params Accuracy Performance (inf/sec)
Arch. Method (millions) (%) (1×, 2×, 4×, 12×)

SqueezeNet - 1.24 58.2 (54.7, 108.9, 217.8, 515.6)

SqueezeNet OVSF50 1.07 57.6 (97.4, 189.7, 339.1, 594.1)
SqueezeNet OVSF25 0.86 57.1 (97.4, 189.7, 342.6, 600.5)

Table 3.7: Comparing with faithful baseline on SqueezeNet on ImageNet. Performance measured
on the UltraScale+ ZU7EV platform at different memory bandwidths.

less than 1pp accuracy drop. Despite being almost identical in terms of model size and
accuracy, Tay82’s approach, which prioritizes the pruning of layers with the least accuracy
impact, leads to the pruning of mostly compute-bound layers when targeting ResNet-34.
On the other hand, ResNet34-OVSF50 compresses more effectively memory-bound layers,
leading to significantly higher throughput at low bandwidths. A similar pattern is observed
for ResNet-18.

To explore the benefits of combining unzipFPGA’s OVSF execution scheme with
channel pruning, we derive, train and map Tay-OVSF models. This approach yields com-
petitive lightweight models that are not attainable through structural pruning alone. For in-
stance, ResNet-18 with Tay82+OVSF25 is 25% smaller than ResNet-18-Tay56 and achieves
6.1 pp higher accuracy, while achieving 34.6% and 23.5% higher throughput over ResNet-
18-Tay72 with less than 0.5 pp accuracy drop. Other activation compression techniques [60,
270] can be orthogonally combined to obtain further gains. In Appendix A.3 we compare
all the architectures considered in this section with existing FPGA designs.
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Figure 3.9: Speedup over optimized ResNet-18 (a-b) and ResNet-34 (c-d) baselines when varying the
available off-chip memory bandwidth. On-the-fly models offer much faster inference stages in the context of
restricted bandwidth. This gap compared to Tay82, which does structured pruning, becomes even larger on
the Z7045, a lower-end FPGA platform. In light of these results, the on-the-fly formulation presented in this
chapter becomes a good candidate for supporting multi-tenant FPGA platforms.

3.6 Discussion

This chapter has presented the first formulation of on-the-fly models, enabling model ac-
celeration by reducing data movement. In this section we highlight some of the limitations
of the on-the-fly models presented in this work as well as some future directions for this
new compression paradigm.

Assigning ρ based on layer boundness. Across all works that collectively form this
chapter [324, 102, 333], we maintained the formulation of each of the different OVSF ra-
tios, specifically OVSF-{100,75,50,25,12.5}, which were originally defined in [324]. As
presented in detail in Section 3.4, deeper layers in the networks are compressed more ag-
gressively. This compression ratio to layer mapping often translated into memory bound
layers being assigned higher ratios. However, as newer architectural designs become more
complex, it is no longer straightforward to determine which layers would be memory
bound. Can we inform the assignment of each layer’s ρ parameter from a pre-training
stage in which we measure each layer’s level and type of boundness? Can we automate
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the discovery of each layer’s optimal ρ at training time to better capture the impact on
performance (e.g. accuracy) for compressing each layer?

Using better codes. In this first on-the-fly formulation we relied on OVSF codes due to
their properties of being easy to generate (even for very large dimensions) in a deterministic
manner. However, their simplicity also introduced limitations. Having to treat these codes
as a basis (in the Algebra sense) of RL in conjunction of the method followed to perform
a linear combination, unavoidably introduced lower-bound ρ setting a limit on how much
OVSF-based models can realistically be compressed. Can we take advantage of the recent
advancements in NAS to automate the discovery of codes that are (1) easy to generate on-
the-fly, (2) deterministic and, (3) expressive enough so only a few of them are needed to
represent large portions of the weights tensor?

Multi-tenant applications. The on-the-fly formulation for image classification models
and the approach to generating them using custom hardware with CNN-WGen, demon-
strated superior performance to structured pruning in settings with restricted memory band-
width. This can better be observed in Figure 3.9. This is precisely the scenario where
on-the-fly models have the higher impact potential since their core aim is to accelerate in-
ference by reducing data movement from off-chip memory and not, at least not necessarily,
by doing fewer operations, as pruning seeks to achieve. This characteristic of on-the-fly
models would support the deployment of multiple applications running concurrently on
the same FPGA while each sharing off-chip memory resources, accessed at either 1× or
2×. For example, performing audio-visual scene understanding by means of two models
running concurrently: an object segmentation network and an audio system performing
source separation and spatial localization. This would be harder to achieve with alternative
approaches to reduce model size while retaining high accuracy, such as structural pruning.

3.7 Summary

This chapter has presented a first formulation for on-the-fly models aimed at accelerat-
ing inference by reducing the latency costs associated to data movement. This has been
achieved by learning a compressed representation of the model parameters leveraging
OVSF codes and, implementing a lightweight decompression stage by which the model
parameters are materialized ahead of computation only. Such representation is compact,
keeping the cost of instantiating the model parameters low and without outweighing the la-
tency savings of performing fewer accesses to off-chip memory or DRAM. In this chapter
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we also derived and implement CNN-WGen, a hardware weights generator for OVSF-based
models capable of sustaining high processing rates without slowing down layer inference.
The experimental evaluation in this chapter showed that: OVSF codes can be used to com-
press small and large models with little degradation for both image classification and key-
word spotting applications; we considered different ways to selecting OVSF codes for ρ<1

as well as two strategies to extract 3×3 filters; finally, we showed how models derived
and mapped using unzipFPGA outperform both status-quo and pruned CNN engines for
the same bandwidth. A ResNet-34 trained with OVSF50 is up to 1.7× faster than its struc-
turally pruned counterpart while both achieving the same accuracy on ImageNet. The bene-
fits of the formulation for on-the-fly models presented in this chapter manifest more clearly
at lower memory bandwidths, suggesting that multiple on-the-fly models could co-exist in
a given FPGA without slowing down each other when accessing off-chip memory.
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Chapter 4

Algorithms and Architecture Search for
Lightweight Inference

Inference efficiency is crucial for deployments on mobile and IoT devices that are often
constrained in terms of memory and compute and, are battery powered. Over the years,
multiple approaches have been proposed to alleviate the compute-bound nature of convolu-
tions. Among the various techniques earlier presented in Section 2.1, the use of lightweight
architectural designs and the use of quantization stand out as the de facto choices for CNNs.
In this way, the design of lightweight CNNs is often reduced to the manual or automated
discovery of (1) the minimal compute graph and, (2) the lowest bitwidth for each node’s
operands that meet the application’s performance criteria. These two optimization dimen-
sions have enabled the deployment of sophisticated CNN models on constrained devices.

A third dimension, orthogonal to lightweight architectural designs and quantization,
considers the choice between different convolution algorithms for each layer resulting in
either faster inference, lower resource utilization, or both. Each algorithm comes with
its own trade-offs [14], but in this chapter we focus on the Winograd algorithm since it
is the fastest known algorithm for convolutions of the dimensions often found in CNNs.
However, despite this being widely known by the research community, Winograd convolu-
tions are never found in deployments of models that make use of quantization and instead,
other slower algorithms such as im2row or im2col are utilized. The reason for this is
the inherent numerical error of the Winograd algorithm which is exacerbated as bitwidth
is reduced, among other factors, collectively rendering models relying on this algorithm
unusable due to a very severe accuracy degradation.

Research Question: Can we capture such errors during training to learn models that are

aware of their inherent limitation but remain accurate? Can we combine integer arithmetic

with the fast Winograd algorithm to obtain even faster convolutional layers?
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Input

3x3 
convolution

Output

Figure 4.1: Standard convolutions operate on a tile (blue) defined by the filter size, generating a
single output. Winograd convolutions operate on larger tiles without modifying the filter dimen-
sions. A 3×3 Winograd convolution operating on a 4×4 tile (red) generates a 2×2 output. This is
often expressed as F (2×2, 3×3).

4.1 Problem Setting and Contributions

The Winograd convolution performs the bulk of the computation as a Hadamard prod-
uct between weights and input in the Winograd space requiring O(n) operations. Unlike
normal convolutions, that generate a single output per convolution, a Winograd convolu-
tion computes several outputs simultaneously. This property makes Winograd convolutions
minimal in the number of general multiplications1[368]. While normal convolutions op-
erate on tile sizes matching the width and height of the filter, Winograd convolutions can
operate on larger tiles. This is illustrated in Figure 4.1. In this way, while normal con-
volutions would require 8.1K multiplications to densely convolve a 32×32 input with a
3×3 filter, Winograd convolutions operating on a 4×4 tile require only 3.6K. The speedups
Winograd convolutions offer increase with tile size.

However, exploiting the speedups that Winograd offers exposes a problem inherent in
current Winograd convolution implementations: numerical error. This error, which grows
at least exponentially [268] with tile size, is the primary reason why Winograd is generally
only deployed with 32-bit floating point and for comparatively small tile sizes, rarely larger
than 6×6. In practice, an architecture with standard convolutional layers would first be
trained before replacing standard convolution with Winograd convolution for deployment.

In this chapter, we focus on alleviating the problem of numerical error that arises when
using Winograd convolutions in quantized neural networks. Achieving this ultimately en-
ables us to combine the speedups of Winograd with those that reduced precision arithmetic
is known to offer, among other benefits in terms of energy and area. To this end, in Sec-
tion 4.4 we present an end-to-end training pipeline that exposes the numerical inaccuracies

1General multiplications is a term commonly used in Winograd jargon referring to element-wise or
Hadamard product stage.
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latencyModel.json

Task
CIFAR-10
CIFAR-100

im2row F(2x2, 3x3) F(6x6, 3x3)F(4x4, 3x3)

per-layer
Search space 

Platform-aware
architectures with

Winograd-aware layers

wiNASQ wiNASQ INT8 WAF4
CIFAR-10 CIFAR-100

Figure 4.2: The wiNAS framework brings all the contributions presented in this chapter together. It
leverages Winograd-aware layers that capture the numerical errors of Winograd convolutions during
training. It uses a real latency model to guide the neural architecture search (NAS) stage which,
does not change the model architecture, but jointly optimizes the choice of convolution algorithm
for each 3×3 layer balancing inference speedup and numerical degradation. wiNAS automates this
process based on the target platform and task at hand. On the right, the resulting ResNet-18 macro-
architecture is shown. These diagrams are better shown in Figure A.2 in the Appendix, with wiNAS
Q and WAF4 being described in Section 4.5.1.

introduced by Winograd to the learning of the model parameters. We also address the
source of the numerical error and propose a relaxation on the form of the transformation
matrices used in the Winograd convolution algorithm. We achieve this by adding them to
the set of learnable parameters in a layer, after initializing them via Cook-Toom [201].

Finally, we introduce wiNAS, a Winograd-aware Neural Architecture Search frame-
work which leverages Winograd-aware layers and latency measurements on Arm Cortex-
A73 and A53 cores, to jointly optimize for high accuracy and low latency. This frame-
work transforms a given macro-architecture by replacing each 3×3 convolution with either
im2row or Winograd convolutions of different tile sizes. Figure 4.2 illustrates these contri-
butions in a compact manner. Before proceeding with the core contributions of this chapter,
Section 4.2 provides an overview of other works making use of Winograd convolutions, the
source of their numerical degradation and, existing hardware-aware NAS frameworks.
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4.2 Background and Related Work

Convolutions are the de facto spatial feature extractor in neural networks. As a result, a
number of approaches have emerged to reduce the computational costs of using this oper-
ator. These include: compact implementations of convolutional layers, reduced precision
arithmetic, new data formats or, the use of alternative formulations of the convolution oper-
ation. The background relevant to the former set of techniques and others was introduced in
Section 2.1. In this section, we delve into how the Winograd algorithm for convolutions has
made its way into modern CNNs, the sources of numerical degradation that have prevented
Winograd convolutions from being used in deployments using integer-only arithmetic and,
how hardware models have been integrated into NAS frameworks to guide the discovery of
hardware-aware architectures. This will be relevant when introducing wiNAS.

4.2.1 Winograd Convolutions in modern CNNs

The Winograd algorithm for convolutions was first applied to CNNs by Lavin & Gray [207],
showing 2.2× speedup compared to cuDNN [62] on a VGG [305] network, with no loss in
accuracy on small 4×4 tiles and batch one. However, exploiting Winograd convolutions on
larger input tiles is challenging due to numerical instability. This point is addressed in Sec-
tion 4.2.2. Prior to the work presented in this chapter, several works studying the suitabil-
ity of Winograd convolutions in memory and compute constrained setups were proposed.
These include: the use of integer arithmetic for complex Winograd convolutions [249]; a
general formulation for the Winograd algorithm [31] that shows promising results in FP16
and BFLOAT16 when using higher degree polynomials, as opposed to linear (degree=1)
polynomials; an efficient region-wise multi-channel implementation of Winograd convo-
lutions using GEMMs [241] that achieves 4× speedups on Arm Cortex-A CPUs; and, a
technique [232] that enables up to 90% sparsity in the Hadamard product stage of the
Winograd algorithm, effectively reducing by 10× the number of multiplications with no
accuracy loss in FP32 models. This was achieved by applying ReLU and pruning in the
Winograd domain to the input and weights tensors respectively.

More recently, several works have presented solutions to some of the limitations of
the Winograd algorithm for convolutions. These include: a method [169] that enables the
use of strides larger than one when using larger filters by decomposing the convolution
into smaller 3×3 Winograds of stride one, which in turn also translates into smaller nu-
merical degradation; an alternative solution to the same problem was presented by Jingbo
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et al. [182], which takes advantage of data dependencies in contiguous tiles when re-
formulating the Winograd convolutions in a nesting decomposition2 form; or a frame-
work that proposes the acceleration of Winograd convolutions by performing the Hadamard
product stage using integer arithmetic [216], while the model still uses FP32 weights and
activations. More recently, Li et al. [222] made use of a Winograd-like implementation
which replaces the element-wise Hadamard stage with a set of matrix additions, offering
further speedups and energy savings. A follow-up work to the one presented in this chapter
made use of Legendre polynomials to construct the Winograd transformation matrices [29]
and showed better performance when using these to initialize Winograd-aware layers.

4.2.2 Numerical Degradation in Winograd Convolutions

Unlike alternative implementations of the convolution algorithm (e.g. im2row, and others
presented in Section 2.3) that operate directly on the input and weights tensors or replicated
versions of these, the Winograd algorithm for convolutions operates on a polynomial trans-
formation domain: the Winograd domain. Operating on this domain, requires the linear
transformation of inputs and weights (pre-processing stage), perform a Hadamard product
(convolution stage) and, transform the result back to the original domain (post-processing

stage). This three-stage process is mathematically represented in Equation (4.1), which will
be presented in greater detail later. Each of the three matrix-matrix multiplications and the
element-wise multiplication, are susceptible to rounding error, and its accumulation after
each stage [154, 121]. The error bound for Equation (4.1) is proportional to three terms: the
sum of rounding error introduced when performing the linear transformations; the product
of norms, ‖ ·‖1, of of input and weight tensors; and, the product of norms of transformation
matrices G, B> and, A> [30]. This last term, which dominates the numerical degradation,
grows at least exponentially with the size of the convolution [268]. The source of this is the
ill-conditioned nature of the Vandermonde matrices—from which G, B> and, A> derive—
, where rows coefficients follow a geometric progression and are constructed from a set of
so-called polynomial points. These are implementation specific, meaning that different set
of points are needed depending on the filter and input sizes used in the convolution.

The challenge is to select a set of polynomial points that minimizes the difference be-
tween: the output of Equation (4.1), which is fast to compute but potentially highly inaccu-
rate; and, that of a direct convolution, which is slower than Winograd convolutions in most
cases but accurate as it is only susceptible to standard FP rounding error. On this front,
a few works stand out and propose: constructing transformation matrices using trimmed

2See Section 11.1 in Blahut [37]
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Vandermonde matrices and a triplet of scaling matrices that minimize matrix norms and
degradation as a result [335]; a modified Cook-Toom [201] algorithm for constructing the
transforms, which reduces the rate at which the numerical degradation grows [30] with tile
size; and more recently, the work of Liu & Mattina [235], where the Winograd convolu-
tion is performed using the Residue Number System (RNS) [254], allowing for a more
numerically stable representation of Vandermonde matrices using integers and therefore
facilitating their use in INT16 and INT8 convolutions.

In this chapter we present a data-driven relaxation on the form of transformation matri-
ces G, B> and, A>. This relaxation contributes to the easing of the numerical instability
known to affect Vandermonde matrices, which becomes more severe when operating in
reduced-precision spaces and when making use of larger tile sizes.

4.2.3 Hardware-aware Neural Architecture Search

Early forms of Neural Architecture Search (NAS) fixated in finding architecture designs
that minimize high level metrics such as model size or number of operations (FLOPs)
needed to perform inference [42, 318, 32, 230]. However, FLOPs is only a proxy metric of
the latency of a model and, as a result, it is often not possible to compare two models with
similar number of FLOPs and claim one is faster than the other [203]. Similarly, model size
accounts only for a fraction of the memory needed during inference and does not account
for other sources of memory consumption such as activations or intermediate tensor due
to layer branching (as in residual connections). Furthermore, the same model and imple-
mentation (e.g. choice of convolution algorithm, as discussed in Section 2.3) might be
optimal when running on some hardware but become severely bottlenecked on another due
to, among others, asymmetries in memory hierarchy and bandwidth and, overall compute
capabilities of the target device. Nevertheless these early attempts paved the way for more
sophisticated frameworks that do introduce various forms of hardware-awareness (e.g. la-
tency, memory peak, energy consumption, etc) into the NAS stage. Among these are:
ProxylesNAS [47], which constructs a latency model after measuring latency for all the
candidate operators in the search space for a given target hardware. Then, during search,
a latency-based term is added to the loss, penalizing the choice of slower layers; BRP-
NAS [90] proposed the use of a latency predictor implemented as a Graph Convolutional
Network (GCN) that eases the challenge of obtaining accurate and abundant latency metrics
on the target platform/s and, more accurately predicts a model’s latency than other meth-
ods [47] relying on an aggregate of layer-wise metrics; more recently, Abdelfattah et al. [5]
propose the use of zero-cost proxies which by performing forward-backward propagation
on a single batch, an accurate estimate of the model’s accuracy can be obtained, enabling
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the ranking of thousands of candidate architectures very efficiently; other frameworks such
as SpArSe [99] and µNAS [225] target MCUs and consider not only latency but also mem-
ory peak and, operation ordering during the search process. Other works have also consider
introducing energy consumption into the search space [166, 122], both in terms of peak and
average energy consumption.

