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ABSTRACT

As AT progresses, deep neural networks (DNNs) have become increasingly
complex and resource-intensive, challenging their deployment on both cloud
and edge systems. This dissertation addresses the critical challenges in neural
architecture design by exploring various efficient search and optimization
methods. It aims to deepen our understanding of the factors influencing DNN
quality and develop automated processes to create optimized architectures
for various applications, especially in resource-constrained settings.
Structured into five chapters, this dissertation aims to address three central

inquiries:

e Efficient exploration within a defined design space: How do we
navigate a predefined design space to not only explore efficiently but

also identify and forge superior architectural designs?

e Innovation beyond conventional boundaries: Machine-led design,
guided by predefined algorithms and data, often lacks the creative nov-
elty of researchers who utilize abstract thinking and diverse experi-
ences. How can we not only break traditional confines but also refine

and elevate innovative designs using automation?

e Harmonizing hardware efficiency with quality: How do we strike
a balance between the efficiency demands of the target hardware and

the quality requirements of the model?

Our journey starts with EDD, where we introduce a hardware-aware dif-
ferentiable neural architecture search. This novel method employs a differen-
tiable formulation that integrates both model and hardware variables into a
single search space, allowing for the improvement of efficiency. The key inno-
vations include enhanced predictions on massive classification datasets and

better efficiency in energy and computation speed on the target hardware,
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leading to significant advancements in the quality of neural architectures
searched.

However, we notice that the latency of neural networks is easier to predict
for well-defined search spaces compared to the quality of neural architec-
tures. Also, search spaces are not always representable in a continuous form,
such as varying downsampling rates across different convolutional layers in
a CNN, which introduces discrete decision points. To address this challenge,
we introduce GenNAS, a search algorithm that utilizes synthetic regression-
based few-shot learning tasks to obtain estimated scores of networks that are
highly correlated with their quality on large datasets.

Furthermore, we observe that although GenNAS effectively navigates dis-
crete search spaces and predicts accurately, evaluating each network individ-
ually remains time-consuming. We propose Eproxy, a sophisticated proxy-
based approach that leverages self-supervised learning and few-shot tech-
niques. By creating a more challenging synthetic proxy task, Eproxy enables
faster evaluation and drastically reduces computational expenses. Moreover,
we introduce a task search space that allows Eproxy to adapt to unconven-
tional search spaces across various tasks.

Although the proposed NAS algorithms can perform accurate predictions
within enormous search spaces, these spaces usually consist of conventional
components, such as standard convolutional layers, which limit the potential
for innovative breakthroughs. Based on our observations that current models
fail to efficiently handle long-range dependencies, we have designed a novel
architectural component called Structured Global Convolution (SGConv).
This component employs a multi-scale sub-kernel strategy, which significantly
enhances the capture of long-range dependencies. We further explore the
search space of the sparsity of SGConv and a mixed architecture with both
SGConv and the attention as the components.

By understanding the benefit of collaboration between human innovation
and machine automation, we use the paradigms to explore the design of large
language models (LLMs) using automation. Noticing that LLMs are pri-
marily memory-bound due to the sequential nature of autoregressive decod-
ing—where each token generated requires transferring large model parame-
ters from memory, resulting in inefficient use of computational resources—we
introduce Medusa. Medusa optimizes decoding efficiency by employing an

adaptor that integrates additional decoding heads capable of predicting mul-
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tiple subsequent tokens simultaneously, significantly enhancing throughput.
We develop an automated framework that delivers the adapter from training
to deployment. We further explore the search space such as the sparsity of
the tree and the number of decoding heads. Moreover, we propose a simple
hardware-aware profiling strategy for Medusa to predict its performance on
the target devices with the consideration of batch sizes, sequence lengths,
and sizes of LLMs.

