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Abstract

With the increasing availability of large-scale datasets and powerful computing
paradigms, convolutional neural networks (CNNs) have empowered a wide range
of intelligent embedded vision tasks, which span from image classification to down-
stream vision tasks, such as on-device object recognition, detection, and tracking.
In the past few years, convolutional networks have been evolving deeper and wider
in order to maintain superior accuracy on target task. This rule of thumb, despite
its efficacy, leads to an exponential growth in the number of floating-point opera-
tions (FLOPs) and parameters. For example, ResNet50, as one of the most repre-
sentative convolutional networks, consists of over 4 billion FLOPs and 25 million
parameters. The prohibitive network complexity, as a result, further enlarges the
computational gap between computation-intensive CNNs and resource-constrained
embedded platforms, making it challenging to develop hardware-friendly network
solutions to accommodate the limited available computational resources in real-

world embedded scenarios towards embedded intelligence.

This thesis focuses on alleviating the above computational gap from the perspective

of hardware-aware neural architecture search (NAS) and compression.

First of all, we introduce SurgeNAS for efficient architecture search. Specifically,

SurgeNAS turns back to one-level optimization for accurate and consistent gradi-
ent estimation, which also features an effective identity mapping scheme in order
to avoid the search collapse. In addition, we introduce an efficient ordered differ-
entiable sampling approach to reduce the memory consumption to the single-path
level, while at the same time maintaining strict search fairness. An efficient graph
neural networks (GNNs) based latency predictor is further proposed and integrated
into the search engine to avoid tedious on-device latency measurements during the
search process. Finally, we introduce the paradigm of Comfort Zone, which allows
us to scale up the searched architecture candidates to achieve better accuracy on

target task without degrading the inference efficiency on target hardware.

xiii
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Furthermore, we introduce LightNAS for flexible architecture search. The motiva-
tion behind LightNAS is that previous relevant NAS methods, including SurgeNAS,

simply focus on reducing the explicit search cost — the time for one single search,

while ignoring the huge implicit search cost — the time for manual hyper-parameter
tuning to derive the required architecture candidate. In practice, previous relevant
NAS methods have to perform manual hyper-parameter tuning in order to navigate
the required architecture candidate that satisfies the specified latency constraint,
which empirically involves 10 trial-and-errors and thus significantly increases the
total search cost by 10 times. In contrast, Light NAS only requires one single search
for any specified latency constraint (i.e., you only search once). In addition, we in-
troduce an efficient yet reliable proxy, namely batchwise training estimation (BTE),
which can be seamlessly integrated into LightNAS to enable channel-level explo-
rations at low computational cost. This further boosts the attainable accuracy on

target task without degrading the efficiency on target hardware.

Finally, we introduce Domino for efficient network compression, in which we pio-

neer to revisit the trade-off dilemma between accuracy and efficiency from a fresh
perspective of linearity and non-linearity. Specifically, Domino focuses on trad-
ing the less important network non-linearity for better network efficiency. To this
end, Domino leverages two efficient performance predictors, including one vanilla
latency predictor and one meta-accuracy predictor, to explore less important non-
linear building blocks, which are then grafted with their linear counterparts. The
resulting grafted network is further trained on target task to achieve decent accu-
racy. Finally, we reparameterize each grafted linear building block that consists
of multiple consecutive linear layers, including multiple convolutional, batch nor-
malization (BN), and grafted linear activation layers, into one single convolutional
layer to aggressively boost the efficiency on target hardware, and more impor-
tantly, without sacrificing the accuracy on target task since the network maintains

the same output regardless of linear reparameterization.

In summary, this thesis focuses on hardware-aware neural architecture search and
compression to deliver efficient network solutions for resource-constrained embed-
ded platforms to empower embedded intelligence. Future research will continue to
explore more general search spaces and more advanced search/compression tech-

niques to develop more efficient networks for intelligent embedded applications.
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Chapter 1

Introduction

1.1 Background

1.1.1 Computational Gap in the Deep Learning Era

Convolutional neural networks (CNNs)!, thanks to their strong learning capabil-
ity, have demonstrated tremendous success in a myriad of real-world vision applica-
tions, spanning from image classification to many downstream vision tasks, such as
object segmentation, detection, and tracking [26-30]. The origin of CNNs’ booming
success can be traced back to the early 2010s with the emergence of AlexNet [31],
which for the first time reveals that CNNs, when properly engineered, can achieve
human-like recognition performance. In the subsequent years, a huge amount of
research effort has been dedicated to developing more and more powerful deep
convolutional networks, such as VGGNet [32], ResNet [19], and DenseNet [33],
and their tailored advanced training techniques, such as knowledge distillation [34]
and deep mutual learning [35], which have been continuing to boost the attainable

accuracy across various vision tasks in the deep learning era.

The tremendous success of CNNs has also garnered increasing interest from both
academia and industry to integrate these powerful deep convolutional networks into
real-world embedded platforms for the purpose of fostering embedded intelligence

26, 27, 36]. This has the potential to significantly enhance the user experience since

In this thesis, we interchangeably use some technical terms like CNNs, DNNs, convolutional
neural networks, convolutional networks, deep neural networks, and deep convolutional networks.

1
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everything can be locally processed without being uploaded to the remote server,
which thus protects the data privacy and security. However, these powerful deep
convolutional networks, despite being able to exhibit competitive accuracy, often
suffer from prohibitive network complexity, which typically involve a huge amount
of floating-point operations (FLOPs) and parameters [26]. For example, ResNet-
50 [19], as one of the most representative deep convolutional networks, consists of
over 4 billion FLOPs and 25 million parameters. More recently, vision transformer
(ViT) [28] and its variants [37-39] have demonstrated even stronger accuracy than
their convolutional counterparts, which, unfortunately, also comes at the cost of
more prohibitive network complexity [40]. And even worse, embedded platforms
typically feature limited available computational resources in order to optimize the
power consumption as shown in [36]. These limitations lead to and also continue to
enlarge the computational gap between computation-intensive deep convolutional

networks and resource-constrained embedded platforms [26].

To alleviate the above computational gap, substantial research has been conducted
to develop computation-efficient lightweight convolutional networks, which strive to
achieve superior accuracy with much lower computational complexity [26, 27, 36].
Among them, MobileNets [6, 41] and ShuffleNets [42, 43|, as the most representative
lightweight convolutional networks, have taken the very early steps and achieved
promising progress. For example, MobileNetV1 [41] features depth-wise separable
convolutional layers to trim down the network complexity to accommodate the lim-
ited available computational resources in real-world embedded scenarios. Further-
more, MobileNetV2 [6] borrows the residual learning paradigm [19] and introduces
an efficient inverted residual structure, which can exhibit better accuracy-efficiency
trade-offs than MobileNetV1. However, these lightweight convolutional networks,
despite being able to deliver superior accuracy-efficiency trade-offs, involve a huge
amount of engineering effort from human experts to explore the optimal network
configuration, such as the optimal network width (i.e., the number of channels) and
depth (i.e., the number of layers), through trial and error [26]. And even worse,
prohibitive computational resources are also required since there exist numerous
possible network configurations, each of which must be trained on target task in

order to interpret its attainable accuracy [26].

To overcome such limitations, we, in this thesis, focus on hardware-aware neu-

ral architecture search (NAS) and compression to design more hardware-efficient
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network solutions to further alleviate the computational gap between computation-
intensive networks and resource-constrained embedded platforms towards boosted
embedded intelligence, both of which can automatically explore top-performing

network configurations and variants.

1.1.2 Neural Architecture Search

To explore novel network structures, recent network design practices have shifted
from manual to automated, also referred to as neural architecture search (NAS) or
automated machine learning (AutoML), which strives to automate the design of
powerful deep convolutional networks. To this end, [44], as the seminal NAS work,
proposes to train an effective recurrent neural networks (RNNs) based controller
with reinforcement learning (RL), which, once well trained, can automatically ex-
plore the pre-defined search space to navigate the optimal network configuration.
Experimental results on CIFAR-10 show that [44] can generate superior network
structures that compete with early manual convolutional networks in terms of the
accuracy. Subsequently, NASNet [2], following [44], leverages the same RNNs-based
RL controller as the search engine to explore the pre-defined cell-based transferable
search space, which further boosts the attainable accuracy on target task. How-
ever, these early RL-based NAS methods, despite being able to deliver promising
results, suffer from prohibitive search cost, which may require thousands of GPU

days for one single search experiment as demonstrated in [45].

To tackle the prohibitive search cost, ENAS [45] for the first time introduces the
weight-sharing paradigm, which, thanks to its strong search efficiency, has been
widely employed in subsequent NAS methods [3, 14, 46-48]. Specifically, ENAS
proposes to initialize an over-parameterized supernet, which consists of all the pos-
sible architecture candidates in the pre-defined search space. During each search
iteration, ENAS also features the same RL-based controller [44] to optimize dif-
ferent architecture candidates sampled from the over-parameterized supernet, in
which all the architecture candidates share the same network weights from the
over-parameterized supernet. As a result, in contrast to [2, 44] that have to train
numerous stand-alone architecture candidates, ENAS only needs to train the over-

parameterized supernet, which significantly reduces the search cost from thousands
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of GPU days to less than one GPU day while at the same time achieving compara-
ble accuracy to [2, 44]. The weight-sharing NAS paradigm can also be leveraged to
perform evolutionary architecture search [14, 22, 48-50], in which an evolutionary
search engine can be established to explore the pre-trained over-parameterized su-
pernet to navigate the optimal architecture candidate. Furthermore, [5, 14, 22, 48]
leverage reinforcement learning and evolutionary algorithm to perform hardware-
aware search, which strive to navigate hardware-friendly architecture candidates

that can exhibit superior accuracy-efficiency trade-offs.

More recently, the differentiable NAS paradigm dubbed DARTS [3] has emerged,
which has dominated recent success in the field of NAS thanks to its strong search
efficiency and reliable search performance [51]. Specifically, DARTS introduces a
set of architecture parameters to relax the discrete search space to become con-
tinuous, which therefore allows us to optimize both the network weights and the
architecture parameters using stochastic gradient descent (SGD). Once the differen-
tiable optimization converges, we can interpret the optimal architecture candidate
according to the learned architecture parameters [3]. The success of DARTS further
inspires a plethora of subsequent differentiable NAS works [20, 21, 46, 47, 52-56],
which continue to boost the search performance. In parallel, several popular NAS
benchmarks have also been established, such as NAS-Bench-101 [57], NAS-Bench-
201 [16], and NAS-Bench-x11 [58], to facilitate the NAS community. Despite the
promising performance, the above differentiable NAS works [3, 20, 21, 46, 47, 52—
56] simply focus on searching for top-performing architecture candidates in terms of
the accuracy, while ignoring other important performance constraints, such as the
on-device latency and energy. As a result, they end up with top-performing archi-
tecture candidates with competitive accuracy, which, however, comes at prohibitive
computational complexity and thus cannot be deployed in real-world embedded

scenarios due to the limited available computation resources.

Furthermore, several hardware-aware differentiable NAS works [9, 13, 59-61] are
proposed, which focus on searching for hardware-efficient architecture candidates
that can exhibit superior accuracy-efficiency trade-offs. These hardware-aware dif-
ferentiable NAS works, despite being able to deliver superior accuracy-efficiency
trade-offs, often suffer from considerable memory consumption and significant
search unfairness. And even worse, unlike RL-based and evolutionary NAS works

[7, 48, 62], these hardware-aware differentiable NAS works have to perform manual
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hyper-parameter tuning in order to navigate the required architecture candidate
that satisfies the specified latency constraint, which empirically involves 10 trial-

and-errors and thus significantly increases the total search cost by 10 times.

1.1.3 Neural Architecture Compression

In parallel to neural architecture search that strives to explore novel network struc-
tures, neural architecture compression is another effective technique, which focuses
on delivering efficient network variants towards boosted accuracy-efficiency trade-
offs [26, 27]. In practice, network compression techniques can be roughly divided
into three main categories, including pruning, quantization, and knowledge distil-
lation [26, 27], which can be optionally plugged into typical NAS algorithms to
jointly explore more efficient network solutions for resource-constrained embedded
platforms [63]. Note that, in this thesis, we only consider structured pruning, in-
cluding channel-wise and layer-wise pruning, since other common network compres-
sion techniques, such as quantization [64, 65] and knowledge distillation [34, 35],
cannot end up with simplified network structures. For example, quantization seeks
to reduce the network precision from high bits to lower bits (e.g., from 32 bits to 8
bits or even 1 bit), whereas the network structure still remains to be the same. In
addition, we also exclude unstructured pruning (i.e., weight pruning) [66], which
highly relies on specialized hardware accelerators for realistic on-device speedups
and thus cannot benefit mainstream off-the-shelf embedded platforms due to the

irregular network sparsity and memory access patterns [67].

To explore simplified network structures, previous representative channel-wise and
layer-wise pruning methods remove the less important channels and layers to trim
down the prohibitive network complexity. For example, [68] and [69] leverage L1-
norm and Imprint to interpret the importance of different channels and layers,
respectively, after which the less important channels and layers are removed to ac-
commodate the specified performance requirement. Note that layer-wise pruning is
an aggressive special case of channel-wise pruning and channel-wise pruning can be
degraded to layer-wise pruning when all the channels in the same layer are pruned.
However, channel-wise pruning, despite its efficacy to maintain competitive accu-

racy, often suffers from significant resource underutilization, which thus exhibits
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inferior hardware efficiency [70, 71]. We conjecture that the resource underutiliza-
tion here is caused by the layer-wise execution behaviors of convolutional networks,
where the output of one specific layer is the input of its subsequent layer. In par-
allel, layer-wise pruning can indeed deliver superior hardware efficiency as shown
in [69, 70, 72|, which, unfortunately, comes at the cost of severe accuracy loss on
target task since the attainable accuracy highly relies on sufficient network depth
[19]. These demonstrate that channel-wise and layer-wise pruning can only achieve
either competitive accuracy or hardware efficiency, and as a result, cannot achieve
Pareto-optimal accuracy-efficiency trade-offs. This further calls for pruning-free
alternatives to simplify deep convolutional networks towards boosted accuracy-
efficiency trade-off to maximize the attainable accuracy on target task using the

limited available computational resources in real-world embedded scenarios.

1.2 Major Contributions

In this thesis, we mainly focus on exploring hardware-aware neural architecture
search and compression to deliver hardware-friendly network solutions for resource-
constrained embedded platforms towards embedded intelligence. The main contri-

butions of this thesis are three-fold, which are summarized as follows:

e We propose SurgeNAS for efficient architecture search. Specifically, Surge-

NAS turns back to one-level optimization for more accurate and consistent
gradient estimation during the search process, which also leverages a simple
yet effective identity mapping scheme in order to tackle the search collapse.
To alleviate the memory bottleneck, we introduce an efficient ordered differ-
entiable sampling approach to aggressively reduce the required memory con-
sumption to the single-path level, which can also maintain strict search fair-
ness. Furthermore, we introduce an efficient graph neural networks (GNNs)
based latency predictor, which is integrated into the search process to avoid
tedious on-device latency measurements. Finally, we demonstrate that there
exists Comfort Zone, which allows us to scale up the searched architecture

candidates to achieve better accuracy without efficiency degradation.

e We propose LightNAS for flexible architecture search. The motivation behind
LightNAS is that previous relevant NAS methods, including SurgeNAS, only
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focus on reducing the explicit search cost for one single search, while ignor-
ing the prohibitive implicit search cost for manual hyper-parameter tuning
in order to navigate the required architecture candidate. That is, previous
relevant NAS methods have to repeat multiple search experiments through
trial and error to navigate the required architecture candidate that satisfies
the specified latency constraint, which empirically leads to 10 trial-and-errors
and thus significantly increases the total search cost by 10 times. In contrast,
LightNAS only involves one single search for any specified latency constraint
(i.e., you only search once), which thus exhibits significant search efficiency
and flexibility. In addition, we introduce a reliable yet computationally cheap
proxy, namely batchwise training estimation (BTE), to enable channel-level

explorations for further accuracy improvement at low computational cost.

e We propose Domino for efficient network compression, in which we strive to

revisit the accuracy-efficiency trade-off from a fresh perspective of linearity
and non-linearity. Specifically, in contrast to previous relevant methods that
trade the less important channels or layers, Domino trades the less important
network non-linearity for better hardware efficiency. To this end, Domino fea-
tures two efficient predictors, including one vanilla latency predictor and one
meta-accuracy predictor, to explore the less important non-linear building
blocks, which are then grafted with their linear counterparts. The resulting
grafted network is further trained on target task to achieve superior accuracy.
Finally, we reparameterize each grafted linear building block that consists of
multiple consecutive linear layers into one single linear layer to win aggressive
hardware efficiency without accuracy loss since the network output remains

strictly the same regardless of linear reparameterization.

1.3 Thesis Organization

The structure of this thesis is as follows, which can also be found in Figure 1.1.
Chapter 1 introduces the research background and presents an overview of this the-
sis. Chapter 2 introduces the relevant literature. Chapter 3 introduces SurgeNAS
for efficient architecture search. Chapter 4 introduces LightNAS for flexible archi-

tecture search. Chapter 5 introduces Domino for efficient network compression.
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F1cGURE 1.1: An intuitive overview of the systematic structure of this thesis.

Finally, Chapter 6 concludes this thesis and discusses possible future directions

towards more efficient networks and more advanced embedded intelligence.



Chapter 2

Literature Review

Convolutional neural networks have achieved tremendous success across a myriad
of real-world intelligent embedded scenarios, such as AR/VR and on-device object
detection/tracking [27, 36]. In the past decade, ” deeper + wider = better” has been
widely deemed as the rule of thumb to design networks that can exhibit superior
accuracy [19, 33]. This rule, despite its efficacy to maintain superior accuracy, con-
tinues to push forward the network complexity over time, which, as a result, leads
to the computational gap between computation-intensive networks and resource-
constrained embedded platforms [26]. To this end, we, in this section, present
the background and discuss recent advances from the perspective of addressing
the aforementioned computational gap to deliver efficient network solutions to-
wards embedded intelligence, including efficient convolutional network design in

Section 2.1 and efficient convolutional network compression in Section 2.2.

2.1 Efficient Convolutional Network Design

2.1.1 Manual Convolutional Network Design

Early representative convolutional networks, such as AlexNet [31], VGGNet [32],
GoogleNet [73], ResNet [19], and DenseNet [74], despite being able to push forward
the attainable accuracy on ImageNet [1] from 57.2% [75] to 77.9% [33], often ex-
hibit prohibitive network complexity. Note that convolutional networks typically

consist of convolutional layers, pooling layers, and fully-connected layers, where

9
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most of the network complexity comes from convolutional layers as demonstrated
in [27]. In sight of this convention, below we first introduce five representative effi-
cient convolutional layers, including pointwise convolution, groupwise convolution,

depthwise convolution, dilated convolution, and Ghost convolution:

e Pointwise Convolution. Pointwise convolution is a type of convolutional
layer with the fixed kernel size of 1 x 1, which performs element-wise multipli-
cations and additions along the depth dimension. Compared with standard
K x K convolution, 1 X 1 pointwise convolution is able to reduce the num-
ber of FLOPs and parameters by K? times, which thus exhibits significant
computational efficiency. In addition, the output from pointwise convolution
typically maintains the same spatial dimension as the input except for the
number of channels. As such, pointwise convolution can be used to adjust
the intermediate feature maps in terms of the number of channels, making it

a popular technique to compress or expand convolutional networks [6, 19].

e Groupwise Convolution. Groupwise convolution is a type of convolutional
layer that (1) divides the input feature maps into G groups along the depth
dimension, (2) convolves each group of input feature maps, and (3) concate-
nates all the outputs along the depth dimension to produce the final output.
For example, given an input feature map of B x C' x H x W, each kernel
within K x K groupwise convolution is with the size of (C'/G) x K x K, which
is employed to convolve the above G groups of input feature maps, respec-
tively. Therefore, compared with standard K x K convolution, groupwise

convolution can reduce the number of FLOPs and parameters by G times.

e Depthwise Convolution. Depthwise convolution is a type of convolutional
layer that has gained increasing popularity, thanks to its strong ability to
reduce the number of FLOPs and parameters. In fact, depthwise convolution
is a special case of groupwise convolution, in which the number of groups G
is equivalent to the number of input channels. As such, each input channel is
convolved with a unique kernel of 1 x K x K, after which the outputs from all
the input channels are concatenated along the depth dimension to derive the
final output. In practice, depthwise convolution has the potential to achieve
significant reduction in the number of FLOPs and parameters because the
intermediate feature maps may consist of thousands of channels as shown in

previous state-of-the-art convolutional networks [19, 33].
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FIGURE 2.1: Comparisons of efficient manual convolutional networks, in which
the accuracy is evaluated on ImageNet [1] and is taken from the respective paper.

e Dilated Convolution. Dilated convolution, also known as atrous convolu-
tion, is a type of convolutional layer, which strives to increase the receptive
field without introducing additional computational overheads. To this end,
dilated convolution introduces an adjustable hyper-parameter, namely dila-
tion rate, which controls the spacing between different elements and can be
varied to adjust the size of the receptive field. For example, 3 x 3 dilated
convolution with an input dilation rate of 1 maintains the same receptive field
as standard 5 x 5 convolution. This allows us to increase the receptive field

size to obtain better accuracy without increasing the network complexity.

e Ghost Convolution. Ghost convolution is a type of convolutional layer,
which seeks to generate richer features using cheaper computational resources.
Specifically, Ghost convolution consists of two stages. The first stage corre-
sponds to standard convolution, in which the number of output channels is
rigorously controlled [76]. In the second stage, a series of simple linear oper-
ations are applied to the output features from the first stage. As a result, the
number of output features still remains the same as standard convolution,

but the total required computational resources are significantly reduced.

Built on top of the aforementioned efficient convolutional layers, there have been
a plethora of representative families of efficient manual convolutional networks, in-
cluding SqueezeNet [75], MobileNets [6, 41, 77], ShuffleNets [42, 43], CondenseNets
(78, 79], and Ghostnets [76, 80]. For example, MobileNetV1 [41], as the first of its

kind, introduces depthwise convolution to capture rich features with significantly
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reduced computational resources. Furthermore, MobileNetV2 [6] introduces the in-
verted residual block, which features pointwise convolution and depthwise convolu-
tion, to deliver better accuracy-efficiency trade-offs. In parallel, ShuffleNets [42, 43]
are another representative family of efficient convolutional networks, which lever-
age depthwise convolution and also an effective channel shuffle module to achieve
competitive accuracy and promising computational efficiency. These efficient man-
ual convolutional networks, thanks to their strong accuracy-efficiency trade-offs
as shown in Figure 2.1, have been widely deployed in a wide range of real-world

resource-constrained scenarios in pursuit of embedded intelligence [26, 27].

2.1.2 Automated Convolutional Network Design

The aforementioned efficient manual convolutional networks [6, 41-43, 75-80], de-
spite their promising accuracy-efficiency trade-offs, necessitate a huge amount of
engineering effort from human experts to determine the optimal network config-
uration, such as the network depth and width, through trial and error [27]. The
tedious trial-and-error process also involves non-trivial computational resources
since there are prohibitive network configurations and we have to train every pos-
sible network configuration from scratch to interpret the attainable accuracy [26].
To overcome such limitations, recent efficient network design practices have been
shifting from manual to automated, also referred to as neural architecture search
(NAS) or automated machine learning (AutoML), which seeks to automatically
explore the pre-defined search space to navigate the optimal network configuration
[44]. In practice, NAS typically consists of two main components, including the
search space and the search strategy, both of which are of utmost importance in
order to obtain network solutions with superior accuracy-efficiency trade-offs [44].
Below we discuss previous well-established search spaces and search strategies, fol-

lowed by efficient search techniques to speed up the search process.

2.1.2.1 Architecture Search Spaces

The search space plays a prominent role in the success of NAS since the search
engine of NAS strives to search for top-performing architecture candidates within
the pre-defined search space. This demonstrates that the search space determines

the upper-performance limit of NAS algorithms. However, designing efficient and
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[2] and DARTS [3], in which NASNet assigns operator candidates to nodes and
DARTS assigns operator candidates to directed edges. (figure from [4])

effective search spaces may pose significant challenges since there have numerous
possible operators (e.g., 1 x 1, 3 x 3, 5 x 5, and 7 x 7 convolutional layers) and
network structures (e.g., the channel layout) [2, 4]. To overcome such limitations,
previous state-of-the-art NAS methods [2, 3, 9, 13, 44] instead restrict the search
space to enable efficient search, which typically leverage modular search spaces,

including cell-based search space and block-based search space.

Cell-Based Search Space. The cell-based search space has dominated the early
success in the field of NAS [51]. Specifically, the cell-based search space is first
introduced in NASNet [2] and subsequently generalized in DARTS [3]. As defined
in NASNet, the cell-based search space consists of two types of cell structures,
which are denoted as the normal and reduction cells. In practice, both types of
cells are encoded into directed acyclic graphs (DAGs) as illustrated in Figure 2.2
and maintain the same cell structure with one exception. That is, the reduction cell
starts with one convolutional layer with the stride of 2 in order to reduce the input
spatial dimension. Once the cell structure is determined at the end of search, it
will be repeatedly stacked to derive the final architecture candidate. Furthermore,
DARTS simplifies and generalizes the search space in NASNet, which has since been
widely followed in subsequent NAS methods, such as PC-DARTS [46], P-DARTS
[47], DARTS+ [52], and EdgeNAS [81]. Similar to NASNet, the cell-based search
space in DARTS consists of two types of cells, including the normal and reduction
cells. As shown in Figure 2.2, each cell has an ordered sequence of nodes, where

each node is a latent representation (e.g., a feature map in convolutional networks)
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FIGURE 2.3: Illustration of the block-based search space in MnasNet [5], which
is built upon MobileNetV2 [6] and MobileNetV3 [7]. (figure from [5])

and each directed edge has a set of possible operators that transform the input.
It is worth noting that, different from NASNet, the cell in DARTS is assumed to

have two different input nodes and one single output node.

Block-Based Search Space. The block-based search space features simple and
diverse network topologies as illustrated in Figure 2.3, in which each architec-
ture candidate consists of multiple sequential operator candidates. As shown in
previous NAS practices, the operator candidates in the block-based search space
are typically taken from state-of-the-art manual convolutional networks, such as
MobileNets [6, 41] and ShuffleNets [42, 43]. For example, the block-based search
space in ProxylessNAS [13] is built on top of MobileNetV2, whereas the block-based
search space in HSCoNAS [82] is built on top of ShuffleNetV2. In parallel, HURRI-
CANE [83] demonstrates that different hardware platforms favor different search
spaces, based on which HURRICANE introduces a hybrid block-based search space
that combines both MobileNetV2 and ShuffleNetV2 to deliver superior architec-
ture solutions. Different from the cell-based search space, the block-based search
space is hardware-friendly, due to which the block-based search space has been
widely adopted in previous hardware-aware NAS methods, such as MnasNet [5],
ProxylessNAS [13], OFA [14], HSCoNAS [82], SurgeNAS [84], and LightNAS [85].
The intuition behind this is that the architecture candidate in the cell-based search
space consists of multiple parallel branches as shown in Figure 2.2, which introduce
additional overheads in terms of the memory access, and as a result, deteriorate
the inference efficiency on target hardware according to the roofline analysis [8]. In
addition, different from the cell-based search space that repeatedly stacks the same
cell structure across the entire network, the block-based search space allows oper-

ator diversity within different blocks, enabling to explore architecture candidates
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that can exhibit better accuracy-efficiency trade-offs as shown in [5].

Remarks. As shown in recent representative NAS works [9, 13], the search space
of NAS typically has a large number of architecture candidates, making it difficult
to provide an effective theoretical model to show how the search space is explored.
As a workaround, we may instead evaluate different search algorithms, includ-
ing reinforcement learning-based search, evolutionary algorithm-based search, and
gradient-based search, on some popular NAS benchmarks like NAS-Bench-201 [16].
Specifically, NAS-Bench-201 features a small search space with 15,625 different ar-
chitecture candidates, all of which are trained from scratch using the same training
recipe. This allows us to make fair comparisons between different search algorithms

and also analyze how the searched networks differ from the optimal ones.

2.1.2.2 Architecture Search Strategies

In this section, we discuss previous representative search strategies, which can be
divided into three main categories, including reinforcement learning-based search,

evolutionary algorithm-based search, and gradient-based search.