The work presented in this chapter leverages NAS to find the optimal convolution al-
gorithm (i.e. im2row or different Winograd implementations) for each layer in the model
while preserving the overall network macro-architecture and model size. This will be in-
troduced later in Section 4.4.2, when presenting wiNAS.

4.3 The Winograd Algorithm for Convolutions

This section introduces Winograd convolutions and their trade-offs in terms of compute,
memory and accuracy. Then, in Section 4.4 we present the Winograd-aware layers used in
our networks, their advantages and, how they get integrated into wiNAS.

The Winograd algorithm for convolutions using linear polynomials guarantees to use
the minimum number of element-wise multiplications to compute m×m outputs using an
r × r filter. Lavin & Gray [207] refer to this minimal algorithm as F (m ×m, r × r) and
present its matrix form as:

Y = A>
[
[GgG>]� [B>dB]

]
A (4.1)

A> =

[
1 1 1 0
0 1 −1 −1

]
, B> =


1 0 −1 0
0 1 1 0
0 −1 1 0
0 1 0 −1

 , G =


1 0 0

0.5 0.5 0.5
0.5 −0.5 0.5

0 0 1


where G, B and A are transformation matrices applied to the filter g, input and output

respectively and � is the Hadamard or element-wise multiplication. In a multi-channel
convolution, the result of the Hadamard stage would normally be first summed across chan-
nels and then transformed with A. The transformation matrices shown above are default
for F (2×2, 3×3) Winograd convolutions.

These transformation matrices are commonly constructed3 as described in the Cook-
Toom algorithm which requires choosing a set of so-called polynomial points from R2. This
choice is not trivial, but for small Winograd kernels e.g. F (2×2, 3×3) or F (4×4, 3×3),

3See Section 5.2 in Blahut [37] for a step-by-step example.
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there is a common consensus on which set of points to choose. While a standard convolu-
tion using a r × r filter g would operate on a r × r input tile, a Winograd convolution ex-
pressed as Equation (4.1) expects an input patch dwith dimensions (m+r−1)×(m+r−1).
The key difference is that while the standard convolution would generate a 1 × 1 output,
the Winograd convolution would compute a m × m output. In this way, a standard 3×3

convolution requires 9 multiplications per output (mpo), F (2×2, 3×3) and F (4×4, 3×3)

require 4 mpo and 2.25 mpo respectively. This was first visualized in Figure 4.1. Theoret-
ically, these savings grow as we increase the tile or filter sizes. For the remaining of this
work and, unless stated otherwise, we will be considering only 3×3 filters and therefore
refer to F (2×2, 3×3) as F2, F (4×4, 3×3) as F4, and so on.

Having introduced the Winograd algorithm for convolutions and its notation, we now
enumerate the challenges associated with the use of such algorithm in modern CNN-based
models. These span three dimensions:

Compute. Winograd convolutions require the transformation of both tile d and filter g
to the Winograd domain. The cost of these transformations grows quadratically withm, and
can represent a significant portion of the total computation of up to 75% (Section 4.6.2).
This suggests that Winograd offers little to no speedup in layers with few filters, as it is
the case in the first few layers of most CNNs. The cost of GgG> is often ignored as it is
amortized across inferences assuming it can be pre-computed in advance.

Memory. In Equation (4.1), GgG> transforms the filter g to the Winograd domain,
matching the dimensions of the input tile d. This results in an increase of run-time memory
associated with the weights: 1.78× and 4× for F2 and F4 respectively for 3×3 filters.
The rate at which memory increases is a function of the filter size as shown in Figure 4.3
This is especially undesirable for memory-constrained devices such as microcontrollers or
low-end mobile CPUs.

Numerical Error. Small F2 and F4 perform well in single and double precision
(FP32/64) networks and are available in production-ready libraries such as cuDNN [62]
and Arm Compute Library [19]. Because these introduce only marginal numerical error,
a network can first be trained using conventional convolutions before replacing them with
Winograd for deployment, without impacting accuracy. However, attempting this with
larger Winograd tiles, or in combination with quantization, results in significant accuracy
loss. In practical terms, the root of the problem is the increasing numerical range in G, B
and A as d grows. As a consequence, the multiple matrix multiplications in Equation (4.1)
introduce considerable numerical error, ultimately reducing accuracy. This problem is ex-
acerbated in networks using quantized weights and activations, where the range and preci-
sion of values is reduced. We show these limitations in Figure 4.4, where we compare the
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greater parallelization potential at the cost of in-
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Figure 4.4: Replacing the convolutions in pre-
trained ResNet-18 models on CIFAR-10. Wino-
grad works well in FP32, but accuracy drops
drastically with quantization for larger tiles.
Quantized configurations performed a warmup
of all the moving averages in Eq.4.1. Without
this relaxation, requiring a Winograd-aware lay-
ers as in fig. 4.5, F2 would be unusable.

classification error of ResNet-18 for CIFAR-10 when trained at different bitwidths using
standard convolutions and then replacing them for deployment. The numerical error is, to
a large extent, the main limiting factor for adopting large-tiled Winograd and for adopting
Winograd convolutions in general for reduced precision networks.

In this work we focus on minimizing the numerical errors that arise when using the
Winograd algorithm in quantized networks. Our approach does not aggravate the compute
and memory challenges previously mentioned. Instead, it indirectly alleviates these by
making use of quantization.

4.4 Winograd-aware Networks

In this section we present a method to overcome the challenge of deploying fast and ac-
curate CNNs making use of Winograd convolutions and 8-bit integer arithmetic. First
we describe how we address the numerical error problem during training by means of
Winograd-aware layers and, introduce a relaxation on how the transformation matrices G,
B> and A> are used by including them to the set of learnable parameters. After that, in
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Figure 4.5: Forward pass of Winograd-aware layers. Transformation matrices G, B> and A> are
constructed via Cook-Toom. If these are included in the set of model parameters, they would be
updated with every batch via back-progation (this is represented with the coloured arrows going
back to matrices G, B> and A>, carrying the gradients to update the values of each transform).
In its default configuration, each intermediate output throughout the pipeline quantized to the same
level as the input and weights, this is represented by Qx.

Section 4.4.2 we present a framework that, given a real latency model, it jointly optimizes
a given macro-architecture for accuracy and latency leveraging Winograd-aware layers.

4.4.1 Winograd-aware Convolutional Layers

Neural networks have proven to be resilient to all kinds of approximations, e.g. pruning and
quantization. When applying these techniques, consistently better models are generated if
these approximations are present during training (as oppose to applying these as a post-
training stage). In other words, when the training is aware of quantization, or when training
is aware of pruning.

Following this intuition, we propose an end-to-end Winograd-aware pipeline as shown
in Figure 4.5. In the forward pass we apply Equation (4.1) to each patch of the activations
from the previous layer. We can apply standard back-propagation, since Equation (4.1) is
only a collection of matrix-matrix multiplications. This implementation allows us to:

• Learn better filters. Building an explicit implementation of each of the stages in-
volved in the Winograd transform exposes the numerical errors introduced in Equa-
tion (4.1) to the learning of the filters. This prevents the accuracy drops shown in
Figure 4.4 by learning in the transformation space that is ultimately used for deploy-
ment. This formulation also acts as a regularization mechanism.
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• Learn the transforms. Traditionally, matrices G, B> and A> are fixed after being
initialized using the Cook-Toom algorithm and equal for all F (m×m, r × r) in the
model, given the same m and r. Instead, we can treat them as another set of learn-

able parameters in the layer. This relaxation leads to much improved performance
in quantized networks while still maintaining the overall structure of the Winograd
convolution algorithm and its speedups. Including these matrices as part of the model
marginally increases the model size.

• Quantization diversity. Unlike standard convolutions, which does not require in-
termediate computation (i.e. the input and weights are directly convolved), Wino-
grad convolution requires at least four of different stages, namely GgG>, B>dB, the
Hadamard product and the output transformation. Each of these can be quantized to
a different number of bits depending on the bitwidth of the input, that of the weights,
and the overall complexity of the problem the network is designed to solve. This
level of quantization granularity is possible with our Winograd-aware formulation.

4.4.2 Winograd-aware Neural Architecture Search

Simultaneously maximizing accuracy and minimizing latency with Winograd convolution
is not trivial. The reason for this is that large tiles can result in low latency, but come at
the cost of higher numerical error. This presents a good opportunity to jointly optimize
network accuracy and latency.

To this end, we implement a NAS-based approach that automatically transforms an ex-
isting architecture into a Winograd-aware version. We perform NAS at the micro-architecture
level by selecting from different convolution algorithms for each layer, but without modify-
ing the network’s macro-architecture (e.g. number or order of layers, number of channels in
each layer, etc). Keeping the macro-architecture fixed allows us to fairly compare between
the standard model, making use of algorithm such as im2row, to its Winograd-aware
counterpart in terms of latency and accuracy. We call our framework wiNAS.

Introducing latency measurements into the optimization objective requires knowing the
shape of the input tensor, i.e. the activations from the previous layer, at each layer of the
network. We design wiNAS as a variation of ProxylessNAS [47], leveraging path sampling
while performing the search. This technique, enables the allocation of the entire network
on a single GPU by evaluating no more than two candidate operations at each layer per
batch. Similarly to ProxylessNAS, wiNAS formulates the search as a two-stage process,
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im2row F(2x2, 3x3) F(6x6, 3x3)F(4x4, 3x3)

Input

Output

im2row

Input

Figure 4.6: With wiNAS, each 3×3 convolution in a given architecture (on the left, the first 2
residual layers of a ResNet18 network are shown) is implemented with either im2row or with
Winograd convolutions varying tile size. While the former is lossless and faster than direct con-
volution, Winograd offers lower latencies but introduce numerical instability that could ultimately
impact in accuracy. The first convolutional layer of the macro-architecture is fixed to use standard
convolutions since, due to the large input dimensions, Winograd convolutions do not offer speedups
(as shown in Figure 4.12). wiNAS does not change the network’s macro-architecture, it optimizes
the choice of convolution algorithm to balance accuracy, latency reduction and, numerical error.

alternating the update of model parameters (the weights), where the loss is defined as:

Lweights = LCE + λ0 ‖w‖22 (4.2)

where LCE stands for the standard cross-entropy loss. To update of architecture parameters
(the weight assigned to each operation on a given layer), the loss introduces the latency
metrics term as:

Larch = LCE + λ1 ‖a‖22 + λ2E[latency] (4.3)

where a are the architecture parameters and λ2 controls the impact of latency in the loss.
The expected latency, E{latency}, for a given layer is the weighted combination of the
latency estimate of each candidate operation with their respective probability of being sam-
pled. Intuitively, searching for Winograd convolutions with high λ2 would result in faster
models, potentially at the detriment of accuracy.

Unlike ProxylessNAS, which performs the search at the macro-architecture level, wiNAS
focuses on selecting the optimal convolution algorithm for each of the 3×3 convolutional
layers. Therefore, the set of candidate operations for a given convolutional layer contains
im2row and Winograd-aware layers in their F2, F4 and F6 configurations. This search
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space is illustrated in Figure 4.6. Each candidate operation comes with its respective la-
tency, which is a function of the output dimensions and quantization level.

4.5 Experimental Setup

In this section we describe each experiment we conducted. These are grouped into three
categories: first we study the suitability of Winograd-aware layers to train better networks;
then we perform a study on the speedups achievable by Winograd convolutions on mobile
CPUs; finally, we measure the capabilities of wiNAS to optimize a given architecture to
make it accurate and fast when running on off-the-shelf hardware. We used PyTorch [272]
for training and Arm Compute Library to obtain latency measurements.

4.5.1 Vanilla Winograd-aware Networks

We begin our study of Winograd-aware networks by performing an extensive evaluation
on the ResNet-18 [146] architecture using the CIFAR-10 [199] dataset. In this experiment
we train the network end-to-end using standard convolutions, F2, F4 and F6 Winograd
convolutions. For each experiment with Winograd, all layers in the network use the same
tile size, except the last two residual blocks which are kept fixed to F2 since activations
from the preceding layers are 4 × 4, the size of the input tile required for F2. The input
convolutional layer uses normal convolutions. We run the experiments for FP32, INT16,
INT10 and INT8 quantized networks, where both weights and activations are uniformly
quantized (including all the intermediate outputs shown in Figure 4.5). We follow the per-
layer symmetric quantization as described in Krishnamoorthi [198] except for the input
layer and the output fully connected layer, which are always in full-precision. We repeated
each experiment while enabling the Winograd transformsG,B> andA> to be learnt, which
we denote using the additional suffix -flex. These transforms are always quantized to the
same bitwidth as weights and activations are.

Winograd-aware layers do not require an over-parameterized model to perform well.
We also varied the model size by using a width-multiplier, as used by the MobileNets
family, ranging from 0.125 to 1.0, meaning that when the multiplier is 1.0 the network
is the full ResNet-18. This leads to models ranging between 215K and 11M parameters.
Winograd-aware layers with learnable transformations marginally increase (less than 0.1%)
the model size, since the transforms themselves need to be saved for model deployment.
We repeated the experiment for CIFAR-100 [199], but without varying the depth-multiplier.
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CIFAR-100 is considerably more challenging that CIFAR-10, as it is comprised of 100
classes with only 600 images per class.

Additionally, we use an INT8 LeNet [210], trained on the MNIST dataset, to evaluate
the suitability of Winograd-aware layers with learnable transforms for 5×5 filters. This is
a more challenging case than 3×3 filters, because a larger tile tile is required, as defined by
F (m×m, r× r). With larger transformation matrices, choosing of more good polynomial
points is also required.

For ResNet-18 models, we replace 2×2-stride convolution layers with a 2×2 max-
pooling layer followed by a dense 3×3 convolution layer. Altering the network in this
way is necessary since there is no known equivalent for strided Winograd convolutions,
which remains an open research question. This is a common strategy when evaluating
Winograd [232, 65]. We also halved the number of output channels of the input layer in
order to reduce the memory peak during training. We use the Adam [191] optimizer, batch
of 64 training examples, a 90:10 dataset split for train and validation and train for 120
epochs. Both CIFAR-10/100 use the same ResNet-18 architecture, differing only in the
number of outputs of the fully connected layer. We constructed the transformation matrices
as in [335]. Results for other popular CNN architectures are shown in Appendix A.6.

4.5.2 Evaluating Winograd-aware NAS

To evaluate wiNAS, we define two different sets of candidate operations. These spaces are:
wiNASWA and wiNASWA−Q, both allowing each 3×3 convolutional layer to be implemented
with either im2row or each of the Winograd configurations, F2, F4 or F6. The former
uses a fixed bitwidth for all elements in the architecture, while the latter introduces in the
search space candidates of each operation quantized to FP32, INT16 and INT8.

The hyperparameters used for wiNAS are as follows: for the learning of model parame-
ters we use mini-batch SGD with Nesterov momentum [314]. In the stage where we update
the architecture parameters we use instead Adam with the first momentum scaling, β1, set
to zero, so the optimizer only updates paths that have been sampled in the current step. For
both stages we use Cosine Annealing [236] scheduling and a batch size of 64. We perform
the search for 100 epochs in each search space at different λ2 values ranging from 0.1 to
1e-3. Once the search is completed, we trained the architecture end-to-end with the same
hyperparameters as the rest of winograd-aware networks, as described earlier.
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SoC Core RAM GPU

Kirin 960
CPU Clock L1 L2

3GB LPDDR4 Mali G71 MP8Cortex-A73 2.4 GHz 64 KB 2048 KB
Cortex-A53 1.8 GHz 32 KB 512 KB

Table 4.1: Key hardware specifications for the high-performance Cortex-A73 and the high-
efficiency Cortex-A53 cores found on a HiKey 960 development board. Both are mobile CPUs
widely available in off-the-shelf hardware.

4.5.3 Winograd Convolutions on Mobile CPUs

For our study, we chose Arm Cortex-A73 and Cortex-A53 cores running on a Huawei
HiKey 960 development board with the big.LITTLE CPU architecture. These cores are
good candidates for validating the speedups that are achievable with Winograd convolutions
in today’s off-the-shelf 4 mobile hardware.

While both A73 and A53 are implemented as 16nm quad-core CPUs, the former is
a high-performance processor and the latter implements a high-efficiency processor. In
Table 4.1 we summarize the main differences between these CPUs. The memory band-
width and cache size would be the primary factors that ultimately sets the upper limit to
the speedup achievable by Winograd since it requires operating in larger tiles than direct
convolution algorithms such as im2row or im2col.

In our study, we measured the time taken for 3×3 convolutions using im2row, im2col
and each of the Winograd configurations (F2, F4, F6) when varying output width/height
(from 112×112 down to 2×2) and input/output channels, inCh → outCh (from 3 → 32

to 512→ 512). We performed the benchmark in controlled conditions and in single thread
mode. Each combination was run five times with five seconds delay in between to prevent
thermal throttling. We implemented Winograd convolutions using GEMMs as in Maji et
al. [241], and performed the same experiment separately on the A73 and A53 for both FP32
and INT8. INT16 measurements were not supported by Arm Compute Library at the time
this research was carried out. Therefore for experiments considering the wiNASWA−Q space,
latencies for INT16 were interpolated accordingly.

4These cores are also the building blocks of Qualcomm’s Snapdragon 835 mobile platform, present in
Samsung’s Galaxy S8 and Google’s Pixel 2, among others.
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Figure 4.7: Performance of a Winograd-aware ResNet-18 at different bitwidths and trained with dif-
ferent Winograd configurations. We show how Winograd-aware layers scale with network’s width.
In quantized settings, models that learn the Winograd transforms (-flex configurations), strictly out-
performs those models that keep them fixed with the values obtained via Cook-Toom.

4.6 Experimental Results

The results of this work are arranged as three subsections. First, we show that Winograd-
aware networks can achieve high accuracy, even at INT8. Second, we discuss the results
from our dense benchmark for Winograd convolutions on mobile CPUs. Third, we show
that wiNAS can jointly optimize a given macro-architecture for accuracy and latency.