In conclusion, this dissertation addresses neural architecture design chal-
lenges through innovative optimization and automation methods, advancing
Al. By exploring differentiable searches, synthetic evaluations, and innova-
tions like SGConv and the Medusa framework, it enriches our understanding
of neural network efficiency and sets innovative standards for Al applications.
Each chapter contributes to deep learning design, enhancing applications

from the mobile to the cloud and promoting sustainable Al evolution.
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CHAPTER 1

INTRODUCTION

The rapid growth of deep learning has led to the development of various
neural architectures, which have demonstrated remarkable success in a wide
range of applications, including computer vision [I}, 2, 3, 4], natural language
processing [5l 6], [7, 8], speech recognition [9, 10], and time-series forecast-
ing [I1, 12]. However, designing these architectures is often a laborious and
time-consuming process, heavily reliant on the expertise and intuition of
engineers and researchers. As deep learning applications keep growing in
complexity and diversity, the need for design optimization and automation
becomes increasingly critical. Furthermore, it is essential to explore new ar-
chitecture designs that can efficiently adapt to the ever-evolving landscape
of Al applications, particularly in resource-constrained environments and the
emerging era of foundation models.

The field of neural architecture design has witnessed significant advance-
ments in recent years, with the introduction of novel architectures such as
Transformers [5], which have revolutionized natural language processing and
have been adapted for various tasks, including computer vision [3] and time-
series forecasting [I1]. Other notable developments include the emergence
of efficient Transformer variants, such as Linear Transformers [13], which
aim to reduce the computational complexity while maintaining competitive
quality. Moreover, task-specific architectures have been proposed to address
the unique challenges of different domains, such as Graph Neural Networks
(GNNs) [14] 15, [16] for graph data processing. Despite these advancements,
the design of neural architectures remains a complex and resource-intensive
process. Neural Architecture Search (NAS) [1I7, [I8, 19] has emerged as a
promising approach to automate the design process, potentially discovering
innovative architectures that outperform human-designed counterparts and
adapt to various tasks and performance constraints. However, NAS still

faces several challenges, including the high computational cost of searching



for optimal architectures, the reliance on task-specific labels, and the need
for effective proxies to evaluate candidate architectures. Furthermore, there
is a growing need to explore and develop novel, out-of-the-box neural archi-
tectures that exhibit strong empirical performance across various tasks and
provide new insights into the design principles and characteristics that con-
tribute to their effectiveness. By addressing these challenges and expanding
the horizons of neural architecture design, we can unlock the full potential
of deep learning applications and push the boundaries of Al capabilities.

This dissertation aims to tackle these challenges by exploring automation
and optimization techniques for neural architecture design, contributing to
a deeper understanding of the factors that influence the quality of neural
architectures. By investigating novel approaches to network search, devel-
oping efficient proxy tasks for NAS, discovering novel architectures based on
interesting insights, and automatically optimizing the designed architectures,
we enhance the practical applicability of neural architecture design and pro-
mote the development of innovative, high-quality neural networks for various
applications.

Ultimately, the insights gained from this research will contribute to the
growing knowledge in deep learning and advance the state-of-the-art in neural
architecture design. By providing a deeper understanding of the factors that
influence the performance of neural architectures and developing practical
tools and techniques for automation and optimization, this dissertation aims
to facilitate the development of innovative, high-performance neural networks

that can adapt to the diverse challenges of real-world applications.

1.1 Motivation

1.1.1 Scaled-Up Model Size

One of the most prominent trends in Al is the increasing size of neural net-
works, which has led to significant improvements in quality across various
tasks. In natural language processing (NLP), the progression from BERT [7]
(110M/340M parameters) to state-of-the-art models like Llama [20] (ranging
from 7B to 70B) has showcased the benefits of scaling up model size. Simi-

larly, in computer vision (CV), the evolution from AlexNet [1] (60M param-



eters and trained on 1.3M data) to foundation models like ViT [3] (ranging
from 86M to 632M parameters and trained on >300M data) has demon-
strated the power of larger architectures. However, the growth in model
size has also brought forth challenges in terms of computational resources,
memory requirements, and energy consumption. The exploration and devel-
opment of these large-scale models have become increasingly time-consuming,
often requiring months of training on high-performance computing clusters.
This has necessitated the development of efficient neural architecture design
techniques that can optimize the quality-to-cost ratio and accelerate the dis-

covery of powerful architectures.