Reinforcement Learning-Based Search. In the field of NAS, [44] is the first
NAS work! that opens up the possibility of automating the design of top-performing
deep networks. Specifically, [44] features reinforcement learning (RL) [87] and lever-
ages an effective recurrent neural networks (RNNs) based controller to generate pos-
sible architecture candidates. The generated architecture candidate is then trained
from scratch on target task to evaluate its attainable accuracy. The accuracy of the
generated architecture candidate is further fed back into the above RNNs-based
controller, which optimizes the RNNs-based controller to generate better architec-
ture candidates in the next iteration. Once the search process terminates, the well-
optimized RNNs-based controller is able to generate top-performing architecture
candidates that exhibit superior accuracy on target task. The promising perfor-
mance of [44] marks an important milestone in the field of NAS, which, for the first
time, demonstrates the possibility of automatically exploring top-performing archi-

tecture candidates. Furthermore, NASNet [2] leverages the same search engine as

'MetaQNN [86] is another seminal NAS work in parallel to [44], both of which feature rein-
forcement learning as the search engine to automate the design of top-performing networks.
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[44] and introduces the flexible cell-based search space, which further pushes for-
ward the attainable accuracy on target task. For example, NASNet achieves 97.60%
top-1 accuracy on CIFAR-10, which is +1.25% higher than [44] while at the same
time involving fewer parameters (i.e., 37.4 M parameters in [44] vs. 27.6M pa-
rameters in NASNet). Despite the promising performance, both [44] and NASNet
have to train a large number of stand-alone architecture candidates (e.g., 12,800 in
[44]) from scratch and thus necessitate considerable computational resources. To
overcome such limitations, ENAS [45] introduces an effective weight sharing NAS
paradigm, also known as parameter sharing NAS. Specifically, ENAS allows all
the possible architecture candidates to share network weights from the supernet,
which thus avoids training every possible architecture candidate from scratch. This
weight sharing paradigm leads to significant reduction in terms of the search cost,
while at the same time still maintaining strong accuracy on target task. Thanks to
its significant search efficiency, the weight sharing NAS paradigm has been widely
adopted in subsequent NAS works [3, 9, 13, 14, 48, 50, 59].

The early RL-based NAS works [2, 44,

45] have achieved tremendous success,

which, however, focus on accuracy-onl Sample models . Mobile
) ’ Y y Controller [ro e rchspace”| Trainer —— phones

optimization and ignore other impor-
tant performance metrics, such as the accuracy latency

on-device latency and energy. To this

reward Multi-objecti
end, MnasNet [5] formulates the RL- uil-objostive

based search process as multi-objective

optimization, which simultaneously op- FIGURE 2.4: An intuitive overview
timizes both accuracy and mobile la- of MnasNet [5]. (figure from [5])

tency as shown in Figure 2.4. Specifi-

cally, MnasNet features the hardware-friendly block-based search space A as shown
in Figure 2.3 and introduces an effective multi-objective RL reward function to
optimize the RL-based controller, which explores Pareto-optimal architecture can-

didates that can maximize the following multi-objective RL reward function:

maximize Accuracy(arch) x (2.1)

arche A

Latency(arch)]"
T

where Accuracy(-) and Latency(-) denote the accuracy on target task and the
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latency on target hardware, respectively. Besides, T is the specified latency con-
straint. Apart from these terms, w is the trade-off coefficient to control the trade-off

magnitude between accuracy and latency, which is defined as follows:

a, if Latency(arch) < T
w = (2.2)

[, otherwise

where « and 3 are application-specific hyper-parameters to control the trade-off
magnitude between accuracy and latency. In practice, according to the empiri-
cal observation that doubling the latency typically brings ~5% relative accuracy

improvement, MnasNet empirically fixes both « and § to -0.07 [5].

Evolutionary Algorithm-Based Search. Evolutionary algorithm-based search
is another popular NAS branch in the field of NAS, which can be traced back to
as early as the 1980s [88-91]. In practice, evolutionary algorithm-based search has
gained increasing popularity in the NAS community, thanks to its strong flexibil-
ity, conceptual simplicity, and competitive search performance [49]. Specifically,
evolutionary algorithm-based search typically consists of four key steps, including
(1) initializing a set of possible architecture candidates from the search space as
the child population, (2) evaluating possible architecture candidates in the child
population to interpret their performance like accuracy and efficiency, (3) reserving
the top-k architecture candidates in the latest child population to form the parent
population and discarding the remaining architecture candidates in the latest child
population, and (4) manipulating the architecture candidates in the latest parent
population to produce new architecture candidates to form the next-generation
child population. The above four steps are repeated until the evolutionary process

converges or the specified performance requirement is satisfied.

Evolutionary algorithm-based NAS works have recently flourished after the weight-
sharing NAS paradigm is established [45, 50]. Specifically, [50] demonstrates the
possibility of training an over-parameterized supernet, which, once well trained,
can be leveraged to reliably estimate the accuracy of possible architecture candi-
dates using minimal computational resources®. This makes it possible to employ
evolutionary algorithm to explore the prohibitive search space, which also signifi-

cantly reduces the required computational resources since we do not have to train

2The training process involves prohibitive computational resources since it requires a large
number of iterations to converge, where the evaluation process is typically computationally cheap.
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every possible architecture candidate [50]. Furthermore, inspired by the promis-
ing results of [50], SPOS [48] introduces a simple yet effective single-path one-
shot NAS paradigm to train the over-parameterized supernet, which discretizes
single-path sub-networks from the supernet and thus exhibits significant memory
efficiency during the training process. The success of SPOS paves the way for sub-
sequent evolutionary algorithm-based NAS works [14, 22, 83, 92-94]. Note that
the above follow-up NAS works mainly focus on training an effective and reliable
supernet, which can serve as an accurate performance predictor to quickly inter-
pret the accuracy of different architecture candidates. For example, FairNAS [22]
demonstrates that the uniform sampling scheme in SPOS only implies soft search
fairness, which may suffer from degraded search performance. To overcome such
limitations, FairNAS instead samples multiple sub-networks during each training
iteration to enforce strict search fairness. In parallel, OFA [14] introduces the
once-for-all paradigm, which strives to train an over-parameterized supernet and
then specialize it for diverse deployment scenarios with minimal computational
resources. Despite the promising success, OFA still involves several fine-tuning
epochs to recover the attainable accuracy. To this end, BigNAS [93] focuses on
unleashing the promise of the over-parameterized supernet, making it possible to
specialize sub-networks from the well-trained supernet for direct deployment on

target hardware without being re-trained or fine-tuned on target task.

Thanks to its strong search flexibility, evolutionary algorithm-based NAS can be
easily extended to search for hardware-efficient architecture candidates, which max-
imize the accuracy on target task while satisfying various real-world performance
constraints [83], such as latency, energy, memory, etc. Without loss of generality,

we may consider the following multi-objective optimization:

maX}Lmjze Acc(arch) s.t., Constraint,(arch) < Ci, ..., Constraint,(arch) < C,
arche
(2.3)

where {C;}, correspond to a set of real-world performance constraints.

Gradient-Based Search. In addition to reinforcement learning-based search and
evolutionary algorithm-based search, gradient-based search [3], also known as dif-
ferentiable search, is another representative branch of NAS, which has dominated
recent advances in the field of NAS, thanks to its strong search efficiency [4, 51, 95].
Specifically, DARTS [3], as the first-of-its-kind differentiable NAS, can provide com-
petitive architecture candidates in ~1 day on one single Nvidia GTX 1080 Ti GPU.
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FIGURE 2.5: Overview of DARTS [3], which has four stages, including (1) ini-
tializing w and « in the supernet, (2) optimizing w and « via alternating gradient
descent, (3) discretizing the optimal architecture candidate from the supernet,
and (4) re-training the optimal architecture candidate to recover the accuracy.

In contrast to previous non-differentiable NAS practices [2, 44, 45, 50] that rely
on discrete search spaces, DARTS leverages a set of architecture parameters a to
relax the discrete search space to be continuous. Thanks to the above continuous
relaxation, both network weights w and architecture parameters o can be optimized
with alternating gradient descent. Once the differentiable optimization converges or
terminates, we can interpret the optimal architecture candidate from the architec-
ture parameters a. The supernet of DARTS is initialized with multiple sequential
over-parameterized cells as shown in Figure 2.5, in which each over-parameterized
cell contains all the possible cell structures in the cell-based search space A. As
shown in Figure 2.5, each over-parameterized cell is represented using the directed
acyclic graph (DAG) that consists of N nodes {z;}¥,. Note that the nodes here
correspond to the intermediate feature maps. Besides, the directed edges between
z; and x; correspond to a list of possible operator candidates {o|o € O}, which are
also assigned with a list of architecture parameters {5’ |o € ©}. With the above
in mind, we can formulate the intermediate output z; as follows:

xj = Z expag” ) o(x;) (2.4)

7
0O ZO’EO EeXP &,y

Note that the output z; is continuous with respect to x;, a, and w [3]. To this end,

DARTS optimizes o and w using the following bi-level differentiable optimization:

minimize L,y (w*(a),a) s.t., w*(a)=argmin Ly 4 (w, ) (2.5)

where Lyqin( ) and L,q( - ) are the loss functions accumulated on the training and
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validation datasets, respectively. Once the above bi-level differentiable optimiza-
tion converges, DARTS determines the optimal architecture candidate by reserving

the strongest operator o and removing the remaining operators between z; and

z;, in which the operator strength is defined as exp ol )/ Y oco XD ozg’j). Finally,
the searched architecture candidate is re-trained on target task to recover its at-

tainable accuracy for further deployment on target hardware.

Inspired by the promising performance of DARTS, a plethora of follow-up NAS
works [20, 21, 46, 47, 52, 54, 56, 96] have recently emerged, which strive to unleash
the power of differentiable NAS so as to deliver superior architecture candidates
that can exhibit better accuracy on target task. For example, unlike DARTS that
simultaneously optimizes all the operator candidates during the search process,
PC-DARTS [46] introduces partial channel connections to alleviate the excessive
memory consumption and thus maintains promising search efficiency. Besides,
DARTS+ [52] investigates the performance collapse of DARTS and proposes a
simple yet effective early stopping strategy to tackle the performance collapse. In
parallel, DARTS- [54] also observes the performance collapse of differentiable NAS,
which further tailors an auxiliary skip connection to mitigate the performance col-
lapse and also stabilizes the search process. Furthermore, Single-DARTS [96] and
Gold-NAS [56] demonstrate that the bi-level differentiable optimization may in-
troduce considerable search bias due to the inaccurate gradient estimation. To
this end, Single-DARTS and Gold-NAS turn back to the one-level differentiable
optimization for more accurate gradient estimation. To boost the search efficiency,
GDAS [21] introduces an efficient Gumbel-Softmax [10] based differentiable sam-

pling approach to reduce the memory consumption to the single-path level.

The aforementioned early differentiable NAS methods [20, 21, 46, 47, 52, 54, 56, 96,
however, focus on accuracy-only optimization, which indeed show competitive ac-
curacy but fail to accommodate the limited available computational resources in
real-world embedded scenarios [26, 27]. To overcome such limitations, the paradigm
of hardware-aware differentiable NAS has recently flourished, which focuses on
finding hardware-efficient architecture candidates that can exhibit superior accu-
racy and hardware efficiency [9, 13, 25, 59, 97, 98]. To this end, these hardware-
aware differentiable NAS methods typically integrate the on-device latency into
the search process as soft constraints to penalize the architecture candidate with

high on-device latency, which thus end up with efficient architecture candidates
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that maintain both superior accuracy and hardware efficiency [95]. Specifically,

the hardware-aware differentiable optimization can be formulated as follows:

miniamize Loa(w(a),a) + A+ Latency(a) s.t., w*(a) = arg min Ly i (w, @)

! (2.6)
where ) is the constant coefficient to control the trade-off magnitude between accu-
racy and latency. In practice, a larger A end up with the architecture candidate that
exhibits low accuracy and low latency, whereas a smaller \ leads to the architecture
candidate with high accuracy and high latency [85]. The optimization objective
in Eq (2.6) can also be easily generalized to optimize other hardware constraints,
such as energy and memory consumption. For example, we can simply re-formulate
the optimization objective in Eq (2.6) as follows to search for efficient architecture

candidates in terms of the on-device latency, energy, and memory consumption:

minimize L,q(w*(a), @) + A1 - Latency(a) + Ay - Energy(a) + A3 - Memory(a)
(2.7)
where A1, A9, and A3 are the constant coefficients to control the trade-off magnitudes

between accuracy and latency, energy, and memory consumption, respectively.

2.1.2.3 Speedup Search Techniques

In this section, we discuss popular speedup search techniques, including latency
prediction, accuracy prediction, low-cost proxies, and zero-cost proxies, which have

the potential to significantly accelerate the search process.

Latency Prediction. As shown in MnasNet [5], the on-device latency is directly
measured on target hardware, which is further integrated into the multi-objective
RL reward function to penalize possible architecture candidates with high latency.
The direct on-device latency measurement is indeed accurate, which, however, is
time-consuming and cannot scale to large search spaces [13, 95]. To overcome
such limitations, several efficient latency prediction strategies have been recently
established. For example, [9, 13, 14, 61, 82, 99] leverage the latency lookup table to
approximate the on-device latency for different architecture candidates. In parallel,
(12, 24, 81, 85, 92, 100, 101] turn back to learning-based regression approaches for

the latency prediction purpose, which typically train an accurate latency predictor
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using fixed number of latency measurements, which then can generalize to predict

the on-device latency for unseen architecture candidates.

Accuracy Prediction. In parallel to latency prediction, accuracy prediction
has also gained increasing popularity in the NAS community [11, 102-104], which
strives to predict the accuracy of different architecture candidates in the search
space. Among them, [11] introduces a simple yet effective graph convolutional net-
works (GCNs) based accuracy predictor, which delivers promising accuracy predic-
tion performance thanks to GCNs’ strong capability to interpret graph-structured
data. In addition, NASLib [103] investigates a plethora of accuracy predictors on
multiple NAS benchmarks, which demonstrates that different accuracy predictors,
when properly engineered, can achieve much stronger accuracy prediction perfor-
mance than any single accuracy predictor. Furthermore, DONNA [104] proposes
to build an efficient accuracy predictor, which only involves minimal computational

resources, and more importantly, can scale to diverse search spaces.

Low-Cost Proxies. Instead of training the given architecture candidate for hun-
dreds of epochs, a plethora of low-cost proxies [15, 58, 105-108] have recently
emerged, which strive to interpret the attainable accuracy of the given architec-
ture candidate only using its early training statistics, such as the training loss in
the first few training epochs. For example, in contrast to previous well-established
accuracy predictors [11, 103] that only use the network configuration as input to
predict the accuracy, [107] proposes to combine the network configuration and its
validation accuracy in the first few training epochs, which are used to train an ef-
fective regression model to predict the accuracy for unseen architecture candidates.
Similarly, [15] introduces training speed estimation (T'SE) that simply accumulates
the early training statistics, which can achieve reliable yet computationally cheap

ranking performance among different architecture candidates.

Zero-Cost Proxies. In addition to the above low-cost proxies, zero-cost proxies
have recently flourished [17, 18, 109-118], which typically focus on interpreting the
performance of the given architecture candidate in training-free manners. Specif-
ically, zero-cost proxies, such as EPE [109], Fisher [110], GradNorm [17], Grasp
[111], Jacov [18], Snip [112], Synflow [113], ZenScore [114], LRC [117], and NTK
[118], can provide reliable performance estimation using few or even one single

mini-batch of data, which thus only necessitate near-zero computational cost as
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shown in [17, 116]. Thanks to their reliable performance estimation and low com-
putational cost, these zero-cost proxies have been widely adopted in recent NAS
works to accelerate the search process [18, 115, 116]. In practice, we can also feature
multiple zero-cost proxies, which can deliver more reliable performance estimation

than any single zero-cost proxy as demonstrated in [18, 116].

2.2 Efficient Convolutional Network Compression

In this section, we discuss recent efficient network compression techniques, includ-
ing channel-wise pruning and layer-wise pruning, which strive to deliver simplified
network variants with less computational complexity. Note that we do not consider
unstructured pruning (i.e., weight pruning), which relies on specialized hardware
accelerators [67] and thus cannot benefit mainstream embedded platforms due to

the irregular network sparsity and memory access patterns [26, 27, 119].

2.2.1 Structured Channel-Wise Pruning

Channel-wise pruning removes the less important channels to reduce the compu-
tational redundancy towards better hardware efficiency. In practice, channel-wise
pruning can be roughly divided into four categories, including weight magnitude-
based [120-122], activation-based [123, 124], statistics-based [68, 125], and search-
based pruning [126-128|. Specifically, weight magnitude-based pruning, as one of
the early pruning practices, focuses on exploring the redundant channels based
on their corresponding weight magnitudes [120-122]. For example, [120] observes
that the channels with smaller L;-norm contribute less to the final network out-
put and thus can be considered less important. Besides, [121] shows that Ly-norm
can achieve more reliable pruning performance than Li-norm. Furthermore, [122]
demonstrates that the channels with smaller L;-norm and Ls-norm are not neces-
sarily less important. To this end, [122] further turns back to the channel correla-
tion, which shows that the channels around the geometric median capture similar
features and thus can be pruned to reduce the network redundancy with minimal
accuracy loss. In parallel, inspired by the tremendous success of NAS, [126-128]

leverage previous well-established NAS algorithms to automatically search for the
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less important channels, which feature evolutionary algorithm-based search [127],

reinforcement learning-based search [126], and gradient-based search [128].

2.2.2 Structured Layer-Wise Pruning

Layer-wise pruning removes the less important layers to explore simplified network
structures. In practice, layer-wise pruning is an aggressive special case of channel-
wise pruning, which removes all the channels in the same layer. And under similar
compression ratios, layer-wise pruning can typically exhibit better hardware effi-
ciency than channel-wise pruning as demonstrated in [129], which indicates that
hardware-efficient networks should be shallow (i.e., with fewer layers) rather than
narrow (i.e., with fewer channels). To this end, a plethora of representative layer-
wise pruning works have recently flourished [70, 72, 129-132]. For example, [129]
introduces several importance criteria from the lens of channel-wise pruning, such
as weight magnitudes, activation maps, and batch normalization statistics. These
importance criteria can be further combined to reliably navigate the less impor-
tant layers. In parallel, [132] investigates the lottery ticket hypothesis (LTH) [133]
from a fresh perspective of layer-wise pruning, which confirms that there also exist

winning tickets at initialization in terms of layer-wise pruning.
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Efficient Hardware-Aware Neural

Architecture Search!

Differentiable neural architecture search (NAS) is an emerging paradigm to auto-
mate the design of top-performing convolutional neural networks (CNNs). Despite
the promising progress, previous differentiable NAS methods suffer from several
crucial weaknesses, such as inaccurate gradient estimation, high memory consump-
tion, search fairness, etc. More importantly, previous differentiable NAS works are
mostly hardware-agnostic since they only search for CNNs in terms of the accuracy,
which ignore other critical performance metrics, such as the on-device latency and
energy. To overcome such limitations, we, in this work, introduce a novel hardware-
aware differentiable NAS framework, namely SurgeNAS, in which we leverage the
one-level optimization to avoid inaccurate gradient estimation. To this end, we tai-
lor an effective identity mapping regularization to alleviate the over-selecting issue.
In addition, to resolve the memory bottleneck, we propose an ordered differentiable
sampling approach, which significantly reduces the search memory consumption to
the single-path level and thus allows to directly search on target task instead of
small proxy task and also guarantees strict search fairness. Furthermore, we intro-
duce an efficient graph neural networks (GNNs) based predictor to approximate the
on-device latency, which is then integrated into SurgeNAS to enable the latency-

aware architecture search. Finally, we analyze the resource underutilization issue,

IThis chapter has been published in: Xiangzhong Luo, Di Liu, Hao Kong, Shuo Huai, Hui
Chen, and Weichen Liu, "SurgeNAS: A Comprehensive Surgery on Hardware-Aware Neural Ar-
chitecture Search.” IEEE Transactions on Computers (TC), 2022.
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in which we propose to scale up the searched SurgeNets within Comfort Zone to bal-
ance the computation and memory accuracy, which leads to considerable accuracy
improvement without deteriorating the on-device efficiency. Extensive experiments
are conducted on ImageNet with seven hardware platforms, which clearly show the

efficacy of SurgeNAS in terms of accuracy, latency, and search efficiency.

The remainder of this chapter is organized as follows. Section 3.1 introduces the
research background. Section 3.2 introduces the preliminaries and discusses the
motivations. Section 3.3 elaborates on the proposed SurgeNAS. Section 3.4 presents

the experimental settings and results. Finally, Section 3.5 concludes this chapter.

3.1 Introduction

Convolution neural networks (CNNs) have been deemed as the fundamental engine
of artificial intelligence (Al), achieving remarkable success among a wide range of
real-world scenarios like object detection [19] and image classification [33, 134].
Subsequently, the significant success of CNNs attracts both academia and indus-
try to deploy state-of-the-art CNNs on diverse hardware systems to embrace the
hardware intelligence [13, 61, 135]. Nevertheless, to achieve competitive accuracy,
CNNs have been evolving deeper with more layers as well as wider with more chan-
nels [19], thereby inevitably leading to the increasing computational gap between

resource-limited hardware systems and computation-intensive CNNs [36].

To bridge the increasing computational gap, significant efforts have been dedicated
to designing resource-efficient CNNs. Among them, one alternative is to manually
design efficient lightweight CNNs, such as SqueezeNet [75], MobileNets [6, 7, 41],
and ShuffleNets [42, 43]. However, the above manual process in practice requires
considerable computational overheads since a significant amount of trial-and-errors
are required in order to finalize the network configurations like the network depth
and the network width. Apart from this, another alternative is the model compres-
sion technique, i.e., quantize or prune redundant network weights [66] such that
the model complexity can be reduced while causing negligible accuracy loss. Unfor-
tunately, model compression is only applicable to existing complicated CNNs like

ResNet [19] and DenseNet [33]. As a result, model compression fails to explore the
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FIGURE 3.1: An overview of SurgeNAS, in which we focus on searching for
top-performing architectures in terms of both accuracy and hardware efficiency.

novel CNN architectures which might bring significant performance improvement,

and thus cannot provide the best architecture solution for target hardware.

To tackle the above-mentioned issues, neural architecture search (NAS) [44] has
recently evolved as an emerging technique to automate the design of top-performing
CNNs, which achieves impressive performance yet still suffers from prohibitive
computational overheads for the search process, e.g., 2,000 GPU-days for one single
search [44]. To this end, [3], for the first time, introduces the differentiable NAS
paradigm, namely DARTS, which significantly reduces the search cost to several
GPU-days. Afterwards, the variants of DARTS |20, 46, 47, 52, 136] are proposed to
mitigate the crucial weaknesses in DARTS, e.g., the depth gap between search and
evaluation [47] and large architectural eigenvalues [136]. Nonetheless, the above
NAS methods only search for competitive CNNs in terms of the accuracy, regardless
of other critical performance metrics like latency and energy, which are important
for real-world applications [36]. Among them, [20] optimizes the searched CNNs
according to the FLOPs count, but the FLOPs count cannot accurately reflect the
on-device performance as seen in Figure 3.2, where we observe CNNs with the same

FLOPs count could differ a lot in terms of both latency and energy.

In contrast to the above hardware-agnostic NAS works, several hardware-aware
NAS methods [5, 9, 13, 61, 137] have been recently proposed, which primarily
leverage the on-device latency to regularize the architecture search process. In par-

ticular, [5] adopts reinforcement learning (RL) as the search engine and integrates
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the latency into the RL reward function where the latency is directly measured
on target hardware, inevitably causing substantial computational overheads [13].
Besides, [9, 13, 61] take DARTS as the baseline, in which [9, 61, 137] and [13] apply
the latency lookup table (LUT) and the layerwise latency predictor, respectively,
to avoid the tedious measurements on target hardware. Nevertheless, similar to
DARTS, the above hardware-aware differentiable NAS methods suffer from con-
siderable memory overheads since multiple paths have to be optimized at the same
time [13]. Meanwhile, the above multi-path mechanism dramatically violates the
equality principle [22], i.e., the supernet is trained in a multi-path manner while
the searched sub-network is re-trained in a single-path manner, making the search
process biased. Moreover, the search process in [13] involves significant unfair-
ness since only part of operator candidates get optimized at each search iteration
[22]. Furthermore, similar to DARTS, all of the above-mentioned differentiable
NAS approaches employ the bi-level optimization, which introduces non-negligible

inaccuracy in gradient estimation [55, 56].

To address the above issues, we introduce an efficient hardware-aware differentiable
NAS framework, namely SurgeNAS (see Figure 3.1), to automatically search for
efficient CNNs upon target hardware. In particular, we turn back to the one-level
optimization to avoid the inaccurate gradient estimation. However, given that the
convergence rate of the supernet depends on the skip-connect operator heavier than
other operators [136], the supernet over-selects the skip-connect operator for fast
convergence, dramatically deteriorating the accuracy of the searched CNNs [52].
Please note that the above over-selecting issue also exists in the bi-level optimiza-
tion where the naive early stopping heuristic [52, 136, 137] is usually integrated to

avoid it. Finally, we summarize the main contributions as follows:

(1) We propose an efficient one-level differentiable NAS framework, namely Sur-
geNAS, in which we integrate a simple yet effective identity mapping scheme

in order to avoid over-selecting the skip-connect operator.

(2) We propose an ordered differentiable sampling approach, which decreases the
optimization complexity to the single-path level without degrading the search

performance, while at the same time maintaining strict search fairness.

(3) We propose an efficient graph neural networks (GNNs) based predictor to

accurately approximate the on-device latency with negligible computational
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overheads, which is further seamlessly integrated into SurgeNAS to achieve

hardware-aware architecture search.

We propose to scale up SurgeNets within Comfort Zone to balance the com-
putation and memory access so as to avoid resource underutilization, which

can improve the accuracy without degrading the on-device efficiency.

We conduct extensive experiments to evaluate SurgeNAS on ImageNet [1]
with seven hardware platforms, which explicitly demonstrate the superior-
ity of SurgeNAS over previous state-of-the-art NAS methods. For example,
SurgeNet-C1-Base obtains a top-1 accuracy of 75.5% on ImageNet, which is
+2.7%/40.3% higher than MobileNetV2/V3 [6, 7] while achieving x1.2/x1.9
speedup on hardware devices lied in Hardware-C1. Then, after scaling up
within Comfort Zone, SurgeNet-C1-C obtains a top-1 accuracy of 78.7%,
whereas the latency is on par with SurgeNet-C1-Base on Xavier and Z8GPU.

3.2 Preliminaries and Motivations

In this section, we first introduce the preliminaries on differentiable neural archi-

tecture search (NAS) [3] and then present several assumptions and motivations.



30 3.2. Preliminaries and Motivations

175 Memory Bounded Area

Computation Bounded Area

Maximum Attainable FLOPS

MobileNetV2 (3.5ms)
MobileNetV3 (5.8ms)
ResNet50 (4.0ms)
DenseNet121 (11.7ms)

* H o>

5 10 15 20 25 30 35
Arithmetic Intensity (FLOPS per Byte)

FIGURE 3.3: Illustration of the roofline analysis [8] of different CNNs on
Z8GPU?, where FLOPS refers to the number of processed FLOPs per second.

3.2.1 Preliminaries on Differentiable NAS

We begin with the operator space O, where each element O denotes an operator
candidate. Following the weight-sharing NAS paradigm (also known as one-shot
NAS) [45], an over-parameterized network named supernet is constructed, in which
each searchable layer contains |O| operators. Then, to relax the discrete search
space to be continuous, operators in each searchable layer are assigned with a set
of architecture parameters o € RE¥IO! where L is the number of searchable layers.

As such, we are able to formulate the output of the supernet as follows:

X =3 S e o) (3.1)

E=1 YL expl(an)

where AX] is the input of the [-th layer and X is the initial input. Besides, Oy is
the k-th operator in O. Apart from these terms, oy represents the architecture
parameter assigned to the k-th operator candidate in the [-th searchable layer of
the supernet. Subsequently, in order to find the optimal architecture, an effective
bi-level optimization method is introduced to jointly optimize the network weights
w and the architecture parameters «, or more specifically, a training phase to

optimize w and a validation phase to optimize a:
minimize Lyqq(w* (@), ) s.t., w*(a) = minimize Lyqin(w, @) (3.2)

where Liqin(+) and Lya4( - ) represent the loss functions on the training and vali-

dation datasets, respectively. In particular, we observe that Eq (3.1) and Eq (3.2)

2It is worth noting that we here use hardware abbreviations for the sake of simplicity and the
detailed hardware specifications can be found in Section 3.4.
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FIGURE 3.4: Comparisons between the conventional supernet structure [3, 9]
(left) and the proposed supernet structure that features identity mapping (right).

only involve continuous transformations with respect to w and « [3]. As such, both

w and « can be optimized using stochastic gradient descent (SGD) as follows:

aﬁvalid(w* (CV), Oé)
Oa

aE’train (’LU, Oé)
ow

af = —1y- s.t, w(a) =w —1n- (3.3)
where 7, and 7,, correspond to the learning rates of o and w, respectively. Once the
above optimization process terminates, we are able to determine the searched archi-
tecture by reserving the strongest operator for each searchable layer while removing
other operators, where the operator strength is defined as exp(ay )/ ZL(?L exp(ayg).
Despite achieving promising results, the above bi-level optimization in practice in-
troduces non-negligible computation burdens, and more importantly, considerable
inaccuracy in gradient estimation that dramatically deteriorates the search process
as seen in [55, 56]. Apart from this, the above differentiable NAS paradigm suf-
fers from the search memory bottleneck [13, 46], where the memory consumption
linearly increases with respect to the operator space size |O| as indicated by the
summation Z'koz‘l in Eq (3.1). Due to the above memory bottleneck, [3, 3, 20, 47]
can only search on small proxy tasks like CIFAR10, and thus cannot provide the
optimal architecture solutions upon target tasks like ImageNet. Note that the im-
age size in CIFAR10 is 32 x 32, whereas the image size in ImageNet is 224 x 224.
For more technical details about differentiable NAS, you may refer to DARTS [3].