4.6.1 Winograd-aware Convolutions

Figure 4.7 (top left) shows Winograd-aware networks in FP32 perform as well as direct
convolutions (represented under the im2row label), with both fixed and learned (-flex)
transformation matrices. With quantization (all other plots), Winograd-aware layers are
essential to enable the use of fast Winograd convolutions. This is not possible if switching
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Figure 4.8: Distributions of weights and outputs of the 3×3 convolutional layers in the fourth
residual block of a F4-ResNet18 network with width multiplier set to 0.25. Distributions for static
winograd-aware layers are shown above for different bitwidths, below for flex layers. In black, the
contour for the distributions from standard 8-bit convolutional layers. Distributions from static lay-
ers become wider as bitwidth is decreased for both weights and outputs. The latter is noticeable
more distorted due to the errors introduced during the Winograd convolution with default trans-
forms. This is not the case when these are learnt. The patterns shown in this figure appear across all
residual blocks in the network.

to Winograd convolutions after training, as is commonly done in practice.
Furthermore, we show that learning the Winograd transforms (-flex) results in 10% and

5% better accuracies for F4 and F6 in INT8 scenarios. We argue that enabling this relax-
ation helps in easing the numerical instability inherent to Winograd convolutions, which
is further exacerbated by quantization. The accuracy of Winograd-aware models scales
linearly with network width, suggesting that these can be exploited in conjunction with ar-
chitecture compression techniques such as channel pruning. In Figure 4.8 we compare side
by side the distributions of weights and output tensors of Winograd-aware convolutional
layers learning the transforms (bottom row) against those that keep them fixed (top row).
While in the context of enough bitwidth, 16-bits as shown in the plot5, distributions in both
layers are very close to that of standard convolutions, shown its contour as a black line.
However, as bitwidth is decreased, the distribution shift grows more evidently for static

Winograd-aware layers. We further visualize in Figure 4.9 the impact on numerical degra-
dation and the aforementioned distribution shift by projecting the inputs of each layer in

5This pattern is also observed at FP32 but we omit it to keep the visualization less cluttered.
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Conv1 Conv2 Conv3 Linear

Figure 4.9: Clustering of inputs to each layer in a CNN for MNIST (10 classes) comprised of three
F (4× 4, 3× 3) layers followed by a linear layer. Both flex (below) and static (above) models were
trained for 10 epochs and at 8-bits. The former reached 99.3% accuracy while the latter just 82.1%.
After each static layer, the output tensor has degraded, resulting in overlapped clusters. This is not
the case on flex layers. Once training is completed, we passed the test set (10K images) through the
network and used a manifold approximation clustering mechanism [245] to project the input tensor
at each layer. Each dot is a projection of a single input, there are 10K dots in each layer’s projection.

a 3-layer CNN for MNIST. These results visually highlight the importance of learning the
transforms showing that, when this is not the case, the numerical error accumulates rapidly,
difficulting even the simplest image classification tasks.

Results from LeNet (5×5 filters), provides further evidence that larger tiles result in
higher numerical error. In Figure 4.10, we show that even in relatively small datasets like
MNIST, keeping the transformations G, B> and A> fixed, leads to poor results as the
output tile size is increased. This difference is almost 47% in the case of F (6×6, 5×5)

layers, which uses 10×10 tiles.
Winograd-aware layers do not structurally modify the network architecture, since they

only make use of different algorithm to perform convolution. We demonstrate it is possible
to transform a pre-trained model with standard convolutions into its Winograd-aware coun-
terpart within a few epochs. Concretely, in Figure 4.11 we show that an INT8 ResNet-18
F4 can be adapted from a model of the same network that was trained end-to-end with stan-
dard convolutions in 20 epochs of retraining. This represents a 2.8× training time reduction
for Winograd-aware models. This is only possible when allowing the transformation ma-
trices to evolve during training. Adapting to Winograd-aware FP32 models can be done in
a single epoch for both fixed and learned Winograd transformations.

We believe both F4 and F6 performance could be raised with alternative quantization
implementations (e.g. by learning quantization ranges or using non-uniform approaches,
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Figure 4.10: Performance of INT8 LeNet on
MNIST using standard convolutions (im2row)
or Winograd-aware layers. Letting the transfor-
mations to evolve during training (-flex) always
results in better models. F4 and F6 configu-
rations (not shown) reach an accuracy of 73%
and 51%, respectively. All configurations reach
99.25% ± 0.1% in full precision.
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Figure 4.11: Transforming a standard model
(trained with default convolutions) to its
Winograd-aware counterpart can be done in
very few epochs of retraining. We found this
technique works best if the Winograd transfor-
mations are learnt during retraining (-flex), oth-
erwise adaptation becomes much more chal-
lenging.

outW im2row F2 F4 F6 im2row F2 F4 F6 im2row F2 F4 F6 im2row F2 F4 F6 im2row F2 F4 F6
2 0.007 0.008 0.016 0.029 0.070 0.043 0.082 0.167 0.659 0.407 1.219 2.196 1.463 1.082 2.378 4.407 3.912 2.932 6.619 11.853
4 0.011 0.029 0.016 0.030 0.154 0.078 0.081 0.167 1.642 0.802 1.170 2.195 2.884 1.731 2.502 4.486 7.450 4.962 6.588 11.947
6 0.021 0.053 0.065 0.029 0.328 0.199 0.174 0.165 4.137 2.229 2.040 2.148 6.780 4.559 4.135 4.327 17.450 13.858 11.452 11.919
8 0.031 0.059 0.064 0.133 0.519 0.280 0.175 0.408 5.306 2.993 2.004 3.899 10.932 6.145 4.167 7.907 28.238 14.930 11.499 21.241

10 0.058 0.101 0.119 0.144 0.910 0.475 0.482 0.412 9.466 5.054 5.321 3.973 17.808 10.198 10.318 7.904 44.656 27.597 32.685 21.437
12 0.066 0.133 0.129 0.132 1.208 0.621 0.475 0.424 11.625 6.601 5.382 3.971 24.196 12.995 10.272 7.955 61.236 35.702 32.164 21.478
14 0.087 0.186 0.154 0.267 1.610 0.868 0.695 1.043 16.177 9.277 7.498 9.846 33.702 18.154 14.220 19.082 85.809 48.590 34.306 60.003
16 0.111 0.235 0.153 0.283 2.592 1.191 0.723 1.051 20.845 12.158 7.551 10.002 42.362 23.147 14.310 19.263 109.943 57.083 34.190 60.504
18 0.169 0.281 0.263 0.281 3.315 1.379 1.133 1.031 26.785 15.125 12.159 9.961 55.085 29.292 23.178 19.476 142.460 75.505 63.799 60.987
20 0.184 0.325 0.249 0.400 3.416 1.695 1.131 1.728 32.851 18.450 12.115 15.108 67.300 35.276 23.274 27.723 173.488 90.041 65.349 67.923
22 0.210 0.398 0.331 0.410 4.164 2.070 1.506 1.690 40.245 22.207 16.010 15.114 82.028 43.166 30.697 27.781 213.326 110.160 82.434 67.228
24 0.247 0.452 0.324 0.409 4.783 2.453 1.498 1.729 47.961 26.600 16.126 15.035 97.706 51.064 30.954 27.923 251.771 125.604 83.167 67.047

128 --> 192 192 --> 2563 --> 32 32 --> 64 256-->512
inCh --> outCh

Figure 4.12: Latencies (in milliseconds) of convolving increasingly larger input tensors in the
width/height dimensions (y axis) and in depth (x axis). We compare the time needed for im2row
and each of the Winograd configurations with 32-bit arithmetic on a Cortex-A73. We show that (1)
im2row is the consistently the optimal algorithm for the input layer to a network, (2) the choice
between F2, F4 and F6 should be done based on the output’s width/height and, (3) this choice
should not generally be altered based on inCh→ outCh.

as discussed in Section 2.1.2.1), closing the accuracy gap with F2 and direct convolutions.

4.6.2 Benchmarking Winograd Convolutions on Mobile CPUs

The speedups associated to with the use of Winograd convolutions often only account for
the point-wise stage while assuming negligible costs for the input, weights and output trans-
formations. Furthermore, these also assume that the larger the input patch, d, the larger the
speedup compared to normal convolutions. However, although these assumptions are true
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Figure 4.13: Latencies (normalized w.r.t im2row) to execute different layers of the ResNet-18 net-
work measured in A73 (above) and A53 (below). For Winograds, solid colour bar regions represent
the element-wise Hadamard GEMM stage, below and above it are respectively the input and output
transformation costs. Measured for FP32 and with standard Winograd transforms.

for large tensors, they are not necessarily true when working with tensors of the sizes often
found in CNNs for image classification or object detection.

Figure 4.12 shows a small portion of the obtained latency measurements for our bench-
mark in FP32. An almost identical pattern appears when using 8-bit arithmetic. In Fig-
ure 4.13 we show the speedups that Winograd convolutions offer at different layers of a
ResNet-18 network. Our observations can be summarized in three points:

Input layers do not benefit from Winograd. This is primarily because the matrices in
the element-wise GEMM stage are not large enough to compensate for the costs of trans-
forming the input and output patches (see the leftmost part in Figure 4.12 and Figure 4.13).
They represent a significant portion (up to 65% and 75% respectively on the A73 and A53)
of the total costs for convolving an RGB 32×32 input expanded to 32 channels. Similar
ratios can be observed for other input sizes. In spite of this, this first layer accounts for a
marginal portion of the total latency of the model, often below 1ms for these platforms.

Optimal m is a function of input width and height. For an input with sufficient
number of channels, e.g. 32 channels and above, we observe in Figure 4.12 a consistent
pattern alternating between F4 and F6 as the channel dimension of the output increase.
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This alternation comes as a result of the impossibility of subdividing the input into an
integer number of (m + r − 1) × (m + r − 1) patches, and therefore having to waste
calculations when operating around the matrix edges. This pattern is invariant to different
inCh→ outCh configurations and fades away as input dimensions exceed 40× 40, where
F6 consistently becomes the fastest (not shown).

Winograd transforms are costly. Excluding inputs with very few channels, the cost
of performing the transformations to and from the Winograd domain can exceed 25% of
the overall costs. These costs become negligible as the input width and height decrease,
but the rate at which this happens also depends on the hardware. Our Winograd-aware
pipeline formulation does not impose any constrains on how the transforms are learnt. This
results in dense transforms (as opposed to the default transforms which sometimes contain
zeros) and therefore applying them might require additional compute. Table 4.2 includes
this latency overhead in models making use of learned transforms. In Appendix A.7 we
provide more details on how dense transforms impact overall latency.

As shown in Table 4.2, the speedups from FP32 Winograd convolutions are smaller on
the A53 than on the A73. We argue this comes as a results of the differences in the mem-
ory subsystem (Table 4.1), limiting the lower-end CPU to efficiently operate with larger
tensors. These speedups grow significantly when leveraging INT8 arithmetic, made possi-
ble by Winograd-aware training. Concretely, INT8 Winograd increases the speedup on the
A53 by a factor of almost 1.5× compared to Winograd in FP32, as shown in WAF4 config-
urations – at the cost of 0.7% accuracy in CIFAR-10. In the case of the more challenging
CIFAR-100 dataset, the drop in accuracy is more severe. However, our WAF2 layers offer
attractive speedups for INT8 with no drop in accuracy. We rely on wiNAS to minimize this
degradation with small impact on latency.

4.6.3 Joint micro-architecture Optimization with wiNAS

Choosing the convolution algorithm that minimizes overall network latency can be easily
done by looking at the latency benchmark results. However, since the accuracy of Winograd
convolutions degrades rapidly in reduced precision networks, selecting the fastest algorithm
for each layer without sacrificing accuracy is not straight forward.

When using wiNAS, values of λ2 larger than 0.05 consistently result in models with
the same layer configuration as those in WAF4 (described in Section 4.5.1). When lowering
the impact of latency in Equation (4.3) loss function, we observed several F4 Winograd-
aware layers were replaced with either im2row or F2, at the cost of less than 9 ms latency
increase in the worst case, for an INT8 model on the A53 for CIFAR-100. These models
resulted in similar accuracies in FP32 and reached 0.32% and 1.1% higher accuracies in
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Conv. Bit- Accuracy (%) Cortex-A53 Cotex-A73
Type width CIFAR-10 CIFAR-100 Latency Speedup Latency Speedup

im2row

32 / 32

93.16 74.62 118 - 85 -
im2col 93.16 74.62 156 0.76× 102 0.83×
WF2 93.16 74.60 126 0.94× 56 1.52×
WF4 93.14 74.53 97 1.22× 46 1.85×
WAF2* 93.46 74.69 126 0.94× 56 1.52×
WAF4 93.54 74.98 122† 0.92× 54† 1.58×
wiNASWA 93.35 74.71 123† 0.96× 56† 1.52×

im2row

8 / 8

93.20 74.11 117 1.01× 54 1.57×
im2col 93.20 74.11 124 0.95× 59 1.45×
WAF2* 8 / 8 93.72 73.71 91 1.30× 38 2.24×
WAF4 92.46 72.38 82† 1.44× 35† 2.43×
wiNASWA 92.71 73.42 88† / 91† 1.34× / 1.30× 35† / 36† 2.43× / 2.36×

wiNASQ auto 92.89 73.88 74† / 97† 1.60× / 1.22× 32† / 43† 2.66× / 1.98×

Table 4.2: Performance in terms of accuracy and latency (ms) of ResNet-18 when convolutions
are implemented with different algorithms and for different quantization levels. We show that
Winograd-aware (WAF2/4) layers combine the speedups of Winograd convolutions with those of
INT8 arithmetic, with little to no accuracy loss in some cases. This is not possible with existing
Winograd (WF2/4) formulations. Latency is measured on Arm Cortex-A73 and A53 cores. For
the last two rows, wiNAS found different optimizations for each dataset. We show latencies for
CIFAR-10 on the left and CIFAR-100 on the right. Speedups are shown against im2row in FP32.
(*) With default Winograd transforms. (†) Includes worst case latency increase due to be using
learned transform, which are often dense.

INT8 for CIFAR-10 and CIFAR-100 respectively. Despite CIFAR-100 models sacrificing
more latency in order to recover accuracy, they remained faster than WAF2 at INT8.

When introducing quantization into the search, as in wiNASWA−Q, the accuracy gap is
almost closed for CIFAR-10 and further reduced for CIFAR-100. This comes primarily as
a result of relying on higher bitwidths for the first layers in the network. In both cases, we
maintain attractive speedups compared to im2row and Winograd convolutions in FP32,
specially on the A73. These resulting architectures are described in Appendix A.8.

4.7 Discussion

In this section we present some of the challenges of training Winograd-aware networks and
propose lines of future work.

High memory peak during training. A direct implementation of Equation (4.1) requires
saving the intermediate outputs of each matrix-matrix multiplication, since these are needed
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for back-propagation. This results in high memory usage. In this work we had to rely
on gradient checkpointing [58] to lower the memory peak during training, at the cost of
additional computation. We believe a native CUDA implementation of the Winograd-aware
layers with better memory reuse would ease this problem. This is the main limitation we
faced in order to scale the networks to ImageNet which results in much larger activation
tensors and therefore higher memory overheads for Winograd-aware layers.

Using larger tiles. Learning larger models (with width multipliers 0.75 and 1.0) proved
challenging for F4 and F6 when introducing quantization, as these configurations intro-
duce more numerical error. Using other types of quantization, such as per-channel affine
quantization as in Jacob et al. [175], would likely help. In addition, enabling different
bitwidths throughout Equation (4.1) could help mitigate the accuracy drop by first identi-
fying which elements are more sensible to reducing bitwidth. This level of quantization
granularity is not considered in the evaluation in Section 4.6 but is discussed in the for-
mulation presented in Section 4.4.1. The analysis shown in Figure 4.12 indicates that F6

Winograd-aware layers would offer substantial speedups in some particular configurations
compared to F4. This raises the following question: can we extend wiNAS and allow for

small changes in the model macro-architecture, in particular introduce average pooling

layers that reduce the spatial dimensions of activations without incurring into accuracy

degradation? This would enable for example replacing a 192 → 256 layer that generates
14×14 activations where F4 Winograd convolutions require 14.2ms on a Cortex-A73 into
a layer that outputs a 12×12 tensor. This can be implemented with F6 Winograd convolu-
tions in 7.9ms, resulting in a 1.8× speedup.

Data-driven polynomial points discovery. As it was first discussed in Section 4.2.2,
poorly chosen polynomial points when constructing G, B> and A> introduce significant
deviations in the result of computing Winograd convolutions compared to that of normal
convolutions. We observed that good starting points are also important even when learning
the Winograd transformations, as Winograd-aware layers do. Polynomial points specif-
ically tailored for quantized Winograd could alleviate some of the degradation that we
observed with increased tile size.

Implications of learning Cook-Toom transforms. The formulation presented in Sec-
tion 4.4 freely lets the transformation matrices change during training. As a result, these
turned to be, unlike the default Cook-Toom transforms, dense in general. This resulted in
an 20% impact in latency for F4 layers, limiting the speedups attainable with our method.
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In spite of this, or approach still largely outperforms INT8 im2 approaches. We elabo-
rate on this point in Appendix A.7. Another implication of learning the transforms is that
the operation performed in Winograd-aware layers is not a convolution, despite it sharing
all the elements, speedups, overheads and, stages of the standard Winograd algorithm for
convolutions. This naturally raises the question of what is this convolutional-like opera-

tion actually doing?. A preliminary analysis is briefly discussed in Appendix A.9. Having
further insights would also opens up the possibility for further optimizations in how Equa-
tion (4.1) is implemented such as fusing some of the stages in the Winograd convolution as
a first step towards designing a Hadamard-only convolutional-like layer. This would allow
getting rid off some of the overheads discussed in Section 4.6.2.

4.8 Summary

Running CNN-based applications that require standard convolutional layers (i.e. not depth-
wise convolutions) is challenging in compute-constrained devices such as mobile CPUs.
This chapter considered the old standing problem of numerical precision in Winograd
conovlutions that has prevented their usage when deploying quantized models. We pre-
sented Winograd-aware layers as the building block to combine the benefits of quantized
networks and fast Winograd convolutions while significantly alleviating the numerical er-
ror inherent to this algorithm. We studied Winograd-aware layers with different tile sizes,
three quantization levels and on three popular datasets. We found that allowing the trans-
formation matrices to evolve during training resulted in significantly better models. With
wiNASwe leveraged Winograd-aware layers and latency metrics from off-the-shelf mobile
CPUs and found architectures that helped minimize the numerical instability of Winograd.
A Winograd-aware ResNet-18 quantized to INT8 offers up to 1.32× faster inference for
only a marginal accuracy drop compared to existing Winograd implementations, which are
limited to FP32. This network is also 1.54× faster than an optimized im2row implemen-
tation using INT8 arithmetic on a Cortex-A73 mobile CPU.
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Chapter 5

Topology-aware Quantization of Graph
Neural Networks

In Chapter 3 and Chapter 4, this thesis presented two orthogonal methods to accelerate in-
ference on CNNs, a type of architecture that has been applied to multiple domains including
vision, text and, speech. This chapter draws attention to a newer domain of ML that oper-
ates on graph-structured data, with models following a message-passing formulation and,
that excel at a wider range of, often very different, types of applications.