1.1.2  Challenges in Neural Architecture Search

Neural Architecture Search (NAS) has emerged as a promising approach to
automate the design of neural networks, but it faces several difficulties. One
major challenge is the ability to predict the quality of scaled-up architectures
based on their smaller counterparts. The relationship between architecture
size and performance is often complex and non-linear, making it challenging
to identify optimal configurations without extensive experimentation. Addi-
tionally, the search process itself can be extremely time-consuming, requiring
significant computational resources to explore the vast design space. For in-
stance, the seminal work on NAS, NASNet [17] consumed more than 2000
GPU hours to discover a high-quality DNN, which is prohibitively expensive

for many researchers and practitioners.

1.1.3 Architectures for Diverse Tasks and Modalities

As Al expands its reach to diverse tasks and modalities, there is a growing
need for specialized architectures that can effectively handle the unique char-
acteristics of each domain. Graph Neural Networks (GNNs) [I4] 15, 16] have
been developed to process graph-structured data, while architectures like the
Linear Transformer [13], 21, 22] have been proposed to efficiently handle long
sequences in NLP tasks. Hybrid architectures [23], such as those combining
convolutional and recurrent layers [24], have shown promise in tasks involving

both spatial and temporal dependencies. Moreover, techniques like mixture-



of-experts [25], 26] have been introduced to further enhance the adaptability
and generalization capabilities of neural networks. This increasing diver-
sity of architectures highlights the complexity of modern neural architecture
design and the need for systematic approaches to navigate this landscape.
The challenges posed by the scaling up of model sizes, the difficulties in
neural architecture search, and the need for architectures tailored to diverse
tasks and modalities underscore the importance of developing efficient and
effective neural architecture design methodologies. This dissertation aims
to address these challenges by exploring techniques for hardware-aware opti-
mization, efficient neural architecture search, and the design of innovative ar-
chitectures that push the boundaries of performance and adaptability across

various domains.

1.2 Contribution

The dissertation unfolds across five primary chapters, each delving into dis-
tinct perspectives of neural architecture designs guided by three central in-

quiries:

e How can we efficiently navigate the vast landscape of architectural pos-
sibilities to uncover designs that excel in performance? This question
seeks to develop strategies for intelligently exploring the design space,
leveraging techniques such as differentiable NAS and hardware-aware
optimization to identify high-performing configurations while minimiz-
ing computational overhead. (Covered by Chapters , ,

e How can we leverage human ingenuity and insights to break free from
conventional design paradigms and push the boundaries of creativity in
neural architecture design? Moreover, how can we harness the power of
automation to refine and elevate these innovative designs further? This
inquiry motivates us to explore the interplay between human creativity
and machine optimization. (Covered by Chapters , @

e How can we achieve an optimal balance between the efficiency require-
ments imposed by the target hardware and the performance demands

of the model? While predicting and benchmarking the scaled latency
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Figure 1.1: An overview of the dissertation, showcasing the exploration of
efficient neural architecture designs and their applications across various
domains. The figure illustrates the relation of each chapter. The proposed
optimization and automation methods are applied to diverse domains,
including computer vision, natural language processing, and speech
recognition, demonstrating their versatility and potential for transforming
AT model design and deployment on both edge and cloud platforms. The
dissertation aims to address key challenges in neural architecture design,
such as navigating the vast design space, pushing the boundaries of
creativity, and balancing efficiency and performance, ultimately
contributing to the advancement of Al capabilities across multiple fields.



of a model on specific hardware is relatively straightforward, estimat-
ing the accuracy of a neural architecture is a more complex task. This
discrepancy arises due to the intricate interplay between the model’s
architecture, the dataset, and the training process, which makes it dif-
ficult to reliably predict the final accuracy without actually training
and evaluating the model. (Chapters [2] 6] discuss the HW/SW co-
design and Chapters [3] [}, [5| focus more on modeling accuracy of neural

architectures.)