3.2.2 Assumptions and Motivations

In literature, existing approaches that are related to designing efficient CNNs such

as [3, 6, 7, 20, 134] highly reply on the following three assumptions.



32 3.3. Methodology

Assumption 1: The theoretic complexity metrics like FLOPs or Params are ef-
fective to reflect the on-device performance. In fact, [20, 134] focus on designing
efficient CNNs with less FLOPs. Nevertheless, the FLOPs count is an indirect
proxy metric that cannot directly reflect the on-device performance like latency
and energy as illustrated in Figure 3.2, where we observe that CNNs with the same
FLOPs/Params/MACs count could demonstrate a big difference in terms of both

latency and energy on target hardware.

Assumption 2: The optimal neural architecture searched on the small proxy task is
also optimal upon the target task. Due to the search memory bottleneck, DARTS
[3] and its variants [20, 47, 52, 136] first conduct the architecture search on the
small proxy task (i.e., CIFAR10) and then transfer the searched architecture to the
target task (i.e., ImageNet). However, as seen in [13], the above search pattern only
generates sub-optimal architectures upon target tasks. For example, in [46], the
architecture searched on CIFAR10 obtains a top-1 accuracy of 74.9% on ImageNet,

whereas the one directly searched on ImageNet achieves a higher accuracy of 75.8%.

Assumption 3: Lightweight neural networks are always better than non-lightweight
ones in terms of the runtime efficiency. Lightweight CNNs like MobileNets [6, 7, 41]
have been widely deployed in real-world Al scenarios with rigid latency require-
ments [36]. However, lightweight CNNs like MobileNetV2/V3 cannot guarantee to
run faster than those non-lightweight ones like ResNet [19] as shown in Figure 3.3,
where we observe MobileNetV2/V3 suffer from significant resource underutilization
(i.e., low attainable FLOPS), which is caused by the low arithmetic intensity [8].

Therefore, the above assumptions are not always valid. To this end, in SurgeNAS,
we take direct performance metrics like latency as guidelines to search for efficient
CNNs, which is conducted directly upon target tasks like ImageNet. Moreover,
we scale up the searched CNNs within Comfort Zone to increase the arithmetic
intensity so as to avoid resource underutilization, which is able to improve the

accuracy without deteriorating the runtime efficiency on target hardware.

3.3 Methodology

In this section, we introduce the proposed SurgeNAS (see Figure 3.1). We begin

with the problem formulation, in which we turn back to the one-level optimization



Chapter 3. SurgeNAS 33

TABLE 3.1: Illustration of the supernet structure under the MobileNetV2-based
architecture search space. Specifically, TBS indicates the block type to be
searched and Conv means the convolutional layer. Besides, AvgPool and FC
are the average pooling layer and the fully-connected layer, respectively.

Input shape ‘ Block ‘ Filters ‘ Repeat ‘ Stride
224 x 224 x 3 3 x 3 Conv 40 1 2
112 x 112 x 40 MBKS3E1 24 1 1
112 x 112 x 24 TBS 32 4 2

56 x 56 x 32 TBS 56 4 2

28 x 28 x 56 TBS 112 4 2
14 x 14 x 112 TBS 128 4 1
14 x 14 x 128 TBS 256 4 2

7 x T x 256 TBS 432 1 1

7T X T x 432 1 x 1 Conv 1728 1 1

7TxT7x1728 | 7x 7 AvgPool - 1 1

1728 FC 1000 1 1

to avoid the inaccuracy in gradient estimation [55, 56]. Meanwhile, we propose an
effective identity mapping scheme, which is integrated into SurgeNAS to alleviate
the over-selecting issue in terms of the skip-connect operator. Next, we introduce
the search space of SurgeNAS, which is built upon MobileNetV2 [6]. Then, we
elaborate on the proposed ordered differentiable sampling approach, which brings
considerable search efficiency when compared with existing differentiable NAS ap-
proaches [9, 13, 61, 137] while guaranteeing the strict search fairness [22]. We
emphasize that the above benefits are of great significance for efficient and stable
architecture search that existing differentiable NAS approaches cannot provide.
Furthermore, to enable the latency-aware architecture search, we propose an effi-
cient graph neural networks (GNNs) based latency predictor, which is incorporated
into SurgeNAS to avoid the tedious on-device measurements. Finally, to alleviate
the resource underutilization issue, we propose to scale up the searched SurgeNets,
followed by insight theoretical analysis from the roofline model’s perspective [8].
Please note that the above scaling-up strategy can greatly improve the accuracy of

SurgeNets while not increasing the latency on target hardware.

3.3.1 Problem Formulation

Recall that previous differentiable NAS approaches [3, 9, 13, 20, 46, 47, 61] ex-

plicitly leverage the bi-level optimization scheme, in which w and « are optimized
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in two separate phases as illustrated in Eq (3.2), or more specifically, « is frozen
when optimizing w and w is frozen when optimizing «. Nevertheless, the bi-level
optimization in practice introduces considerable inaccuracy in gradient estimation
as demonstrated in [55, 56|, thereby inevitably leading to sub-optimal architec-
ture solutions. Therefore, to bridge the above optimization gap, we focus on the

one-level optimization, in which w and « are simultaneously optimized as follows:

minimize L (W, ) (3.4)

where w and « will be simultaneously updated using the stochastic gradient descent
(SGD) scheme as follows:

" aﬁtrain ('LU, Oé) * 8£train (wa Of)

T T g

(3.5)

where 7,, and 7, correspond to the learning rates of w and «. Unfortunately,
directly employing the above one-level optimization leads to the over-selecting of
the skip-connect operator during the search process, which significantly degrades
the accuracy of searched CNNs [52, 136]. According to [136], the over-selecting
phenomenon comes from the fact that the convergence rate of the supernet is
more dependent on the skip-connect operator than other operators, and thus the
supernet prefers to include more skip-connect operators for fast convergence. To
this end, unlike [55, 56], we propose an effective identity mapping regularization
method (see Figure 3.4)3, i.e., we equally assign one identity mapping operator to

each operator candidate in O. Therefore, we can re-formulate Eq (3.1) as follows:

O] exp(aq k)
Zl ! Zk ! Zl(?l 1 eXIl)?Oél k') {(Ox(A) - ) (3.6)

where ¢ is the weight assigned to the identity mapping operator, which is initialized

as 2 and then linearly decays to zero at the end of search. Thus, the above regu-
larization effect will be removed at the end of search because ¢ = 0. In practice,
the identity mapping operator accelerates the convergence of each operator [19].
As a result, the convergence difference among different operators is alleviated, and
thus the supernet concentrates on selecting the operator with the highest contribu-
tion to the accuracy rather than the convergence. More importantly, the proposed
identity mapping scheme does not undermine the search fairness since it is equally

imposed across all the operators [22]. Meanwhile, we also provide a theoretical

3We try both options [55, 56] in SurgeNAS, but neither works well.
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FIGURE 3.5: Illustration of Gumbel-Softmax reparameterization [10] under a
large temperature (top) and a small temperature (bottom).

analysis to show the effectiveness of the proposed identity mapping scheme (see

Section 1 in supplementary materials).

3.3.2 Architecture Search Space Design

In literature, differentiable NAS approaches like DARTS [3] and its variants [20, 21,
46, 47, 52] advocate for the cell-level architecture search, i.e., once a cell structure
is determined, it will be repeatedly stacked across all the layers to construct the
stand-alone network. However, the same cell could demonstrate a big difference
in terms of both accuracy [134] and efficiency [13] when being at different layers.
Apart from this, as demonstrated in [9], enabling the layerwise diversity is able to
strike a better trade-off between accuracy and efficiency. To this end, in SurgeNAS,
we follow the heuristic of the layerwise architecture space design as widely adopted
in recent hardware-aware NAS frameworks [5, 9, 13, 61], where each searchable
layer is able to choose one operator from the operator space O. In particular,
the operator space O of SurgeNAS is mainly inspired by the inverted bottleneck
convolution (MBConv) of MobileNetV2 [6], in which we allow a set of MBConv
layers with kernel sizes of {3, 5, 7} and expansion ratios of {3,6} [13, 61, 74]. Apart
from these, to achieve flexible architecture search in terms of the network depth,
we include the skip-connect operator, which is computation-free [3, 9, 13]. Here,

the channel layout used in SurgeNAS is similar to [9, 13|, which is summarized in
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Table 3.1. Therefore, in SurgeNAS, we derive that |O] = 7, and given that the
supernet consists of 22 layers where the first one is fixed [13, 74], the architecture
space size of SurgeNAS is calculated as |A| = 7?! &~ 5.6 x 10'7.

3.3.3 Ordered Differentiable Sampling

In this section, we begin with the stand-alone architecture candidate defined as
arch = {op;}£,. Therefore, during the forward propagation of the supernet, we

are able to calculate the probability of arch being selected as follows:
P(arch) H Plop; = Ok), s.t., O €O (3.7)

where O denotes the k-th operator candidate in O and P(op;, = Of) represents
the probability of Oy being selected in the [-th layer, which is determined by «:

Op) = exp(al k)

P(opr =
Zk’ 1 eXp<O‘l k’)

(3.8)

For the sake of simplicity, we replace P(op, = O) with P, ;. Nevertheless, given
that the search space A is discrete, traversing all the possible architectures in-
evitably leads to non-trivial computation overheads since the search space is pro-
hibitively large [13] (e.g., |A] & 5.6 x 10'7 in SurgeNAS). To alleviate this issue,
we follow the weight-sharing NAS heuristic [45] and take the Gumbel-Softmax

reparameterization [10] to relax the discrete space to be continuous:

ﬁhk exp((log P+ Gix)/T) (3.9)

Zk/ L exp((log Pri + Giw)/T)

where G € R¥*I9l is the random variable sampled from the Gumbel(0, 1) distri-

bution [10]. T denotes the softmax temperature, which is initialized as 1 and
then gradually decayed to be close to 0 in SurgeNAS. The intuition behind this
is simply that a larger T" pushes the relaxation process to become more smooth
(see Figure 3.5 (top)), and thus allows more architecture probabilities (so-called
the architecture search warm-up phase), whereas a smaller 7" makes the relaxation
become more deterministic (see Figure 3.5 (bottom)). Besides, it is worth noting
that limT_>07317k = Py as proven in [138], which implies that the above relaxation
is unbiased once converged [20]. In this way, we are able to re-formulate the output

of the supernet Y(X') in Eq (3.6) as follows:

Zz 12‘(9' (Pri- Ox(X) + - &) (3.10)
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Algorithm 1 Ordered Differentiable Sampling Strategy

Input: A set of architecture parameters «, softmax temperature 7', the predefined
operator space O
Output: A set of ordered differentiale parameters {P?}/°}
: Calculate the initial probability distribution P* > see Eq (3.8)
: for i =1to |O| do
Calculate P in terms of P* and T > see Eq (3.9)
P' < binarize(P?) > see Eq (3.11)

1

2

3

4:

o e [P
6 Re-normalize the probability distribution P+
7: end for

8

: Return the ordered differentiable parameters {731}'2‘2'1

where P corresponds to the binarized representation of P. In practice, P is math-
ematically calculated as follows:

1, if ﬁl,k = max(ﬁl)

Pii= (3.11)

0, otherwise
where P is calculated with respect to Eq (3.9).

As a result, during the architecture search process, only one single-path sub-
network needs to be activated at each search iteration as indicated by P € {0,1}
because the output )(X') only depends on the operators with 5l7k = 1. In prac-
tice, the above proposed strategy brings two main benefits when compared with
9, 13, 20, 61, 137]. On the one hand, the above single-path mechanism leads
to considerable efficiency in terms of the memory consumption. Therefore, given
that the hardware memory size is fixed, the memory efficiency allows us to take
a larger batch size, which greatly accelerates the search process. Meanwhile, the
above single-path mechanism guarantees the equality principle [22], in which the
supernet is trained in the same way as the searched architecture, i.e., both are
trained in the single-path manner. On the other hand, owing to the memory ef-
ficiency, we are able to conduct architecture search directly on target tasks (e.g.,
ImageNet) instead of small proxy tasks [3] (e.g., CIFAR10)*. Tt is worth noting
that the above proposed single-path mechanism is different from [22, 48] since they
are non-differentiable where the single-path sub-network is randomly sampled from

the supernet.

4The image size is 224 x 224 in ImageNet and 32 x 32 in CIFAR10.
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FIGURE 3.6: Illustration of the proposed ordered differentiable sampling ap-
proach. Here, for simplicity, we assume the operator space consists of 5 operator
candidates (i.e., |O| = 5). To this end, we need to orderly sample 5 single-
path sub-networks without replacement during each iteration. Specifically, if
one operator candidate is sampled by previous single-path sub-networks, it will
be excluded from the subsequent ones. Besides, {%}ﬂ and {%}ﬂ denote
the gradients of v and w, respectively. The sampled 5 single-path sub-networks
are then visualized in the rightmost sub-figure.

Next, we generalize the reparameterization method in Eq (3.9) and (3.10) to achieve
strict search fairness [22] without sacrificing the differentiability. To this end, dur-
ing each search iteration, we orderly sample |O| single-path sub-networks without
replacement, or in other words, if one operator is sampled by previous single-path
sub-networks, it will not appear in the subsequent ones. We denote the above-
sampled |O| single-path sub-networks as {ﬁz}gll In practice, after sampling one
sub-network, we re-normalize the probability distribution P so as to exclude the
operators sampled by the previous sub-networks, and then use the re-normalized
probability distribution to sample the subsequent ones. The above sampling pro-
cess is visualized in Figure 3.6. To be more specific, we take the i-th sampled
single-path sub-network as an example, i.e., we first encode the i-th sampled single-
path sub-network with a sparse matrix P € {0,1}2X191 (see Eq (3.11)), in which
1 means that the corresponding operator is sampled whereas 0 means not (see
Figure 3.6). As such, we are able to effectively exclude the previously sampled
single-path sub-networks using Hj/zl(l — 7_7i,), in which we multiply the initial
possibility distribution P with [T,_,(1 — ﬁ/) and substitute the newly obtained
possibility distribution into Eq (3.9) to sample the next single-path sub-network.
In this way, all the operators in the supernet will get sampled and optimized only
once during each search iteration, which satisfies the strict search fairness [22].
We provide a detailed demonstration of the above sampling process in Algorithm
1. Next, we substitute {731}12‘1 into Eq (3.10) and compute the output of each
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FiGure 3.7: Illustration of the proposed GNN-based predictor.

sub-network, which will be used to calculate the training loss:

O i Si
Etram(wa a) = Zz‘:l Etrain (wv P ) (3'12)

To summarize, the proposed ordered differentiable sampling approach brings twofold
benefits in practice. On the one hand, it is able to reduce the optimization com-
plexity during the search process from O(|O?) [3, 9, 20, 47, 61, 137] to O(|O|).
Here, the optimization complexity is calculated in terms of both inference time and
memory consumption. Meanwhile, due to the single-path mechanism, the network
weights are not coupled, which alleviates the optimization gap between search and
evaluation [22, 48]. On the other hand, it guarantees the strict search fairness [22]
in a differentiable manner since all the operators get equally optimized during each
search iteration (see Figure 3.6), which stabilizes the search process and brings con-
siderable performance improvement [22]. These benefits are of great importance in
order to achieve efficient, direct, fair, and stable architecture search that existing
differentiable hardware-aware NAS methods [9, 13, 61, 137] cannot provide.

Remarks. Similar to the proposed SurgeNAS, RelativeNAS [139] also introduces
an efficient differentiable sampling strategy to enable differentiable architecture
search. Specifically, during each search iteration, RelativeNAS first samples a set
of random architecture candidates and then divides them into two splits accord-
ing to their loss values. In addition, RelativeNAS specifies those with smaller loss
values as fast learners and those with larger loss values as slow learners. Dur-
ing each search iteration, RelativeNAS iteratively generates pseudogradients from
those slow learners and updates the architecture parameters using the generated

pseudogradients. Finally, all the slow and fast learners are re-merged for subsequent
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differentiable optimization. However, the generated pseudogradients may be inac-
curate since the generated pseudogradients only consider those slow learners while
ignoring those fast learners. This inevitably suffers from significant search bias
and thus may mislead the search process towards sub-optimal network solutions.
In contrast to RelativeNAS, the search process of SurgeNAS is fully differentiable,
which allows us to directly optimize the architecture parameters using standard
gradient descent. In parallel, we can also consider the search space to be sampled
or population-based in non-differentiable manners. However, this may introduce
considerable search overheads and also suffer from sub-optimal search results due
to the coupled weights among different architecture candidates as discussed in [48].
More recently, RADARS [140] also introduces an efficient differentiable search algo-
rithm to mitigate the search memory bottleneck. To this end, RADARS leverages
reinforcement learning techniques to gradually remove the less important operator
candidates from the supernet. However, despite its memory efficiency, RADARS
still suffers from considerable memory consumption, especially in the early search
process. In contrast to RADARS, the proposed SurgeNAS can maintain strong

search memory efficiency throughout the entire search process.

3.3.4 Efficient Latency Prediction

However, given that the architecture search space of NAS is prohibitively large,
directly measuring the runtime latency on target hardware for arch € A inevitably
leads to non-trivial computation overheads as seen in [5]. Meanwhile, during the
search process, measuring the latency across different hardware platforms is quite
inconvenient, which significantly slows down the search process. To this end, we
propose an efficient graph neural networks (GNNs) [141] based latency predictor
(see Figure 3.7), which is motivated by the fact that GNNs are capable to learn
discriminative representations for graph-structured data [141] like the neural ar-
chitecture in the NAS scenario [11, 12].

To begin with, we represent arch with an adjacency matrix M € R**L and a
feature matrix @ € RY¥I9! in which M and @ jointly determine arch, or more
specifically, M indicates the global node connectivity of arch and @ suggests which
operator is selected in each node. Here, @ is the binarized representation of «,

and thus only consists of {1,0}, where 1 indicates the corresponding operator is
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FIGURE 3.8: Relationships between the predicted latency and the measured
latency on Xavier. Specifically, the left, middle, and right sub-figures correspond
to the proposed GNN-based latency predictor, [11], and BRP-NAS [12].

selected while 0 means not. In this way, we are able to formulate the GNN layer

[141] as follows:
GNN(M,@) = F(MaW,), s.t., arch ~ (M, @) (3.13)

where F'(-) is the activation function and W, is the learnable weight in the GNN
layer. However, the original GNNs [141] assume graphs are undirected, whereas
graphs are directed in the NAS scenario [3]. Therefore, directly employing the
original GNNs in the NAS scenario inevitably leads to degraded prediction per-
formance. To alleviate this issue, we closely follow [11] and take the average of
two GNN layers, or more specifically, we use one GNN layer M to propagate the
information in the forward propagation and one GNN layer M7 to reverse the

propagation direction:

GNN(M,®) = = [F(MaW;") + F(M"aw, )] (3.14)

N |

where W; and W~ represent the learnable weights in the above two GNN layers.
Unfortunately, the above formulation does not perform well since it treats all the
operators in the same way while the inference latency highly depends on the selected

operators. To this end, we introduce the following attention mechanism:
1 _ _ e
GNN(M,a) = 3 [Hf F(MaW)) + H; F(MaWw, )] (3.15)

where H ; and H_ are the attention masks. Besides, for the regression purpose,
we include the multi-layer perceptron (MLP) after the GNN layers as seen in
Figure 3.7, and then we can derive the latency of arch as MLP(GNN(M,&)),
which is further denoted as LAT (@) for simplicity.
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FiGure 3.9: Comparisons of the proposed GNN-based latency predictor with
different regression models where we leverage Xavier as target hardware.

In practice, we construct the GNN-based latency predictor using three GNN layers
with 128 neurons in each layer. For the MLP part, we employ three fully-connected
layers with 64, 64, 1 neurons, respectively. Besides, ReLLU is applied as the default
activation function. For data preparations, we collect 10,000 architecture candi-
dates in the architecture space A, which follows the sampling strategy in Figure 3.6.
Then, we split the collected architectures and the corresponding latency measure-
ments into two parts, i.e., 9,000 as the training data and 1,000 as the validation
data. Afterwards, we train the proposed latency predictor with the Adam opti-
mizer, where we use a batch size of 8 and an initial learning rate of 0.001 (annealed
down to zero following the cosine schedule). The above training process takes
less than five minutes on Z4GPU, which is negligible compared to the prohibitive
search cost. We note that the proposed GNN-based latency predictor is only ap-
plied during the search process, whereas the latency results in Table 3.2 are directly

measured on target hardware for fair comparisons.

To show the effectiveness of the proposed GNN-based latency predictor, we con-
duct extensive experiments on seven hardware platforms. Due to space constraints,
we take the experimental results on Nvidia Jetson Xavier as an example. The
experimental results and comparisons with [11, 12] are illustrated in Figure 3.8.
In particular, the proposed GNN-based latency predictor equipped with the pro-
posed attention mechanism achieves an extremely low mean-absolute-error (MAE)
of 0.063ms as illustrated in Figure 3.8 (left), which significantly outperforms the

relevant counterparts [11, 12]. Besides, we compare the prediction performance
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FIGURE 3.10: Illustration of the relationships between the arithmetic intensity
(left) / the runtime latency measured on Z8GPU (right) and the number of
input/output channels in the convolutional layer. In particular, we define the
area bounded with red lines as Comfort Zone.

with other regression methods such as multi-layer perceptron (MLP) and sup-
port vector machine (SVM). The experimental results are illustrated in Figure 3.9,
which clearly shows the GNN-based predictor is able to capture the latency more
accurately. More importantly, once the latency predictor is well trained, it is able
to approximate the on-device latency for arch € A with only one-time inference,
which takes less than one millisecond, i.e., accurate yet still efficient. Apart from
this, the proposed GNN-based latency predictor only consists of continuous trans-
formations in terms of the architecture parameters a as seen in Eq (3.15), which in
turn enables to calculate the gradient of o during the backward propagation of the
supernet whereas the direct on-device measurement achieves neither. Later, we in-
tegrate the proposed latency predictor into SurgeNAS to accomplish latency-aware

architecture search.

3.3.5 Efficient Hardware-Aware Architecture Search

Nevertheless, the optimization objective defined in Eq (3.12) only optimizes the
search process in terms of the accuracy while leaving other critical performance met-
rics like the runtime latency unconsidered. As a result, it derives CNNs with com-
petitive accuracy, but, unfortunately, such competitive accuracy comes at the cost
of extremely high computational complexity as shown in Table 3.2 (see SurgeNet-
Base), thereby greatly hindering the real-world deployments especially on resource-

constrained hardware platforms like CPUs and edge devices [36]. To this end, we
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Unlike GPUs with high parallelism, CPUs are of low parallelism and thus do not
have Comfort Zone.

further incorporate the proposed GNN-based latency predictor (see Section 3.3.4)
into SurgeNAS to accomplish the latency-aware architecture search. Therefore, we
are able to re-formulate the optimization objective in Eq (3.12) as follows:

Lirain(w,0) = 37 [y gin . P) + 5- LAT(PY] (3.16)

=1

where [ is the coefficient to control the trade-off magnitude between accuracy and
latency. In particular, we can obtain the architecture solution of low latency by
imposing a larger 3 or of high accuracy with a smaller 8 (see Figure 3.15), which
in turn brings considerable search flexibility. Besides, £i . (w,P?) and LAT(P')
correspond to the training loss and the predicted latency of the i-th sampled sub-
network. Here, P is equivalent to @ since they both denote the binarized represen-
tation of the architecture candidate, in which 1 indicates the operator is selected
while 0 means not (see Figure 3.6). In this way, we can directly feed P into the
well-trained latency predictor to approximate the latency of the ¢-th sub-network
as seen in Eq (3.16). Considering that £(w,«) is apparently differentiable with
respect to the network weights w [3], we only provide the differentiability analysis

with respect to the architecture parameters a:

OLiain(10:0) _ 10 OLirain(w, P') OP' 9P' 9P’ 9P

dal =l gp  opi 9P' 9P da (3.17)
v Z|o| OLAT(P') oP' oP' oP' 9P '
=1 5P gpi 0P OP! Oda
where g—z = 1 has already been proven in [142] since P’ is the binarization of

Pi, Besides, % is determined by the network weights of the GNN-based
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FiGure 3.12: Illustration of the performance-monotonicity among different
hardware platforms, where the latency here is measured on target hardware.

latency predictor, and can be obtained through one-time backward propagation
which is quite efficient. Except for the above two terms, other terms in Eq (3.17)
are apparently differentiable since only continuous transformations are involved.
In this way, we are able to optimize both w and « by using the stochastic gradient
descent (SGD) scheme as illustrated in Eq (3.5).

3.3.6 Scaling up SurgeNets

As illustrated in Figure 3.3, lightweight CNNs like MobileNetV2 [6] and Mo-
bileNetV3 [7] in practice fail to provide noticeable speedup when compared with
non-lightweight ones like ResNet [19]. Here, we emphasize that this is caused
by the low arithmetic intensity of MobileNetV2/V3, which in turn leads to the

memory bottleneck during the runtime execution [8, 14|, thereby suffering from
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FiGURE 3.13: Hlustration of the effectiveness of the proposed identity mapping
regularization. Here, due to space constraints, we only visualize the architec-
ture search process with respect to the first six layers, where bottom visualizes
the architecture search process integrated with the proposed identity mapping
regularization while top not.

significant resource underutilization [8]. However, if the arithmetic intensity is too
high (see DenseNet [33] in Figure 3.3), the computation bottleneck arises, expo-
nentially deteriorating the execution efficiency. The above observation motivates
us to increase the arithmetic intensity® to balance the computation (FLOPs) and
memory access (MACs), thereby being able to make full use of the available com-
putation resources [8]. To this end, we introduce a simple but effective method,
i.e., scale up the searched SurgeNets in terms of the network width. To show this,
we take the convolutional layer as an example, where we use H, W, Ky, and Ky
to represent the input dimensions and the filter dimensions. For simplicity, we as-
sume the convolution stride to be 1, and thus the output dimensions are the same
as the input ones. Besides, we use I and O to denote the number of input and
output channels. Therefore, we can theoretically formulate the FLOPs count and
the MACs count [43] as follows:

FLOPs = HWIOK ;s Ky, MACs = HW (I 4+ O) + IOKy Ky (3.18)

Then, following the definition of the arithmetic intensity [8], we can compute the

arithmetic intensity as follows:

FLOPs HWIOKyKw
MACs  HW(I+O)+ IOKyKw

Intensity = (3.19)

SCNNs with higher arithmetic intensity are less memory bounded, and thus are easier to
parallelize upon target hardware [14].
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Besides, we use ¢ > 1 to represent the scaling factor, and then substitute I’ = ¢I

and O" = ¢O into Eq (3.19):

HWIOKy Ky
HW(I + 0)/é+ IOKy Ky

Intensity = (3.20)

As seen in Eq (3.20), the arithmetic intensity monotonically increases with respect
to the scaling factor ¢. As such, we can increase the arithmetic intensity by scaling
up CNNs in terms of the network width ¢. Please note that, although FLOPs and

MACs formulated in Eq (3.18) are not hardware-related, putting them together

FLOPs
' MACs

the roofline analysis [8]. To show this, we conduct a simple experiment on Z8GPU,

(i.e. ) can reflect the resource utilization on target hardware according to
in which we gradually increase the number of input/output channels in the con-
volutional layer, and then calculate the arithmetic intensity according to [8] and
measure the runtime latency, respectively. The experimental results are shown in
Figure 3.10, in which we observe that there exists Comfort Zone where we are
allowed to scale up the searched architecture without increasing the on-device la-
tency (see Figure 3.10 (right)). The intuition behind this is that, although the
computational complexity increases as we scale up the neural architecture, the
resource utilization on target hardware increases as well, thereby increasing the at-
tainable computation resources on target hardware. Finally, the on-device latency
remains unchanged (see Figure 3.10 (right)). More importantly, scaling up the
neural architecture is able to improve the accuracy on target task [134]. However,
as shown in Figure 3.3, a low arithmetic intensity makes target hardware memory-
bounded, whereas a high arithmetic intensity makes target hardware computation-
bounded. Therefore, it is of great significance to find the right balance between
FLOPs and MACs. To derive the optimal scaling factor within Comfort Zone, we
take a straightforward approach, i.e., we gradually increase the scaling factor until
the runtime latency increases. As seen in Section 3.4, the optimal scaling factor
could be device-specific since the computational capability of different hardware
devices may vary. Besides, as illustrated in Figure 3.11, Comfort Zone is only
applicable to hardware platforms with high parallelism such as GPUs, whereas

hardware platforms with low parallelism such as CPUs do not have Comfort Zone.