Graph Neural Networks (GNNs) have received substantial attention in recent years due
to their ability to model irregularly structured data. As a result, they are extensively used for
applications as diverse as molecular interactions [94, 374], social networks [137], recom-
mendation systems [326, 419] or program understanding [12, 396, 265]. Recent advance-
ments have centered around building more sophisticated models [259, 137, 331, 352], in-
cluding new types of layers [192, 329, 381, 317, 40] and better aggregation functions [70].
However, despite GNNs having few model parameters, the compute required for each ap-
plication remains tightly coupled to the input graph size. For examples, a 2-layer Graph
Convolutional Network (GCN) model with 32 hidden units would result in a model size of
just 81KB but requires 19 GigaOPs to process the entire Reddit graph. That is roughly 5×
more than the number of operations needed to perform inference with an ImageNet-scale
ResNet-18, despite this one having 140×more model parameters. We illustrate this growth
in Figure 5.1 and compare it with other popular models for image classification.

One major challenge with graph architectures is therefore performing inference effi-
ciently, which limits the applications they can be deployed for. For example, GNNs have
been combined with CNNs for SLAM feature matching [294], however it is not trivial
to deploy this technique on smartphones, or even smaller devices, whose neural network
accelerators often do not implement floating point arithmetic, and instead favour more effi-
cient integer arithmetic. Integer quantization is one way to lower the compute, memory and
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Figure 5.2: While CNNs operate on reg-
ular grids, GNNs operate on graphs with
varying topology. A node’s neighborhood
size and ordering varies for GNNs. Both
architectures use weight sharing.

energy budget needed to perform inference, without requiring modifications to the model
architecture. In addition, quantization is also useful for model serving in data centers oper-
ating on, for example, very large social networks of product recommendation graphs.

Research Question: What are the unique challenges that arise when quantizing graph

neural networks? How do the different types of layers found in the literature perform under

reduced bitwidth given the same input graph?

5.1 Problem Setting and Contributions

There is no doubt that quantization has been well studied for CNNs and language mod-
els [175, 347, 402, 274]. However, before the contents of this chapter were first first pub-
lished [316], there was no work explicitly characterising the issues that arise when quan-
tizing GNNs or showing latency benefits of using low-precision arithmetic. Instead, works
addressing GNN efficiency focused on other orthogonal techniques which include the use
of knowledge distillation to support deeper but compact models [385], adding better sup-
port for distributed processing of GNNs [180], sampling methods [138, 405] and, hardware
accelerators [262, 404, 59].

If we take a GCN layer as an examples, at a superficial level, quantizing a GCN and
a standard convolutional layer from a CNN is a very similar process. Both require layer
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parameters and inputs to be quantized in order to accelerate layer inference. Convolutional
layers can be seen as a single-stage process, by which pre-quantized inputs and weights are
convolved together to directly obtain the layer’s output. In contrast, inference in GCN lay-
ers is performed as a three-stage process (as it was first described in Section 2.5), with each
stage generating intermediate tensors. Therefore, each of these need to be quantized inde-
pendently to ensure the entire message-passing pipeline can be accelerated using integer-
only arithmetic. As it will be discussed in greater detail in Section 5.3, this is far from
trivial as each stage varies on how susceptible it is to quantization degradation depending
on the type of layer architecture, graph and, node in-degree.

This chapter considers the motivations and problems that arise when quantizing GNNs
architectures. First, in Section 5.3 we provide an explanation of the sources of degra-
dation in GNNs when using lower precision arithmetic. This analysis considers three
popular GNN layers commonly found in the literature, namely GCN [192], GAT [329]
and, GIN [381]. These layers are the building blocks for more sophisticated architec-
tures. The results from this analysis show how the choice of straight-through estimator
(STE) implementation, node degree, and method for tracking quantization statistics signif-
icantly impacts model quality. Then in Section 5.4, we propose Degree-Quant (DQ), an
architecture-agnostic re-formulation of quantization-aware training for graphs that helps to
overcome the problems identified in the previous section. With Degree-Quant, INT8
models often perform as well as their FP32 counterparts. At INT4, models trained with
DQ typically outperform quantized baselines by over 20%. Unlike previous work, mod-
els trained with DQ generalize to unseen graphs without requiring modifications to their
aggregation functions. We validate our study and proposed framework on six datasets for
node classification, graph classification and regression for social graphs. We show that
quantized networks achieve up to 4.7× speedups on CPU with INT8 arithmetic, relative to
full precision floating point, with 4-8× reductions in runtime memory usage.

5.2 Background and Related Work

Many popular GNN architectures may be viewed as generalizations of CNN architectures
to an irregular domain: at a high level, graph architectures attempt to build representations
based on a node’s neighborhood. However, unlike CNNs which operate on regular grids
(e.g. images), a node’s neighborhood does not have a fixed ordering or size. Because
GNNs operate on irregular topologies, a number of challenges arise when attempting to
accelerate these workloads. In this section we first provide a summary on how GNNs work
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and present the main challenges that arise when doing inference. We then describe in detail
other works that made use of quantization to compress and accelerate GNNs.

5.2.1 Graph Neural Networks: Overview and Challenges

Graph Convolutional Neural Networks (GCNs) can be interpreted as a generalization of
standard convolutional layers to irregular grids (Figure 5.2). Inference involves a three-
stage process by which: first, messages are generated by transforming the node features
using the layer parameters; in the second stage, each node gathers and aggregates the mes-
sages of neighbouring nodes, often implementing a normalization mechanism; finally, a
non-linearity is applied to the aggregated features at each node and these become the node
features for the next layer. The specific implementation of these stages, message genera-

tion, message aggregation and, feature update, varies across layer architectures. Several of
these layers were introduced in Section 2.5 including the notation used in this chapter.

Among the set of challenges that arise when processing GNNs two stand out by their
impact in moving the field forward and by the increasing amount of approaches in the
literature attempting to alleviate them:

Alternate execution patterns. Processing GNNs includes two very distinct types of
workloads: first, a node-level workload where node features are multiplied by the layer
weights (a dense matmul) as a first step to constructing the node messages; and, a graph-
level workload where nodes gather the messages from neighbouring nodes during message
aggregation. The former is similar to those workloads found in CNNs or language models
which can benefit from high levels of data reuse. However, the latter often becomes mem-
ory bound due to many scattered memory accesses which result in very high rates of cache
misses, severely slowing down inference and increasing energy consumption. Graph re-
ordering can be useful to increase data reusability and better mapping to the system’s cache
hierarchy. However, a compromise between reordering quality and amortisation cost is un-
avoidable [26]. Regardless of the approach chosen, algorithms optimizing for maximum
community overlap remain NP-hard [362].

Large activations. When graphs contain millions of nodes, training becomes challeng-
ing even on CPU-only settings with large amounts of RAM. The problem gets exacerbated
as the community starts embracing deeper GNNs [180], requiring the saving of more, large
activation tensors. To alleviate the memory burden of large graphs, sampling techniques
have proven to be indispensable. Sampling also speeds up training and can act as a pow-
erful regularizer [289]. However, graph sampling techniques have been evaluated for very
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few layer architectures, mostly GCN, for multi-graph settings such as those for graph clas-
sification or graph regression applications. The impact of graph sampling on graphs with
multi-dimensional edges features carrying rich semantics, such as source or intermediate
representations of code, is yet to be understood.

We refer the reader to Section 2.5 for a more thorough introduction to GNNs as well an
extended discussion on the challenges to accelerate them.

5.2.2 Reduced precision arithmetic for Graph Neural Networks

Orthogonal to graph sampling and reordering techniques, the use of low precision arith-
metic can also contribute to accelerating inference on graphs. Unlike the previously men-
tioned techniques, quantization can be applied to all types of graph settings and, alleviates
both the compute-bound and memory-bound workloads present in modern GNNs. Because
of these reasons, the research community is steering towards adapting well studies quanti-
zation approaches for CNNs or language models to GNNs. The remaining of this section
introduces works presented around the time and after ours was first published.

The work of Wang et al. [346] aims to accelerate the compute-bound node-level work-
load of projecting the node features to a new embedding space using the layer parameters.
To this end, the authors learn a binary representation of the model parameters as well as a
mapping of the inputs of each layer to a binary form. Bi-GCN makes uses of bucketing [10]
in order to split the input and weight matrices into buckets, which are pairs of binary vec-
tors with their corresponding scaling factors1 (one per vector). This approach is the natural
extension of XNOR-Net [281] to the graph setting in the sense that, instead of learning a
scalar per sub-tensor (i.e. the input patch that overlaps with the filter in a CNN), a scalar is
learnt per-node. Similarly to XNOR-Net, Bi-GCN also learns a scalar per output channel
in the weight matrix. In this way, the dot product between input and layer weights can
be accelerated using XNOR and bit count operations, in addition to, albeit comparatively
very few, floating point operations to apply the scaling factors. With this, authors claim
up to 47×, 41× and 11× speedup on Cora, PubMed and Reddit, respectively. However, it
is unclear from the authors’ analysis what the overall speedup is since inference on large
graphs is known to be memory bound by irregular memory accesses during the aggregation
stage and the workload that Bi-GCN accelerates often accounts for a small portion in the
total GNN pipeline. It is also unclear if the transformed node features are binarized before
performing aggregations, which would lead to a much higher memory usage than its full

1The reader should note that these scaling factors are not learnt directly but are instead defined at runtime
based on the layer’s weights and its inputs. We refer the reader to Section 2.1.2 for further details.
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binary GNN counterpart. The ∼30× model size compression claims are undeniable and
becomes an important step towards deploying GNNs on more memory constrained devices.

The work of Bahri et al. [25] builds upon the changes introduced in XNOR-Net++ [45]
over XNOR-Net, namely the introduction of learnable scaling tensors as opposed of using
runtime-defined scalars, and adapt their usage to the graph setting. The training is framed
as a cascaded distillation process where the network alternates its role as a full-precision
teacher and a binarized student. To improve the convergence rate of such distillation pro-
cess, a logit matching loss [157] is introduced. In this work, the authors expand the use of
binary GNNs to point cloud graphs making use of EdgeConv layers by introducing: local
structure preserving (LSP) [392] modules throughout the GNN guiding the student network
to learn similar topological embeddings as those obtained during the preceding teacher
training stage; and, a mechanism to accelerate the k-NN search of neighbouring nodes
using binary node features and the Hamming distance as opposed to standard Euclidean
distance with real-valued node features. Their evaluation on the ModelNet40 dataset [375]
evidences that performing k-NN using binary node features remains unsolved (showing
over 10% accuracy drop) unless using full precision weights. This suggest that accelera-
tion from binary operations is limited to either the node-level feature extraction stage (as
Bi-GCN does) or the k-NN search stage. Since the latter is found to dominate the overall
run time for GNNs consuming point cloud data, an interesting approach would be to use in-
teger arithmetic (e.g. 8-bits or 4-bits) to accelerate the node-level stage and, use a binarized
representation of the projected node features to perform k-NN.

Also related to the work in this chapter is that of Feng et al. [101], where a heteroge-
neous quantization framework assigns different bits to the embedding and attention coef-
ficients in each layer while maintaining the weights at full precision (FP32). Their frame-
work sheds light on what elements in GNNs are more sensible to quantization and, show
asymmetric quantization approaches with lower average bitwidth perform better than uni-
formly quantized GNNs with higher bitwidth. However, due to the mismatch in operands’
bitwidth the majority of the operations are performed at FP32 after an unavoidable data
casting stage, effectively vanishing speedups from integer arithmetic and, making it im-
practical to use in general purpose hardware such as CPUs or GPUs. In addition, they do
not demonstrate how to train networks which generalize to unseen input graphs since their
evaluation is limited to single-graph node classification datasets such as Cora and Reddit.

In contrast, Degree-Quant relies upon uniform quantization applied to all elements
in the network and uses bitwidths (8-bit and 4-bit) that are supported by off-the-shelf hard-
ware such as CPUs and GPU for which efficient low-level operators for common oper-
ations found in GNNs already exist. In addition, this chapter also considers the use of
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Degree-Quant for graph classification and graph regression applications, expanding the
use of quantizatized GNNs to unseen graphs.

5.3 Identifying the Sources of Error in GNNs

In this section, we build an intuition for why GNNs would fail with low precision arithmetic
by identifying the sources of error that will disproportionately affect the accuracy of a
low precision model. In particular, our analysis focuses on three models: GCN, GAT
and GIN. This choice was made as we believe that these are among the most popular
graph architectures, with strong performance on a variety of tasks [95], while also being
representative of different trends in the literature.

As it was first introduced in 2.1.2.4, quantization-aware training (QAT) relies upon
the straight-through estimator (STE) to make an estimate of the gradient despite the non-
differentiable rounding operation in the forward pass. For integer QAT, the quantization of
a tensor x during the forward pass is often implemented as:

xq = clamp
(
bx/se+ z, qmin, qmax

)
= min(qmax,max(qmin, bx/s+ ze)) (5.1)

where qmin and qmax are the minimum and maximum representable values at a given bitwidth
and signedness, s is the scaling factor making x span the [qmin, qmax] range and, z is the
zero-point, which allows for the real value 0 to be representable in xq. These are all statistics
obtained at training time. Intuitively for a fixed number of bits, the wider the quantization
range [qmin, qmax] is, the less numerical resolution budget would be available to represent
the values in x.

In GNN layers, we identify the aggregation phase, where nodes combine messages
from a varying number of neighbours in a permutation-invariant fashion, as a source of
substantial numerical error. Outputs from aggregation have magnitudes that vary signif-
icantly depending on a node’s degree: as it increases, the variance of aggregation values
will increase. This asymmetry in the range of values observed makes the choice of a single
set of qmin and qmax challenging to accurately represent the resulting values for all nodes.
In addition, over the course of training qmin and qmax might become severely distorted by
infrequent outliers, further reducing the resolution for the vast majority of values observed.
Controlling qmin and qmax hence becomes a trade-off balancing the impact of outliers while
preserving aggregation outputs from high degree nodes (i.e. truncation error) and, reduc-
ing the quantization ranges to increase numerical resolution (i.e. rounding error).
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We can derive how the mean and variance of the aggregation output values vary as
node degree increases for each of the three GNN layers. Making use of the formulation
for MPNNs as in Section 2.5, we represent the output of the aggregation stage for node vi
whose degree is n as

o
(n)
i = yi +�j∈N (i)(yj) (5.2)

, where yi is the message from the i-th node, and, � a generic aggregation mechanism.
For GIN, GCN, and GAT layers, and ignoring self-loops and layer indexing in the notation,
such output vector is given by:

GIN

o
(n)
i =

n∑
j=1

yj

GCN

o
(n)
i =

1√
n

n∑
j=1

1√
dj
yj

GAT

o
(n)
i =

n∑
j=1

αi,jyj

where, dj is the degree of the j-th node in i-th node’s neighbourhood, and, α represent the
soft-maxed attention coefficients. From this intermediate formulation, we can determine
that the output’s mean and variance of the aggregation stage for GIN layers should grow
linearly with the node’s degree, O(n). Similarly, the growth for GCN layers is O(

√
n)

since each node’s message is weighted inversely proportionally to the square root of its
degree. On the other hand, the normalized attention mechanism in GAT networks makes
the accumulation during aggregation to be O(1).

We empirically validate these predictions on networks trained on the Cora dataset, a
single-graph dataset with a maximum node degree n = 168. In Figure 5.3 (top row) we
show how the distribution of the output of the aggregation stage o

(n)
i varies as a function

of the node degree. We see that the aggregation values do follow the trends predicted: for
GIN, the aggregation grows rapidly with the node degree; this growth is less severe with
GCN since each message is normalized with the product of degrees along each edge; fi-
nally, the normalized attention in GAT keeps these distributions almost constant. From this
empirical evidence, it would be expected that GIN layers are most affected by quantization
since the number of bits needed to represent the wide spectrum of values observed in the
output of the aggregation is more than double compared to GCN or GAT. At the same bit-
with, e.g. 8 bits, the numerical resolution for GIN would be considerably lower than for
the other architectures. The impact of quantization would be specially damaging on graphs
following a power-law distribution or other graph distributions that, even though closer
to a normal or uniform degree distribution, higher degree nodes carry important semantic
meaning. This is the case for example in molecular graphs (e.g. ZINC), where nodes repre-
sent atoms and edges features carry information of the particular bond type. If quantization
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Figure 5.3: Analysis of values collected immediately after aggregation (top two plots) and after
generating node embeddings (bottom row) at the final layer of FP32 GNNs trained on Cora’s val-
idation set. The data shown has been averaged over 100 runs. For each architecture, we show the
mean and variance of the aggregated messages, O ∈ R|V |×F ′ , at each node and represent it as a
point in the plot. We follow the same approach to represent the node embeddings, Y ∈ R|V |×F ′ .
Top row: As degree grows, so does the mean and variance of channel values after aggregation ex-
cept in GAT. This suggest that quantization of the aggregation stage would have a more damaging
effect on GIN, less on GCN and, negligible in GAT models. Bottom row: The features’ distribu-
tions remain within an almost constant range of values independently of the node’s degree. The
dashed line is the result of performing a Ridge regression on the results for each architecture.

introduces sufficient error in the representation of only a single node, the properties of the
molecule representing the graph might change entirely. In Figure 5.3 (bottom row plots)
we empirically show that growth observed during aggregation cannot be attributed to the
node embeddings themselves, since these remain within constant ranges across the entire
graph. This further evidences that the major contributor to quantization degradation is the
aggregation mechanism and, the normalization stage applied during message generation.

Quantization errors introduced during the aggregation stage will have an impact on the
quality of the learned weights. We can derive the impact that this stage has in the training
process by taking the derivative of the loss with respect to the layer weights:
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The larger the error in oi —caused by aggregation error— the greater the error in the
weight gradients for GIN, which results in poorly performing models being obtained. In
other words, high degree nodes would not only accumulate more error due to quantization
but also spread this error to all their neighbourhing nodes during backpropgataion. The
same argument applies to GCN, with the hl

>
j and oli terms introducing aggregation error

into the weight updates.

5.4 A topology-aware Quantization Scheme for GNNs

From the analysis and empirical observations in Section 5.3, an attempt could be made to
design a quantization framework that assigns different bitwidths to each node (or cluster of
nodes) based on their degree. In this way, each row in O ∈ R|V |×F ′ would be quantized
independently. Such framework would resemble other quantization frameworks present in
the literature that follow an importance-based optimization stage to determine which ele-
ments in the model (e.g. layers, channels) need to be kept at higher precision [237, 101].
Although these frameworks achieve high compression rations, in some cases with minimal
degradation in model performance, they are difficult to accelerate in general purpose hard-
ware. We instead seek to provide a general re-formulation of quantization-aware training
for graphs that allows the acceleration of quantized GNNs on off-the-shelf hardware.

To address these sources of error we propose Degree-Quant (DQ), a method for
QAT with GNNs where all elements in the message-passing pipeline are quantized to the
same bitwidth at inference time. In this section we consider both inaccurate weight updates

and unrepresentative quantization ranges and, present solutions to each of these challenges
that manifest in a unique way in graphs.