Through the development of practical tools, techniques, and insights, this
dissertation seeks to deepen our understanding of the complex factors that
shape the performance and efficiency of neural architectures, ultimately ad-
vancing the state-of-the-art in neural architecture design and paving the
way for the creation of innovative, high-performance models that can readily
adapt to the multifaceted challenges of real-world applications. The diagram
shown in Figure illustrates the applications of algorithms proposed in

each chapter. The contributions for each main chapter are listed as follows:

e Chapter [2| introduces the Efficient Differentiable DNN (EDD) Search,
which efficiently navigates the vast landscape of architectural possi-
bilities by enabling simultaneous optimization of Al algorithms and
hardware implementations. This novel approach fuses DNN search
variables and hardware implementation variables into a single solution
space, demonstrating a significant reduction in search time and in-
creased adaptability to various hardware devices while minimizing com-
putational overhead. By leveraging differentiable NAS and hardware-
aware optimization techniques, EDD identifies high-performing config-
urations that excel in both accuracy and efficiency. In the experiments,
EDD demonstrates its effectiveness by searching for three representa-
tive DNNs targeting low-latency GPU implementation and FPGA im-
plementations with both recursive and pipelined architectures. Each
model produced by EDD achieves similar accuracy as the best existing
DNN models searched by state-of-the-art NAS methods on ImageNet
but with superior accuracy obtained within a 12 GPU-hour search.
The GPU-targeted DNN is 1.40x faster than the state-of-the-art Prox-
yless solution, and the FPGA-targeted DNN delivers 1.45x higher
throughput than the state-of-the-art DNNBuilder solution, showcas-
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ing EDD’s ability to efficiently explore the design space and uncover

high-performing architectures.

In Chapter [3] we acknowledge the limitations of differentiable search
methods when dealing with complex, non-differentiable search spaces.
Moreover, predicting the neural architecture’s accuracy is more chal-
lenging than benchmarking their hardware latency. To address this
challenge, we introduce Generic Neural Architecture Search (GenNAS),
a novel approach designed to efficiently explore and navigate these in-
tricate search spaces that cannot be easily represented in a differen-
tiable manner. GenNAS is a generic NAS framework that eliminates
the reliance on task-specific labels for architecture evaluation. GenNAS
adopts a unique approach by utilizing regression on a set of manually
designed synthetic signal bases, which enables it to explore a more di-
verse range of search spaces that may not be easily represented in a
differentiable manner. This transition from a differentiable to a dis-
crete search strategy allows GenNAS to be more adaptable to various
search spaces and tasks in both CV and NLP tasks. The synthetic sig-
nal bases serve as task-agnostic performance predictors, enabling Gen-
NAS to swiftly identify promising architectures without the need for
costly task-specific evaluations. Moreover, the discrete search strat-
egy employed by GenNAS allows it to effectively navigate complex
and non-differentiable search spaces, making it a versatile and efficient
NAS framework. Through extensive experiments across a wide range of
search spaces and tasks, GenNAS consistently achieves state-of-the-art
performance while significantly reducing the computational overhead
associated with traditional NAS methods.