Meanwhile, we find that the performance-monotonicity also exists among different

hardware platforms:
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TABLE 3.2: Comparisons with state-of-the-art CNNs on ImageNet. T indicates the architecture search is conducted on CIFAR10
while others are directly on ImageNet. * indicates SE and Swish are used to further improve the accuracy. More specifically,
SurgeNet-C1-A and SurgeNet-C1-B are for Z4GPU and TX2, and SurgeNet-C1-C is for Z8GPU and Xavier. SurgeNet-C2-A is for
Nano, and SurgeNet-C3-Base is for Z4PCU and Z8CPU. Besides, the on-device latency with the blue color is measured after fusing
the convolutional layer and the subsequent batch normalization layer into one single convolutional layer.

Accuracy (%)

Search Cost

Latency (ms)

Architecture Method - = = Top5 ~ (GPU-howrs)  ZACPU  ZAGPU  Z8CPU  Z8GPU  Xavier Nano TX2
ResNet [19] Manual 75.3  92.2 - 32.1 4.7 46.8 4.0 18.5 32.5 69.5
ShuffleNetV1 [42] Manual 73.6  89.8 - 194 4.4 23.8 4.7 17.9 36.2 70.2
ShuffleNetV2 [43] Manual 74.9 - - 19.3 4.4 23.9 4.7 17.6 36.6 69.4
MobileNetV2 [6] Manual 72.8  91.1 - 15.5 3.5 16.7 3.5 14.0 26.8 57.6
MobileNetV3# [7] Manual 75.2 - - 15.3 5.6 17.2 5.8 22.5 46.5 83.8
EfficientNet* [134] Manual 76.3  93.2 - 23.3 7.5 29.3 7.6 29.3 57.3 113.7
DARTS [3] Differentiable 73.3  91.3 96t 45.8 16.5 70.6 16.2 76.1 128.0 285.9
SNAS-Mild [20] Differentiable ~ 72.7  90.8 36 24.6 9.8 71.0 10.9 46.0 76.1 167.2
SurgeNet-Base (ours) Differentiable  77.6 ~ 93.7 30 24.1 /172 48 /30 29.3/202 5.7/33 19.0/11.5 37.7/24.1 79.6 /46.3
MnasNet! [5] RL 75.2 92.5 40,000 15.1 3.5 16.7 3.4 13.1 28.8 58.6
SPNAS [59] Differentiable  75.0 92.2 30 18.2 5.2 18.9 5.2 19.9 40.7 92.3
FBNet-A [9] Differentiable  73.0 - 216 14.9 4.8 15.8 4.6 17.9 36.9 88.3
FBNet-B [9] Differentiable  74.1 - 216 17.1 4.9 18.6 5.0 19.0 39.9 91.7
FBNet-C [9] Differentiable  74.9 - 216 184 5.4 20.7 5.2 20.5 42.6 99.6
ProxylessNAS-CPU [13] Differentiable  75.3 - 200 20.5 5.0 22.8 4.5 16.2 36.4 82.0
ProxylessNAS-GPU [13] Differentiable  75.1 92.5 200 14.1 3.4 16.7 3.3 11.7 28.1 58.8
ProxylessNAS-Mobile [13] Differentiable  74.6 92.2 200 16.3 4.7 17.8 4.5 16.4 38.1 80.7
OFA-CPU [14] Evolution 74.6 92.0 1,225 14.1 3.1 15.2 2.9 124 23.2 51.8
OFA-GPU [14] Evolution 75.3 92.4 1,225 15.2 3.7 16.6 3.3 13.7 26.6 59.1
OFA-TX2 [14] Evolution 75.4 92.4 1,225 15.3 3.5 17.3 3.2 13.4 26.5 58.7
SurgeNet-C1-Base (ours) ~ Differentiable  75.5  92.5 30 177 /108 3.0/20 21.1/140 29/17 122/72 240/158 52.0/30.3
SurgeNet-C1-A (ours) Differentiable  76.8  93.1 30 243 /152 3.0/20 283/198 29/17 123/82 243/149 521 /309
SurgeNet-C1-B (ours) Differentiable  76.9  93.1 30 278 /175 3.1/20 32.5/223 29/17 122/75 243155 523 /312
SurgeNet-C1-C (ours) Differentiable  78.7  93.9 30 52.4 /328 32/20 84.2/549 29/17 123/75 241/143 538 /313
SurgeNet-C2-Base (ours) ~ Differentiable 754 92.5 30 165/11.3 32/21 17.3/119 31/17 136/76 227 /142 54.6 /325
SurgeNet-C2-A (ours) Differentiable  77.4  93.4 30 935 /148 32/22 31.7/238 31/17 133/74 227/140 551 /323
SurgeNet-C3-Base (ours)  Differentiable  75.3  92.5 30 14.6 /100 33 /21 151 /115 33 /21 133 /7.6 251 /171 559 /332
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Definition 3.1. Given two different hardware devices d; and ds and the architec-
ture space A, if Varch € A, LAT,, (arch) = vLAT,,(arch) always holds, where ~y

is a constant (e.g., 0.5). We say that d; and dy are performance-monotonic in .A.

Here, LAT (arch) denotes the latency of arch on target hardware d. As shown in
Figure 3.12, the latency measured on Z4CPU is monotonic to the latency measured
on Z8CPU. Thus, we consider that Z4CPU is performance-monotonic with Z8CPU,
whereas such performance-monotonicity does not hold between Nano and Z8CPU
as seen in Figure 3.12. More importantly, given two performance-monotonic hard-
ware devices, the optimal architecture searched on one hardware can easily general-
ize to the other. Therefore, motivated by the above performance-monotonicity, we
divide the experimental devices into three categories: (1) Z4GPU, Z8GPU, Xavier,
and TX2 denoted as Hardware-C1; (2) Nano denoted as Hardware-C2; and (3)
7Z4CPU and Z8CPU denoted as Hardware-C3. The devices lied in the same cate-
gory are performance-monotonic with each other. Therefore, we first search for the
base model for each hardware category and then scale up the base model towards
each target hardware within Comfort Zone. Note that we do not apply the above
scaling strategy for Z4CPU and Z8CPU in Hardware-C3 since CPUs are of low
parallelism and do not have Comfort Zone (see Figure 3.11 (right)).

3.4 Experiments

In this section, we employ SurgeNAS to search on seven hardware platforms, i.e.,
CPUs (Z4CPU and Z8CPU), GPUs (Z4GPU and Z8GPU), and edge accelerators
(Xavier, Nano, and TX2). Here, Z4CPU and Z8CPU are Intel(R) Core(TM) i7-
7820X and Intel(R) Xeon(R) E5-1650. Z4GPU and Z8GPU denote Nvidia Quadro
P620 (2GB) and Nvidia Quadro GV100 (32GB). Xavier, Nano, and TX2 represent
Nvidia Jetson AGX Xavier (16GB), Nvidia Jetson Nano (4GB), and Nvidia Jetson
TX2 (8GB). We turn on the MAXN power mode in edge devices to maximize the
computational capability [14]. For the sake of simplicity, we use the above hardware
abbreviations across this work. For fair comparisons with existing works, all the
latency measurements are reported under the same settings and with a batch size
of 1 throughout our experiments, which are directly measured on target hardware.

It is worth noting that all of our experiments are implemented using PyTorch.
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3.4.1 Datasets and Experimental Settings

As mentioned in Section 3.3, conventional differentiable NAS approaches [3, 20, 21,
47] can only conduct the architecture search on small proxy tasks like CIFARI0
and CIFAR100 due to the memory consumption bottleneck, which in turn can only
provide sub-optimal architecture solutions for target tasks like ImageNet as pointed
out in [13]. In this work, different from the above-mentioned NAS works, the pro-
posed SurgeNAS can directly search on the target task (i.e., ImageNet) to discover
the optimal architecture solution for target hardware. More specifically, ImageNet
consists of 1,000 object categories, where there are 1.28M training images and 50K
validation images, all of which are high-resolution and equally distributed over all
object categories. Besides, similar to [5, 9, 13, 61], we set the input resolution of
the network to 224 x 224.

For the architecture search part, we follow [9, 46, 61, 74], where we randomly sample
100 out of 1,000 classes from the training dataset, which are used to optimize both
the architecture parameters o and the network weights w during the search process.
More specifically, to optimize the network weights, we employ the SGD optimizer
with a momentum of 0.9, a weight decay of 3 x 107, a norm gradient clipping of
5, and a learning rate of 0.1 which is annealed down to zero following the cosine

schedule. Besides, to optimize the architecture parameters, we adopt the Adam
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FiGURE 3.15: Illustration of the trade-off between accuracy and latency under
different 8. For simplicity, the above SurgeNets are trained for 50 epochs, where
the SurgeNets in Table 3.2 are trained for 400 epochs for fair comparisons.

optimizer with a fixed learning rate of 7.5 x 107* and a weight decay of 1 x 1073 [3].
In SurgeNAS, we train the supernet with a batch size of 232 for a total of 75 epochs,
in which the first 25 epochs are referred as the architecture search warm-up stage
where only the network weights get updated while the architecture parameters are
frozen [46, 74, 137]. Apart from these, the standard data augmentations [13, 19]
are applied throughout this work. Here, it is worth noting that all the architecture
search experiments are conducted on one single Tesla V100 GPU. Furthermore, we

name the hardware-aware CNNs searched by SurgeNAS as the SurgeNet series.

For the architecture evaluation part, we use the original validation dataset to report
the final accuracy and compare with existing state-of-the-art approaches [5, 9, 13,
14]. To accomplish this goal, we re-train the searched neural architectures on the
training dataset of ImageNet from scratch to derive the accuracy. In particular, all
the searched neural architectures are trained for a total of 400 epochs with a batch
size of 1024 on 8 Tesla V100 GPUs. Here, the optimizer is SGD with a momentum
of 0.9 and a weight decay of 3 x 107°. Besides, the learning rate is initialized as 0.5,
which is annealed down to zero following the cosine schedule. Apart from these,

we apply the learning rate warm-up strategy for the first 5 epochs [3, 74].



52 3.4. Experiments

3.4.2 Experimental Results
3.4.2.1 Architecture Search Results

As discussed in Section 3.3.6, we divide the hardware devices into three categories,
which is according to the defined performance-monotonicity (see Definition 3.1
and Fig. 3.12), i.e., Z4AGPU, Z8GPU, Xavier, and TX2 denoted as Hardware-C1,
Nano denoted as Hardware-C2, and Z4CPU and Z8CPU denoted as Hardware-C3.
To this end, in SurgeNAS, we first search for the base model corresponding to
each hardware category, and then scale up the base model within Comfort Zone
for further specializing to each target hardware device, respectively. It is worth
noting that CPUs are of low parallelism and low computational capability, which
do not suffer from the resource underutilization issue in practice. Thus, there
does not exist Comfort Zone within CPUs as illustrated in Fig. 3.11 (right). As
such, we only deploy the searched base model corresponding to Hardware-C3 for
Z4CPU and Z8CPU. The searched SurgeNets are visualized in Fig. 3.14, in which
SurgeNet-Base represents the one searched without latency constraint (i.e., f =0
in Eq (3.16)). Besides, SurgeNet-C1-Base, SurgeNet-C2-Base, and SurgeNet-C3-
Base correspond to the searched base models for Hardware-C1, Hardware-C2, and
Hardware-C3. Subsequently, we scale up the searched base models within Com-
fort Zone for hardware devices in Hardware-C1 and Hardware-C2. To summarize,
we have SurgeNet-C1-A for Z4GPU, SurgeNet-C1-B for TX2, SurgeNet-C1-C for
Z8GPU and Xavier, SurgeNet-C2-A for Nano, and SurgeNet-C3-Base for Z4CPU
and Z8CPU. In particular, we observe that the searched architectures show differ-
ent preferences when targeting different hardware, e.g., Hardware-C1 prefers the
wider architecture while Hardware-C3 favors the narrower one. This observation
demonstrates there are no once-for-all architecture solutions, which necessitates

deploying device-specific neural architectures upon target hardware.

3.4.2.2 Architecture Evaluation Results

The architecture evaluation results are summarized in Table 3.2. In particular,

when without latency constraint, SurgeNet-Base achieves a top-1/5 accuracy of

6This is mainly because Z8GPU and Xavier in practice have similar scaling factors within each
Comfort Zone, i.e., both are around 3.0.
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TABLE 3.3: Comparisons with state-of-the-art NAS approaches on NAS-Bench-
201 [16]. Among them, SNAS [20], GDAS [21], and FairNAS [22] are the most
relevant methods to the proposed SurgeNAS. Following NAS-Bench-201, we re-
port the average accuracy by repeating three architecture search experiments.

CIFAR10 CIFAR100 ImageNet
valid test wvalid test wvalid test
ENAS [45] 39.8 543 150 156 16.4 16.3
DARTS-VI [3] 398 543 150 156 164 16.3
DARTS-V2 [3] 398 543 150 156 164 16.3

Approach

SNAS [20] 90.1 928 69.7 69.3 42.8 432
GDAS [21] 90.0 935 71.1 706 41.7 418
FairNAS [22] 90.1 932 709 71.0 41.9 422
DSNAS [143] 89.7 931 309 31.0 406 41.1

PC-DARTS [46] 90.0 934 67.1 675 408 41.3
SurgeNAS (ours) 90.2 93.7 712 71.6 44.5 45.2

77.6%/93.7%, which is +2.3%/+1.5% higher than ResNet [19] and +1.3%/+0.5%
higher than EfficientNet [134]. After enabling the latency-aware architecture search,
the searched SurgeNets outperform existing lightweight CNNs like MobileNets [6, 7]
and ShuffleNets [42, 43] in terms of both accuracy and efficiency. For example,
SurgeNet-C1-Base obtains a top-1 accuracy of 75.5%, which is +2.7% higher than
MobileNetV2 [6] and +0.3% higher than MobileNetV3 [7] while being x1.2 and
x1.9 faster on Z4GPU and x1.1 and x1.8 faster on Xavier, respectively. Be-
sides, when targeting the same hardware like TX2, SurgeNet-C1-Base achieves
a +0.1% higher top-1 accuracy than OFA-TX2 [14] with x1.1 speedup on TX2.
Then, after scaling up within Comfort Zone, SurgeNet-C1-B obtains significant
top-1/5 accuracy improvement (+1.4%/0.6%), whereas the inference latency re-
mains the same level as SurgeNet-C1-Base on TX2. Notably, SurgeNet-C1-C at-
tains the highest top-1/5 accuracy of 78.7%/93.9%, which is +3.6%/+1.4% higher
than ProxylessNAS-GPU [14] while bringing x1.1 speedup on Z8GPU and Xavier.
Moreover, SurgeNet-C2-A accomplishes a top-1 accuracy of 77.4%, which is +2.5%
higher than FBNet-C [9] while achieving x1.9 speedup on Nano. Furthermore,
SurgeNet-C3-Base reports a comparable top-1 accuracy with ProxylessNAS-CPU,
while being x1.4 and x1.5 faster on Z4CPU and Z8CPU, respectively. More im-
portantly, all the above SurgeNets are searched with a search cost of 30 GPU-hours,
which is much lower when compared with other NAS approaches like 200 GPU-
hours in ProxylessNAS [13], 216 GPU-hours in FBNet [9], and 1,225 GPU-hours
in OFA [14]. Furthermore, after fusing the convolutional layer and the subse-

quent batch normalization layer into one single convolutional layer, the searched
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SurgeNets achieve up to x1.7 speedup on target hardware.

3.4.3 Diagnostic Experiments
3.4.3.1 Effectiveness of the identity mapping regularization

In this section, we visualize the architecture search process of SurgeNAS with
respect to the first six layers in Fig. 3.13. In particular, when without the pro-
posed identity mapping regularization, the search process prefers to over-select the
skip-connect operator in order to quickly converge as demonstrated in [136] (see
Fig. 3.13 (top)). Then, as seen in Fig. 3.13 (bottom), the above over-selecting issue
is well addressed after integrating the proposed identity mapping regularization
into the proposed SurgeNAS, which clearly shows the effectiveness of the proposed
regularization approach. More importantly, as seen in Fig. 3.4, the proposed regu-
larization does not deteriorate the search process since it is equally imposed across
all the operators [22]. Besides, it is worth noting that the search process in Sur-
geNAS will recover as the normal search [3] since we gradually decay ¢ as seen in

Eq (3.6) to zero at the end of architecture search.

3.4.3.2 Effectiveness of the trade-off factor

In this section, we conduct multiple architecture search experiments to show the
effectiveness of the proposed latency-aware architecture search, or more specifically,
we examine the effects of the trade-off factor S as shown in Eq (3.16). Here, we
take Xavier as an example. More specifically, we gradually increase 8 from 3 to s,
whereas other experimental settings remain the same. In this way, we can obtain
one architecture solution under each 3 setting. Afterwards, we re-train the searched
architectures from scratch for 50 epochs, respectively. The experimental results are
illustrated in Fig. 3.15, where we observe that a larger § encourages to search for
architectures with lower latency while a smaller g prefers architectures with higher
accuracy. This means that § can effectively trade off between the accuracy and
the runtime latency, which shows the effectiveness of the proposed latency-aware
architecture search. In practice, this brings considerable flexibility since we can
dynamically control the search process towards accuracy or efficiency by imposing

different 8 according to the requirements of target tasks. Particularly, S5 leads to
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the architecture which only consists of the skip-connect operator, thereby resulting

in extremely poor accuracy.

3.4.3.3 Evaluations on NAS-Bench-201

In this section, we further compare the proposed SurgeNAS against previous rele-
vant NAS methods on NAS-Bench-201 [16]. Following NAS-Bench-201, we focus on
searching for the best architecture candidate in terms of the accuracy. Specifically,
NAS-Bench-201 introduces a small search space with 15,625 different architecture
candidates, all of which are trained from scratch using the same training recipe.
In order to make the proposed SurgeNAS compatible with NAS-Bench-201, we
exclude the latency regularization term by setting 5 = 0 in Eq (3.16) and conduct
the architecture search experiments in the cell-based search space. For fair compar-
isons, we repeat three architecture search experiments under different settings of
initialization seeds and report the average accuracy [16]. The experimental results,
as well as the comparisons with previous relevant NAS methods, are summarized
in Table 3.3. Specifically, we observe that SurgeNAS clearly outperforms previ-
ous state-of-the-art NAS approaches in terms of the accuracy on three datasets,

especially on ImageNet, which demonstrates the superiority of SurgeNAS.

3.5 Conclusion

In this work, we introduce SurgeNAS, a hardware-aware differentiable neural archi-
tecture search (NAS) framework, to automatically search for efficient CNNs upon
target hardware. In particular, we adopt the one-level optimization to avoid the in-
accurate gradient estimation, in which an effective identity mapping regularization
method is integrated to address the over-selecting issue. Besides, to mitigate the
search memory bottleneck, we propose a novel ordered differentiable sampling ap-
proach, which greatly reduces the search memory consumption to the single-path
level, thereby allowing to directly search on target tasks instead of small proxy
tasks. Meanwhile, it guarantees the strict search fairness. Moreover, we introduce
an efficient graph neural networks (GNNs) based latency predictor, which is fur-
ther incorporated into SurgeNAS to achieve the latency-aware architecture search.

Finally, we propose to scale up the searched SurgeNets within Comfort Zone to



56 3.5. Conclusion

improve the accuracy without worsening the inference efficiency. Extensive exper-
iments are conducted on ImageNet with diverse hardware devices, which clearly
demonstrate the superiority of SurgeNAS over existing state-of-the-art works in

terms of accuracy, latency, and search efficiency.



Chapter 4

Flexible Hardware-Aware Neural

Architecture Search!

Differentiable neural architecture search (NAS) is an emerging paradigm to auto-
mate the design of competitive deep neural networks (DNNs) using minimal com-
putational resources. In practice, DNNs are subject to strict latency constraints
and any violation may lead to catastrophic consequences (e.g., autonomous vehi-
cles). However, to obtain the architecture that strictly satisfies the required latency
constraint, previous hardware-aware differentiable NAS methods have to repeat a
plethora of search runs to tune relevant hyper-parameters by trial and error, and as
a result, the total design cost increases proportionally (empirically by 10 times). To
overcome such limitations, we, in this chapter, introduce a lightweight and scalable
hardware-aware NAS framework named LightNAS, which consists of two separate
stages. In the first stage, we strive to search for the architecture that strictly sat-
isfies the required latency constraint at the macro level in a differentiable manner,
and more importantly, through a one-time search (i.e., you only search once). The
architectures searched in the first stage are denoted as LightNets. After that, in
the second stage, we introduce an efficient evolutionary scheme to further explore

the micro-level channel configuration of each LightNet at low cost. To achieve

!This chapter has been published in: Xiangzhong Luo, Di Liu, Hao Kong, Shuo Huai, Hui
Chen, and Weichen Liu, ”You Only Search Once: On Lightweight Differentiable Architecture
Search for Resource-Constrained Embedded Platforms.” ACM/IEEE Design Automation Con-
ference (DAC), 2022. and Xiangzhong Luo, Di Liu, Hao Kong, Shuo Huai, Hui Chen, and We-
ichen Liu, "LightNAS: On Lightweight and Scalable Neural Architecture Search for Embedded
Platforms.” IEEE Transactions on Computer-Aided Design of Integrated Circuits and Systems
(TCAD), 2022.
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this, we propose an effective yet computationally cheap proxy, namely batchwise
training estimation (BTE), as a plug-in complement to enable the channel-level
exploration of LightNets on the fly such that the accuracy of LightNets can be im-
proved without degrading the runtime latency on target hardware. Finally, exten-
sive experiments are conducted on ImageNet with one popular embedded platform
(i.e., Nvidia Jetson AGX Xavier), which explicitly demonstrate the efficacy of the

proposed approach over previous state-of-the-art counterparts.

The remainder of this chapter is organized as follows. Section 4.1 introduces the
research background. Section 4.2 presents the preliminaries and discusses the mo-
tivations. Section 4.3 elaborates on the proposed LightNAS. Section 4.4 presents

the experimental settings and results. Finally, Section 4.5 concludes this chapter.

4.1 Introduction

Deep neural networks (DNNs) have been gaining increasing popularity in a wide
variety of intelligent embedded scenarios, such as virtual reality (VR), object de-
tection and tracking, etc., delivering impressive performance and enabling entirely
new on-device experiences [7, 26]. Nonetheless, given that the network design space
is prohibitively large [3, 9, 13], manually designing competitive DNNs requires a
huge amount of engineering efforts to determine the optimal network configura-
tion like the network depth and width. To alleviate this issue, neural architecture
search (NAS) [44] has recently flourished, which strives to automate the design of
efficient DNNs that can exhibit superior accuracy. In the literature, NAS studies
can be mainly divided into reinforcement learning [44], evolution [49], and gradient-
based [3] (a.k.a., differentiable) categories. However, both reinforcement learning
and evolution-based NAS approaches suffer from substantial search overheads as
shown in [3] (e.g., over 2,000 GPU-days [44] and 3,150 GPU-days [49]), whereas
the differentiable counterpart is of significant search efficiency that can reduce the
search cost by multiple orders of magnitude (e.g., 1 GPU-day? [3]). Thanks to the
promising search efficiency, the differentiable NAS paradigm has recently emerged

as the most dominant alternative in the NAS community [51].

2The search cost of DARTS [3] is approximated on a small proxy dataset, i.e., CIFAR10.
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FIGURE 4.1: An intuitive overview of LightNAS. In contrast to previous relevant
NAS methods that involve multiple search runs, LightNAS focuses on finding
the required architecture in one single search (i.e., you only search once).

Despite the significant progress, early differentiable NAS works like DARTS [3] and
its variants [20, 21| are hardware-agnostic, or more specifically, they merely focus on
searching for competitive architectures in terms of the accuracy, regardless of other
critical performance constraints like latency and energy [26]. As such, they end up
with the architecture with promising accuracy on target task, which, however,
comes at the cost of high computational complexity on target hardware, thereby
impeding the practical deployment of DNNs, especially on resource-constrained
embedded platforms [26]. Among them, [20] strives to search for resource-efficient
DNNs according to the number of floating-point operations (FLOPs), but the num-
ber of FLOPs is an inaccurate proxy [9], which cannot translate to the actual
latency and energy on target hardware as illustrated in Figure 4.2. Meanwhile,
under the same number of FLOPs or parameters, the accuracy on target task
may differ a lot as shown in NAS-Bench-201 [16]. To resolve this problem, several
hardware-aware differentiable NAS methods are proposed [9, 13, 59, 60, 144], which
incorporate the latency into the search objective to penalize the architecture with
high latency, thereby leading to hardware-friendly architectures with high accuracy

on target task but low latency on target hardware.

But even so, we should consider not only the explicit search cost — the time re-
quired for one single search, but also the implicit search cost — the time required
for manual hyper-parameter tuning to find the required architecture. The ra-

tionale here is that, in real-world embedded scenarios like autonomous vehicles,
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DNNs are subject to strict latency requirements, where any violation may cause
catastrophic consequences. However, to obtain the required architecture with com-
petitive accuracy while strictly satisfying the given latency constraint, previous
hardware-aware differentiable NAS methods [9, 13, 59, 60, 144] have to perform
multiple search runs to manually tune the hyper-parameters (see A in Eq (4.3))
by trial and error. As a result, the total design cost increases proportionally (em-
pirically by ~ 10 times). We emphasize that previous NAS methods only report
the explicit search cost for one single search while the huge implicit search cost
for hyper-parameter tuning is excluded. Meanwhile, during the search process
9, 13, 60, 144], multiple sub-networks (paths) need to be optimized simultane-
ously (see Table 4.1), thereby leading to non-trivial memory overheads. And even
worse, the above multi-path paradigm introduces considerable inconsistency be-
tween search and evaluation since the stand-alone architecture at the evaluation
stage is a single-path sub-network [22, 48]. To overcome such limitations, we turn

back to the following question:

Can we find the architecture that satisfies the specified performance constraint

through a one-time search in both differentiable and lightweight manners??

In addition to the macro-level exploration, previous methods like [6] have also
delved into the micro-level exploration in terms of the channel configuration for
macro-level building operators, striving for better performance in terms of both
accuracy and hardware efficiency® [145]. However, previous methods like [6] em-
ploy the most brute-force approach to achieve the channel-level exploration, i.e.,
manually determining the optimal channel configuration by trial and error, which
significantly increases the design cost. Besides, another line of research is channel
pruning, which aims to prune redundant channels to improve the efficiency with
negligible accuracy loss [26, 146], which, however, fails to guarantee the specified
performance constraint as pointed out in [147]. To overcome these challenges, a
recent work [145] introduces a simple yet effective solution, which consists of two
separate stages. In the first stage, a slimmable network [148, 149] that can run at
arbitrary channel configurations is trained from scratch, which is then applied in
the second stage to approximate the accuracy of different channel configurations.

Similar to [145], [127, 150] also focus on automatic channel-level explorations, in

3The macro level typically refers to the network structure (i.e., the operator type), whereas
the micro level refers to the operator hyper-parameter (i.e., the channel configuration).
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which a one-shot supernet is leveraged to evaluate the accuracy of different chan-
nel configurations. In practice, training a slimmable network or supernet is indeed
much faster than the brute-force counterpart, but still requires substantial compu-
tational resources. For example, as shown in [151], training a slimmable ResNet
[149] on 8 GeForce RTX 2080Ti GPUs takes ~17 days (equivalent to 3,264 GPU

hours). In view of this limitation, we focus on the following question:

Given an architecture candidate, can we further improve the accuracy under the

specified performance constraint through channel-level explorations at low cost?