5.4.1 Topology-aware Masking of Graph Neural Networks

Degree-Quant aims to encourage more accurate weight updates by stochastically pro-
tecting nodes in the graph from quantization. At each layer and training iteration, a protec-
tive node mask is generated; all masked nodes have the phases of the message generation,
aggregation and update performed at full precision (FP32). This includes messages sent
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Figure 5.4: High-level view of the stochastic element of Degree-Quant. Protected (high de-
gree) nodes, in blue, operate at full precision more often, while unprotected nodes (red) operate
at reduced precision. After each of the three stages (update stage not show in the diagram) in the
message-passing pipeline, the DQ mask is applied to ensure that these can be accelerated using
integer arithmetic. High degree nodes contribute most to poor gradient estimates, hence they are
stochastically protected from quantization more often. After training, all stages are quantized to the
same bitwidth, including high degree nodes. Figure A.7 shows an equivalent diagram for QAT.

by protected nodes to other nodes, as shown in Figure 5.4. It is also important to note that
the weights used at all nodes are the same quantized weights; this is motivated by the fact
that our method is used to encourage more accurate gradients to flow back to the weights
through high degree nodes. At test time the protective masking is disabled and all nodes
operate at the same reduced bitwidth. More formally, the forward pass of training GNNs
using DQ is show in Algorithm 2.

To generate the mask, we pre-process each graph before training and create a vector
of probabilities p with length equal to the number of nodes. At training time, a mask
m is generated by sampling using the Bernoulli distribution: m ∼ Bernoulli(p). In our
scheme pi is higher if the degree of the i-th node is large, as we empirically found that high
degree nodes contribute most towards error in weight updates. Our scheme relies on two
hyperparameters, pmin and pmax; nodes with the maximum degree are assigned pmax as their
masking probability, with all other nodes assigned a probability calculated by interpolating
between pmin and pmax based on their degree ranking in the graph.
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Algorithm 2: Training with Degree-Quant (DQ). Functions accepting a protective
mask m perform only the masked computations at full precision: intermediate tensors are
not quantized. At test time the protective masking is disabled.

1: procedure TRAINFORWARDPASS(G,p)
2: . Calculate mask and quantized weights, Θ′, which all operations share
3: m← BERNOULLI(p)
4: . Quantize using off-the-shelf QAT
5: Θ′ ← QUANTIZE(Θ)
6: . Messages with masked sources are at full precision
7: M←MESSAGECALCULATE(G,Θ′,m)
8: . While accumulation happens at FP32, the result gets quantized according to m
9: X ← QUANTIZE(AGGREGATE(M,Θ′,m), m)

10: return UPDATE(X,Θ′,m)
11: end procedure

5.4.2 Percentile Tracking of Quantization Ranges

Figure 5.3 demonstrates large fluctuations in the variance of the aggregation output as de-
gree increases. Since these can disproportionately affect the ranges found by using min-
max or momentum-based quantization, we propose using percentiles. While percentiles
have been used for post-training quantization [372], this work is the first (to the best of our
knowledge) to propose making it a core part of QAT; we find it to be a key contributor to
achieving consistent results with graphs. Using percentiles involves ordering the values in
the tensor and clipping a fraction of the values at both ends of the distribution. The frac-
tion to clip is a hyperparameter of each layer. In our formulation, we are more aggressive
than existing literature on the quantity we discard: we clip the top and bottom 0.1%, rather
than 0.01%, as we observe the fluctuations to be a larger issue with GNNs than with CNNs
or DNNs. The resulting clipped quantization ranges are more representative of the vast
majority of values in this scheme, resulting in less rounding error.

We emphasize that a core contribution of DQ is that it is architecture-agnostic. Our
method enables a wide variety of architectures to use low precision arithmetic at infer-
ence time. Degree-Quant method is also orthogonal—and complementary—to other
techniques for decreasing GNN computation requirements, such as sampling based meth-
ods which are used to reduce memory consumption [405, 138], or weight pruning [39]
approaches to achieve further model compression and acceleration.
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Model # Layers # Hidden Units Residual Output MLP
Arch. Cit M C Z R Cit M C Z R Cit M C Z R Cit M C Z R

GCN 2 4 4 4 - 16 146 146 145 - × X X X - × X X X -
GAT 2 4 4 4 - 8 19 19 18 - × X X X - × X X X -
GIN 2 4 4 4 5 16 110 110 110 64 × X X X × × X X X X

Table 5.1: Configuration of architectures evaluated for citation networks (Cit), MNIST (M),
CIFAR-10 (C), ZINC (Z) and REDDIT-BINARY (R). We relied on Adam optimizer for all ex-
periments. For all batched experiments, we used 128 batch-sizes. All GAT models used 8 attention
heads. All GIN architectures used 2-layer MLPs, except those for citation networks which used a
single linear layer.

5.5 Experimental Setup

As baselines we use the architectures and results reported by Fey & Lenssen [105] for ci-
tation networks, those in Dwivedi et al. [95] for MNIST, CIFAR-10 and ZINC and, Xu et
al. [381] for REDDIT-BINARY. We re-implemented the architectures used in these publi-
cations and replicated the results reported at FP32. For models using GIN layers, we learn
parameter ε. These instantiation of GIN layers are often referred as to GIN-ε, but to keep
notation concise we refer to them as simply GIN. The high-level description of these archi-
tectures is shown in Table 5.1. The number of parameters for each architecture-dataset pair
in this work are shown in Table 5.2.

Our infrastructure was implemented using PyTorch Geometric (PyG) [105]. We gen-
erate candidate hyperparameters using random search, and prune trials using the asyn-
chronous hyperband algorithm [219]. Hyperparameters searched over were learning rate,
weight decay, dropout [307] and drop-edge [289] probabilities. The search ranges were
initialized centered at the values used in the reference implementations of the baselines.
Degree-Quant requires searching for two additional hyperparameters, pmin and pmax,
these were tuned in a grid-search fashion. We report our results using the hyperparameters
which achieved the best validation loss over 100 runs on the Cora and Citeseer datasets, 10
runs for MNIST, CIFAR-10 and ZINC, and 10-fold cross-validation for REDDIT-BINARY.

We generally used fewer hyperparameter runs for DQ runs than for baselines, even
ignoring the searches over the various STE configs. As our method is more stable, find-
ing a reasonable set of parameters was easier than before. As is usual with quantization
experiments, we found it useful to decrease the learning rate relative to the FP32 baseline.

For QAT experiments, all elements of each network are quantized: inputs to each layer,
the weights, the messages sent between nodes, the inputs to aggregation stage and its out-
puts and, the outputs of the update stage (which are the outputs of the GNN layer before
activation). In this way, all intermediate tensors in GNNs are quantized with the exception
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Model Node Classification Graph Classification Graph Regression
Arch. Cora Citeseer MNIST CIFAR-10 REDDIT-BIN ZINC

GCN 23063 59366 103889 104181 - 105454
GAT 92373 237586 113706 114010 - 105044
GIN 23216 59536 104554 104774 42503 102088

Table 5.2: Number of parameters for each of the evaluated architectures

Dataset Graphs Nodes Edges Features Labels Task

Cora 1 2,708 5,278 1,433 7 NC
Citeseer 1 3,327 4,552 3,703 6 NC
Pubmed 1 19,717 44,324 500 3 NC
MNIST 70K 40-75 564.53 (avg) 3 10 GC

CIFAR10 60K 85-150 941.07 (avg) 5 10 GC
ZINC 12K 9-37 49.83 (avg) 28 1 GR

REDDIT-BINARY 2K 429.63 (avg) 497.75 (avg) 1 2 GC
Reddit 1 232,965 114,848,857 602 41 NC

COLLAB 1 235,868 1,285,465 128 — LP

Table 5.3: Statistics for a few popular datasets found in the literature. Acronyms for tasks: NC,
stands for Node Classification; GC, stands for Graph Classification; GR, stands for Graph Regres-
sion; LP, stands for Link Prediction.

of the attention mechanism in GAT; we do not quantize after the softmax calculation, due to
the numerical precision required at this stage. With the exception of Cora and Citeseer, the
models evaluated in this work make use of Batch Normalization [174]. For deployments
of quantized models, Batch Normalization layers are often folded with the weights [198].
This is to ensure the input to the next layer is within the expected [qmin, qmax] ranges. In
this work, for both QAT baselines and QAT+DQ, we left BN layers unfolded but ensure the
inputs and outputs were quantized to the appropriate number of bits (i.e. INT8 or INT4)
before getting multiplied with the layer weights. We leave as future work proposing a
BN folding mechanism applicable for GNNs and studying its impact for deployments of
quantized GNNs.

The GIN models evaluated on REDDIT-BINARY used QAT for all layers with the
exception of the input layer of the MLP in the first GIN layer. This compromise was
needed to overcome the severe degradation introduced by quantization when operating on
nodes with a single scalar as feature, as it is the case with this dataset.

In addition to QAT, we also consider the use of its stochastic variant as implemented in
Fan et al. [309]. At each training step a binary mask sampled from a Bernoulli distribution
is used to specify which elements of the weight tensor will be quantized and which will
be left at full precision. We experimented with block sizes larger than one (i.e. a single
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scalar) but often resulted in a sever drop in performance, further highlighting that borrowing
quantization techniques from CNNs is not straight forward in most cases. All the reported
results therefore use block size of one. We refer to this approach as noisy QAT or nQAT.

5.5.1 Datasets and Tasks

We show in Table 5.3 the statistics for each dataset used to validate Degree-Quant and
others that have been referenced prior in this chapter. For Cora and Citeseer datasets, nodes
correspond to documents and edges to citations between these. Node features are a bag-of-
words representation of the document. The task is to classify each node in the graph (i.e.
each document) correctly. The image classification MNIST and CIFAR-10 datasets are
transformed using SLIC [7] into graphs where each node represents a cluster of perceptu-
ally similar pixels or superpixels. The task is to classify each image using their superpixels
graph representation. The ZINC dataset contains graphs representing molecules, where
each node represents an atom. The task is to regress a molecular property (constrained
solubility [183]) given the graph representation of the molecule. This dataset also includes
edge features that specify the type of bond between atoms, however, these are not taken into
account during learning in this work. Nodes in graphs of the REDDIT-BINARY dataset
represent users of a Reddit thread with edges drawn between a pair of nodes if these inter-
acted. This dataset contains graphs of two types of communities: question-answer threads
and discussion threads. The task is to determine if a given graph is from a question-answer
thread or a discussion thread. Intuitively, these two types of social interactions follow a
different pattern, which should be reflected on the graph topology.

We use standard splits for MNIST, CIFAR-10 and ZINC. For citation datasets, we use
the splits used by [192]. For REDDIT-BINARY we use 10-fold cross validation. We refer
the reader to [105] for further information on the Cora, Citeseer and REDDIT-BINARY
datasets and, to [95] for MNIST, CIFAR-10 and ZINC datasets.

5.6 Experimental Evaluation

In this section we first analyze how the choice of quantization implementation affects per-
formance of GNNs. We subsequently evaluate Degree-Quant against the strong base-
lines of: FP32, INT8-QAT and, INT8-QAT with stochastic masking of weights that we
name INT8-nQAT. To make explicit that we are quantizing both weights and activations,
we use the notation W8A8. We repeat these experiments at INT4. Our study evaluates
performance on six datasets and includes both node-level and graph-level tasks. Across
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vanilla STE STE with Gradient Clipping
Model min/max momentum min/max momentum
Arch. W8A8 W4A4 W8A8 W4A4 W8A8 W4A4 W8A8 W4A4

C
O

R
A GCN 81.0± 0.7 65.3± 4.9 42.3± 11.1 49.4± 8.8 80.8± 0.8 62.3± 5.2 66.9± 18.2 77.2± 2.5

GAT 76.0± 2.2 16.8± 8.5 81.7± 1.3 51.7± 5.8 76.4± 2.6 15.4± 8.1 81.9± 0.7 47.4± 5.0
GIN 69.9± 1.9 25.9± 2.6 49.2± 10.2 42.8± 4.0 69.2± 2.3 29.5± 3.5 75.1± 1.1 40.5± 5.0

M
N

IS
T GCN 90.4± 0.2 51.3± 7.5 90.1± 0.5 70.6± 2.4 90.4± 0.3 54.8± 1.5 90.2± 0.4 10.3± 0.0

GAT 95.8± 0.1 20.1± 3.3 95.7± 0.3 67.4± 3.2 95.7± 0.1 30.2± 7.4 95.7± 0.3 76.3± 1.2
GIN 96.5± 0.3 62.4± 21.8 96.7± 0.2 91.0± 0.6 96.4± 0.4 19.5± 2.1 75.3± 18.1 10.8± 0.9

Z
IN

C GCN 0.49± 0.0 0.75± 0.0 0.51± 0.0 0.71± 0.1 0.46± 0.0 0.77± 0.0 0.48± 0.0 0.69± 0.0
GAT 0.47± 0.0 0.74± 0.0 0.57± 0.0 0.69± 0.1 0.47± 0.0 0.76± 0.0 0.46± 0.0 0.72± 0.0
GIN 0.39± 0.0 1.21± 0.3 0.39± 0.0 0.57± 0.0 0.39± 0.0 1.67± 0.1 0.39± 0.0 0.97± 0.2

Table 5.4: Impact on performance of four typical quantization implementations for INT8 and INT4.
The configuration that resulted in best performing models for each dataset-model pair is bolded.
Hyperparameters for each experiment were fine-tuned independently. As expected, adding clipping
does not change performance with min/max but does with momentum.

all datasets INT8 models trained with Degree-Quant manage to recover most of the
accuracy lost as a result of quantization. In some instances, DQ-INT8 outperform the ex-
tensively tuned FP32 baselines. For INT4, DQ outperforms all QAT baselines and results
in double digits improvements over QAT-INT4 in some settings.

5.6.1 Performance with off-the-shelf Quantization Approaches

The STE is a workaround for when the forward pass contains non-differentiable operations
(e.g. rounding in QAT) that has been widely adopted in practice. While the choice of
STE implementation generally results in marginal differences for CNNs—even for binary
networks [11]—it is unclear whether only marginal differences will also be observed for
GNNs. Motivated by this, we study the impact of four off-the-shelf quantization procedures
on the three architectures evaluated for each type of dataset; the implementation details of
each one is described in Table 5.1. We perform this experiment to ensure that we have the
strongest possible QAT baselines. Results are shown in Table 5.4. We found the choice
quantization implementation to be highly dependent on the model architecture and type of
problem to be solved: we see a much larger variance than is observed with CNNs; this is
an important discovery for future work building on our study.

We observe a general trend in all INT4 experiments benefiting from momentum as it
helps smoothing out the quantization statistics for the inherently noisy training stage at low
bitwidths. This trend applies as well for the majority of INT8 experiments, while exhibit-
ing little impact on MNIST. For INT8 Cora-GCN, large gradient norm values in the early
stages of training (see blue line in Figure 5.5) mean that these models do not benefit from
momentum as quantization ranges fail to keep up with the rate of changes in tensor values;
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Quant. Model Node Classification (Accuracy %) Graph Classification (Accuracy %) Graph Regression (Loss)
Scheme Arch. Cora ↑ Citeseer ↑ MNIST ↑ CIFAR-10 ↑ ZINC ↓

Ref.
(FP32)

GCN 81.4± 0.7 71.1± 0.7 90.0± 0.2 54.5± 0.1 0.469± 0.002
GAT 83.1± 0.4 72.5± 0.7 95.6± 0.1 65.4± 0.4 0.463± 0.002
GIN 77.6± 1.1 66.1± 0.9 93.9± 0.6 53.3± 3.7 0.414± 0.009

Ours
(FP32)

GCN 81.2± 0.6 71.4± 0.9 90.9± 0.4 58.4± 0.5 0.450± 0.008
GAT 83.2± 0.3 72.4± 0.8 95.8± 0.4 65.1± 0.8 0.455± 0.006
GIN 77.9± 1.1 65.8± 1.5 96.4± 0.4 57.4± 0.7 0.334± 0.024

QAT
(W8A8)

GCN 81.0± 0.7 71.3± 1.0 90.9± 0.2 56.4± 0.5 0.481± 0.029
GAT 81.9± 0.7 71.2± 1.0 95.8± 0.3 66.3± 0.4 0.460± 0.005
GIN 75.6± 1.2 63.0± 2.6 96.7± 0.2 52.4± 1.2 0.386± 0.025

nQAT
(W8A8)

GCN 81.0± 0.8 70.7± 0.8 91.1± 0.1 56.2± 0.5 0.472± 0.015
GAT 82.5± 0.5 71.2± 0.7 96.0± 0.1 66.7± 0.2 0.459± 0.007
GIN 77.4± 1.3 65.1± 1.4 96.4± 0.3 52.7± 1.4 0.405± 0.016

GCN 81.7± 0.7 (+0.7) 71.0± 0.9 (-0.3) 90.9± 0.2 (-0.2) 56.3± 0.1 (-0.1) 0.434± 0.009 (+9.8)
GAT 82.7± 0.7 (+0.2) 71.6± 1.0 (+0.4) 95.8± 0.4 (-0.2) 67.7± 0.5 (+1.0) 0.456± 0.005 (+0.9)DQ

(W8A8) GIN 78.7± 1.4 (+1.3) 67.5± 1.4 (+2.4) 96.6± 0.1 (-0.1) 55.5± 0.6 (+2.8) 0.357± 0.014 (+7.5)

QAT
(W4A4)

GCN 77.2± 2.5 64.1± 4.1 70.6± 2.4 38.1± 1.6 0.692± 0.013
GAT 55.6± 5.4 65.3± 1.9 76.3± 1.2 41.0± 1.1 0.655± 0.032
GIN 42.5± 4.5 18.6± 2.9 91.0± 0.6 45.6± 3.6 0.572± 0.02

nQAT
(W4A4)

GCN 78.1± 1.5 65.8± 2.6 70.9± 1.5 40.1± 0.7 0.669± 0.128
GAT 54.9± 5.6 65.5± 1.7 78.4± 1.5 41.0± 0.6 0.637± 0.012
GIN 45.0± 5.0 34.6± 3.8 91.3± 0.5 48.7± 1.7 0.561± 0.068

GCN 78.3± 1.7 (+0.2) 66.9± 2.4 (+1.1) 84.4± 1.3 (+13.5) 51.1± 0.7 (+11.0) 0.536± 0.011 (+26.2)
GAT 71.2± 2.9 (+16.3) 67.6± 1.5 (+2.1) 93.1± 0.3 (+14.7) 56.5± 0.6 (+15.5) 0.520± 0.021 (+20.6)DQ

(W4A4) GIN 69.9± 3.4 (+24.9) 60.8± 2.1 (+26.2) 95.5± 0.4 (+4.2) 50.7± 1.6 (+2.0) 0.431± 0.012 (+23.2)

Table 5.5: This table is divided into three sets of rows with FP32 baselines at the top. We provide
two baselines for INT8 and INT4: standard QAT and stochastic QAT (nQAT). Both are informed
by the analysis in 5.6.1, with nQAT achieving better performance in some cases. Models trained
with Degree-Quant (DQ) are always comparable to baselines, and usually substantially better,
especially for INT4.

higher momentum can help but also leads to instability. In contrast, GAT has stable initial
training dynamics, and hence obtains better results with momentum. For the molecules
dataset ZINC, we consistently obtained lower regression loss when using momentum. We
note that GIN models often suffer from higher performance degradation (as was first noted
in Figure 5.3), specially at W4A4. This is not the case however for image datasets using
superpixels. As argued earlier, datasets with Gaussian-like node degree distributions are
more tolerant of the imprecision introduced by quantization, compared to datasets with
tailed distributions.