Although GenNAS is accurate in prediction, running it across vast
search space is still time-consuming. Chapter [4 introduces Eproxy,
a zero-cost (a neural architecture can be evaluated within seconds)
proxy-based approach that significantly enhances the efficiency of neu-
ral architecture search by leveraging self-supervised learning and few-
shot techniques. Proxy-based methods aim to reflect the model’s true
accuracy by utilizing a task requiring significantly less computation.
Eproxy addresses the limitations of existing efficient proxies, which of-

ten struggle to adapt to various search spaces and tasks, by incorporat-
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ing a barrier layer with randomly initialized frozen convolution param-
eters. This innovative feature adds non-linearities to the optimization
spaces, enabling Eproxy to effectively discriminate architecture per-
formance. To further optimize Eproxy’s training settings, the chapter
proposes the Discrete Proxy Search (DPS) method, which efficiently
calibrates the predicted accuracy of Eproxy on a vast search space of
over 5 x 10'® configurations using only a handful of benchmarked ar-
chitectures on the target tasks. Eproxy can search over search spaces
in the wild and its task-agnostic nature across various computer vision
tasks. On the NAS-Bench-201 search space that consists of multiple
tasks, Eproxy with DPS achieves comparable performance to the early
stopping method while being 146 times faster in search cost. Moreover,
Eproxy with DPS delivers strong results on the DARTS search space,
achieving a Spearman p of 0.85 when transferred from CIFAR-10 to

ImageNet, showcasing its transferability and task-agnostic nature.

NAS excels at exploring vast search spaces to identify optimal archi-
tectures. However, most of the search spaces comprise pre-existing
components such as convolutional and pooling layers, limiting NAS’s
ability to discover truly novel components. A crucial challenge lies in
effectively integrating the innovative architectures we design with the
power of search algorithms. In Chapter [5], we first identify two critical
principles that contribute to the effective initialization of long convo-
lutional models - efficient parameterization and decaying structure -
we propose a simple yet powerful architectural design that breaks free
from the confines of traditional local convolutions. This innovative
approach showcases how human insights and observations can lead to
novel architectural designs that excel in capturing long-range depen-
dencies. We explore the component termed Structured Global Con-
volution (SGConv) across various domains, including computer vision,
natural language processing, and speech recognition. Furthermore, we
demonstrate how we can exploit the sparsity of the SGConv kernel to
perform the automatic pruning after training. We also demonstrate
that SGConv can be integrated with attention mechanisms to form a
novel mixed architecture by searching. SGConv exemplifies the power

of harnessing human creativity and machine optimization to push the



boundaries of architectural innovation, encouraging a bold step beyond
conventional design paradigms. By combining our unique insights with
the efficiency of automated search methods, we can refine and elevate
these innovative designs, unlocking new possibilities in neural architec-

ture search and optimization.

We recognize the immense potential of leveraging automation to assist
in developing new designs driven by human observations, particularly
in the challenging era of large language models (LLMs). Chapter [6] ad-
dresses the critical need to design architectures that deliver high perfor-
mance while operating within the constraints of various hardware plat-
forms, aligning with the inquiry of balancing efficiency requirements
and performance demands. We introduce Medusa, a generic adaptor
for LLMs that tackles the memory-bound nature of LLMs through an
automated framework for training and deploying adaptors in the de-
coding processes. By augmenting LLM inference with extra decoding
heads to predict multiple subsequent tokens in parallel and utilizing a
tree-based attention mechanism, Medusa constructs and verifies multi-
ple candidate continuations simultaneously in each decoding step. This
innovative approach not only breaks free from the conventional single-
token prediction paradigm but also leverages automation to refine and
elevate architectural design. Medusa’s effectiveness is demonstrated
through extensive experiments on models of various sizes and training
procedures, including Vicuna-7B, 13B, 33B, and Zephyr-7B. The re-
sults show that Medusa can achieve a speedup of 2.3 to 2.8 times across
different prompt types without compromising the quality of genera-
tion. Moreover, Medusa proposes several optimization strategies that
enhance its performance and adaptability, such as the self-distillation
approach, which enables Medusa to handle situations where no public
data is available. By exploring the search space of the sparsity of the
tree attention and the number of decoding heads, Medusa strikes a per-
fect balance between computational efficiency and generation quality.
We also introduce a hardware study of Medusa and propose an analyti-
cal model to predict the performance of Medusa on target devices with
varying batch sizes, sequence lengths, and model sizes. The hardware