To investigate the above two questions, we, in this chapter, introduce a lightweight
and scalable hardware-aware NAS framework named LightNAS* which consists
of two separate stages. In the first stage, we strive to search for the architecture
that strictly satisfies the required latency constraint at the macro level in a differ-
entiable manner, and more importantly, through a one-time search (i.e., you only
search once). An intuitive overview of LightNAS is illustrated in Figure 4.1. The
architectures searched in the first stage are denoted as LightNets. After that, in the
second stage, we propose an efficient evolutionary scheme to explore the micro-level
channel configuration of each searched LightNet at low cost. To achieve this, we
introduce an effective and computationally cheap proxy, namely batchwise training
estimation (BTE), which serves as a plug-in complement to enable the channel-
level exploration of LightNets on the fly such that the accuracy of LightNets can be
improved without degrading the runtime latency on target hardware. The archi-
tectures searched in the second stage are further denoted as LightNets+-+. Finally,

we summarize the main contributions of this chapter as follows:

e Fundamentals. In contrast to previous well-established hardware-aware dif-
ferentiable NAS works, LightNAS strives to explore the required architecture
candidate that strictly satisfies the specified latency constraint through one
single search (i.e., you only search once), which thus eliminates the prohibitive

implicit search cost due to the manual hyper-parameter tuning.

e Framework. LightNAS features a simple yet effective MLP-based latency
predictor to accurately estimate the on-device latency for different architec-

ture candidates in the search space, which is then integrated into an efficient

4The preliminary version of LightNAS has been published in [85].
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single-path differentiable search algorithm to enable hardware-aware archi-
tecture search. Meanwhile, instead of manually tuning hyper-parameters to
guarantee the specified latency requirement, LightNAS automatically learns
the optimal hyper-parameter configuration during the search process, thus be-
ing able to navigate the required architecture candidate in one single search.
Furthermore, we introduce an effective proxy, namely batchwise training esti-
mation (BTE), which is able to provide reliable yet computationally efficient
estimation of the performance ranking among different channel configurations
and thus allows us to enable channel-level explorations to further boost the

attainable accuracy of LightNets at low computational cost.

e Evaluations. We conduct extensive experiments to show the superiority
of the proposed LightNAS. In particular, LightNAS can effectively and effi-
ciently find the architecture with competitive accuracy while satisfying the
specified latency constraint through a one-time search, which outperforms
previous relevant NAS methods in terms of both accuracy and search effi-
ciency. Meanwhile, the accuracy of LightNets can be further improved after

enabling the channel-level exploration using BTE.

4.2 Preliminaries and Motivations

In this section, we first introduce the background preliminaries on differentiable
NAS (i.e., DARTS [3]). After that, we discuss the motivations behind this work.

4.2.1 Preliminaries on Differentiable NAS

We begin with the operator space denoted as O = {0}, }X,, in which each element
o represents an operator candidate. Following the weight-sharing NAS paradigm
(a.k.a., one-shot NAS) [51], an over-parameterized network is constructed, namely
supernet, where each searchable layer is composed of K operator candidates in the
operator space O. To relax the discrete network design space to become continu-
ous, operators in the supernet are assigned with a set of architecture parameters

a € RI*Ewhere L corresponds to the number of searchable layers. As such, we
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can derive that the search space A consists of |O|" architecture candidates. Specif-
ically, as shown in Figure 4.4, the supernet consists of all possible architecture
candidates in the search space A so that the architecture candidates can inherit
weights from the supernet to avoid training a huge amount of architecture can-
didates from scratch during the search phase. With the above in mind, we can
mathematically formulate the output of the supernet F(z) as follows:

B K exp(af)
Fo =33 (D

'0k<$l)> , s.t., o, €0 (4.1)
w1 exp(a;)

where z; is the input of [-th layer and x is the initial input. Thanks to the above
continuous relaxation, both network weights w and architecture parameters a are
allowed to be optimized using stochastic gradient descent (SGD) [3], or more specif-
ically, an effective bi-level optimization strategy is applied, including one training
phase to optimize w and one validation phase to optimize a:

minimize Lyqq4(w™ (@), @)

@ (4.2)

s.t., w*(a) = argmin, Lirqin(w, @)
where Liqin(+) and Lyq4( ) denote the loss functions on the training and valida-
tion datasets, respectively. Once the search process terminates, we can determine
the searched architecture by reserving the strongest operator candidate for each
searchable layer while other operator candidates are removed, where the operator
strength is defined as exp(af)/ S h_; exp(af’) [3]. Besides, following recent dif-
ferentiable NAS conventions [3, 9, 13, 59], the searched architecture needs to be
retrained from scratch on target task to obtain decent accuracy for further deploy-
ment on target hardware. For more technical details about differentiable NAS,
interested readers may refer to DARTS [3].

4.2.2 Observation and Motivations

The objective in Eq (4.2), however, focuses on the accuracy-only optimization, re-
gardless of other important performance metrics like latency and energy [9]. As
a result, the objective in Eq (4.2) derives the architecture with competitive ac-
curacy, which, unfortunately, comes at the cost of extremely high computational
complexity [26]. To tackle this issue, previous NAS methods [20, 134] exploit the

multi-objective optimization scheme to achieve trade-offs between accuracy and
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FIGURE 4.2: Relationships between the number of FLOPs and the latency (Left)
and energy (Right) on Nvidia Jetson AGX Xavier with an input batch size 8.

efficiency, where they use hardware-agnostic metrics like the number of FLOPs or
parameters to denote the network efficiency. Nonetheless, the number of FLOPs or
parameters cannot reflect the latency and energy on target hardware as illustrated
in Figure 4.2. Meanwhile, the number of FLOPs or parameters does not correlate

with the accuracy on target task as shown in NAS-Bench-201 [16], either.

Subsequently, several hardware-aware differentiable NAS works are proposed [9,
13, 60, 144] to search for hardware-friendly architectures. Specifically, they incor-
porate the latency into the optimization objective as soft constraints to penalize

the architecture with high latency, which is as follows:
minimize Lyqq(w*(a), o) + - LAT () (4.3)

where LAT(«) denotes the latency of the architecture encoded by a. Besides,
A > 0 is a constant coefficient to control the trade-off magnitude between accuracy
and latency. In practice, the optimization objective defined in Eq (4.3) is able to
derive hardware-friendly architecture solutions with both high accuracy and low
latency, but only if a suitable A is applied. The intuition behind this is simply
that, if A\ is too small, the latency penalty term A-LAT(«) will be effectively
ignored. In contrast, if A\ is too large, we will end up with the architecture that
achieves extremely low latency on target hardware but sub-optimal accuracy on
target task. Meanwhile, in real-world embedded scenarios like autonomous vehicles,

DNNs must be executed under strict latency constraints, and any violation may
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FIGURE 4.3: Illustration of the architecture search results under A € [0,1] in
terms of latency on Nvidia Jetson AGX Xavier (Left) and accuracy on ImageNet
(Right), where the searched architectures are trained from scratch for 50 epochs.

lead to catastrophic consequences. As a result, to find the architecture that satisfies
the specified latency constraint, previous relevant NAS methods have to perform

a tedious hyper-parameter sweep to manually tune A\ by trial and error.

Nonetheless, the above manual hyper-parameter sweep requires us to repeat mul-
tiple search experiments (empirically 10 runs), and as a result, increases the total
search cost by 10 times. To demonstrate this, we present a motivational exper-
iment, in which we employ FBNet [9] as the search engine and conduct a series
of architecture search experiments under different settings of A € [0,1]. Once the
search process terminates, we train the searched architecture from scratch on Im-
ageNet [1] for 50 epochs to quickly evaluate the accuracy. Meanwhile, we measure
the latency on Nvidia Jetson AGX Xavier with an input batch size of 8. As shown
in Figure 4.3 (Right), the accuracy of the searched architectures varies from 43.1%
to 72.4%. Among them, A = 0 corresponds to the architecture with the highest
accuracy of 72.4%, in which most of the operators are with the expansion ratio of
6 (i.e., computationally intensive). And A > 0.25 leads to the architecture with the
lowest accuracy of 43.1%, which only consists of SkipConnect. In particular, we
observe that A can effectively determine the trade-off magnitude between accuracy
and latency. That is, a larger A leads to the architecture with low latency and low
accuracy whereas a smaller A generates the architecture with high latency and high
accuracy. However, A is quite sensitive and difficult to control in order to satisfy

the specified latency constraint. For example, to obtain the architecture with the



66 4.3. Methodology

required latency of 24 ms, we should set A to 0.001. But, next time if we require an
architecture with the latency of 26 ms, we need to further manually tune A within
the range of [0.00075,0.001] as shown in Figure 4.3, which necessitates a plethora of
trial-and-errors. We emphasize that previous relevant NAS methods [9, 13, 60, 144]
only report the explicit search cost required for one single search, whereas the huge
implicit search cost required for hyper-parameter tuning is ignored. Therefore, to
address this issue, we focus on finding the architecture with competitive accuracy
around the specified latency constraint through a one-time search (i.e., you only

search once), which thus exhibits significant search efficiency and flexibility.

4.3 Methodology

In this section, we first elaborate on each component of the proposed LightNAS
and then discuss the relationships with previous methods in the relevant literature

to further distinguish the technical contributions of this work.

4.3.1 Architecture Search Space Design

Previous differentiable NAS methods like DARTS [3] and its variants [20, 60] ex-
plicitly advocate for the cell-level architecture search. That is, once a cell structure
is determined, it will be repeatedly stacked to construct the stand-alone architec-
ture. However, as pointed out in [5], enabling the layer diversity helps to strike the
right balance between accuracy and latency. To this end, we follow the layer-wise
architecture space design as widely used in recent hardware-aware differentiable
NAS methods [9, 13, 14]. The layer-wise architecture search space is illustrated
in Figure 4.4. Specifically, the operator space O is built upon MobileNetV2 [6],
in which we allow a set of MBConv operators with diverse kernel sizes of {3,5,7}
and expansion ratios of {3,6} [13]. Please note that MBConv denotes the in-
verted residual block in MobileNetV2. Meanwhile, we include Skip Connect, which
is computation-free, to achieve flexible search in terms of the network depth [9, 13].
Here, SkipConnect denotes the skip-connect operation, in which the output is typ-
ically equivalent to the input. Therefore, we have |O| = 7 in LightNAS, and
given that the supernet consists of L = 22 searchable operators where the first one

is fixed [13], the architecture space size of LightNAS can be easily calculated as
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FIGURE 4.4: Illustration of the supernet structure over the search space, in
which K and E denote the kernel size and the expansion ratio, respectively.

|A| = 7% =~ 5.6 x 10'7. Unless explicitly stated, we do not apply extra techniques
like Squeeze-and-Excitation (SE) [23] and Swish activation [7] in order to ensure

ensure fair comparisons with previous relevant NAS methods [9, 13, 14].

4.3.2 Efficient Latency Prediction

Nonetheless, given that the architecture search space of NAS is prohibitively large
(e.g., |A| & 5.6 x 10'7 in LightNAS), directly measuring the latency on target
hardware for every possible architecture arch is quite tedious and also involves
significant computation resources [13]. To overcome such limitations, we introduce
an accurate yet efficient latency predictor to approximate the on-device latency for
arch € A with negligible computation overheads. With this goal in mind, we first

XK wwhere @ = 1 indicates that

encode arch using a sparse matrix @ € {0, 1
the k-th operator is reserved for the [-th layer of arch while other operators are
discarded. As such, we are able to formulate @ as follows:

1, if of = argmax]||a

ot f = argmax] o "

0, otherwise

Therefore, since the supernet is composed of L searchable layers, we can simply
interpret that the architecture encoding matrix @ contains L entries with values of

1, whereas the remaining entries are with values of 0.

Subsequently, we leverage a multi-layer perceptron (MLP) model for the predic-

tion purpose, which consists of three fully-connected layers with 128, 64, and 1
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neurons. Furthermore, we sample 10,000 random architectures from the search
space A, which are then measured on Nvidia Jetson AGX Xavier. After that,
we divide the above sampled architectures and the latency measurements into two
folds with 80% as the training set and 20% as the validation set. Next, we flatten @
corresponding to each sampled architecture and feed it into the MLP-based latency
predictor for the training purpose. The rationale behind picking up an MLP-based
latency predictor rather than analytic latency predictors is simply that MLP mod-
els can maintain strong differentiability with respect to their input and output.
This is necessary in the context of differentiable NAS since we have to calculate
the gradient of the architecture parameters for differentiable optimization during
the search process. In contrast, analytic latency predictors have to consider vari-
ous factors for reliable analytic latency prediction and may not guarantee strong
differentiability with respect to their input and output. The latency prediction
results on the validation set are illustrated in Figure 4.5 (Left), where we find that
the proposed latency predictor achieves an extremely low root-mean-square error
(RMSE) of 0.04ms. More importantly, once the latency predictor is well trained,
it is able to approximate the on-device latency for arch € A through a one-time
forward inference, which takes less than one millisecond, and thus introduces neg-
ligible computation overheads. In the meantime, given a new hardware platform
or a new search space, we need ~ 1 hour to re-build the latency predictor, which
is trivial compared with the search cost in the context of NAS (see Table 4.2). In
practice, the design cost of the latency predictor may vary. That is, given a hard-
ware platform that has less computational resources or requires additional cost for

compilation, we may need more than ~ 1 hour to re-build the latency predictor.

Next, we compare the proposed latency predictor with the latency lookup table
(LUT) as widely used in recent hardware-aware NAS methods [9, 13, 14]. The
predicted results of LUT are shown in Figure 4.5 (Right), where we observe that
there exists a consistent gap (about 11.48 ms) between the predicted latency and
the measured ground truth. We conjecture that this prediction gap is caused by
the inter-layer data movements and the parallelization inconsistency between the
layer-wise and network-wise executions. And even though the above prediction
gap is eliminated, the RMSE of LUT still remains 0.41 ms, which is much worse
than the proposed MLP-based latency predictor as seen in Figure 4.5 (Left). We
emphasize that the goal of this work is to search for the architecture around the

specified latency, and thus an accurate latency predictor is of great necessity.
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FIGURE 4.5: Illustration of the latency prediction results with the proposed
latency predictor (Left) and the latency lookup table (LUT) [9, 13, 14] (Right).

Furthermore, we elaborate on the necessity of the proposed latency predictor in the
context of differentiable NAS. On the one hand, we note that the architecture search
experiments must be conducted on GPUs since the optimization of the supernet
is computationally expensive [3, 60]. However, target hardware in practice may be
different from GPUs (e.g., Nvidia Jetson AGX Xavier in this work). As such, the
cross-hardware measurements significantly slow down the search process since the
search process on GPUs cannot continue until the latency measurement on target
hardware is obtained. On the other hand and more importantly, measuring the
latency on target hardware for possible architectures, despite being accurate, is
discrete with respect to the architecture parameters « [25]. The intuition behind
this is that the stand-alone architecture to be measured on target hardware is

discretized from the supernet and does not contain the architecture parameters

OLAT (o)
[ole"

device latency measurement. In contrast, the proposed latency predictor only

a. As a result, we cannot derive the gradient of «a (i.e., ) from the on-
consists of continuous transformations with respect to a;, which not only accurately
approximates the latency for possible architectures during the forward propagation
but also enables to calculate the gradient of o during the backward propagation.
We emphasize that differentiable NAS [3] heavily relies on the differentiability of
«. That is, without OLAT()

Oa
the search process as shown in Eq (4.11).

, a cannot be updated using gradient descent during
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4.3.3 Lightweight Differentiable Architecture Search

As shown in previous differentiable NAS approaches [3, 9, 20, 60], multiple sub-
networks (paths) must be simultaneously optimized during the search process, in-
evitably suffering from the memory bottleneck [13] and also violating the equality
principle [22]. Specifically, the equality principle defines that the supernet during
the search process should be trained in the same way as the stand-alone archi-
tecture, and violating the equality principle may lead to degraded performance in
terms of the accuracy [22]. To this end, we introduce a lightweight differentiable
architecture search approach to reduce the optimization complexity of the supernet
to the single-path level, thereby effectively alleviating the memory bottleneck dur-
ing the search process [48]. Here, we use arch = {op;}1—, to denote the stand-alone
architecture candidate. Therefore, once the search process terminates, we are able

to calculate the probability that arch is selected as follows:

P(arch) = P(op; = o), s.t., op €O (4.5)

=1

where P(op; = o) is the probability of oy being selected at the I-th layer of arch.

Following [3, 9], we can mathematically formulate P(op; = o) as follows:
exp(af)

25:1 exp(af’)

For the sake of simplicity, we replace P(op; = o) with PF in the remainder of

P(op, = o) = (4.6)

this paper. In practice, to determine the stand-alone architecture arch, the most
intuitive and straightforward strategy is to optimize the architecture parameters
a over the architecture search space A in a discrete manner. However, given that
the architecture search space of LightNAS is prohibitively large as illustrated in
Section 4.3.1, iterating possible architectures over the search space A one by one
inevitably requires a huge amount of computation resources [3, 9]. Therefore, to
resolve this issue, we closely follow [9, 20, 21| and leverage the Gumbel Softmax
reparameterization trick [10] to relax the discrete architecture space to become con-
tinuous, which, consequently, allows the architecture parameters a to be optimized
using gradient descent. Furthermore, we reparameterize P as follows:
PF— Kexp[(sz +/G§“)/T]
Y -1 exp[(Pf + G /7]

where G € REXK represents the random variable drawn from the Gumbel distribu-

(4.7)

tion (i.e., Gumbel(0, 1)° [10]). Apart from this, 7 denotes the softmax temperature

®As shown in [10], G is equivalent to —log(—log(U)), where U is the uniform distribution.
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to control the sampling process, which is initialized as 5 and then gradually decays
to zero at the end of the search process. It is worth noting that, once converged,
the above relaxation is unbiased as proved in [10] that lim,_,P¥ = PF. Finally, we

are able to re-formulate the output of the supernet F(x) as follows:

K
Fz)=Y"% (ﬁf.ok(xl)) , st op €O (4.8)
1=1 k=1
where P € {0, 1}2*K denotes the binarization of P. Specifically, P is obtained by
binarizing the largest entry in each row to 1 and the remaining entries to 0:
P _ 1, if PF = argmax||B]] (49)
0, otherwise
As a result, only one single-path sub-network, instead of the entire supernet, re-
quires to be activated and optimized during the forward propagation since P €
{0,1}1>K. The intuition behind this is simply that the output of the supernet
F(z) as illustrated in Eq (4.8) only depends on the operator with ?;C = 1, whereas
the output of the operator with ?f = 0 is eliminated due to the multiplication
property of zero. Please note that, different from Softmax, Gumbel Softmax is not
deterministic with respect to the input probability P, which is due to the random
Gumbel variable G and the temperature 7. As pointed out in [10], a larger 7 en-
forces smoother output, while a smaller 7 makes the output closer to the categorical
variant of P. Given the above, during the early search process, the search engine
randomly (uniformly) discretizes the single-path sub-networks to optimize. As a
result, the operator candidates in the supernet are roughly optimized in an equal
fashion in the early search process, after which the search engine focuses on finding
the operator candidate that leads to better accuracy. The above aligns with the

expectation fairness in [22].

To summarize, the above single-path mechanism achieves two main benefits. On
the one hand, it brings significant memory efficiency because the optimization com-
plexity during the search process has been reduced to the single-path level, and
considering that the GPU memory is constant, we are allowed to apply a larger
batch size to speed up the search process. On the other hand, the above single-
path mechanism forces the search process to strictly satisfy the equality principle
[22], i.e., the supernet and the searched sub-network should be trained in the

same single-path manner. Furthermore, we note that the single-path mechanism
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in LightNAS is fundamentally different from ProxylessNAS [13]. In fact, Proxy-
lessNAS randomly discretizes the single-path sub-networks from the supernet using
binary gates, which suffers from significant bias [138]. To alleviate this, LightNAS
continuously reparameterizes the probability distribution P using Gumbel Soft-
max, which is then employed to discretize the single-path sub-networks from the
supernet. Apart from this, during each search iteration, ProxylessNAS randomly
samples two different single-path sub-networks to optimize the architecture pa-
rameters «, in which one path is enhanced with increased a and the other path
is attenuated with decreased a. Therefore, the optimization complexity in Prox-
ylessNAS is O(2?) in terms of both inference time and memory consumption. In

contrast, the optimization complexity in LightNAS is O(1).

4.3.4 Flexible Hardware-Aware Architecture Search

The search algorithm in Section 4.3.3 focuses on optimizing the search process in
terms of the accuracy, which, however, ignores other important hardware perfor-
mance constraints in real-world embedded scenarios, for example, the on-device la-
tency as the most dominant one [5, 9, 13]. Therefore, to obtain hardware-friendly
architecture solutions, we further integrate the proposed latency predictor into
LightNAS so as to achieve hardware-aware architecture search. The optimization

objective of LightNAS is then given as follows:

minimize Lyqiq(w* (@), o) + A+ (W _ 1)

- (4.10)

where T is the specified latency constraint on target hardware and X is the trade-
off coefficient to control the trade-off magnitude between accuracy and latency.
Besides, LAT (@) denotes the latency of the architecture encoded by «. In prac-
tice, A is first converted into @ according to Eq (4.4), which is then taken as the
input of the latency predictor. Note that, different from previous relevant NAS
methods [9, 13, 59, 60], A in Eq (4.10) is not a fixed constant but a learnable
hyper-parameter, which is optimized during the search process. As such, instead
of manual hyper-parameter tuning, LightNAS can automatically explore the op-
timal hyper-parameter configuration during the search process, which not only
maximizes the accuracy but also guarantees the specified latency constraint (i.e.,
LAT(a) = T). For the sake of simplicity, we use £(w, a, \) to denote the optimiza-
tion objective defined in Eq (4.10). Finally, w and « are optimized using gradient
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descent like [3], whereas A is optimized using gradient ascent as follows:

. OL(w,a, \) OL(w, a, )
wm T e ow @ T AT e oo

. OL(w,a, \) LAT(a) (4.11)
N =A== A (e

where 1y, 1., and 7, are the learning rates of w, «, and \. Below we analyze the
efficacy of LightNAS to guarantee LAT (o) = T in one single search. As shown in
Figure 4.3, X\ is able to effectively control the trade-off magnitude between accu-
racy and latency. For example, A = 0.001 corresponds to the architecture with the
accuracy of 71.2% and the latency of 24.1ms. And A\ = 0.0001 ends up with the
architecture with the accuracy of 72.4% and the latency of 37.0ms. These demon-
strate that a larger A leads to the architecture with low accuracy and low latency,
whereas a smaller A generates the architecture with high accuracy and high latency.
With the above in mind, during the search process, if LAT(«) > T', the gradient
ascent scheme increases A to reinforce the latency regularization magnitude, and
as a result, LAT (a) decreases towards T' in the next search iteration. Likewise, if
LAT (o) < T, the gradient ascent scheme then decreases A to diminish the latency
regularization magnitude, and the search engine therefore increases LAT(a) to-
wards 7' in the next search iteration. Consequently, the search engine ends up with
the architecture that strictly satisfies the required latency constraint LAT (o) = T.
To demonstrate this, we visualize the search process under various latency con-
straints in Figure 4.12. Specifically, we observe that LightNAS explicitly focuses
on finding the architecture around the specified latency constraint 7" during the
search process, which is consistent with the analysis presented above. More im-
portantly, the above differentiable optimization can be automatically performed
during the search process, which does not involve any manual hyper-parameter
tuning over either the trade-off coefficient or its learning rate. Meanwhile, the
above differentiable optimization does not sacrifice the attainable accuracy during
the search process. The rationale here is that Light NAS focuses on exploring possi-
ble architecture candidates around the specified latency constraint. This optimizes
the attainable accuracy during the search process and also satisfies the specified

latency constraint at the end of the search process.
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Finally, since L£(w, a, A) is differentiable with respect to w and A\ as shown in [3]

and Eq (4.11), below we provide the differentiable analysis with respect to a:

OL(w, o, \)  OLyatia N A . OLAT («v)
Oa - da T Oa
_ OLyatia OP OP 0P

0P 9p 0P 9a T 9P  9p 0P 0a

(4.12)

where g—g ~ 1 because P is the binarization of P [142]. Besides, with the equiva-

lence of @ and P as illustrated in Eq (4.4) and Eq (4.9), %g(a) is determined by
the network weights of the latency predictor LAT( - ), which can be easily obtained
through a one-time backward propagation. That is, for one architecture candidate,
we need to back-propagate the latency predictor once, which takes less than one
millisecond. Apart from these terms, other gradient terms in Eq (4.12) are ap-
parently differentiable since only continuous transformations are involved [3, 10].

Finally, the differentiable analysis of A is given in Eq (4.11).

Remarks. We note that the above search optimization objective can optimize not
only the inference efficiency (e.g., latency and energy consumption) but also the
training efficiency. To achieve this, similar to latency and energy prediction, we
can first build an accurate performance predictor to reliably estimate the training
overheads of different architecture candidates. After that, we can integrate the
above performance predictor into the above search optimization objective to further
explore efficient networks with optimized training efficiency, which can also end up

with the optimal network around the specified training overhead.

4.3.5 Channel-Level Explorations

Apart from the macro-level exploration across the entire network, previous methods
like [6] have also digged into the fine-grained exploration in terms of the channel
configuration at the micro level, which further improves both accuracy and in-
ference efficiency [145]. Nonetheless, the aforementioned methods take the most
brute-force strategy to determine the channel configuration in each building block
by trial and error, thereby significantly increasing the total design cost. Besides,
another alternative is the channel pruning technique [146], which primarily resorts
to pruning redundant channels to reduce the network redundancy [26]. However,
previous differentiable channel pruning techniques mainly focus on reducing the

computational complexity of the given architecture according to hardware-agnostic
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FIGURE 4.6: Comparisons of the proposed batchwise training estimation (BTE)
(Top six sub-figures) and another relevant proxy [15] (Bottom six sub-figures),
in which 1,004 random architectures are sampled from NAS-Bench-201 [16].

metrics (e.g., the number of FLOPs and parameters) [147], which consequently
fail to generate hardware-aware architecture solutions with optimized latency and
energy. To address these, [145] introduces a simple yet effective solution to auto-

matically search for the optimal channel configuration, which is composed of two
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FIGURE 4.7: Comparisons of the correlation performance of BTE with TSE [15]
and Jacobian [17, 18], where the accuracy is queried from NAS-Bench-201 [16].

separate stages. In the first stage, a slimmable network [148, 149] that can exe-
cute arbitrary channel configurations is trained from scratch, which then serves as
the accuracy estimator in the second stage to approximate the accuracy of different
channel configurations on the fly. Similar to [145], [127, 150] also focus on automatic
channel-level explorations, in which a one-shot supernet is leveraged to evaluate the
accuracy of different channel configurations. Despite the promising performance,
these methods [127, 145, 150], in practice, suffer from substantial computation

overheads, especially training a slimmable network or supernet [17, 18].