5.6.2 Obtaining Quantization Baselines

Our FP32 results, which we obtain after extensive hyperparameter tuning, and those from
the baselines are shown at the top of Table 5.5. We observed large gains on MNIST, CI-
FAR10 and, ZINC compared to the baselines.
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Quantization REDDIT-BIN

Ref. (FP32) 92.2± 2.3
Ours (FP32) 92.0± 1.5

QAT-W8A8 76.1± 7.5
nQAT-W8A8 77.5± 3.4
DQ-W8A8 91.8± 2.3 (+14.3)

QAT-W4A4 54.4± 6.6
nQAT-W4A4 58.0± 6.3
DQ-W4A4 81.3± 4.4 (+23.0)

Table 5.6: Results for DQ-INT8 GIN
models perform nearly as well as at
FP32. For INT4, DQ offers a significant
increase in accuracy of over 23% com-
pared to the stochastic QAT baseline.

Figure 5.5: Maximum observable values with absolute
min/max and percentile ranges, applied to INT8 GCN
training on Cora. We observe that the percentile max is
half that of the absolute method, doubling resolution for
the majority of values.

For our QAT-INT8 and QAT-INT4 baselines, we use the quantization configurations
informed by our analysis in Section 5.6.1. For Citeseer we use the best resulting setup
analyzed for Cora, and for CIFAR-10 that from MNIST. Then, the hyperparameters for
each experiment were fine tuned individually, including noise rate n ∈ [0.5, 0.95] for nQAT
experiments. QAT-INT8 and QAT-INT4 results in Table 5.5, with the exception of MNIST
(an easy to classify dataset), corroborate our hypothesis that GIN layers are less resilient to
quantization. This was first observed in Figure 5.3. In the case of ZINC, while all models
results in noticeable degradation, GIN sees a more severe 16% increase of regression loss
compared to our FP32 baseline. For QAT W4A4 an accuracy drop of over 35% and 47% is
observed for Cora and Citeseer respectively. The stochasticity induced by nQAT helped in
recovering some of the accuracy lost as a result of quantization for citation networks (both
INT8 and INT4) but had little impact on other datasets and harmed performance in some
cases. Similarly, in the case of GIN for REDDIT-BINARY, both QAT and nQAT result in
severe accuracy degradation, as shown inTable 5.6.

5.6.3 Performance with Degree-Quant

Degree-Quant provides superior quantization for all GNN datasets and architectures.
Our results with DQ are highlighted in gray in Table 5.5 and Table 5.6. Citation networks
trained with DQ for W8A8 manage to recover most of the accuracy lost as a result of QAT
and outperform most of nQAT baselines. In some instances DQ-W8A8 models outperform
the reference FP32 baselines. At 4-bits, DQ results in even larger gains compared to W4A4
baselines. We see DQ being more effective for GIN layers, outperforming INT4 baselines
for Cora (+24.9%), Citeseer (+26.2%) and REDDIT-BINARY (+23.0%) by large margins.
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Device Arch.
Zinc (Batch=10K) CIFAR-10 (Batch=1K) Reddit

FP32 W8A8 Speedup FP32 W8A8 Speedup FP32 W8A8 Speedup

CPU
GCN 181ms 42ms 4.3× 182ms 88ms 2.1× 13.1s 3.1s 4.2×
GAT 190ms 50ms 3.8× 500ms 496ms 1.0× 13.1s 2.8s 4.7×
GIN 182ms 43ms 4.2× 144ms 44ms 3.3× 13.1s 3.1s 4.2×

GPU
GCN 39ms 31ms 1.3× 2.1ms 1.6ms 1.3× 191ms 176ms 1.1×
GAT 17ms 15ms 1.1× 30.0ms 27.1ms 1.1× OOM OOM -
GIN 39ms 31ms 1.3× 20.9ms 16.2ms 1.2× 191ms 176ms 1.1×

Table 5.7: INT8 latency results run on a 22 core 2.1GHz Intel Xeon Gold 6152 and, on a GTX
1080Ti GPU. Quantization provides large speedups on a variety of graphs for CPU and non-
negligible speedups with unoptimized INT8 GPU kernels.

Models trained with DQ at W4A4 for graph classification and graph regression also exhibit
large performance gains (of over 10%) in most cases. For ZINC, all models achieve over
20% lower regression loss. Among the top performing models using DQ, ratios of pmin and
pmax in [0.0, 0.2] were the most common. Figure A.5 in the Appendix shows the validation
curves for GIN models trained using different pmin and pmax on the REDDIT-BIN dataset.

Figure 5.5 shows the benefit of using percentiles during training. We see that when
using absolute min/max tracking of quantization statistics, the upper range grows to over
double the range required for 99.9% of values, effectively halving the resolution of the
quantized values. With regards to gradient clipping, we found it had no clear benefits
when combined with percentiles: all results used the STE, with the exception of REDDIT-
BINARY. Overall, Degree-Quant is more stable and required over an order of magni-
tude less tuning relative to the baselines.

5.6.4 Latency and Memory Implications

In addition to offering significantly lower memory usage (4× with INT8), quantization can
reduce latency—especially on CPUs. We found that with INT8 arithmetic we could accel-
erate inference by up to 4.7×. We note that the latency benefit depends on the graph topol-
ogy and feature dimension, therefore we ran benchmarks on a variety of graph datasets,
including Reddit2, Zinc, and CIFAR-10; results are shown in Table 5.7. For a GCN layer
with in- and out-dimension of 128, we obtain speed-ups of: 4.3× on Reddit, 2.5× on Zinc
and, 2.1× on CIFAR-10. It is also worth emphasizing that quantized networks are nec-
essary to efficiently use accelerators deployed in smartphones and smaller devices as they
primarily accelerate integer arithmetic, and that CPUs remain a common choice for model
serving on servers. The decrease in latency on CPUs is due to improved cache performance

2The largest graph commonly benchmarked on in the GNN literature
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Figure 5.6: Degradation of INT8 GCN on Cora
as individual elements are converted to INT4
without Degree-Quant. No single stage has
a large impact in final accuracy when at INT4.

Figure 5.7: Degradation of INT8 GIN on
Cora as individual elements are converted to
INT4 without Degree-Quant. Quantizing
the update stage results in severe degradation.

Quantization Model Node Classification Graph Regression
Scheme Arch. Cora ↑ Citeseer ↑ ZINC ↓

QAT-INT8 + DQ Masking
GCN 81.1± 0.6 (+0.1) 71.0± 0.7 (-0.3) 0.468± 0.014 (+2.7)
GAT 82.1± 0.1 (+0.2) 71.4± 0.8 (+0.1) 0.462± 0.005 (-0.4)
GIN 78.9± 1.2 (+3.3) 67.1± 1.7 (+4.1) 0.347± 0.028 (+10.1)

QAT-INT4 + DQ Masking
GCN 78.5± 1.4 (+1.3) 62.8± 8.5 (-1.3) 0.599± 0.015 (+13.4)
GAT 64.4± 9.3 (+8.8) 68.9± 1.2 (+3.6) 0.529± 0.008 (+19.2)
GIN 71.2± 2.9 (+28.7) 56.7± 3.8 (+38.1) 0.427± 0.010 (+25.3)

Table 5.8: Ablation study against the two elements of Degree-Quant (DQ). The first two rows of
results are obtained with only the stochastic element of DQ enabled for INT8 and INT4. Percentile-
based quantization ranges are disabled in these experiments. The relative improvement is compared
against vanilla QAT implemenation. DQ masking alone is often sufficient to achieve excellent
results, specially in the case of GIN, but the addition of percentile-based range tracking can be
beneficial to increase stability.

for the sparse operations; GPUs, however, see less benefit due to their massively-parallel
nature which relies on mechanisms other than caching to hide slow random memory ac-
cesses, which are unavoidable in this application.

5.7 Discussion

In this section we present two ablation studies to further asses the impact of each of the
elements in Degree-Quant and, perform an initial analysis on the sensitivity of each
element in the message-passing pipeline to INT4 quantization. We then propose ways to
improve the framework presented in this chapter as well as some thoughts on future work.
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Source of degradation at INT4. With Degree-Quant, GNNs trained with INT8
quantization perform as well as the FP32 baselines in most cases. However, at INT4, the
degradation is substantially higher and, in some cases, only partially minimized in DQ. In
order to understand the precipitous drop in accuracy in the INT4 baselines, in Figure 5.6
and Figure 5.7 we assess how INT8 models without DQ degrade as single elements are
converted to INT4 while the rest is kept at INT8. We observe that GCN is fairly tolerant to
INT4 quantization. GIN, however, requires accurate representations after the update stage,
and heavily suffers from further quantization. A similar patter in observed for GAT layers,
as shown in Figure A.4 in the Appendix. Interestingly, common to all architectures is the
fact that weights seems to tolerate quantization without inducing performance drops, leav-
ing room for further optimizations. An option to reduce the impact of INT4 in the update
stage in GAT and GIN layers would be to keep them at different numerical resolutions. The
idea of performing different stages of inference at different precisionz has been proposed,
although it is uncommon [347]. Instead we argue that making uses of more sophisticated
quantization implementations, such as non-uniform quantization, while maintaining the
same bitwidth, would be preferable.

Impact of the stochastic element of Degree-Quant. One of the core elements of
Degree-Quant is the stochastic masking of nodes based on their degree. One question
that has not beed directly address is: what is the impact of the protective masking alone

without considering the use of percentiles? In Table 5.8 we show how the stochastic mask-
ing often achieves most of the performance gain over the QAT baseline. The benefit of the
percentile-based quantization ranges is stability, although it can yield some performance
gains. The full DQ method provides consistently good results on all architectures and
datasets considered, without requiring an extensive analysis as discussed in Section 5.6.1
and shown in Table 5.4.

Quantization-immune aggregation stages. In the case of standard convolutional layers
found in CNNs, despite minor implementation level choices (e.g. striding, dilation, etc)
all convolutional layers stay true to the convolutional or cross-correlation operation. As a
consequence, the various existing quantization approaches can be easily ported across ar-
chitectures. In this chapter we have identified the sources of degradation for three common
GNN layer architectures. However, as first introduced in Section 2.5, for GNNs it is up to
each specific layer design how the aggregation stage is implemented. In many cases this is
their key differential and, the reason why some architectures excel at certain applications
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(e.g. GIN for molecular regression on the ZINC dataset) but not for others (e.g. GIN for ci-
tation networks). This key difference between CNN and GNNs raises the question: is there

a type of GNN layer that is better suited for quantization? or more concretely, is there an

aggregation stage that is inherently more robust to quantization? From the analysis in Sec-
tion 5.3, we already have a intuition of a key component needed for an aggregation strategy
to perform well: normalization of messages helps to keep variance of observed values un-
der control. Another approach could involve adding a more sophisticated node-level stage
(currently most layers perform a single matmul), with the aim of keeping the graph-level
aggregation stage simple and, therefore facilitate the adoption of quantization methods that
map well to the available hardware resources.

5.8 Summary

This chapter proposed the first general formulation for quantization-aware training on
graphs. We identified the sources of degradation that arise when attempting to quantize
graphs and, presented Degree-Quant, an architecture-agnostic and stable method for
training quantized GNN models that can be accelerated using off-the-shelf hardware. With
proposed framework, inaccurate weights updates are reduced by keeping high-degree nodes
at full precision more often and, the rounding error is controlled with a percentiles tracking
mechanism. We validate our method on six datasets and show, unlike previous quantization
attempts, that models generalize to unseen graphs. With 4-bit weights and activations we
achieve 8× compression while surpassing strong baselines by margins regularly exceeding
20%. At 8-bits, models trained with DQ perform on par or better than the baselines while
achieving up to 4.7× lower latency than FP32 models. Our work offers a comprehensive
foundation for future work in this area and is a first step towards enabling GNNs to be
deployed more widely, including to resource constrained devices such as smartphones.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

After a decade of accelerated progress in the different areas of machine learning (ML),
it has become virtually impossible to abstain from using of ML-powered applications and
services in our everyday lives. Recommended systems, computational photography, speech
translation or, getting directions are only a handful of examples of what can be done from
our smartphones or other battery-powered devices around us. However, despite the known
benefits of running such applications on-device (e.g. privacy, works offline, real-time po-
tential), the increasing complexity of such systems and their reliance on millions, or even
billions, of parameters and complex execution patterns, have prevented these from leaving
the Cloud, where inference takes place. As a result, only a fraction of such applications re-
mains lightweight enough (e.g. keyword spotting, next-word prediction) to run on-device.
What has to change to make more complex and better performing models run efficiently on

constrained devices?

This thesis has studied such challenging problem from three different perspectives: first,
by identifying a new paradigm for compression frameworks by which model acceleration
is achieved by alleviating the impact of data movement; second, by solving the inherent
problem of numerical degradation that has prevented the adoption and deployment of fast
Winograd convolutions for models making use of integer arithmetic; and third, by studying
mechanisms that enable the learning of quantized graph neural networks and that overcome
two of the limitations that do not appear in other mainstream forms of machine learning.
Each of this three contributions remain orthogonal to other techniques in the literature. For
example, on-the-fly models benefit from structural pruning methods [400, 257] to achieve
further speedups. Similarly, quantized GNNs would benefit from other techniques such as
sampling [138, 405] to perform inference on even larger graphs. With regards to Winograd-
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aware layers, these can incorporate the changes suggested in [169] and enable more striding
options, which might be required when considering larger inputs or video streams.

Each of these three contributions offer an answer to a different, concrete and, origi-
nal research question instead of providing an incremental solution to a set of well studied
problems. The remaining of this section revisits such questions and, provides a concise
summary on how these were addressed.

In Chapter 3 we addressed the question of how would a compression framework that

achieves acceleration by generating the model parameters on-the-fly instead of retrieving

them from off-chip memory would look like? We began by providing a definition for on-
the-fly compression frameworks, making their reliance on an inference-conscious decom-
pression stage one of their core components. We investigated the use of OVSF codes for
image classification and keyword spotting applications and, show these codes are suitable
candidates for on-the-fly models thanks to their mutually orthogonal, binary and, deter-
ministic properties. With unzipFPGA we derived and mapped high-performing CNNs
on FPGAs making use of CNN-WGen, a novel and custom hardware weights generator
for OVSF models. Our implementation of on-the-fly models surpassed structurally pruned
baselines in terms of throughput under several settings, while showing the largest margins
in reduced 1× and 2× bandwith configurations.

In Chapter 4 we considered the long standing problem of numerical degradation inher-
ent to Winograd convolutions for deployments making use of quantization. Concretely, the
questions we provided an answer for was: Can we capture the numerical errors at training

time, introduce relaxations in the form of the transformation matrices and, achieve faster

inference than other algorithms such as im2row? We presented a Winograd-aware for-
mulation for convolutional layers that exposed the numerical degradation introduced by
quantization and the use of large tiles at training time. Those layers defined the search
space of wiNAS, a framework that jointly optimized a given macro-architecture in terms of
latency and accuracy, which proved useful to deriving quantized CNNs that are over 1.5×
faster on mobile CPUs than when making use of highly optimized im2row convolutions.

Lastly, we considered in Chapter 5 the problem of optimizing inference for GNNs, an
emerging form of ML that operates on unstructured data representations, through quantiza-
tion. We asked the question: What are the unique challenges that make GNNs particularly

difficult to accelerate using quantization? We identified that the aggregation stage is of
particular concern since the mean and variance of aggregated messages can dramatically
vary depending on both the node degree and the type of layer. When this happens, the range
of values to represent under a fixed bitwidth could be large, leaving the majority of outputs
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from the aggregation stage quantized at low numerical resolutions. To address, this we
introduced Degree-Quant, a stochastic topology-aware re-formulation of quantization-
aware training suitable for graph. With Degree-Quant, INT8 models perform as well as
FP32 models in most cases, INT4 models are up to 26% better than other QAT baselines.
In addition, we show that INT8 quantization enables up to 4.7× speedups on CPU.

6.2 Future Work

As it was introduced in the first pages of this thesis, the fields of efficient ML and on-device
ML have been steadily evolving over the last few years. The contributions of this thesis to
these fields have focused on developing novel optimization techniques for inference involv-
ing compression, algorithms for convolutions, neural architecture search and, quantization.
These contributions have been evaluated under supervised training paradigms and, primar-
ily for classification tasks, enabling direct comparisons with other works in the literature.
In addition to the extensions and future work ideas discussed at the end of each chapter, the
following research directions would further advance the field and, enable the deployment
of better performing ML-powered applications on constrained devices.

Training on-device. Until recently, the vast majority of applications running ML models
on-device have first been trained on the cloud using a vast and centralized dataset, often
containing data from end-users (e.g. the type of products the user buys, search queries on
an e-commerce site or, photos uploaded to a on-line backup service). Training on these
large datasets, which can be pre-processed and curated for different tasks, often results
in high quality models that can later on be integrated into products and applications that
run on-device (e.g. a smartphone, smart speaker, self-driving cars, etc) where inference,
or a portion of it, takes place. However, in certain settings data might be too sensible to
be sent to the cloud, where users have little to no control over it. In such cases, shifting
from centralized to a Federated Learning (FL) setup might be necessary. FL is an emerging
form of machine learning where nodes are commodity devices such as smartphones, wear-
ables or other edge/IoT devices. The task is to collaboratively train a global model while
each participating node exclusively uses its own data. There is a server that orchestrates
the FL training process, where all models in a given FL round get aggregated and a new
global model is created. A substantial amount of works have explored ways of reducing
the communication costs [195] and propose aggregation strategies [247, 292] to achieve
faster convergence. However, addressing the challenge of how to train models efficiently
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has not attracted so much attention in the context of FL with only a few works addressing
this through distillation [226] or model scaling [163]. This challenge limits the suitability
of FL for more compute and memory demanding tasks due to devices being several orders
of magnitude more constrained that then type of hardware found in modern datacenters.
Taking this into consideration, what are the optimization techniques that can be used at
training time that would make training more efficient while still result in a good perform-
ing global model? Do existing techniques need to be adapted to the FL setting given that
data in the clients is often scarce, unbalanced (i.e. non-IID) and, above all private?