study underscores Medusa’s impact by showing how it improves com-



pute resource utilization, enhancing both model runtime and hardware
efficiency. By harnessing unique insights and leveraging automation,
Medusa represents a pioneering approach to tackle the memory-bound
nature of LLMs and paves the way for efficient and adaptable LLM

inference across diverse hardware platforms.
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CHAPTER 2

EFFICIENT DIFFERENTIABLE DNN:
CO-SEARCHING ARCHITECTURE AND
IMPLEMENTATION FOR EMBEDDED Al

SOLUTIONS

High-quality Al solutions necessitate the efficient joint optimization of Al
algorithms and their hardware implementations. However, navigating the
vast landscape of architectural possibilities while considering hardware con-
straints poses significant challenges. In this chapter, we present the first fully
simultaneous, Efficient Differentiable DNN architecture and implementation
co-search (EDD) methodology. We formulate the co-search problem by in-
tegrating DNN search variables and hardware implementation variables and
minimize both accuracy loss and hardware performance loss. The formu-
lation is differentiable considering DNN and implementation variables and
applies to various devices with different objectives. We demonstrate the ef-
fectiveness of our EDD methodology by searching for three representative
DNNs, targeting low-latency GPU implementation and FPGA implemen-
tations with both recursive and pipelined architectures. Each model pro-
duced by EDD achieves similar accuracy to the best existing DNN models
on ImageNet but with superior performance obtained within 12 GPU-hour
searches. Our DNN targeting GPU is 1.40x faster than the state-of-the-art
solution reported in ProxylessNAS [27], and our DNN targeting FPGA de-
livers 1.45x higher throughput than the state-of-the-art solution reported
in DNNBuilder [28]. EDD approaches efficient and automatic search for
hardware-friendly DNN design and implementation simultaneously, with an
elegant and differentiable mathematical formulation. This chapter provides a
comprehensive understanding of the EDD methodology and its implications

for the future of efficient and adaptable Al solutions.
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2.1 Introduction

AT algorithms have gained ever-increasing research interests and enabled su-
perhuman solution quality in many domains. Remarkable achievements have
been demonstrated for machine learning (ML) algorithm development, espe-
cially for deep neural networks (DNNs). A recent approach, neural archi-
tecture search (NAS) [29, B0, BI] has been widely successful in automat-
ically developing DNNs that outperform human-crafted designs. On the
other hand, the optimization techniques for high-performance implementa-
tions of AI algorithms on hardware are also being intensively studied. Such
implementation techniques include kernel and DNN optimizations on GPUs
and TPUs and accelerator designs on customizable hardware such as FPGAs
and AT chips [28] 32 B3]. On top of the achievements, to further improve
AT solution quality, Al algorithm designers and hardware developers begin
to explore joint optimization opportunities. For example, hardware-aware
NAS has been attracting more attention [27, 34 [35, [36] 37, 38]. Meanwhile,
FPGA-oriented hardware/software co-design approaches [39 33] focus on
FPGA implementation characteristics and studied their influences on DNN
design.

Despite many of the achievements of hardware-aware NAS and hardware/
software co-design, there is still a large optimization opportunity missing:
the hardware implementation must be simultaneously searched during NAS.
For general-purpose computing devices such as GPUs and TPUs, implemen-
tation search means optimizing DNN implementations, for example, kernel
fusion and memory access optimization. For reconfigurable devices such as
FPGAs, implementation search means optimizing a customized DNN accel-
erator. Hardware implementation search not only provides more accurate
performance data rather than estimated values, but more importantly, it
provides instant guidance to DNN design during NAS. Currently, all exist-
ing works are missing the large design space of implementation search in
their design flows, using estimated hardware performance from a fixed im-
plementation [27, 34, 35, 36, 37, B8]. An initial discussion of the potential
of simultaneous neural architecture and implementation co-search is carried
out in [40], called NAIS, but the proposal stayed at conceptual level and no
detailed methodology was provided. Inspired by [40], in this work, we pro-