To alleviate the above-mentioned computation overheads, instead of training a
slimmable network or supernet, another recent line of research is explicitly dedi-
cated to approximating the accuracy of different architectures at initialization using
zero-cost proxies [17, 18]. Specifically, following [17, 18], zero-cost proxies, in a more
precise way, represent the estimators that can reliably reflect the performance of
the given architecture candidate at initialization, in which zero training budgets
are required. For example, Jacobian [17, 18], also known as Jacobian covariance,
is to capture the covariance of input gradients across different images within the
same input batch. In practice, Jacobian can be applied to those randomly initial-
ized architecture candidates without being trained from scratch, thereby necessi-
tating zero training budgets. Nonetheless, as shown in [15], the zero-cost proxies
described above suffer from sub-optimal rank correlation performance when com-
pared with the state of the art, are inconsistent across different datasets, and more

importantly, cannot be further improved with additional training budgets. To



Chapter 4. Light NAS 7

LightNet-20ms LightNet-22ms LightNet-24ms

30

w
kS

28

w
N

L RMSE = 0.054 ms
RMSE = 0.043ms RMSE = 0.p51ms

w
)

N
@

Predicted Latency (ms)

Predicted Latency (ms)

- - y=x s --- y=x --- y=x

1616 18 20 22 24 26 28 30 18 20 22 24 26 28 30 32 34 2020 22 24 26 28 30 32 34 36 38

LightNet-26ms LightNet-28ms LightNet-30ms
45.0 « 4

RMSE = 0.058 ms RMSE = 0.081ms

RMSE = 0.059ms

N ow
1= !
o

redicted Latency (ms)
Predicted Latency (ms)

2]
N
=
o
~N
I
0

== y=X === y=X -—= y=X

25.0 »”*
225 250 275 300 325 350 375 400 25.0 27.5 30.0 325 35.0 37.5 40.0 425 450 25'95.0 27.5 30.0 325 35.0 37.5 40.0 42.5 450
Measured Latency (ms) Measured Latency (ms) Measured Latency (ms)

225

FI1GURE 4.8: Illustration of the latency prediction results under different channel
configurations using the MLP-based latency predictor in Section 4.3.2.

this end, [15] introduces a reliable yet computationally efficient proxy named TSE,
which empirically investigates the quality of different architectures by summing the
losses during the training phase. In particular, the rank correlation performance
of TSE can be further improved when additional training budgets are allocated,
which, however, ignores the training dynamics in the very early epochs due to the
random initialization [152]. To resolve this, we propose an effective proxy at near-
zero cost, namely Batchwise Training Estimation (BTE), which can achieve better
rank correlation performance on multiple datasets (i.e., CIFAR10, CIFAR100, and
ImageNet) than [15] with even less training budgets. Please note that we follow
TSE [15] to call the cost in BTE as near-zero cost, which is compared against
the full training scheme. For example, DARTS [3] trains the searched architecture
from scratch on CIFAR10 for 600 epochs. In contrast, BTE only requires to train
the given architecture candidate from scratch for several epochs, which leads to
significantly reduced training budgets. Finally, the definition of BTE is given as

follows:

Definition 4.1 (BTE). Let Dygin = {(z1,v1), -+, (xn,yn)} denote the training
dataset that consists of N input batches. Besides, L( -) is the training loss function
and F(-) is the output of a possible architecture. After training the architecture

for E > 1 epochs, we accumulate the batchwise training losses to quantify the
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Algorithm 2 Channel-Level Explorations with BTE

Input: latency constraint 7', training dataset Dy.qin, population size P, number
of iterations (), number of training epochs FE;
Output: channel configuration with highest BTE score;
. Py + Initialize_Population(P,T) and Topk <+ 0;
r < 0.9; > mutation and crossover rate
for:=1to Q do
Score; 1 < BTE(P;_1, Dirain, E);
Topk < Update_Topk(Topk, P;_1, Score;_1);
P.rossover < Crossover(Topk, T, r);
Prutation < Mutation(Topk,T,r);
Pi — Pcrossover U Pmutation U TOp]{Z,
end for
Derive the solution ¢ with highest score in Topk;
: Return the channel configuration c;

—_ =
— O

architecture using Batchwise Training Estimation (BTE) as follows:

K (L(F@n), yn) — L(Feii(22), 42)
BTE = Z [H ( L(Fe(zn), Yn) )]

where F,( -) is the architecture at the training epoch of e.

n=1 Le=1

Note that, different from the conventional training paradigm, we do not shuffie or
re-shuffle the training dataset throughout the training process in order to collect
the batchwise training statistics. In addition, the random data augmentations
are excluded as well. The intuition behind the above is to ensure that the input
batches are consistent across different training epochs in terms of both input order
and input content. Otherwise, the training statistics will be accumulated according
to different input batches, which further introduces random noises in the context

of BTE, and consequently, degrades the correlation performance of BTE.

Subsequently, we conduct a series of experiments on NAS-Bench-201 [16] to show
the efficacy of BTE. To collect batchwise training statistics, we sample 1,004 ran-
dom architectures from NAS-Bench-201 [16], which are equally trained from scratch
on CIFARI10 for 7 epochs. The 7 epochs here are for demonstration only, in which
we show that the correlation performance of BTE can be improved with additional
training budgets. In this work, the default training budgets are 3 epochs. Af-
ter that, we calculate the architecture score using BTE. As shown in Figure 4.6
(Top), the normalized architecture score strongly correlates to the accuracy on CI-
FAR10, CIFAR100, and ImageNet, which indicates that BTE is a reliable proxy
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to reflect the accuracy of possible architectures across different datasets, and more
importantly, at near-zero cost. Meanwhile, the rank correlation performance of
BTE consistently outperforms TSE [15] (see Figure 4.6 (Bottom)) under the same
training budgets. Besides, we compare BTE with zero-cost proxies, for example,
Jacobian [17, 18]. As shown in Figure 4.7, Jacobian, despite its cost efficiency,
suffers from degraded rank correlation performance compared with BTE and TSE.
And even worse, unlike BTE and TSE, the rank correlation performance of Jaco-
bian cannot be improved when additional training budgets are allocated. These
experimental results clearly demonstrate the superiority of BTE over TSE and

Jacobian.

Furthermore, we leverage BTE to enable the channel-level explorations at low
cost, in which we aim to find the channel configuration that leads to the highest

architecture score in terms of BTE. The objective is described as follows:
maximize BT E(a.), s.t., LAT(a.) =T and c € C (4.13)

where C denotes the channel space. a. is the searched LightNet o under the channel
configuration c. In this work, we allow a set of channel scales, varying from 0.5 to
2.0 with an interval of 0.25. As such, we derive |C| = 7' ~ 5.6 x 10'". To this
end, we further construct a unique latency predictor for each LightNet to avoid the
tedious on-device measurements, in which the implementation details are the same
as the latency predictor described in Section 4.3.2. Specifically, for each LightNet,
we first generate 10,000 architectures under random channel configurations. Next,
we measure the latency of the above-sampled architectures on Nvidia Jetson AGX
Xavier. After that, we train the latency predictor using the above architectures
and the corresponding latency measurements. It is worth noting that the design
cost of each latency predictor is about one hour as mentioned in Section 4.3.2.
The latency prediction results are illustrated in Figure 4.8, which indicates that
the proposed latency predictor can accurately approximate the latency of different

architecture candidates not only at the macro level but also at the micro level.

We next introduce an evolutionary algorithm (EA) to solve the optimization prob-
lem described in Eq (4.13). In practice, we set the number of training epochs F (see
Definition 4.1) to 3 by default, which strikes a balance between the correlation per-
formance and the training budgets. Meanwhile, as illustrated in Figure 4.7, BTE

is able to reliably reflect the performance of the given architecture candidate in 3
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FIGURE 4.9: Visualization of the evolutionary exploration of different LightNets
under different channel configurations using BTE as described in Definition 4.1.

epochs. The evolutionary algorithm is summarized in Algorithm 2. Specifically, we
set the number of iterations to 20 and the population size to 20 by default. During
each search iteration, we reserve the top 10 candidates, and then repeatedly ap-
ply crossover and mutation to produce enough new candidates under the specified
latency constraint. As visualized in Figure 4.9, the evolutionary process can effec-
tively end up with the channel configuration that brings a higher architecture score
than the baseline counterpart, while still satisfying the required latency constraint.
Recall that BTE is able to evaluate one architecture candidate at near-zero cost.
During the evolutionary process, there are hundreds of architecture candidates to
be evaluated using BTE. But even so, the required computation resources are still
much less than previous methods [127, 145, 150], i.e., at low cost. In particular,
we only need to train the given architecture for several epochs using BTE, which

thus exhibits significant computational efficiency compared with [127, 145, 150].

4.3.6 Relationships with Previous Methods

First and foremost, to obtain the architecture that strictly satisfies the specified

latency constraint, previous hardware-aware differentiable NAS methods [9, 13, 59,
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TABLE 4.1: Comparisons with previous state-of-the-art NAS methods. ¥ The
reported search cost here is directly taken from the respective paper, which is
also converted into GPU hours for fair comparisons.

GJ
R R AR R
Differentiable X X
Latency Optimization
Specified Latency X X

X
X
Proxyless Search X
Search Complexity O(K?) | O1) | O1) | O(K? | 0(2%) | O(1)
Search Cost! 24 40,000 | 1,275 | 216 200 10

60, 144] require to perform a hyper-parameter sweep to manually tune the trade-off
coefficient A by trial and error as discussed in Section 4.2.2. Therefore, the total
design cost increases proportionally (empirically by x10 times). We emphasize
that previous relevant NAS methods only report the explicit search cost such as
the time required for one single search, whereas the huge implicit search cost like
the time required for manual hyper-parameter tuning is excluded [51]. In contrast,
we, in this paper, focus on finding the required architecture through a one-time
search such that the huge implicit search cost is eliminated, thereby bringing sig-
nificant search efficiency and flexibility as well. More importantly, the proposed
LightNAS is able to find the required architecture in a fully differentiable man-
ner, which is fundamentally different from [97, 153] that include human heuristics
to satisfy the given latency constraint. For instance, [97] manually shrinks and
extends the network width during the search process and [153] manually projects
the searched architecture to a discrete space at the end of search. Apart from
these, reinforcement learning and evolution-based NAS approaches [5, 14, 154] can
achieve the same goal as LightNAS, but suffer from prohibitive search overheads
(e.g., 40,000 GPU hours in [5] and 10 GPU hours in LightNAS). Meanwhile, in the
NAS literature, [101] strives to train an accurate latency predictor with only few
latency measurements via meta learning, which, however, does not introduce new

materials from the NAS perspective.

Furthermore, due to the multi-path optimization paradigm, previous differentiable
NAS methods [3, 9, 20] suffer from the memory bottleneck during the search pro-
cess, which severely violate the equality principle as defined in [22]. To alleviate the
memory bottleneck, we introduce a lightweight differentiable architecture search

approach based on the Gumbel Softmax reparameterization strategy [9, 20, 21],
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FIGURE 4.10: Visualization of the searched LightNets under different latency
requirements ranging from 20 ms to 30 ms with an interval of 2ms. Note that
the number in each operator is the number of base channels.

which effectively reduces the optimization complexity to the single-path level. Note
that, the single-path mechanism in LightNAS is fundamentally different from [59],
which formulates different operator candidates into a single-path superkernel. More
importantly, owing to the single-path mechanism, the optimization gap between
the supernet and the searched sub-network is bridged, thereby improving the ac-
curacy of the searched architecture [22]. Besides, different from the latency lookup
table (LUT) [9, 14], the predictor proposed in Section 4.3.2 can accurately approx-
imate not only the on-device latency but also other hardware performance metrics
like the on-device energy as shown in Figure 4.15. As such, without loss of gen-
erality, LightNAS can be effortlessly plugged into various real-world scenarios, in
which we only need to replace the latency predictor with the predictor of the tar-
get scenario. To highlight the technical merits, we further compare the proposed
LightNAS against previous relevant NAS methods in Table 4.1.

Finally, we discuss BTE, which enables the channel-level exploration of Light-
Nets at low cost. In the literature, several relevant methods [127, 145, 150] also
focus on automatically finding the channel configuration that maximizes the ac-
curacy without sacrificing the inference efficiency. Nonetheless, these methods
[127, 145, 150] require a huge amount of computation resources, especially to train
a slimmable network or supernet that can run under arbitrary channel configura-
tions [148, 149]. To avoid the above-mentioned computation overheads, instead of
training a slimmable network or supernet, another recent research direction is de-

voted to approximating the accuracy of different architectures at initialization using
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zero-cost proxies [17, 18], which, however, suffer from sub-optimal rank correlation
performance when compared with the state of the art [15], and more importantly,
cannot be improved with additional training budgets. To tackle this issue, [15]
introduces an effective proxy dubbed TSE to reliably estimate the training accu-
racy at near-zero cost, which empirically accumulates the training loss statistics
in the early training epochs. Despite its promising empirical results, TSE ignores
the training dynamics in the very early training epochs and thus suffers from sub-
optimal rank correlation performance. In contrast, the proposed BTE proxy con-
siders the training dynamics and turns back to the relative training improvement
of the same training batches across different training epochs. Extensive empirical
results on NAS-Bench-201 also clearly demonstrate that BTE can achieve more
reliable rank correlation performance on three different datasets than the afore-
mentioned proxies. Apart from the above, several recent mask-based NAS meth-
ods [155-159] instead focus on searching for the optimal channel configuration in
a fully differentiable manner using binary masks, which are of low computational
cost since the search process can be optimized with gradient descent. However,
the above mask-based NAS methods use simple cost metrics (e.g., the number of
FLOPs and parameters) as guidelines, which cannot reflect the on-device perfor-
mance on target hardware. Meanwhile, to satisfy the specified latency constraint,
the above mask-based NAS methods have to repeat a plethora of search experi-
ments to tune the trade-off coefficient A by trial and error, thereby significantly

increasing the total design cost.

Remarks. In this work, we mainly focus on exploring computation-efficient convo-
lutional networks for one popular embedded platform. Furthermore, the proposed
LightNAS can also be easily generalized to cover evolving neural network structures
and changing hardware platforms. To cover evolving neural network structures
(e.g., transformers [160] and vision transformers [161]), we only need to re-design
the search space to replace convolutional operators with novel encoder/decoder /at-
tention structures of transformers and vision transformers. To cover changing hard-
ware platforms, we only need to re-build an accurate hardware-aware performance

predictor for reliable performance prediction on target hardware.
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TABLE 4.2: Comparisons with previous state-of-the-art architectures on Ima-
geNet [1]. t corresponds to architectures utilizing extra techniques like Swish
activation and Squeeze-and-Excitation (SE) module [7, 23]. 1 FBNet-Xavier is
the architecture searched on Nvidia Jetson AGX Xavier using FBNet [9].

. Search Cost Accuracy (% Latency
Architecture Method (GPU hours) | Top-1 T(()p—)5 (ms)
MobileNetV2 [6] Manual - 72.0 91.0 20.2
ProxylessNAS [13] Differentiable 200 74.6 92.2 21.2
FBNet-A [9] Differentiable 216 73.0 90.9 21.7
OFA-S [14] Evolution 1,275 72.9 91.1 21.4
MnasNet-B1 [5] Reinforcement 40,000 74.5 92.1 20.1
LightNet-20ms Differentiable 10 75.0 92.2 20.0
LightNet++-20ms Evolution 20 75.4 92.6 20.1
FBNet-B [9] Differentiable 216 74.1 91.8 23.0
MobileNetV3T [7] Reinforcement 40,000 75.2 - 23.0
MnasNet-A1T [5] Reinforcement 40,000 75.2 92.5 22.9
SPNet [59] Differentiable ~ 30 75.0 92.2 23.6
LightNet-22ms Differentiable 10 75.2 92.2 22.1
LightNet+4-22ms Evolution 22 75.6 92.7 22.0
ProxylessNAS [13] Differentiable 200 75.1 92.5 24.5
UNAS [144] Differentiable 103 75.3 92.4 24.2
FBNet-Xaviert [9] Differentiable 186 74.6 92.1 24.1
LightNet-24ms Differentiable 10 75.5 92.3 23.9
LightNet++4-24ms Evolution 23 76.2 93.1 24.1
FBNet-C [9] Differentiable 216 74.9 92.3 26.4
OFA-M [14] Evolution 1,275 75.4 92.4 26.3
LightNet-26ms Differentiable 10 75.9 92.6 26.1
LightNet++-26ms Evolution 25 76.4 92.9 26.0
OFA-L [14] Evolution 1,275 75.8 92.7 29.3
ProxylessNAS [13] Differentiable 200 75.3 - 29.9
LightNet-28ms Differentiable 10 76.1 92.7 28.2
LightNet++-28ms Evolution 27 76.5 93.1 28.1
TFNAS [97] Differentiable 43 76.0 - 33.6
EfficientNet-B0Ot [134] | Reinforcement 40,000 76.3 - 37.2
LightNet-30ms Differentiable 10 76.4 92.9 30.1
LightNet++-30ms Evolution 27 76.7 93.3 30.2

4.4 Experiments

In this section, we conduct extensive experiments to evaluate the proposed ap-

proach on a cutting-edge embedded platform, namely Nvidia Jetson AGX Xavier.

The MAXN power mode is applied by default to maximize the hardware perfor-

mance. Following [13], all the measurements are reported with an input batch size

of 8 [13] to avoid resource underutilization. Please note that all the experiments in
this work are conducted on GeForce RTX 3090 GPUs using Python 3.7.10, PyTorch
1.7.0, CUDA 11.2, and cuDNN 8003.
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TABLE 4.3: Illustration of the experimental results on NAS-Bench-201 [16] and
HW-NAS-Bench [24]. Please note that, except for Light NAS, other experimental
results in this table are directly taken from EH-DNAS [25].

Approach Raspberry Pi 4
Search Hardware Accuracyt | Latency| | FLOPs] | Params]
Algorithm Feedback (%) (ms) (M) (M)
None 54.30 3.84 7.78 0.073
FBNet LUT [9] 70.92 2.96 7.78 0.073
EH-DNAS [25] 70.92 2.96 7.78 0.073
DARTS [3] LightNAS (1-st) 86.66 2.55 7.78 0.073
LightNAS (2-nd) 84.19 2.89 7.78 0.073
LightNAS (3-rd) 84.16 2.84 7.78 0.073
None 93.37 69.19 153.27 1.073
FBNet LUT [9] 10.00 0.01 4710 | 0.344
EH-DNAS [25] 93.58 56.89 121.82 0.858
GDAS [21] LightNAS (1-st) 93.53 44.52 90.36 0.643
LightNAS (2-nd) 93.49 49.45 90.36 0.643
LightNAS (3-rd) 93.53 44.52 90.36 0.643

4.4.1 Dataset and Implementation Details

Dataset. All the experiments in this work are directly conducted on a popular
large-scale dataset named ImageNet [1]. Specifically, ImageNet consists of 1,000
categories that have 1.28M training images and 50K validation images, all of which
are roughly equally distributed across all categories. Following recent network
design conventions [5, 6], we use the mobile setting throughout this work, where
the image size is set to 224 x 224 and the number of multi-add operations is strictly

under 600M during the runtime inference.

Architecture Search Settings. In this work, the architecture search settings
closely follow FBNet [9]. Specifically, we randomly sample 100 categories from
ImageNet, which are used to optimize both network weights w and architecture
parameters . Meanwhile, we train the stochastic supernet for 90 epochs with an
input batch size of 128. In the first 10 epochs, only w is optimized, whereas «
is frozen [9]. Subsequently, the optimization steps of w and « alternate in each
epoch. To optimize w, we apply the SGD optimizer with a learning rate of 0.1
(annealed down to zero following the cosine schedule), a momentum of 0.9, and
a weight decay of 3 x 107°. To optimize o, we employ the Adam optimizer [3]

with a learning rate of 0.001 and a weight decay of 1 x 1073. Besides, as discussed
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FIGURE 4.11: Visualization of the search process with TSE [15] abd BTE under
the same training budget of thee training epochs, in which the required latency
constraints are set to 35 ms (Left) and 45ms (Right), respectively.

in Section 4.3.4, the trade-off coefficient A in LightNAS is not a constant but a
learnable parameter to be optimized during the search process. To this end, we
initialize A as zero and optimize A with the gradient ascent scheme as illustrated
in Eq (4.11), where the learning rate is set to 0.0005. We denote the architectures
searched by LightNAS as LightNets. Please note that all the architecture search
experiments are conducted on one single GeForce RTX 3090 GPU. Finally, as
described in Section 4.3.5, we further perform channel-level explorations in terms

of the searched LightNets, which are denoted as LightNets++-.

Architecture Evaluation Settings. In this work, we simply follow the training
protocols as widely used in previous NAS methods [9, 13| to evaluate the searched
LightNets and LightNets++ on ImageNet [1]. Specifically, we retrain LightNets
and LightNets++ from scratch for 360 epochs with a batch size of 1024 on 4
GeForce RTX 3090 GPUs, in which standard data augmentations are used by
default [9, 13]. The optimizer is SGD with a momentum of 0.9 and a weight decay
of 4 x 107°. Besides, the learning rate is initialized as 0.5, which gradually decays
to zero following the cosine schedule. In the meantime, following [3, 9, 13], we
linearly warm up the initial learning rate from 0.1 to 0.5 in the first 5 epochs.
Apart from the above, we insert the Dropout module before the final classification
layer, where the dropout ratio is fixed to 0.2 [9]. We note that the above settings
closely follow recent practices in the field of NAS. And to avoid unfair comparisons

with previous relevant methods, we do not apply any advanced training techniques,
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either stronger data augmentations or better training protocols, which have the

potential to further boost the attainable accuracy as shown in [134, 153].

4.4.2 Experimental Results

Architecture Search Results. We visualize the searched LightNets under differ-
ent latency constraints in Figure 4.10. Different from MobileNetV2 [6] that simply
stacks the same operator across the entire network, LightNAS is able to enable the
layer diversity to strike the right balance between accuracy and latency. In partic-
ular, given a larger latency constraint, the search engine encourages to search for

the required architecture that goes deeper and wider.

Architecture Evaluation Results. Results and comparisons with previous
state-of-the-art architectures are summarized in Table 4.2°. We observe that the
searched LightNets strictly satisfy the given latency constraints, while at the same
time coming at an extremely low search cost of 10 GPU hours. Please note that
the search cost in Table 4.2 only represents the cost of the search process on GPUs.
Following previous relevant NAS methods [9, 13|, the design cost of the latency
predictor (i.e., about 1 hour) is not included into the search cost due to the unit
inconsistency. However, even though the design cost of the latency predictor is
directly included into the search cost, the search cost of LightNets just slightly
increases from 10 GPU-hours to 11 GPU-hours and vice versa for LightNets++.
More importantly, LightNets are obtained through a one-time search, and thus
the manual hyper-parameter tuning process over the trade-off coefficient X is elim-
inated. Meanwhile, under the same latency constraints, LightNets outperform
previous state-of-the-art architectures in terms of the accuracy on ImageNet [1].
Furthermore, after the channel-level exploration, LightNets++ can achieve better
accuracy on ImageNet than LightNets, while maintaining similar latency. Besides,
considering that FBNet [9] as the baseline of this work is the most relevant NAS
method in the literature, we further implement FBNet and exploit FBNet to per-
form the search experiment on Nvidia Jetson AGX Xavier, in which the searched

architecture is denoted as FBNet-Xavier. After that, we train FBNet-Xavier from

6Following the conventions in the field of NAS, the search cost and the accuracy in Table 4.2
are taken from the corresponding papers, whereas the latency measurements are measured on
Nvidia Jetson AGX Xavier under the same settings as LightNAS. Note that the reported search
cost in Table 4.2 may be measured on different GPUs.
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FIGURE 4.12: Visualization of the search process of LightNets under different
latency constraints ranging from 20 ms to 30 ms with an interval of 2 ms.

scratch under the same settings as LightNets. As shown in Table 4.2, LightNet-
24ms and LightNet++-24ms achieve +0.9% and 1.6% higher top-1 accuracy on
ImageNet than FBNet-Xavier under the latency constraint of 24 ms.

4.4.3 Ablation Studies and Discussions

Ablation of LightNAS on NAS-Bench-201. In this section, we closely fol-
low EH-DNAS [25] to evaluate the proposed LightNAS on CIFARI0 in the cell-
based search space as defined in NAS-Bench-201 [16]. To achieve this, we incorpo-
rate LightNAS into two popular cell-based differentiable NAS algorithms, namely
DARTS [3] and GDAS [21]. Specifically, we first collect the latency measurements
on Raspberry Pi 4 using HW-NAS-Bench [24], which are then used to construct
a precise latency predictor as described in Section 4.3.2. After that, following
EH-DNAS, we integrate the above latency predictor into DARTS and GDAS. For
example, after integrating the latency predictor into DARTS, the accuracy objec-
tive in Eq (4.10) corresponds to the search algorithm in DARTS, while the latency
objective in Eq (4.10) represents the hardware-aware architecture search method in
LightNAS. To compare with EH-DNAS, we set the target latency to 3 ms and 47 ms
for DARTS and GDAS, respectively. The quantitative results on NAS-Bench-201
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FIGURE 4.13: Visualization of the search process of LightNets-Worse under
various latency constraints ranging from 20 ms to 30 ms with an interval of 2 ms.

and HW-NAS-Bench are summarized in Table 4.3, in which three search runs are
reported [16]. In particular, LightNAS is able to achieve +15.74% higher accu-
racy than EH-DNAS, while at the same time being x1.16 faster on Raspberry Pi
4. Among them, GDAS + FBNet-LUT achieves extremely low top-1 accuracy on
CIFARI10, which is caused by the over-selection of SkipConnect.

Ablation of BTE on NAS-Bench-201. In this section, we benchmark BTE
against TSE [15] on NAS-Bench-201 [16] and HW-NAS-Bench [24], in which we
take a popular query-based NAS algorithm [162] as the search engine. And we
choose Raspberry Pi 4 as the default embedded hardware. To ensure fair compar-
isons, we set the training budgets to 3 epochs for both BTE and TSE. In practice,
we first sample 40 random architectures from NAS-Bench-201 under the specified
latency constraint on HW-NAS-Bench. After that, we exploit BTE to evaluate the
above-sampled architectures and reserve the architecture with the highest BTE
score during each search iteration. To ensure fair comparisons, we here repeat
ten different search experiments under the latency constraint of 35 ms and 45 ms,
respectively. As illustrated in Figure 4.11, under the same latency constraint, the
search engine, integrated with BTE, can consistently end up with the architecture
that achieves higher accuracy on CIFAR10 than TSE. Besides, we also observe
that the accuracy gap between BTE and TSE is smaller when the required latency
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Note that all the architectures here are trained from scratch for 50 epochs.

constraint is tight at 35 ms and larger when the required latency constraint is loose
at 45ms. The rationale here is that the search space of NAS-Bench-201 consists
of more possible architecture candidates around 45 + 1 ms than 35 + 1 ms. This
may further enlarge the accuracy gap between BTE and TSE since BTE can de-
liver more reliable rank correlation performance than TSE. The above experimental

results clearly demonstrate the superiority of BTE over TSE.

Architecture Search Stability. We demonstrate the search process of LightNAS
under different latency constraints in Figure 4.12, which range from 20 ms to 30 ms
with an interval of 2ms. Specifically, each figure in Figure 4.12 is visualized by av-
eraging three different search runs in order to show the search stability. As shown
in Figure 4.12, the proposed LightNAS consistently ends up with the required ar-
chitecture that satisfies the specified latency constraint, which explicitly aligns with
the analysis presented in Section 4.3.4. Furthermore, we also observe that Light-
NAS focuses on exploring possible architecture candidates around the specified
latency constraint during the search process, which correspond to a smaller subset
of the entire search space. This makes it easier to navigate better architecture

candidates towards enhanced accuracy-efficiency trade-offs.

Ablation of the Accuracy Objective in Eq (4.10). In this section, we in-
vestigate the accuracy objective in Eq (4.10), in which we remove the accuracy

objective from Eq (4.10). Apart from this, other settings remain the same as
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those described in Section 4.4.1. Likewise, we conduct a series of architecture
search experiments under various latency constraints ranging from 20 ms to 30 ms.
The searched architectures are denoted as LightNets-Worse. After that, we train
LightNets-Worse from scratch for 50 epochs under the same settings as LightNets.
As illustrated in Figure 4.13, LightNets-Worse still satisfy the specified latency con-
straints, which again shows the effectiveness of the latency objective in Eq (4.10).
Meanwhile, as illustrated in Figure 4.14, LightNets achieve better accuracy on
ImageNet than LightNets-Worse, which shows the effectiveness of the accuracy
objective in Eq (4.10). Given the above, we conclude that the two objectives in
Eq (4.10) are both necessary to search for the architecture with competitive accu-

racy while strictly satisfying the required latency constraint.

Generality to Energy-Critical Tasks. As mentioned in Section 4.3.6, the pro-
posed LightNAS can be easily extended to various real-world scenarios, in which
we only need to replace the latency predictor with the predictor of the target sce-
nario. To further demonstrate this, we take the energy consumption as an example
and generalize LightNAS to the energy-critical scenario. To this end, we first ex-
ploit the MLP-based predictor proposed in Section 4.3.2 to approximate the energy
consumption for architectures in the search space. The energy prediction results
are illustrated in Figure 4.15 (Left). Please note that, different from the latency
measurement, the energy measurement suffers from inevitable noises caused by

the hardware temperature. Furthermore, we integrate the above energy predictor
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Energy(-) into the search optimization objective as follows:

Energy(@) 1)

4.14
Eta’/‘get ( )

minimize Lyqq(w*(a), o) + A- (

where A is the accuracy-energy trade-off coefficient and FEj,pge is the specified
energy constraint. Note that other search settings remain the same as Eq (4.10).
Finally, we employ the above search optimization objective to search for the optimal
architecture around the required energy constraint of 500 mJ. The resulting search
process is visualized in Figure 4.15 (Right), in which we observe that LightNAS is

able to effectively generalize to energy-critical embedded scenarios.

Transferability to Object Detection. We further evaluate the transferability of
LightNets on object detection, which is much more challenging than image classi-
fication. To achieve this, we take a widely used object detection framework named
SSDLite [163], in which we treat different architectures as drop-in replacements of
backbone feature extractors [6]. For fair comparisons, we train all the architectures
from scratch (i.e., without loading the pretrained weights on ImageNet) under the
same experimental settings on COCO2017. As shown in Table 4.4, LightNets, de-
spite being optimized in the context of image classification, can be transferred to
object detection with better detection performance and execution efficiency than
previous relevant architectures. Meanwhile, we note that the architecture that
leads to better classification performance does not guarantee better detection per-
formance. For example, as shown in Table 4.2, MnasNet-A1l achieves +0.3% higher

top-1 accuracy on ImageNet than FBNet-C. However, when transferred to object
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TABLE 4.4: Comparisons with previous relevant object detection backbones.