Approximate computations. Among the core techniques used to accelerate computa-
tions and lower the memory consumption of multiple ML workloads, the use of quanti-
zation and sparsity stand out. These techniques, which have ramified over the years as
shown in Section 2.1, can collectively be seen as methods to approximate operands for
functions (e.g. a convolutional layer or a dot product) that enable their processing to be
more lightweight. However, the core functions used in ML models have remained intact.
For example, in convolutional layers, regardless of the approximation level of its operands,
they still perform an exact discrete convolution. One immediate approach to approximate
an operation would be to first project its operands to a lower-dimensional space, perform
the exact computation and, project the output back to the original space. A number of works
following this framing have been proposed aiming at approximating matrix multiplications
(AMM) [38, 116, 345]. Such approximations can often be parameterized for either numer-
ical precision or speed, effectively becoming yet another orthogonal dimension to consider
when ML workloads, which heavily rely on matmul(s), need to be accelerated. Another
form of approximation are AdderNets [52, 222] which aim at entirely replacing multiplica-
tions with additions, which could also translate into additional benefits in terms of energy
consumption and, chip area. Approximating the operator and not just the operands could
be one of the key ingredients to make on-device training, as in FL, more viable.

Larger models on the horizon. Supervised learning has been the form of training that
sustained most of the advancements done in the last decade, with the 1.3M labeled images
of the ImageNet dataset being the golden standard for image classification. Other, but not
many, large-scale annotated datasets exist for various applications [227, 18, 147]. How-
ever, scaling to larger datasets becomes an arduous tasks only attainable by large industry
players, with Google’s JFT-300M [313] and Facebook’s IG-1B-Targeted [384], each con-
taining 300M and 1Billion images with fuzzy labels, as examples. These datasets are over
two orders of magnitude larger than ImageNet but have not been released to the research
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community. To circumvent the challenge of collecting and annotating large datasets, the
community has instead shifted to an alternative training paradigm which learning is done
in an unsupervised manner, i.e. without labels. Throughout this process or at different
stages in a multi-stage training pipeline, outputs from the model can be treated as labels
(i.e self-supervised training) and, some labeled inputs can be included (i.e. semi-supervised
training). These forms of learning benefits from much larger models than supervised train-
ing does [55], therefore it would be reasonable to expect that the resulting models for a
downstream task would remain large. For example, a common benchmarking architecture
is ResNet-50 (4×), which is a standard ResNet-50 but with 4× more channels in each
layer, effectively quadrupling the memory footprint needed for activations at training time
and, to update its 100M parameters. Unsupervised learning could play a decisive role
in a future where ML becomes ubiquitous and leverages large amounts of multisensorial
unlabeled data. However, for that to be realizable, the existing training methodologies,
architectures and, unsupervised data collection routines would need to be adapted to the
on-device setting. This is because such vasts amounts of data would become intractable
for the datacenters to process and for the networking infrastructure to transfer, leaving the
on-device processing and training as the only apparent option to learn from this rich yet
unlabeled data.
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[81] DOLLÁR, P., APPEL, R., BELONGIE, S., AND PERONA, P. Fast feature pyramids for object detection.
PAMI (2014).
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[103] FERNÁNDEZ-MARQUÉS, J., VINCENT, W.-S. T., BHATTACHARA, S., AND LANE, N. D. Bina-
ryCmd: Keyword Spotting with deterministic binary basis. In Conference on Machine Learning and
Systems (MLSys) (2018).

[104] FERNANDEZ-MARQUES, J., WHATMOUGH, P., MUNDY, A., AND MATTINA, M. Searching for
winograd-aware quantized networks. In Proceedings of Machine Learning and Systems (2020),
I. Dhillon, D. Papailiopoulos, and V. Sze, Eds., vol. 2, pp. 14–29.

[105] FEY, M., AND LENSSEN, J. E. Fast graph representation learning with PyTorch Geometric. In ICLR
Workshop on Representation Learning on Graphs and Manifolds (2019).

[106] FOWERS, J., OVTCHAROV, K., PAPAMICHAEL, M., MASSENGILL, T., LIU, M., LO, D., ALKA-
LAY, S., HASELMAN, M., ADAMS, L., GHANDI, M., HEIL, S., PATEL, P., SAPEK, A., WEISZ, G.,
WOODS, L., LANKA, S., REINHARDT, S. K., CAULFIELD, A. M., CHUNG, E. S., AND BURGER,
D. A Configurable Cloud-Scale DNN Processor for Real-Time AI. In 2018 ACM/IEEE 45th Annual
International Symposium on Computer Architecture (ISCA) (2018), pp. 1–14.

[107] FRANKLE, J., AND CARBIN, M. The lottery ticket hypothesis: Finding sparse, trainable neural
networks. In International Conference on Learning Representations (2019).

[108] GAO, H., WANG, Z., AND JI, S. Channelnets: Compact and efficient convolutional neural networks
via channel-wise convolutions. In Advances in Neural Information Processing Systems (2018), S. Ben-
gio, H. Wallach, H. Larochelle, K. Grauman, N. Cesa-Bianchi, and R. Garnett, Eds., vol. 31, Curran
Associates, Inc.

[109] GAO, M., WANG, Y., AND WAN, L. Residual error based knowledge distillation. Neurocomputing
433 (2021), 154–161.

[110] GAO, Y., PARCOLLET, T., ZAIEM, S., FERNANDEZ-MARQUES, J., DE GUSMAO, P. P. B., BEUTEL,
D. J., AND LANE, N. D. End-to-end speech recognition from federated acoustic models, 2021.

[111] GAO, Y., YANG, H., ZHANG, P., ZHOU, C., AND HU, Y. Graph neural architecture search. In
Proceedings of the Twenty-Ninth International Joint Conference on Artificial Intelligence, IJCAI-20
(7 2020), C. Bessiere, Ed., International Joint Conferences on Artificial Intelligence Organization,
pp. 1403–1409. Main track.

[112] GARG, I., PANDA, P., AND ROY, K. A low effort approach to structured cnn design using pca. IEEE
Access 8 (2020), 1347–1360.

[113] GE, S., LUO, Z., ZHAO, S., JIN, X., AND ZHANG, X.-Y. Compressing deep neural networks for
efficient visual inference. In 2017 IEEE International Conference on Multimedia and Expo (ICME)
(2017), pp. 667–672.

[114] GEIGER, L., AND TEAM, P. Larq: An open-source library for training binarized neural networks.
Journal of Open Source Software 5, 45 (Jan. 2020), 1746.

[115] GENG, T., LI, A., SHI, R., WU, C., WANG, T., LI, Y., HAGHI, P., TUMEO, A., CHE, S., REIN-
HARDT, S., AND HERBORDT, M. Awb-gcn: A graph convolutional network accelerator with runtime
workload rebalancing, 2020.

[116] GHASHAMI, M., DESAI, A., AND PHILLIPS, J. M. Improved practical matrix sketching with guaran-
tees. In Algorithms - ESA 2014 (Berlin, Heidelberg, 2014), A. S. Schulz and D. Wagner, Eds., Springer
Berlin Heidelberg, pp. 467–479.

[117] GHOLAMI, A., KIM, S., DONG, Z., YAO, Z., MAHONEY, M. W., AND KEUTZER, K. A survey of
quantization methods for efficient neural network inference, 2021.

120



[118] GILMER, J., SCHOENHOLZ, S. S., RILEY, P. F., VINYALS, O., AND DAHL, G. E. Neural message
passing for quantum chemistry. CoRR abs/1704.01212 (2017).

[119] GLASSEY, C. R., AND KARP, R. M. On the optimality of huffman trees. SIAM Journal on Applied
Mathematics 31, 2 (1976), 368–378.

[120] GOKHALE, V., ZAIDY, A., CHANG, A. X. M., AND CULURCIELLO, E. Snowflake: An Efficient
Hardware Accelerator for Convolutional Neural Networks. In 2017 IEEE International Symposium
on Circuits and Systems (ISCAS) (2017), pp. 1–4.

[121] GOLDBERG, D. What every computer scientist should know about floating-point arithmetic. ACM
Comput. Surv. 23, 1 (Mar. 1991), 5–48.

[122] GONG, C., JIANG, Z., WANG, D., LIN, Y., LIU, Q., AND PAN, D. Z. Mixed precision neural
architecture search for energy efficient deep learning. In 2019 IEEE/ACM International Conference
on Computer-Aided Design (ICCAD) (2019), pp. 1–7.

[123] GONG, R., LIU, X., JIANG, S., LI, T., HU, P., LIN, J., YU, F., AND YAN, J. Differentiable soft
quantization: Bridging full-precision and low-bit neural networks, 2019.

[124] GONZALEZ, J. E., LOW, Y., GU, H., BICKSON, D., AND GUESTRIN, C. Powergraph: Distributed
graph-parallel computation on natural graphs. In 10th USENIX Symposium on Operating Systems
Design and Implementation (OSDI 12) (Hollywood, CA, Oct. 2012), USENIX Association, pp. 17–
30.

[125] GOODFELLOW, I., POUGET-ABADIE, J., MIRZA, M., XU, B., WARDE-FARLEY, D., OZAIR, S.,
COURVILLE, A., AND BENGIO, Y. Generative adversarial nets. In Advances in Neural Information
Processing Systems (2014), Z. Ghahramani, M. Welling, C. Cortes, N. Lawrence, and K. Q. Wein-
berger, Eds., vol. 27, Curran Associates, Inc.

[126] GOOGLE LLC. Tensorflow lite. https://www.tensorflow.org/lite. Accessed: 2021-07-
10.

[127] GOPE, D., BEU, J., THAKKER, U., AND MATTINA, M. Ternary mobilenets via per-layer hybrid
filter banks. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition
(CVPR) Workshops (June 2020).

[128] GORDON, A., EBAN, E., NACHUM, O., CHEN, B., WU, H., YANG, T.-J., AND CHOI, E. Morphnet:
Fast simple resource-constrained structure learning of deep networks. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition (CVPR) (June 2018).

[129] GOU, J., YU, B., MAYBANK, S. J., AND TAO, D. Knowledge distillation: A survey. International
Journal of Computer Vision 129, 6 (Mar 2021), 1789–1819.

[130] GRAHAM, B., EL-NOUBY, A., TOUVRON, H., STOCK, P., JOULIN, A., JÉGOU, H., AND DOUZE,
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Appendix A
A.1 Collaboration Acknowledgments

In this section I list the works performed during my DPhil studies and provide details on
my concrete contributions:

[324] Vincent Tseng, S. Bhattacharya, Javier Fernandez-Marques, Milad Alizadeh, Cather-
ine Tong and Nicholas D. Lane. Deterministic Binary Filters for Convolutional Neu-

ral Networks. In Proceedings of the Twnety-Seventh International Joint Conference

on Artificial Intelligence (IJCAI), 2018.
I also presented this work in MobiUK 2018 and Arm Research Summit 2018.
After two unsuccessful publication attempts at other international conferences, I lead
the re-design of the paper and its core contributions. I shifted its framing from being
a network architecture design into a general formulation that could be adapted to all
types of networks relying on convolutional layers. I also addressed some of the early
limitations identified when using the proposed deterministic codes, paving the way
for further research that later materialised into [102] and [333].

[103] Javier Fernandez-Marques , Vincent W.-S. Tseng, Sourav Bhattacharya and Nicholas
D. Lane. BinaryCmd: Keyword Spotting with deterministic binary basis. In Confer-

ence on Machine Learning and Systems (MLSys), 2018.
A follow-up version of this work was presented in EMDL-MobiSys 2018. In this
work I study the embedding of on-the-fly layers for key word spotting applications
running on Cortex-M microcontrollers, a very compute and memory constrained set-
ting. I further study some of the limitations of using OVSF codes as a base for
on-the-fly models and propose an effective way to ease these.

[333] Stylianos I. Venieris?, Javier Fernandez-Marques? and Nicholas D. Lane. unzipF-

PGA: Enhancing FPGA-based CNN Engines with On-the-fly Weights Generation.

In IEEE International Symposium on Field-Programmable Custom Computing Ma-

chines (FCCM), 2021.
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In this work we present a hardware weights generation following the on-the-fly for-
mulation I proposed in [324] and [102]. My contributions in this work are: design
a better training strategy for models using on-the-fly layers that reach equal perfor-
mance to ImageNet-level baselines; propose two solutions to the power-of-two lim-
itation of OVSF deterministic codes; implement and run all experiments assessing
the performance in terms of accuracy of the various model architectures and base-
lines considered; regarding the FPGA-based implementation, while the majority of
the design and evaluation was done by Stylianos, I contributed in the framing of the
comparisons with the reference implementations and pruned baselines as wells as the
discussion on multi-tenant FPGA designs. I planned having a bigger involvement on
the hardware dimension of this project but Covid-19 got on the way.

[104] Javier Fernandez-Marques, Paul N. Whatmough, Andrew Mundy and Matthew
Mattina. Searching for Winograd-aware Quantized Networks. In Proceedings of

Machine Learning and Systems (MLSys), 2020.
In this work I propose a relaxation on the formulation of Winograd convolutions
that allowed training quantized models that do not suffer from numerical degradation
when using this algorithm. I lead this project, implemented code and ran an extensive
set of experiments. To perform the latency benchmark, Andrew Mundy helped with
relevant code making use of Arm Compute Library. Most of the contents presented
in chapter 4 are the result of my 4-month summer internship at Arm. I carried out
some of the experiments and associated discussion after my internship.

[316] Shyam A. Tailor?, Javier Fernandez-Marques? and Nicholas D. Lane. Degree-

Quant: Quantization-Aware Training for Graph Neural Networks. In International

Conference on Learning Representations (ICLR), 2021.
Also in Graph Representation Learning and Beyond Workshop (ICMLw), 2020.
In this work we propose the first general formulation for quantization-aware training
on graphs. My contributions are: propose and run the study assessing the perfor-
mance of GNNs with off-the-shelf quantization implementations; implement and run
all quantization baselines, leading to a total of 200 individual experiments over 6
datasets; streamline our framework relying on Ray Tune and PyG for our multi-
node SLURM + Docker setup; and, collaborate defining the unique features of the
proposed Degree-Quant framework, ablation studies and, overall framing of the
paper. The content I present in Chapter 5 expands upon what was first introduced
in [316] providing further context, comparisons and, new experiments.
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Figure A.1: Microarchitecture of the CNN-WGen module with a detailed representation of the
OVSF code generator. In Section 3.3.3 all the elements in CNN-WGen are described.

For the other works not included as part of this thesis, my contributions were as follows:
in [11], I helped Milad carry out some of the experiments during the last couple of weeks
before the ICLR deadline and for rebuttal; in [110, 278] I played a support role helping with
experiments and by implementing an efficient virtualization of federated learning clients
tool, which allowed running thousands of clients regardless of the compute resources avail-
able on the servers we had at our disposal. I presented this tool under the name of Vir-

tual Client Manager in the Flower Summit 2021 [9] and, is currently being integrated
into the main Flower repository. Finally, in [244] I helped with deploying Flower clients
on NVIDIA-Jetson and RaspberryPi devices and, collect latency and energy consumption
metrics.

A.2 Custom OVSF Code Generator

This section includes further details on the implemented OVSF code generator, one of
the key components inside CNN-WGen. To produce the i-th subtile, the OVSF generator
has to feed the compute datapath with ρK2 OVSF codes. Following TiWGen, the basis
vectors are processed in a blocked manner with a tile size of M . But, how can the code
generator sustain the processing requirements demanded by CNN-WGen? If M≤K2

i , the
M least significant bits (LSBs) are outputted to the compute datapath. If M>K2

i , the code
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is self-concatenated
⌊
M
K2

i

⌋
times and written to the output’s LS part. Simultaneously, the

mod(M,K2
i ) LSBs of the OVSF code are written to the output’s MSBs and the constructed

vector is passed to the compute datapath. With this approach, when the OVSF codes are
read again out of the OVSF FIFO after ρK2

i cycles (i.e. in the next iteration of the loop
on line 2), they are correctly aligned to directly match TiWGen’s tiling pattern. In this
way, costly selection logic or redundant storage is avoided. A diagram showing these two
scenarios for generating OVSF codes is shown in Figure A.1.

A.3 Comparing unzipFPGA to existing FPGA designs

Here, we evaluate unzipFPGA with diverse existing FPGA designs. In all cases, we
use the OVSF50 variant with less than 1-pp accuracy drop. As shown in Table A.1, we
compare with Snowflake [51] for ResNet18, the SOTA sparse CNN FPGA design [238]
for ResNet34, and [298] that addresses PE underutilisation for SqueezeNet. On Z7045,
unzipFPGA achieves 2.33× and 1.12× higher throughput than [51] and [238], respec-
tively. For SqueezeNet, our design delivers 1.40× in inf/s/DSP and 1.14×-1.27× in inf/s/-
Logic over [298] with the same or 36% less on-chip memory.

ResNet50 Results. The original ResNet50 reaches 76.15% accuracy with 25.56M pa-
rameters. Our ResNet50-OVSF50 improves accuracy to 76.23% with 22.83M parameters.
Table A.2 presents the comparison for ResNet50. On Z7045, unzipFPGA outperforms
Snowflake by 1.59× in inf/s. Compared with designs on larger devices, our design achieves
higher performance density (GOp/s/DSP) by 3.71×, and 1.76×-6.16× over ResNetAccel
and ALAMO, respectively, and consistently higher GOp/s/Logic. FTDL reaches higher
GOp/s/DSP and 1.47× lower GOp/s/Logic, but targets a platform with 2.33× larger on-
chip memory and 2× higher bandwidth, which substantially reduce the off-chip memory
accesses and the associated latency.

A.4 Design Space Exploration for unzipFPGA

To estimate the performance and resource usage of different architectural parameters, an
analytical modeling framework was developed. This model is used to guide the parameter-
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ResNet18 [51]
unzipFPGA:
ResNet18*

ResNet34 [238]
DeepCompression

unzipFPGA:
ResNet34* SqueezeNet [298]

unzipFPGA:
SqueezeNet*

FPGA Z7045 Z7045 Z7045 Z7045 V485T V690T ZU7EV
Clock (MHz) 250 150 166 150 170 170 200
Precision 16b fixed 16b fixed 16b fixed 16b fixed 16b fixed 16b fixed 16b fixed
DSPs† 900 900 900 900 2800 3600 1728
LUTs 218.6 k 218.6 k 218.6 k 218.6 k 303.6 k 433.2 k 230.0 k
Block RAM 2.40 MB 2.40 MB 2.40 MB 2.40 MB 4.52 MB 6.46 MB 4.75 MB
DSP Util.† 28.4% 100% 56.8% 100% 80% 80% 100%
inf/s 21.38 49.90 27.84 31.1 913.40 1173.00 792.20
inf/s/DSP† 0.0237 0.0576 0.0309 0.0369 0.3260 0.3258 0.4584
inf/s/Logic 0.0978 0.2282 0.1273 0.1422 3.0085 2.7077 3.444

Table A.1: Comparison with existing FPGA work on ResNet18 (4.03 GOps), ResNet34 (7.40
GOps) and SqueezeNet (0.78 GOps).(?) using OVSF50, (†) 18×18, 19×18 and 25×18 DSP con-
figurations.

Snowflake [120]
unzipFPGA:
ResNet50* ResNetAccel [240] ALAMO [239] FTDL [300]

unzipFPGA:
ResNet50*

FPGA Z7045 Z7045 Ar10 GX1150 Ar10 GX1150 St10 GX2800 VU125 ZU7EV
Clock (MHz) 250 150 150 240 300 650 200
Precision 16b fixed 16b fixed 16b fixed 16b fixed 16b fixed 16b fixed 16b fixed
DSPs† 900 900 3036 3036 11,520 1200 1728
Logic 218.6 kLUTs 218.6 kLUTs 427.2 kALMs 427.2 kALMs 933.0 kALMs 716.0 kLUTs 230.0 kLUTs
Block RAM 2.40 MB 2.40 MB 6.60 MB 6.60 MB 28.62 MB 11.075 MB 4.75 MB
DSP Util.† 28.4% 100% 56.8% 80% 80% 100% 100%
inf/s 17.7 28.18 33.93 71.38 77.55 151.22 71.71
inf/s/DSP† 0.0196 0.0313 0.0111 0.0235 0.0067 0.1260 0.0415
inf/s/Logic 0.0809 0.1289 0.0794 0.1671 0.0831 0.2112 0.3117

Table A.2: Comparison with existing FPGA work on ResNet50 (8.41 GOps). Ar10 and St10
stand for Arria 10 and Stratix 10, respectively. The Adaptive Logic Modules (ALMs) are Intel’s
implementation of LUTs. (?) using OVSF50, (†) 18×18, 19×18 and 25×18 DSP configurations.

ization of CNN-WGen given the (1) available memory and compute resources on the target
FPGA and (2) the model architecture. In order to efficiently and accurately sample this
large search space we must first provide a closed form notation for (1) resource utilization
of a candidate design as well as its (2) performance in terms of throughput.

Performance Model. The workload of a CNN with NL layers is represented as a se-
quence of Wi=〈Ri, Pi, Ci〉 workload tuples with i ∈ {1, ..., NL}. Given a design point
σ=〈M,TR, TP , TC〉, the CNN-WGen’s runtime for generating the i-th layer’s weights re-
quired to compute an (TR × TC) output tile is given by

tiCNN-WGen(σ,Wi) = bρ · lc ·
⌈
TP · TC
M

⌉
·
⌈
Pi
TP

⌉
(A.1)

where ρ and l are the OVSF ratio and basis length respectively, M is the number of
sub-tiles and, with one factor for each of the pipelined loops in Algorithm 1. With the α
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values transferred upfront and the OVSF method generating all weights on-chip, the off-
chip memory transfers involve only the input and output activations:

timem in(σ,Wi) =
TR · P ·WL

bwin
, timem out(σ,Wi) =

TR · TC ·WL

bwout
(A.2)

where WL is the adopted wordlength, and bw{in,out} are the memory bandwidths for trans-
ferring inputs/outputs.

With the TC and TP dimensions unrolled, the computation of an output tile by the
accelerator’s CNN engine requires the pipelined processing of Pi

TP
tiles for each of the TR

rows. Hence, the CNN engine’s runtime for each output tile is estimated as tieng(σ,Wi) =

TR

⌈
Pi

TP

⌉
. By making use of an input selective PEs, allowing to ease the problem of some

PEs being underutilised in layers where the number of output channels is lower than the
number of instantiated PEs (i.e. C ≤ TC)1, the runtime is refined as

tieng∗(σ,Wi) =

(
TC − Ci +

⌈
TR · Ci − (TC − Ci) · (Ci + 1)

TC

⌉)
·
⌈
Pi
TP

⌉
(A.3)

where the TR dimension is partially unrolled by processing different rows of TR through
the underutilised PEs. Overall, the accelerator forms a pipeline of three coarse stages:
the concurrent input transfer and weights generation, the CNN engine processing and, the
output transfer. In this context, the initiation interval2 of the architecture is given by

II i(σ,Wi) = max
(
max

(
timem in, t

i
CNN-WGen

)
, tieng∗ , t

i
mem out

)
(A.4)

and titotal(σ,Wi) = II i(σ,Wi)
⌈
Ri

TR

⌉ ⌈
Ci

TC

⌉
yields the total runtime for the i-th layer.

Thus, given a CNN’s workload tuple W=〈Wi | ∀i ∈ {1, ..., NL}〉, the throughput in in-

ferences per sec (inf/s) is estimated as T (σ,W ) = 1/
NL∑
i=1

titotal(σ,Wi).

Resource Consumption Model. From a resource perspective, the main design constraints
are the DSPs and on-chip RAM blocks of the target FPGA, or BRAM. Assuming that
all MAC operators are mapped to DSPs, the values of 〈M,TP , TC〉 are constrained as

1This is one of the contributions presented in [333], which acts as a load-balancing mechanism while
only requiring the instantiation of low-overhead additional circuitry. This resulted in upto 20% throughput in
compute-bound layers. We omitted providing further details to keep Chapter 3 more focused.

2The initiation interval is normally defined as the number of cycles required for a function to finish its
tasks before accepting a new input.
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DMAC × (M + TPTC) ≤ Dfpga, with Dfpga the available DSPs and DMAC the DSPs/MAC.
In our case, 16-bit fixed-point precision is used, where DMAC=1 on the evaluated FPGAs.

In terms of on-chip RAM, the accelerator has the I/O and Alpha buffers with wordlength
WL and the binary OVSF FIFO, with a total capacity requirement as given by

(
2(TRTP + TRTC) +DAlphaNAlpha

P

)
WL+K2

maxK
2
max ≤ Cfpga (A.5)

where the factor of 2 accounts for double-buffering and Cfpga is the on-chip RAM ca-
pacity of the target device.

To further estimate the consumption of LUTs, we used a set of place-and-route mea-
surements and fitted linear regression models as a function of unzipFPGA’s tunable pa-
rameters. Overall, we formally capture the on-chip resource consumption of a design point
σ by means of vector rsc(σ) that holds the utilised amount of DSPs, BRAMs and LUTs.
Similarly, we denote the resource vector of the target platform by rscAvail..

Configuration Optimisation. In order to yield the highest performing design for the
given CNN-FPGA pair, we cast the design space exploration as a formal optimisation
problem: max

σ
T (σ,W ) s.t. rsc(σ) ≤ rscAvail.. Given a CNN-FPGA pair, we perform ex-

haustive search, exploring different resource allocations between CNN-WGen and the CNN
engine. All designs that violate the resource constraints are pruned as infeasible to acceler-
ate the exploration.

A.5 Parametrization of OVSF-based convolutional layers

In Table A.3 we indicate the compression ratios ρ utilized in the experimental evaluation
in Section 3.5. These ratios were manually setup and shared for all architectures evaluated
for both CIFAR-10 and ImageNet. We empirically observed that deeper lagers can be
compressed (i.e. lower ρ) more aggressively without impacting final accuracy. Informed
by this observation, we set each OVSF configuration. Naturally the ρ assigned to each
convolutional layer becomes yet another hyperparameter to tweak for each architecture,
dataset and memory bandwidth supported in each FPGA platform. This was first discussed
in Section 3.6 as an immediate extension of the work presented in Section 3.3.
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Configuration Block #1 Block #2 Block #3 Block #4
Name Conv1 Conv2 Conv1 Conv2 Conv1 Conv2 Conv1 Conv2

OVSF-100 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
OVSF-75 1.0 1.0 0.5 0.5 0.5 0.6 0.6 0.5
OVSF-50 1.0 1.0 0.5 0.5 0.5 0.5 0.5 0.4
OVSF-25 1.0 1.0 0.4 0.4 0.25 0.25 0.125 0.125

OVSF-12.5 1.0 0.75 0.25 0.25 0.125 0.125 0.125 0.125

Table A.3: Value of OVSF ratio ρ assigned to each pair of 3×3 convolutional layer in each Residual
Block or BottleNeck Block in ReNets. For SqueezeNet’s Fire module, which contains a single 3×3
convolutional layer, we make use of the value ρ under the conv1 columns.

A.6 Winograd-aware Layers for Other Architectures

The results of our study of Winograd-aware networks presented Section 4.5.1 showed mul-
tiple configurations of the ResNet-18 architecture at different width-multipliers, bitwidths,
quantization levels and convolution algorithms. Here, we present a similar analysis for two
other popular architectures for image classification. We limit our study to the full models
(i.e. mult=1.0) and show results for SqueezeNet [173] in Table A.4 and for ResNeXt [377]
in Table A.5. These results align with what was observed for ResNet-18: In the presence of
quantization, learning the Winograd transformations (flex configurations) resulted in supe-
rior performance than using the default (static) transformations. All experiments used the
same hyper-parameters as described in Section 4.5.1.

Conv. Bits WA Accuracy (%)
Type act. / param. trans. CIFAR-10 CIFAR-100

im2row

32 / 32

- 91.13 69.06
WAF2 static 91.31 69.42
WAF2 flex 91.25 69.36
WAF4 static 91.23 69.14
WAF4 flex 91.41 69.32

im2row

8 / 8

- 91.15 69.34
WAF2 static 90.88 70.06
WAF2 flex 91.03 70.18
WAF4 static 79.28 55.84
WAF4 flex 90.72 69.73

Table A.4: Comparison between standard convolutions (im2row) and Winograd-aware layers for
SqueezeNet. With INT8 quantization and using the default transformation matrices (static), larger
tile sizes (i.e. F4) introduce substantial numerical error and result in a sever accuracy drop. This
drop in accuracy is significantly reduced if the transformations are learnt (flex).
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Conv. Bits WA Accuracy (%)
type act. / param. trans. CIFAR-10 CIFAR-100

im2row

32 / 32

- 93.17 74.54
WAF2 static 93.19 74.66
WAF2 flex 93.08 74.58
WAF4 static 93.24 74.47
WAF4 flex 93.15 74.62

im2row

8 / 8

- 93.40 74.89
WAF2 static 92.93 75.32
WAF2 flex 93.11 75.80
WAF4 static 76.73 51.20
WAF4 flex 93.29 75.35

Table A.5: Comparison between standard convolutions (im2row) and Winograd-aware layers for
ResNeXt 20(8×16). With INT8 quantization and using the default transformation matrices (static),
larger tile sizes (F4) introduce substantial numerical error and result in a sever accuracy drop. This
drop in accuracy is significantly reduced if the transformation matrices are learnt (flex).

For both architectures, INT8 Winograd-aware F4 models with learnt Winograd trans-
formations did not result in a accuracy gaps as pronounced as the ones reported for ResNet-
18 in Section 4.5.1. These models even surpass the im2row baselines for CIFAR-100. We
argue this is because SqueezeNet and ResNeXt (8×16) have fewer 3×3 convolutional lay-
ers (8 and 6, respecitvely) compared to ResNet-18, which has 16. Therefore, the succession
of fewer convolutional layers implemented as Winograd convolutions reduces the overall
impact of numerical error.

A.7 Overhead of Learnt Winograd Transforms

The default Winograd transformation matrices contain varying amounts of 0’s. For F2

the sparsity ratios are 50%, 33% and 25% respectively for BT , G and AT . These trans-
forms were shown in Equation (4.1). From the construction process of these matrices and
specially the choice of polynomial points, we would expect lower sparsity ratios as these
transforms are adjusted for larger input patches. For example, for the default transforms F4

these ratios are 22%, 22% and 25%. For implementations of matrix-matrix multiplications
that can exploit data sparsity, as is the case of Arm’s Compute Library, having more zeros
means less compute which often translate into lower latencies.

The Winograd-aware formulation presented in Chapter 4 does not impose restrictions
on how the learnt transform should look like. As a consequence, the resulting transforms
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rarely contain zeros. This translates in additional compute for input BTdB and output
ATyA transforms. The impact of using dense, learnt, transforms for WAF4 models run-
ning on a Cortex-A73 is a latency increase of 17% (+8ms) and 20% (+6ms) for FP32
and INT8 respectively for a ResNet18 network. This increase in latency is higher on the
Cortex-A53 since the Winograd transforms are proportionally more expensive on this core.
These penalties represent the worst case performance increase, assuming the transforms
are compute bound. However, we believe that due to the access patterns of the Winograd
transform kernels (gather and scatter across a wide area of memory) at least some of the
performance of the transforms results from misses in the cache hierarchy and so some
additional computation can be tolerated without necessarily increasing execution time.

We note that the impact for F2 models is considerably higher especially since the
original transforms G and A are, not only sparse, but binary and the learnt ones are not.
However, these penalties are never met in practice since F2 Winograd-aware models with
default transforms can perform equally well as those with learnt transforms (as shown in
Figure 4.7 and Tables A.4 and A.5) even in INT8. Even with the performance loss due to
the learnt transforms, we are still demonstrating some (non-negligible) 1.54× and 1.43×
speedup compared to INT8 im2row for Cortex-A73 and Cortex-A53 respectively.

A.8 Architectures Optimized with wiNAS

Our framework wiNAS, takes a given macro-architecture and optimizes each 3×3 convo-
lutional layer by choosing from direct convolution or different Winograd configurations.
For the search, all 1×1 convolutions were fixed to use im2row.

For wiNASWA in FP32, the resulting architecture only substituted the last convolution
layer with im2row instead of F2. The rest of the layers remained unchanged from the
WAF4 configuration (which was described in Section 4.5.1). The same micro-architecture
was used in CIFAR-10 and CIFAR-100.

For wiNASWA with 8-bit quantization and CIFAR-10, wiNAS replaced the 5th and sec-
ond last convolutional layers with im2row, instead of F4 and F2 respectively. For CIFAR-
100, more optimization was compared to WAF4. The resulting micro-architecture optimiza-
tion is shown in Figure A.2 (left).

When introducing quantization in the search space, wiNASQ, the resulting architectures
are shown in Figure A.2 for both CIFAR-10 (middle) and CIFAR-100 (right).
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Figure A.2: Resulting architectures after optimizing a ResNet-18 macro-architecture using wiNAS.
For wiNASWA and CIFAR-100, the architecture resulted is shown on the left. With wiNASWA-Q,
that introduces quantization in the search space, the optimization resulted in different architectures
for CIFAR-10 (middle) and CIFAR-100 (right), evidencing the difference in complexity of the latter.

A.9 Deviation of Winograd-aware Layers

In Figure A.3 we show our preliminary analysis attempting to understand what how Winograd-
aware layers with learnable transforms differ from standard convolutions. Such analysis
was done using a ResNet-18 with multiplier set to 0.25 and, following the same parameter-
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Figure A.3: Deviation in the output of 3×3 Winograd-aware convolutional layers w.r.t standard
convolution when using static transforms and when using flex transforms. We show this difference
(measured as MSE) for Winograd-aware layers at INT8, INT16 and FP32. Larger plots of the left
show the validation and loss accuracies of each of those layer configurations. As expected, static
layers perform worse at lower bitwidths. The smaller plots show the MSE difference measured at
the output of each Winograd-aware layer compared to that that would had been obtained using the
same weights and input but following a standard convolution. The y-axis is in logarithm scale and
x-axis in all plots represent the epoch number. The difference is marginal with static layers at FP32,
as expected. This grows as bitwidth is reduced (due to the numerical errors in Winograds). For flex
layers, even at FP32 the difference w.r.t normal convolutions is very large and, grows for INT8.

ization as described in Section 4.5.1. The results evidence the large discrepancy in outputs
of the convolution given the exact same input and weights tensors and, opens up new pos-
sibilities to further modify the Winograd algorithm. We believe this should be possible
since, as demonstrated in Chapter 4, even though Winograd-aware layers do not perform
a convolution they achieve excellent performance and become the only option to deploy
Winograd-convolutions in the context of integer-only arithmetic.
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Figure A.4: Analysis of how INT8 GAT performance degrades on Cora as individual elements are
reduced to 4-bit precision without DQ. For GAT the message elements are crucial to classification
performance. Similarly to GIN layers, quantizing the update stage results in severe degradation,
although not as much as in the former.

A.10 Additional Results for Degree-Quant

This section includes additional figures for Chapter 5. In Figure A.4 we show the degra-
dation in node classification accuracy when all stages in a GAT network are quantized
with QAT at INT8 and, only one is quantized at INT4 also with QAT. Similar to what was
first observed for GIN layers in Figure 5.7, the message generation stage requires accurate
representations and heavily suffers from further quantization.

Figure A.5 shows the validation loss curves at different pmin and pmax values with
Degree-Quant. The resulting accuracies for each configuration are shown next to it
in Appendix A.10.

Figure A.7 shows a stage-by-stage diagram of how a direct nQAT is applied to the graph
setting. QAT follows the same structure but without stochastic quantization of weights.
On the other hand, Degree-Quant does include topology-awareness to the quantization
process as shown in Figure 5.4. Finally, in Figure A.6 we show the graph-summarization
stages for both QAT and Degree-Quant. These stages are used for graph classification
(i.e. CIFAR-10 and MNIST) and graph regression tasks (i.e. ZINC).
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Figure A.5: Validation loss curves for GIN models evalu-
ated on REDDIT-BINARY. Results averaged across 10-fold
cross-validation. We show four DQ-INT8 experiments each
with a different values for (pmin,pmax) and our FP32 base-
line.

Quantization Model REDDIT-BIN ↑

Ref. (FP32) GIN 92.2± 2.3

Ours (FP32) GIN 92.0± 1.5

DQ-INT8 (0.0, 0.1) GIN 91.8± 2.3

DQ-INT8 (0.1, 0.2) GIN 90.1± 2.5

DQ-INT8 (0.2, 0.2) GIN 89.0± 3.0

DQ-INT8 (0.2, 0.3) GIN 88.1± 3.0

Table A.6: Final test accuracies for
FP32 and DQ-INT8 models whose
validation loss curves are shown
in Figure A.5
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Figure A.6: Diagrams representing how the output graph-summarization stages for graph-level
tasks (e.g. graph classification, graph regression) are implemented when making use of DQ (left)
and nQAT (right). GNNs making use of DQ during the node-aggregation stages (see fig. 5.4), do
not use the stochastic element of DQ in the output MLP layers but still make use of percentiles. For
models making use of nQAT, the final MLP still makes use of stochastic quantization of weights.
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