Backbone AP APso | AP75 | APs | APy | APr | Latency (ms)
ProxylessNAS [13] 20.3 34.6 20.3 2.2 19.3 39.6 70.1
MobileNetV2 [6] 20.4 34.3 20.5 1.6 19.5 40.2 72.6
MnasNet-Al [5] 21.2 36.0 21.4 2.5 20.6 41.5 74.2
FBNet-C [9] 21.5 36.2 21.9 2.5 20.9 41.5 76.5
OFA-M [14] 21.6 36.7 21.9 2.2 21.4 41.3 75.4
LightNet-20ms 20.8 35.2 21.2 1.9 19.9 41.0 67.1
LightNet-24ms 21.5 36.3 21.7 2.5 21.2 42.2 68.6
LightNet-28ms 21.9 36.9 22.0 2.4 21.9 41.8 69.7

TABLE 4.5: Comparisons of LightNets and LightNets-SE on ImageNet.

Architecture Accuracy (%)

FLOPs (M) | Latency (ms)

Top-1 Top-5
= | LightNet-20ms-SE | 75.4 (+0.4) | 92.3 (+0.1) 356 (+2) 20.9 (+0.9)
& | LightNet-22ms-SE | 76.1 (+0.9) | 92.5 (+0.3) 352 (+3) 23.2 (+1.1)
cﬁrJ) LightNet-24ms-SE | 75.9 (+0.4) | 92.6 (4+0.3) 385 (+2) 25.5 (+1.6)
= LightNet-26ms-SE | 76.3 (+0.4) | 92.8 (4+0.2) 435 (+3) 27.7 (+1.6)
§ LightNet-28ms-SE | 76.5 (+0.4) | 92.8 (40.1) 464 (+4) 30.3 (+2.1)
LightNet-30ms-SE | 77.0 (+0.6) | 93.1 (40.2) 493 (+4) 31.9 (+1.8)

detection, SSDLite + MnasNet-Al even achieves -0.3% lower detection AP on
COCO2017 than SSDLite + FBNet-C as illustrated in Table 4.4.

Comparisons with Scaling Techniques. As shown in previous relevant litera-
ture, another effective alternative to guarantee the specified latency requirement is
the model scaling technique [5]. For example, we are allowed to gradually scale up
or down the architecture until the specified latency requirement is fulfilled. Given
that the search space of LightNAS is built upon MobileNetV2 [6], we further scale
MobileNetV2 with respect to the network width and the input resolution, respec-
tively, to accommodate different latency requirements. Note that the default input
resolution is set to 224 x 224 when scaling up/down the network width and the
default network width is set to 1.0 when scaling up/down the input resolution.
The experimental results are illustrated in Figure 4.16. We observe that, under
the same latency constraints, LightNets can consistently achieve better accuracy
on ImageNet than the scaled MobileNetV2 variants.

Ablation of Squeeze-and-Excitation Module. Previous methods [5, 7, 134]
use extra techniques like Squeeze-and-Excitation (SE) [23] to improve the perfor-
mance as shown in Table 4.2. Therefore, for fair comparisons, we further conduct

experiments to investigate the searched LightNets with the SE module, in which we
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apply the SE module to the last nine layers of LightNets. The searched LightNets
with the SE module are then denoted as LightNets-SE. As shown in Table 4.5, the
SE module can greatly boost the attainable accuracy of LightNets while slightly

sacrificing the inference efficiency on target hardware.

4.5 Conclusion

In this chapter, we propose, implement, and validate a novel lightweight and scal-
able hardware-aware NAS framework named LightNAS, which consists of two sep-
arate stages. In the first stage, LightNAS is able to find the architecture with
competitive accuracy while strictly satisfying the required latency constraint in a
differentiable manner, and more importantly, through a one-time search. After
that, in the second stage, we introduce a reliable yet computationally cheap proxy
named BTE, with which we explore the channel-level configurations of LightNets
searched in the first stage at low cost. As a result, the accuracy of LightNets can
be further improved without degrading the runtime latency on target hardware.
Extensive experiments are conducted to demonstrate the superiority of LightNAS

over previous relevant NAS approaches.



Chapter 5

Efficient Hardware-Aware Neural

Architecture Compression?

The evolving complexity of convolutional neural networks (CNNs) has fueled an
increasing demand for compression. However, pruning, as one of the most effective
knobs, fails to deliver Pareto-optimal network solutions. To tackle this, we propose
a first-of-its-kind pruning-free compression framework dubbed Domino, striving to
revisit the trade-off dilemma between accuracy and efficiency from a fresh per-
spective of linearity and non-linearity. Specifically, Domino leverages two efficient
predictors, including one vanilla latency predictor and one meta-accuracy predictor,
to explore the less important non-linear building blocks, which are further grafted
with the linear counterparts. The grafted network is then trained on target task to
obtain superior accuracy, after which the grafted linear building block that consists
of multiple consecutive linear layers is reparameterized into one single convolutional
layer to boost the efficiency on target hardware without sacrificing the accuracy
on target task. Extensive experiments on two popular NVIDIA Jetson embed-
ded platforms (i.e., Xavier and Nano) and two representative deep convolutional
networks (i.e., MobileNetV2 and ResNet50) explicitly demonstrate the efficacy of
Domino. For example, Domino-Aggressive is able to achieve +10.6%/+8.8% higher
top-1/top-5 accuracy on ImageNet than MobileNetV2x0.2, while at the same time

maintaining x1.9 and x1.3 speedup on Xavier and Nano, respectively.

IThis chapter has been published in: Xiangzhong Luo, Di Liu, Hao Kong, Shuo Huai, Hui
Chen, Shiging Li, Guochu Xiong, and Weichen Liu, ”Pearls Hide Behind Linearity: Simpli-
fying Deep Convolutional Networks for Embedded Hardware Systems via Linearity Grafting.”
ACM/IEEE Asia and South Pacific Design Automation Conference (ASP-DAC), 2024.
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FIGURE 5.1: Comparisons between previous well-established pruning techniques
(top) and Domino (bottom), where we consider the most representative residual
building block in ResNet50 [19] as an example. Note that, in this figure, Conv,
BN, and Linear are linear layers, whereas ReLLU is non-linear.

The remainder of this chapter is organized as follows. Section 5.1 introduces the
research background. Section 5.2 presents the observations and discusses the moti-
vations. Section 5.3 elaborates on the proposed Domino. Section 5.4 presents the

experimental settings and results. Finally, Section 5.5 concludes this chapter.

5.1 Introduction

With the increasing availability of large-scale datasets and advanced computing
paradigms, convolutional neural networks (CNNs) have been empowering a myriad
of intelligent embedded tasks, such as on-device object detection, recognition, and
tracking [27, 36]. Over the past decade, ” deeper + wider = better” has been deemed
as the rule of thumb to design networks with competitive accuracy [6, 19]. This
trend, despite its efficacy, leads to an exponential growth in the number of floating-
point operations (a.k.a., FLOPs) and parameters as the network evolves deeper
and wider [26]. For example, ResNet50 [19], as one of the most representative
convolutional networks, involves over 4 billion FLOPs and 25 million parameters.
The evolving network complexity further enlarges the computational gap between

computation-intensive CNNs and resource-constrained embedded platforms [26].
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To bridge the above computational gap, considerable effort has been dedicated to
designing resource-efficient networks. Among them, (structured) pruning?, includ-
ing channel-wise and layer-wise pruning, has been deemed as the most dominant so-
lution [27], which removes redundant channels and layers to trim down the network
complexity [69, 70, 72, 126-128, 164-168]. However, previous channel-wise pruning
methods [126-128, 164-168], despite being able to maintain superior accuracy on
target task, suffer from inferior speedup on target hardware due to significant re-
source underutilization [70, 71]. In contrast, previous layer-wise pruning methods
[69, 70, 72] indeed deliver promising speedup on target hardware, which, however,
comes at the cost of severe accuracy loss on target task since the attainable accu-
racy relies on sufficient network depth [19]. These reveal that pruning, regardless
of channel-wise and layer-wise pruning, cannot win both accuracy and efficiency,
and as a result, fails to achieve Pareto-optimal accuracy-efficiency trade-offs. How-
ever, this is critical in those environments with rigorous resource constraints, such
as resource-constrained embedded scenarios [27, 92, 100]. To tackle this issue, we

turn back to the following counterintuitive question:

Can we simplify deep convolutional networks to enable Pareto-optimal accuracy-

efficiency trade-offs without pruning any channels or layers?

2In this work, we do not consider unstructured pruning (i.e., weight pruning), which highly re-
lies on specialized hardware accelerators and thus cannot benefit mainstream embedded platforms
due to the unstructured network sparsity and irregular memory access patterns [26, 27, 119].
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To investigate the above question, we introduce a first-of-its-kind pruning-free com-
pression framework dubbed Domino, striving to simplify deep convolutional net-
works without pruning any channels or layers. As illustrated in Figure 5.1, Domino
revisits the accuracy-efficiency trade-off from a fresh perspective of linearity and
non-linearity across different basic building blocks, which explicitly distinguishes
itself from previous relevant methods [69, 70, 72, 126-128, 164-168] in the rich
pruning literature. Note that, in this work, we compare Domino against prun-
ing because both share the same goal of deriving simplified network structures as

shown in Figure 5.1. Finally, we summarize our main contributions as follows:

e Fundamentals. Domino is the first to revisit the trade-off dilemma between
accuracy and efficiency from the perspective of linearity and non-linearity,
which pioneers a novel pruning-free alternative to simplify deep convolutional

networks towards Pareto-optimal accuracy-efficiency trade-offs.

e Framework. Domino features two efficient predictors, including one vanilla
latency predictor and one meta-accuracy predictor, to explore the less im-
portant non-linear building blocks, which are then grafted with the linear
counterparts. The resulting grafted network is further trained on target task
to obtain superior accuracy. Finally, we reparameterize each grafted linear
building block that contains multiple consecutive linear layers into one single
convolutional layer (see Figure 5.1 (bottom)) to largely boost the efficiency

on target hardware without sacrificing the accuracy on target task.

e Evaluations. Extensive experiments are conducted to evaluate Domino on
ImageNet with two popular NVIDIA Jetson embedded platforms (i.e., Xavier
and Nano) and two representative convolutional networks (i.e., MobileNetV2
[6] and ResNet50 [19]), which clearly show that Domino can outperform uni-
form baselines and previous relevant methods in terms of both accuracy and
hardware efficiency, especially under a large compression ratio. Taking Mo-
bileNetV2 as an example, Domino-Aggressive achieves +10.6% /+8.8% higher
top-1/top-5 accuracy on ImageNet than MobileNetV2x0.2, while delivering

x1.9 and x1.3 speedup on Xavier and Nano, respectively.
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5.2 Observations and Motivations

Observation @) Multiple consecutive linear layers can be effectively reparame-
terized into one single linear layer without changing the output. Without loss of

generality, we consider two consecutive linear layers as follows:
Y = WIX + B1 and Z = WQY + B2 (51)

where X is the input data. Besides, Wy, W5, By, and By are the weight and bias
parameters of the above two consecutive linear layers. Taken together, we can

re-formulate the above two consecutive linear layers in Eq (5.1) as follows:
Z =Wo(W1 X + By) + By = (W1Wo) X + (WaBy + By) (5.2)

This explicitly indicates that the above two consecutive linear layers can be repa-
rameterized into one single linear layer with W* = W W, and B* = WyB; + Bs,
both of which maintain the same output Z. Note that Observation (1) can be
generalized to all common linear layers, including fully-connected (FC), batch nor-
malization (BN), and convolutional (Conv) layers. For example, one convolutional
layer and one subsequent BN or convolutional layer can be reparameterized into

one single convolutional layer, leaving the output unchanged.

TABLE 5.1: Illustration of the layer-wise latency profiling results of MobileNetV2
[6] on NVIDIA Jetson AGX Xavier and NVIDIA Jetson Nano.

Linear Layers Non-Linear Layers
Conv BN FC ReLU6

Xavier | 159ms  2.9ms 0.3ms 1.3ms (6.4%)
Nano | 110.9ms 35.6ms 2.1ms 8.4ms (5.4%)

Observation @) The linear layers dominate the latency on target hardware. To
demonstrate this, we profile MobileNetV2 on Xavier and Nano with an input batch
size of 8, in which the inter-layer communication overheads and data movements
are ignored for the sake of simplicity. The experimental results are shown in Ta-
ble 5.1, in which we observe that the linear layers, including fully-connected (FC),
batch normalization (BN), and convolutional (Conv) layers, account for more than

93% of the total latency on both Xavier and Nano. This also demonstrates that
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FIGURE 5.3: Relationships between the number of grafted linear building blocks
G and the accuracy on ImageNet (left) and the training curves (right).

linear reparameterization, when properly engineered, has the potential to deliver

significant speedup on target hardware without accuracy loss.

Observation 3) The network linearity benefits the efficiency on target hardware.
To illustrate this, we take MobileNetV2 as an example. Specifically, we first pro-
gressively graft the non-linear building blocks with the linear counterparts (see
Figure 5.1 (bottom)). Subsequently, to derive the simplified network, we, following
Observation (1), reparameterize the grafted linear building block that consists of
three convolutional layers, three BN layers, and two grafted linear activation layers
into one single convolutional layer. Finally, we measure the latency of the resulting
simplified network on Xavier and Nano with an input batch size of 8. As shown in
Figure 5.2, the network linearity boosts the efficiency on target hardware, which

delivers up to x3.8 speedup on Xavier and x3.1 speedup on Nano.

Observation @) The network non-linearity benefits the accuracy on target task.
Similar to Observation (3), we also leverage MobileNetV2 as the baseline network.
Specifically, we (1) progressively graft the non-linear building blocks with the linear
counterparts and (2) train the resulting grafted network from scratch on ImageNet
for 90 epochs. Finally, we, following Observation (1), reparameterize the well-
trained grafted network to derive the simplified network, where both networks
exhibit the same accuracy on ImageNet since reparameterization does not change
the network output according to Observation (). As illustrated in Figure 5.3, the

network non-linearity is critical to maintaining competitive accuracy on ImageNet,
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which also reveals that the non-linearity in different building blocks may exhibit

higher importance for the attainable accuracy than others as discussed in [169].

Observation (B) Pruning fails to achieve Pareto-optimal accuracy-efficiency trade-
offs. To show this, we first define a set of complexity constraints in the number
of FLOPs and then gradually prune MobileNetV2 in terms of the network width
(i.e., channel) and depth (i.e., layer), respectively, to accommodate the pre-defined
constraints. After that, we (1) train the pruned network from scratch on ImageNet
for 90 epochs to derive the accuracy and (2) measure the latency of the pruned
network on Xavier with an input batch size of 8 to calculate the speedup. The ex-
perimental results are shown in Figure 5.4. We observe that channel-wise pruning,
despite being able to deliver superior accuracy on ImageNet, suffers from inferior
speedup on Xavier?. In contrast, layer-wise pruning can achieve promising speedup
on Xavier, which, however, comes at the cost of severe accuracy loss on ImageNet.
These reveal that pruning cannot win both accuracy and efficiency, and thus fails
to enable Pareto-optimal accuracy-efficiency trade-offs. These also indicate that

hardware-efficient networks should be shallow rather than narrow.

Motivations. As discussed in Observation (5), both channel-wise and layer-wise
pruning cannot achieve Pareto-optimal accuracy-efficiency trade-offs, which mo-

tivates us to innovate pruning-free alternatives for network compression towards

3Unlike layer-wise pruning that can make full use of available resources, channel-wise pruning
suffers from significant resource underutilization on Xavier, especially under a large pruning ratio.
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Pareto-optimal accuracy-efficiency trade-offs. An alternative, inspired by Obser-
vation (D and (2), is to reparameterize all the linear layers into one single linear
layer to trim down the network complexity for free, which, however, is infeasible
because linear layers and non-linear layers alternate in order to maintain superior
accuracy on target task [6, 19] (see Figure 5.1). In addition, as shown in [169],
some non-linear activation layers may be less important than others and thus can
be removed with minimal accuracy loss, which has also been applied to graph neu-
ral networks with consecutive FC layers [170]. These further motivate us to graft
the intermediate non-linear activation layers with the linear counterparts, after
which we are allowed to reparameterize multiple consecutive linear layers into one
single linear layer. In other words, different from state-of-the-art pruning methods
(69, 70, 72, 126-128, 164-168] that trade the less important channels or layers for
better network efficiency, we can instead trade the less important network non-
linearity for better network efficiency, which is well-supported by Observation 3)
and (4. Motivated by these observations, we introduce a novel pruning-free net-
work compression alternative, namely Domino, striving to revisit the accuracy-
efficiency trade-off from a fresh perspective of linearity and non-linearity. More
importantly, different from state-of-the-art channel-wise and layer-wise pruning
methods [69, 70, 72, 126-128, 164-168] that can only win either accuracy or effi-

ciency, Domino wins both without pruning any channels or layers.

5.3 Methodology

In this section, we first present the problem formulation in Section 5.3.1, after
which we introduce several key components of Domino, including vanilla latency
predictor in Section 5.3.2, meta-accuracy predictor in Section 5.3.3, evolutionary
exploration in Section 5.3.4, and linear reparameterization in Section 5.3.5. Finally,

we discuss the relationships with previous relevant methods in Section 5.3.6.

5.3.1 Problem Formulation

Let a € {0, 1}**F represent the grafted network, in which 0 and 1 correspond to the
grafted linear building block and the non-linear building block, respectively. Here,
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L is the number of total building blocks. With the above in mind, we introduce the

following multi-objective optimization to derive Pareto-optimal grafted networks:
maximize ACC(«a) s.t., LAT(a) <T (5.3)

where ACC/(-) and LAT(-) are the accuracy on target task and the latency on
target hardware, respectively. Besides, T is the specified latency constraint. Unless
explicitly stated otherwise, LAT(-) corresponds to the on-device latency after the
linear reparameterization is applied (see Section 5.3.5). Note that the linear repa-
rameterization does not change the network output as discussed in Observation (D).

As such, ACC(-) remains the same, regardless of linear reparameterization.

Remarks. On the one hand, we note that the derived grafted networks might not
be globally Pareto-optimal in the strict sense, especially when involving approxi-
mate strategies, such as evolutionary algorithm [92]. In contrast, Pareto-optimality,
in the context of network compression, implies that the derived networks are able
to outperform state-of-the-art counterparts in the relevant literature [171]. On the
other hand, in this work, we, following recent conventions [27], consider the on-
device latency as the default constraint, which can be easily generalized to other
hardware performance constraints, such as energy. For example, as pointed out in
[24], there exists an extremely strong correlation between the latency and energy
measurements on resource-constrained embedded platforms, which demonstrates

that latency-efficient networks are also energy-efficient and vice versa.
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5.3.2 Vanilla Latency Prediction

The predominant consensus in the network compression community is to trim down
the network complexity in terms of the number of FLOPs [27, 36]. Nonetheless,
the number of FLOPs only represents the theoretical network complexity and the
reduction in the number of FLOPs does not necessarily translate into the expected
speedup on target hardware as shown in [100]. As such, in pursuit of hardware-
efficient networks, we here leverage the direct on-device latency as the optimization
objective. However, different from the number of FLOPs that is easy to calculate,
we have to first compile and then deploy the possible network on target hardware in
order to interpret the latency, which inevitably becomes computationally infeasible

when the design space exponentially evolves [24].

To avoid the tedious on-device measurements, we, following [100], construct a sim-
ple yet effective vanilla latency predictor LAT(-), which takes the network encod-
ing a € {0,1}'*L as the input to predict the on-device latency LAT (). Specif-
ically, we adopt a simple multi-layer perceptron (MLP) model, which consists of
three fully-connected layers with 128, 64, and 1 neuron(s). To train the vanilla
latency predictor, we first generate 1,000 random grafted networks, which are then
reparameterized to derive the corresponding simplified networks. Next, we deploy
the resulting simplified networks on Xavier and Nano to establish the latency mea-
surements. Finally, we divide the established network-latency pairs into two splits
with 80% as the training set and 20% as the validation set, respectively. Note
that the design cost of the vanilla latency predictor, including (1) collecting 1,000
network-latency pairs and (2) training the vanilla latency predictor, is negligible,

which only requires less than one hour on both Xavier and Nano.

Results. Taking MobileNetV2 as an example, we show the latency prediction re-
sults on the validation set in Figure 5.5 to demonstrate the efficacy of the vanilla la-
tency predictor. Specifically, we observe that the vanilla latency predictor LAT( -)
is able to accurately predict the latency on both Xavier and Nano using 1,000
network-latency pairs, which achieves an extremely low root-mean-square error
(RMSE) of 0.05ms on Xavier and 0.23ms on Nano, respectively. In parallel, we
also observe that the latency prediction performance can be further improved with
an increasing number of network-latency pairs, among which 1,000 network-latency

pairs are sufficient to train an accurate vanilla latency predictor.
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F1GURE 5.6: Illustration of the accuracy prediction results on ImageNet-tiny
(left) and ImageNet (right) using the proposed meta-accuracy predictor and
another three natural counterparts under similar computational resources.

5.3.3 Meta-Accuracy Prediction

As shown in Section 5.3.2, collecting network-latency pairs on target hardware is
computationally efficient (e.g., less than one hour for 1,000 network-latency pairs
on both Xavier and Nano). In contrast, to establish one network-accuracy pair, we
have to train the given network on target task for hundreds of epochs, which typi-
cally involves days on GPUs. For example, training MobileNetV2 [6] on ImageNet
for 180 epochs takes ~1 day on 4 GeForce RTX 3090 GPUs. This further makes it
computationally unaffordable to collect sufficient network-accuracy pairs on target
task (e.g., thousands of days for 1,000 network-accuracy pairs on ImageNet), which,
unfortunately, are essential to training an accurate performance predictor as shown
in Figure 5.5. The intuition behind this is simply that insufficient training data
significantly over-fits the performance predictor, which leads to superior prediction

performance on the training set but fails to generalize to the unseen validation set.

To tackle this dilemma, unlike [172, 173] that collect a large number of network-
accuracy pairs on target task (i.e., 1,000), we propose a novel meta-learning [174]
based accuracy predictor, which strives to predict the accuracy on target task using
minimal computational resources. Specifically, we focus on meta-learning a reli-
able accuracy predictor on small proxy task (i.e., ImageNet-tiny) using sufficient
network-accuracy pairs, which can then adapt to target task (i.e., ImageNet) us-

ing as few as 10 network-accuracy pairs on target task. To achieve this, we first
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randomly sample 10 out of 1,000 categories from ImageNet to establish ImageNet-
tiny. After that, we train 1,000 random grafted networks on ImageNet-tiny, where
the required computational resources are equivalent to training 10 random grafted
networks on ImageNet. As shown in Figure 5.6 (left), 1,000 network-accuracy pairs

are sufficient to yield reliable accuracy prediction on ImageNet-tiny.

We next elaborate on the meta-learning process. Let ACC(-) denote the meta-
accuracy predictor that shares the same layer structure as the vanilla latency pre-
dictor LAT'(-) as discussed in Section 5.3.2, in which 6 is the learnable parameter
of the meta-accuracy predictor. During the meta-learning process, 6 is automati-
cally optimized in order to achieve reliable accuracy prediction. For the simplicity
of notation, below we use fp(-) to denote the meta-accuracy predictor. Besides,
P = {p|(as, 1)} 22" represents a set of 1,000 network-accuracy pairs on ImageNet-
tiny, where y; is the accuracy of each sampled grafted network «; on ImageNet-tiny.

After one gradient descent, 6 is updated as follows:

0 =0 — Vo Ll(folar), yi) (5.4)

where 71 represents the inner-loop learning rate. Besides, £(-) denotes the mean
squared error (MSE) loss function. With the above in mind, we, following [174],

mathematically formulate the meta-optimization objective as follows:

m@in Z ﬁ(fgr(ai), yz) = Z £(f9—nveﬁ(f9(ai)7yi)(ai>7 yi) (5-5)

pi€P piEP

Note that fg () is still continuous with respect to the input a; as demonstrated in
[174]. In sight of this, we further leverage the standard stochastic gradient descent
(SGD) scheme to optimize 6 as follows:

0« 60— AV > L(fola) ) (5.6)

piEP

where \ represents the outer-loop learning rate. Once the meta-learning process in
Eq (5.5) and Eq (5.6) converges, we adapt the predictor meta-learned on ImageNet-

tiny to ImageNet using as few as 10 network-accuracy pairs on ImageNet.

Results. Taking MobileNetV2 as an example, we compare the proposed meta-
accuracy predictor with another three first-in-mind counterparts under similar com-

putational resources, including (1) directly trained on ImageNet, (2) first trained on
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(right), in which gray data points correspond to random grafted networks.

ImageNet-tiny and then transferred to ImageNet, and (3) first trained on ImageNet-
tiny and then fine-tuned on ImageNet. The experimental results are illustrated in
Figure 5.6 (right). We clearly observe that, compared with the above three counter-
parts, the proposed meta-accuracy predictor ACC( -) is able to deliver significantly
better accuracy prediction performance on ImageNet, which achieves a much lower
root-mean-square error (RMSE) of 0.20%.

Cost Analysis. Below we break down the design cost, which is two-fold. On the
one hand, we train 1,000 grafted networks on ImageNet-tiny, resembling roughly
the same computational resources as training 10 grafted networks on ImageNet.
Besides, we also train 10 grafted networks on ImageNet for adaptation. Taken
together, the total computational resources are roughly equivalent to training 20
grafted networks on ImageNet, which are x50 less than previous relevant methods
[172, 173]. On the other hand, the cost of training the meta-accuracy predictor
using the above network-accuracy pairs is negligible, which only requires minutes
on one single GeForce RTX 3090 GPU. Note that the above is a one-time cost that

can be amortized across diverse deployment scenarios (i.e., once for all).

5.3.4 Evolutionary Exploration

After establishing the vanilla latency predictor LAT(-) and the meta-accuracy pre-

dictor ACC(-), we introduce an efficient evolutionary-based search algorithm [14]
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FIGURE 5.8: Linear reparameterization on Xavier (left) and Nano (right).

to navigate Pareto-optimal grafted networks «, in which we focus on maximizing
the accuracy under the specified latency constraint 7" as shown in Eq (5.3). To
this end, during the evolutionary exploration, we leverage mutation and crossover
to jointly generate sufficient grafted network candidates, which are further fed into
the above two predictors LAT(-) and ACC(-) to approximate the latency on tar-
get hardware and the accuracy on target task. After that, we reserve those grafted
network configurations with top accuracy results for subsequent evolutionary ex-
ploration. Finally, the evolutionary exploration can converge upon the optimal
grafted network configuration «. Note that the evolutionary engine with LAT( -)
and ACC(-) can explore the design space on the fly, which necessitates only min-
utes even on one single GeForce RTX 3090 GPU.

Results. Taking MobileNetV2 as an example, we visualize the evolutionary explo-
ration in Figure 5.7, which demonstrates that the evolutionary engine integrated
with the above two predictors is able to derive Pareto-optimal grafted networks
with minimal computational resources. In addition, we observe that the Pareto-
optimal grafted networks on Xavier are not necessarily Pareto-optimal on Nano and
vice versa. This empirical observation aligns with the findings in [14], which again
demonstrates the necessity to design and deploy specialized network solutions to-
wards different hardware platforms in order to embrace the best accuracy-efficiency
trade-off. Finally, we denote the resulting Pareto-optimal grafted networks on

Xavier and Nano as Domino-Xavier and Domino-Nano, respectively.
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5.3.5 Linear Reparameterization

Subsequently, we train Pareto-optimal grafted networks on target task to interpret
the attainable accuracy?. Finally, to derive the simplified network for further direct
deployment on target hardware, we reparameterize the grafted linear building block
that consists of multiple consecutive linear layers, including three convolutional,
three BN, and two grafted linear activation layers into one single convolutional
layer. An example is shown in Figure 5.1 (bottom). Note that reparameterizing
one convolutional layer and one subsequent BN or grafted linear activation layer
into one single convolutional layer is straightforward, which is equivalent to lin-
early transforming the convolutional layer. As such, below we discuss the linear

reparameterization in terms of multiple consecutive convolutional layers.

Without loss of generality, we here consider two consecutive convolutional layers
with an input feature X € RE*H>W1 - an intermediate feature Y € RE2xH2xWz,
and an output feature Z € R%*HsxWs = Besides, W' € RO *C2xKixKi and W2 ¢
RC2xCsxK2xK2 are the weights of the above two convolutional layers. Taken to-

gether, we can formulate the above two consecutive convolutional layers as follows:

Ci—1K*-1K*-1

chw—E > N W ke s Xeont Ak s Ak, (5.7)

=0 kj=0 k=0

where Ak; = ki — [552] and Ak}, = ki, — [55-2]. Besides, W* is the weight of the
reparameterized convolutional layer, which has the kernel size of K* = K+ Ky —1

[175]. Furthermore, we are able to calculate W* as follows:

Co—1 Ko—1 Ko—1

c“co,hw E : E E cl,cj kn,kw cj Co,h—Akp,w—Aky, (58)

=0 kj,=0 kyw=0

where Ak, = ky — [E271] and Ak, = k, — [£21]. Finally, the above two
convolutional layers are reparameterized into one single convolutional layer with
W* € ROXCXE™XE" hoth of which maintain the same output Z. As such, the

attainable accuracy remains the same, regardless of linear reparameterization.

4In this work, we do not directly train the simplified network, which suffers from non-negligible
accuracy loss on target task as illustrated in Figure 5.15.
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FIGURE 5.9: Overview of Domino-Pro, in which each rectangle represents one
specific network layer and the definition can be found in Figure 5.1.

Results. Taking MobileNetV2 as an example, we show the effectiveness of linear
reparameterization in Figure 5.8, which clearly demonstrates that linear reparame-
terization is able to deliver up to x5.2 and x5.7 speedup on Xavier and Nano®, and
more importantly, without compromising the accuracy on ImageNet since the net-
work output, regardless of linear reparameterization, remains the same as discussed
in Observation (). Finally, we visualize the simplified networks in Figure 5.10,

which target Xavier and take MobileNetV2 as the baseline network.

1% Insights and Domino-Pro. As shown in previous representative networks
[6, 19], the basic building block typically consists of three convolutional layers with
diverse kernel sizes of 1, 3, and 1. In sight of this convention, we consider the grafted
linear building block that has three convolutional layers with W' € R xC2x1x1,
W2 € ROxCx3x3 and W3 € REG*CaxIx1 - According to Eq (5.8), one 1 x 1 and
one 3 x 3 convolutional layer, regardless of the layer order, can always be repa-
rameterized into one 3 X 3 convolutional layer. With this in mind, we, following
Eq (5.8), progressively reparameterize the above three convolutional layers into one
single convolutional layer with W* € R€1*¢4>3%3 This reveals that, for the grafted
linear building block, we can (1) scale up the intermediate convolutional layer in
terms of the number of input and output channels (e.g., Cy and C5 — +00) and (2)
insert an arbitrary number of intermediate 1 x 1 convolutional layers. In practice,

the above two enhancements increase the complexity of the grafted linear building

5The latency of the grafted network temporarily increases since grafted linear activation layers
involve more computational resources than non-linear activation layers. Fortunately, such latency
increase can be fully eliminated after linear reparameterization is applied as shown in Figure 5.1.
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block. To this end, we insert one non-linear activation layer (i.e., ReLUG6) at the
end of each grafted linear building block, which causes negligible computational
cost. The related ablation experiment can also be found in Figure 5.16.

block during the training process to achieve better accuracy, after which the en-
hanced grafted linear building block can still be reparameterized back into the same
convolutional structure with W* € RE*¢x3x3 for further direct deployment. It is
worth noting that we only apply the above two enhancements to the grafted linear
building blocks rather than the non-linear building blocks. The rationale here is
that, for the non-linear building blocks, the stacked convolutional layers are not lin-
early consecutive since there are non-linear activation layers between these stacked
convolutional layers. This makes it impossible to equivalently reparameterize these
stacked convolutional layers into one single convolutional layer according to Obser-
vation (D. Finally, we denote Domino with such enhancements as Domino-Pro (see
Figure 5.9), which boosts the attainable accuracy on target task while maintaining

the same efficiency on target hardware as shown in Figure 5.17.

5.3.6 Relationships with Previous Methods

The pruning paradigm, which is the most relevant technique to Domino since
both aim to derive simplified network structures as shown in Figure 5.1, has been
dominating recent advances in the field of network compression [27]. Specifically,
previous state-of-the-art pruning methods remove the redundant channels [126—
128, 164—168] or layers [69, 70, 72] to reduce the network complexity. Despite the
impressive success to date, previous channel-wise and layer-wise pruning meth-
ods suffer from inferior speedup on target hardware due to significant resource

underutilization [70, 71] and non-negligible accuracy loss on target task due to
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TABLE 5.2: Comparisons with the uniform baselines on ImageNet, where Mo-
bileNetV2 is the baseline network. Note that the numbers in the brackets denote
the accuracy loss and the on-device speedup, respectively.

Accuracy (% Latency (ms
Network Top-1 (Tg)p—B Xavier | N)ano
MobileNetV2x 1.0 72.3 (—0.0) | 90.8 (—0.0) | 20.4 (x1.0) | 157.0 (x1.0)
MobileNetV2x0.8 70.6 (—1.7) | 89.6 (—1.2) | 18.0 (x1.1) | 1435 (x1.1)
B Domino-Xavier-A 72.2 (—=0.1) | 90.8 (—=0.0) | 17.6 (x1.2) | 139.7 (x1.1)
B Domino-Nano-A 72.2 (=0.1) | 90.8 (—0.0) | 18.1 (x1.1) | 135.1 (x1.2)
MobileNetV2x0.6 67.7 (—4.6) | 88.0 (—2.8) | 15.1 (x1.4) | 119.5 (x1.3)
B Domino-Xavier-B 71.5 (—=0.8) | 90.5 (—0.3) | 14.7 (x1.4) | 120.6 (x1.3)
B Domino-Nano-B 71.7 (—=0.6) | 90.5 (—0.3) | 16.0 (x1.3) | 113.8 (x1.4)
MobileNetV2x 0.4 62.1 (—10.2) | 83.7 (—7.1) | 10.9 (x1.9) | 82.4 (x1.9)
B Domino-Xavier-C 69.7 (—2.6) | 89.2 (—1.6) | 10.0 (x2.0) | 90.7 (x1.7)
B Domino-Nano-C 69.7 (—2.6) | 89.0 (—1.8) | 11.6 (x1.8) | 81.4 (x1.9)
MobileNetV2x0.2 1.2 (—21.1) | 74.9 (—15.9) (x2.1) | 65.2 (x2.4)
B Domino-Xavier-D 68.4 (—3.9) | 88.2 (—2.6) (x2.6) | 75.9 (x2.1)
B Domino-Nano-D 68.2 (—4.1) | 88.0 (—2.8) | 8.6 (x2.4) | 66.2 (x2.4)
B Domino-Aggressive | 61.8 (—10.5) | 83.7 (—7.1) (x3.8) | 50.4 (x3.1)

insufficient network depth [19, 27], respectively, and as a result, fail to achieve
Pareto-optimal accuracy-efficiency trade-offs. In contrast, Domino revisits the
trade-off dilemma between accuracy and efficiency from a fresh perspective of lin-
earity and non-linearity, pioneering a first-of-its-kind pruning-free alternative to
simplify deep convolutional networks without pruning any channels or layers as
visualized in Figure 5.1. This explicitly distinguishes Domino from previous rel-
evant methods in the rich pruning literature. More importantly, unlike previous
pruning methods [69, 70, 72, 126-128, 164-168] that can only win either accuracy
or efficiency, Domino is able to win both, especially under a large compression ra-
tio. Note that Domino is fundamentally different from [176] although both feature
linearity grafting. This is because [176] focuses on grafting the non-linearity of
network channels for enhanced certifiable robustness, whereas Domino focuses on

grafting the non-linearity of network layers for efficient network compression.

Remarks. We, in this work, compare Domino with pruning because other com-
pression techniques (i.e., quantization [66, 177-180] and knowledge distillation
[34, 35, 181]) cannot deliver simplified network structures [27]. For example, quan-
tization reduces the precision of network weights to lower bits (e.g., from 32 bits
to 8 bits), whereas the network structure still remains the same. This indicates

that quantization and knowledge distillation are complementary to Domino and
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FIGURE 5.11: Comparisons with state-of-the-art pruning works on Xavier (left)
and Nano (right) using MobileNetV2 [6] as the baseline network. Here, w/ FT is
the fine-tuned accuracy, whereas the accuracy w/o FT is trained from scratch.

can be integrated into Domino to further boost the accuracy-efficiency trade-off.
An ablation experiment is also provided in Section 5.4.3 (see Figure 5.13). Besides,
we, in this work, compare Domino with pruning on two representative manually
designed networks [6, 19], which can also be seamlessly generalized to compress
efficient networks searched by popular NAS techniques. Taking LightNAS [85]
as an example, below we demonstrate how to employ the proposed compression
technique to further compress the searched LightNets. Similar to Domino, we can
first build two efficient latency and accuracy predictors for each searched LightNet
to achieve reliable latency and accuracy prediction. After that, we can employ
the same evolutionary algorithm to explore the less important non-linear building
blocks of each searched LightNet, which are then grafted with their linear coun-
terparts with minimal accuracy loss on target task. Furthermore, we train the
resulting grafted network on target task to achieve superior accuracy. Finally, for
the well-trained grafted network, we can equivalently reparameterize each of its
linear building blocks with multiple consecutive linear layers into one single linear

layer to derive its simplified network for direct on-device deployments.
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FIGURE 5.12: Comparisons with state-of-the-art pruning works on Xavier (left)
and Nano (right) using ResNet50 [19] as the baseline network. Here, w/ FT is
the fine-tuned accuracy, whereas the accuracy w/o FT is trained from scratch.

5.4 Experiments

In this section, we conduct extensive experiments, including thorough comparisons
with previous relevant methods and insightful ablation studies, to show the supe-

riority of Domino over previous state-of-the-art pruning methods.

5.4.1 Experimental Settings

Dataset. We conduct all the experiments on ImageNet [1], which is a popular
large-scale dataset. Specifically, ImageNet consists of 1,281,167 training images
and 50,000 validation images, which are roughly distributed across 1,000 cate-
gories. Besides, following previous conventions [126, 127], we employ the standard

resolution setting, in which the input image resolution is fixed to 224 x224.

Networks. We target two representative deep convolutional networks, including
ResNet50 [19] and MobileNetV2 [6]. We note that MobileNetV2 is a lightweight
compact network with less network redundancy than ResNet50 [27], thus being

more challenging to compress as demonstrated in [126, 127].

Hardware Platforms. We target two mainstream embedded devices, including
NVIDIA Jetson AGX Xavier and NVIDIA Jetson Nano, which are abbreviated as

Xavier and Nano for the sake of simplicity. Specifically, Xavier is integrated with
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FIGURE 5.13: Ablation of knowledge distillation (KD) on Xavier (left) and Nano
(right), where the zoom-in figure visualizes the training curve.

512-core Volta GPU and 32 GB LPDDR4x memory, whereas Nano is integrated
with 128-core Maxwell GPU and 4 GB LPDDR4 memory. For both Xavier and

Nano, we turn on the MAXN power mode to maximize the hardware performance.

Implementation Details. We implement all the experiments using PyTorch
[182]. Specifically, all the Domino-related networks are trained from scratch for
180 epochs with a batch size of 1,024 on 4 GeForce RTX 3090 GPUs, in which
the standard data augmentations [19] are applied across this work. The default
optimizer is SGD with a momentum of 0.9 and a weight decay of 4 x 107°. Besides,
the learning rate is initialized as 0.5, which first linearly increases from 0.1 to 0.5
in the first 5 epochs and then decays to zero following the cosine schedule [183].
To ensure fair comparisons with previous relevant methods, we do not apply extra
training enhancements, such as stronger data augmentations (e.g., AutoAugment

[184]) and more advanced training techniques (e.g., deep mutual training [35]).

Additional Remarks. On the one hand, to ensure fair comparisons with previous
relevant methods in terms of latency, we report the latency measured on Xavier
and Nano with the same input batch size of 8. On the other hand, we note that
previous relevant methods may differ in reporting the final accuracy. For example,
the accuracy reported in [127] is trained from scratch, whereas [126] reports the
fine-tuned accuracy. In practice, the fine-tuned network typically exhibits better
accuracy on target task than the same network trained from scratch. Therefore, to

ensure fair comparisons with previous relevant methods in terms of accuracy, we
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train all the Domino-related networks with both schemes. Unless explicitly stated

otherwise, we take training from scratch as the default training option.

5.4.2 Experimental Results

Comparisons with Uniform Baselines. Following previous conventions [27,
126, 127], we first compare Domino with the uniform baselines in Table 5.2, where
we leverage MobileNetV2 as the baseline network. Note that Domino-Aggressive
represents the grafted network, in which all the non-linear building blocks are
grafted with the linear counterparts (see Figure 5.10). Without bells and whistles,
Domino outperforms all the uniform baselines in terms of both accuracy and ef-
ficiency. For example, compared with MobileNetV2x0.2, Domino-Aggressive can
achieve +10.6%/+8.8% higher top-1/top-5 accuracy on ImageNet, while maintain-
ing x1.9 and x 1.3 speedup on Xavier and Nano, respectively. Besides, we observe
that networks targeting Xavier do not necessarily run fast on Nano and vice versa,
which further demonstrates the necessity to design specialized networks towards

different hardware platforms to embrace the best accuracy-efficiency trade-off.

Comparisons with State-of-the-Art Works. We next compare Domino with
previous state-of-the-art pruning methods, including AMC [126], MetaPruning
[127], DMCP [128], LeGR [164], HRank [165], PGFS [166], AGMC [167], DECORE
[168], and Imprint [69]. Experimental results on MobileNetV2 and ResNet50 are
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FIGURE 5.15: Train-First vs. Reparameterize-First on Xavier (left) and Nano
(right), where the zoom-in figure visualizes the training curve.

shown in Figure 5.11 and Figure 5.12, in which we observe that Domino consistently
achieves better accuracy-efficiency trade-offs on MobileNetV2 and ResNet50, espe-
cially under a large compression ratio. We note that MobileNetV2 is a lightweight
compact network with less redundancy than ResNet50, due to which previous rele-
vant methods may achieve satisfactory performance on ResNet50 but fail (or even
do not conduct experiments) on MobileNetV2. In contrast, Domino can exhibit
strong performance on both MobileNetV2 and ResNet50, which shows the superi-

ority of Domino over previous well-established pruning methods.

5.4.3 Ablation Studies and Discussions

In this section, we further present rich and in-depth ablation studies to investigate
Domino and draw more insights to benefit future research, in which we leverage
MobileNetV2 as the default baseline network for all ablation studies.

Domino vs. Random Search. We first compare Domino with another strong
search baseline (i.e., random search), in which the non-linear building blocks are
randomly grafted with the linear counterparts. To this end, we generate 20 random
grafted networks to accommodate different latency constraints, which are then
trained using the same training recipe as Domino. Finally, the well-trained random

grafted networks are reparameterized into the simplified networks for further direct



118 5.4. Experiments

80

. ‘ ‘ ‘ : n 80 ‘ ‘ ‘ :
== w/ Last Non-Linear Activation (Default) w/o Last Non-Linear Activation

= 70F 1 S 70F 1
> >
(@] O
@ 60| © 60t ]
= 72.5 ‘ ‘ . = 72.5 ‘ .
[S] O
% 72.0 %
— 50F ' — 50F 72.01
g_. 71.5F g_.
71.5
= 71.0 =
40 40
70'514 1‘5 1‘6 1I7 18 71'?10 léO 1530
6 8 10 12 14 16 18 60 80 100 120
Measured Latency (ms) Measured Latency (ms)

FIGURE 5.16: Ablation of last non-linear activation layer (i.e., ReLU6) using
Domino-Xavier on Xavier (left) and Domino-Nano on Nano (right).

deployment on Xavier and Nano. As illustrated in Figure 5.14, Domino consistently

achieves better accuracy-efficiency trade-offs than random search.

Ablation of Knowledge Distillation. As discussed in Section 5.3.6, other com-
pression techniques (i.e., quantization and knowledge distillation) are complemen-
tary to Domino and can be seamlessly integrated into Domino to further enable
better accuracy-efficiency trade-offs. To this end, we take knowledge distillation
[34] as an example. The experimental results are shown in Figure 5.13, where we
observe that Domino with knowledge distillation exhibits +0.49%~+0.77% higher
accuracy on ImageNet without degrading the efficiency on both Xavier and Nano.
Unless explicitly stated otherwise, we do not integrate knowledge distillation into

Domino to ensure fair comparisons with previous relevant methods.

Train-First vs. Reparameterize-First. As shown in Figure 5.1 (bottom), we
first train the grafted network, which is then reparameterized to derive the simpli-
fied network. Apart from this, another training option is to first reparameterize
the grafted network to derive the simplified network and then train the simplified
network instead. In practice, both training options end up with the same simplified
network structure that exhibits the same on-device efficiency. The latter, however,
may suffer from severe accuracy loss on ImageNet as shown in Figure 5.15, which
reveals that (1) the network redundancy benefits and stabilizes the training pro-
cess to unlock better accuracy and (2) directly training the simplified network may

collapse at the early training stage as shown in Figure 5.15’s zoom-in figures.
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FIGURE 5.17: Domino vs. Domino-Pro on Xavier (left) and Nano (right).

Ablation of Last Non-Linear Activation Layer. As shown in Figure 5.1
(bottom), we graft intermediate non-linear activation layers and leave the last one
ungrafted. The reason is that non-linear activation layers are computationally
cheap as shown in Table 5.1. As such, inserting one non-linear activation layer at
the end of each grafted linear building block only introduces negligible computa-
tional cost since multiple consecutive linear layers in the grafted linear building
block can still be reparameterized into one single convolutional layer, but delivers

strong accuracy improvement as illustrated in Figure 5.16.

Domino vs. Domino-Pro. As discussed in Section 5.3.5, we can enhance the
grafted network to temporarily increase the network redundancy during the train-
ing process, after which the enhanced grafted network can be reparameterized back
into the same simplified network structure (see Figure 5.9) and thus exhibits the
same on-device efficiency. We note Domino with such enhancements as Domino-
Pro, which opens up new possibilities to further boost the attainable accuracy.
As illustrated in Figure 5.17, Domino-Pro consistently exhibits better accuracy on
ImageNet than Domino while strictly maintaining the same inference efficiency on
both Xavier and Nano, which again demonstrates that the network redundancy

may benefit the training process to boost the attainable accuracy.
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5.5 Conclusion

In this chapter, we introduce a novel pruning-free compression technique dubbed
Domino, which strives to simplify deep convolutional networks without pruning
any channels or layers. In contrast to previous state-of-the-art pruning methods,
Domino, as the first of its kind, revisits the trade-off dilemma between accuracy
and efficiency from a fresh perspective of linearity and non-linearity. Extensive
experiments on ImageNet with two popular NVIDIA Jetson embedded platforms
and two representative deep convolutional networks demonstrate the superiority of

Domino over previous state-of-the-art pruning approaches.
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Conclusion and Future Work

6.1 Conclusion

Convolutional neural networks (CNNs), thanks to their strong learning capabil-
ity, have empowered a myriad of intelligent embedded scenarios, such as on-device
object recognition, detection, and tracking. In the past decade, ” deeper + wider
= better” has been widely deemed as the rule of thumb to manually design net-
works with competitive accuracy. This rule, despite its efficacy, necessitates a huge
amount of engineering effort from human experts, which also leads to an exponen-
tial growth in the number of operations (a.k.a., FLOPs) and parameters as the
network evolves deeper and wider. The evolving network complexity further en-
larges the computational gap between computation-intensive CNNs and resource-
constrained embedded platforms, making it challenging to deploy powerful CNNs

on less capable embedded platforms towards embedded intelligence.

In this thesis, we focus on alleviating the above computational gap using hardware-
aware neural architecture search (NAS) and compression, in which we strive to
establish hardware-friendly network solutions to accommodate the limited available
computational resources in real-world embedded scenarios. Finally, we summarize

the main contributions of this thesis as follows:

e In Chapter 3, we introduce SurgeNAS for efficient architecture search. Specif-

ically, SurgeNAS turns back to one-level optimization for accurate and con-

sistent gradient estimation, in which an effective identity mapping scheme is
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integrated to avoid the search collapse. Besides, we introduce an efficient or-
dered differentiable sampling approach, which can decrease the optimization
complexity to the single-path level while at the same time strictly satisfying
the search fairness. Furthermore, to enable hardware-aware search, an effi-
cient graph neural networks (GNNs) based latency predictor is plugged into
the search process to avoid tedious on-device latency measurements. Finally,
we introduce the paradigm of Comfort Zone, which allows us to scale up the
searched architecture candidates for further accuracy improvement without

degrading the inference efficiency on target hardware.

In Chapter 4, we introduce LightNAS for flexible architecture search. The

main motivation behind LightNAS is that previous relevant NAS methods, in-
cluding SurgeNAS, have to perform manual hyper-parameter tuning through
trial and error in order to navigate the required architecture candidate around
the specified latency constraint, which empirically involves 10 trial-and-errors
and thus significantly increases the total search cost by 10 times. In contrast,
LightNAS only requires one single search for any specified latency constraint
(i.e., you only search once), which thus exhibits significant search efficiency
and flexibility. Furthermore, we also introduce an efficient and reliable proxy,
namely batchwise training estimation (BTE), which can be seamlessly inte-
grated into LightNAS to enable channel-level explorations at low computa-
tional cost. This further pushes forward the attainable accuracy on target

task without degrading the efficiency on target hardware.

In Chapter 5, we introduce Domino for efficient network compression, which

strives to revisit the accuracy-efficiency trade-off from a fresh perspective of
linearity and non-linearity. Specifically, Domino features two efficient pre-
dictors, including one vanilla latency predictor and one meta-accuracy pre-
dictor, to explore less important non-linear building blocks, which are then
grafted with their linear counterparts. The resulting grafted network is fur-
ther trained on target task to achieve superior accuracy. Finally, the well-
trained grafted network is reparameterized to derive the simplified network,
in which the grafted linear building block that consists of multiple consecu-
tive linear layers, including multiple convolutional, batch normalization (BN),
and grafted linear activation layers, is reparameterized into one single con-
volutional layer to aggressively boost the efficiency on target hardware, and

more importantly, without sacrificing the accuracy on target task.
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6.2 Future Work

In the future, we will continue to shrink the computational gap to design more
efficient network solutions for resource-constrained embedded platforms. Below we
discuss several promising future directions that may further deliver better accuracy-

efficiency trade-offs towards boosted embedded intelligence.

6.2.1 General Search Space

The tremendous success of NAS highly relies on the well-engineered search spaces,
such as the cell-based search space [3, 44] and the block-based search space [5, 9, 13].
The well-engineered search space here is coarse-grained and also a smaller subset
of general fine-grained search spaces. These well-engineered search spaces, de-
spite being able to facilitate the search process and improve the search efficiency,
significantly limit the search performance, which may exclude more competitive
architecture candidates that fall outside the well-engineered search spaces. In light
of this, delving deeper into general fine-grained search spaces has the potential
to provide better architecture candidates with enhanced accuracy-efficiency trade-
offs. However, this may pose significant challenges since general fine-grained search
spaces are much larger than current popular coarse-grained search spaces, which
may require new search algorithms for efficient and effective exploration over gen-
eral fine-grained search spaces. To overcome such limitations, we, in the future,
will explore more general and more fine-grained search spaces, such as layer-wise

or even channel-wise search spaces, to unleash the promise of NAS.

6.2.2 Dynamic Architecture Search

Previous NAS methods [5, 9, 13] focus on searching for static architecture can-
didates that can only run at fixed computational budgets, which cannot adapt to
lower or higher computational budgets. However, the available computational bud-
gets in real-world embedded scenarios are often subject to variations. For example,
in some cases, mobile phones may be in low-power or power-saving modes to reduce
the power consumption. Therefore, one promising future direction in the field of

NAS is to search for efficient dynamic architecture candidates, which can instantly



124 6.2. Future Work

trade off between accuracy and efficiency to accommodate the rapidly-changing

computational budgets in real-world embedded scenarios.

6.2.3 Fully Automated Architecture Search

Previous NAS methods either focus on searching for the optimal architecture can-
didate [44], the optimal data augmentation [184], the optimal activation function
[185], or the optimal training recipe [186, 187]. As shown in [186, 187], differ-
ent architecture candidates may prefer different training recipes, in which jointly
searching for the optimal architecture candidate and its tailored training recipe
has the potential to push forward the attainable accuracy. This observation can be
easily generalized. For example, different architecture candidates may prefer dif-
ferent data augmentations. As such, one promising future direction in the field of
NAS is fully automated search, which jointly searches for the optimal architecture
candidate and its tailored data augmentation, activation function, and training

recipe in one single search to maximize the attainable accuracy.

6.2.4 Hybrid Architecture Search

Vision transformer [161] and its variants have recently emerged as powerful alter-
natives to deal with vision tasks, which have shown strong accuracy across various
vision tasks, such as image classification, object detection, and semantic segmen-
tation [40]. However, vision transformers, despite being able to exhibit strong
accuracy, suffer from prohibitive computational complexity [40]. Therefore, one
promising future direction in the field of NAS is to search for top-performing hy-
brid architecture candidates that can marry the best of both convolutional networks

and vision transformers to achieve better accuracy-efficiency trade-offs.

6.2.5 Multi-Task Architecture Search

Previous NAS methods typically focus on searching for task-specific architecture
candidates that can exhibit competitive performance in specified tasks, such as im-
age classification [3], object detection [188], and semantic segmentation [137]. This

search paradigm, however, may significantly increase the total search cost when
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FIGURE 6.1: An intuitive overview of LLMs-enabled architecture search.

the number of tasks exponentially evolves since we have to design search strategies
for each task, respectively. In addition, the architecture candidate searched for one
task may not generalize to the other and vice versa [189]. As such, one promis-
ing future direction in the field of NAS is multi-task search, which automatically

explores top-performing architecture candidates across multiple tasks.

6.2.6 LLMs-Enabled Architecture Search

Large language models (LLMs), thanks to their strong learning capability, have
recently achieved impressive performance across various vision and language pro-
cessing tasks. In light of this, one promising future direction is to leverage powerful
LLMs to automatically explore the search space to navigate the optimal architec-
ture candidate around the specified performance constraint. As shown in Fig-
ure 6.1, we can first construct a set of architecture knowledge priors and then
feed these architecture knowledge priors into powerful LLMs (e.g., ChatGPT).
Finally, we can simply ask powerful LLMs what is the optimal architecture candi-
date around the specified performance constraint. The above LLMs-enabled search
paradigm may revolutionize current search techniques to innovate better architec-
ture candidates, and more importantly, has the potential to maintain strong search

efficiency since the search process can even be finished in seconds.






Appendix A

Proofs for Chapter 3

A.1 Proof of Identity Mapping

Recall that we introduce an effective identity mapping scheme to alleviate the fast
convergence in terms of the skip-connect operator. Below we investigate the pro-
posed identity mapping scheme from a theoretical perspective to show its efficacy.
Without loss of generality, we take the [-th searchable layer as an example. To be-
gin with, when the proposed identity mapping scheme is not integrated, the output

of the [-th searchable layer A;,; can be mathematically formulated as follows:

0]

exp(auk)
)C'H»l = 5 0] ’ Ok(‘)(l>
1 D w—1 exp(ae) (A.1)

_ Z |(§zxp(al,k) LOM(X) + |Oexp(ozz,s) L0,(X)
kts > w=1 exp(aiw) > -1 exp(ar)

where O, represents the skip-connect operator that identically transforms the input
to the output (i.e., O4(&;) = A&;). Besides, a; 5 denotes the architecture parameter
assigned to the skip-connect operator O;. As illustrated in Fig. 8 (see supplemen-
tary materials), the supernet over-selects the skip-connect operator O, which in
turn makes the convergence of the supernet heavily depend on «; ¢ [136], or in other
words, given an input A}, the output of the [-th searchable layer A}, depends more
on ag than {axk € [1,|O|] Ak # s}. Subsequently, we integrate the proposed
identity mapping scheme into SurgeNAS, and then re-formulate the output A} ;
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in Eq (A.1) as follows:
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where ¢ is the weight assigned to the identity mapping operator. In SurgeNAS, ¢ is
initialized as 2, which then linearly decays to zero at the end of the search process.

In particular, we compare Eq (A.1) and Eq (A.2), and we can easily observe that
exp(oy,s) exp(ay,s)
Sy explog ) 00 explag )
introducing the proposed identity mapping scheme. Therefore, in the first half of

the operator strength of O, changes from + ¢ after

the search phase, ¢ € [1,2] is obviously much larger than % € [0,1].
As such, the output of the [-th searchable layer &}, is more dependent on ¢ than
a;s. We note that the above analysis in terms of the [-th searchable layer is able
to generalize to the supernet since the supernet structure is layerwise, i.e., the
output of the I-th searchable layer is the input of the (I+ 1)-th searchable layer. To
summarize, integrated with the proposed identity mapping scheme, the supernet
becomes less dependent and less sensitive to oy 5, thereby effectively alleviating the
fast convergence of the skip-connect operator O; (see Fig. 9). More importantly, the
proposed identity mapping scheme does not introduce extra computation overheads
because the identity mapping operator is computation-free. Besides, the proposed

identity mapping scheme does not undermine the search fairness [22] since it is

equally imposed on every possible operator candidate as illustrated in Eq (A.2).
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