pose a fully simultaneous DNN and implementation co-search methodology.
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We summarize our contributions as follows:

e This is the first work that proposes a mathematical formulation to
solve the simultaneous DNN architecture and hardware implementa-
tion co-search problem. The co-search formulation covers the variables
for DNN architecture and hardware implementation, forming a fused
solution space; the objective is to minimize the DNN accuracy loss and
implementation performance loss simultaneously, which is differentiable

with respect to both DNN and implementation variables.

e The formulation is unified and comprehensive. It is applicable on var-
ious hardware platforms such as GPUs, FPGAs, and dedicated accel-
erators; it can target various performance objectives such as latency,
throughput, or energy; it also formulates resource usage considering

resource sharing.

e Based on the formulation, we create an efficient differentiable DNN
and implementation co-search methodology (EDD). To the best of our
knowledge, this is the first work that applies fully simultaneous co-
search for both high accuracy DNN and high performance implemen-

tation.

e We demonstrate our EDD methodology targeting three architectures:
GPU, recursive FPGA accelerator, and pipelined FPGA accelerator.
Each model achieves similar accuracy as the best existing DNNs on
ImageNet but superior performance: our GPU-targeted DNN is 1.40x
faster than the state-of-the-art Proxyless solution [27], and our FPGA-
targeted DNN delivers 1.45x higher throughput than the state-of-the-
art DNNBuilder solution [2§].

2.2  Related Works

While NAS has been largely successful in delivering high accuracy DNN mod-
els, hardware-aware NAS, which more focuses on DNN hardware efficiency,
has become important [27], [34], 35] [36] 37, 38]. Some works incorporate hard-
ware latency into the objective of NAS, such as [27], [35, 86 [37], some treat
latency as a hard constraint such as [34]. For search algorithm, [27] and [306]
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Figure 2.1: Our proposed differentiable DNN and implementation co-design
(EDD) space.

use differentiable NAS approaches, where [27] uses binarized parameters to
choose between different DNN branches, and [36] uses Gumbel-Softmax to
convert discrete space to continuous space. The work [38] and [41] proposed
mixed data precision for inference energy reduction.

On the other hand, various FPGA-based accelerators have been proposed
for DNNs [42]. On top of that, FPGA-oriented hardware/software co-design
approaches [39 B3] have been proposed, which focus on FPGA implementa-
tion characteristics and study their influences on DNN design. Specifically,
[39] proposed a reinforcement learning based architecture search with FPGA
implementation performance integrated into the reward function. Reference
[33] proposed a bundle-based co-design methodology, where a bundle is the
basic building block for both FPGA accelerator and DNN model. However,
none of the previous works apply fully simultaneous DNN architecture and

implementation co-search.

2.3 EDD problem formulation

The simultaneous DNN and implementation co-search problem fuses the de-
sign space of DNN architecture search and hardware implementation search,
as shown in Figure We collectively denote the variables used in DNN
search and implementation search as A and I, respectively, and the fused
space of co-search is {A,I}. The objective of DNN search is to minimize
accuracy loss, denoted as Accyss. For implementation search, we define per-

formance loss, denoted as Per fj,ss, which users, such as end-to-end inference
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latency, throughput, energy, DNN model complexity, etc can define. We
denote the resource utilization during co-search as RFE.S, and the resource
upper-bound as RES,;. The DNN and implementation co-search problem is
to minimize accuracy loss Acc,ss and performance loss Per f,s, simultane-

ously by searching {A, I'}:
min : L = AcCoss(A, I) - Per fioss(1) + 0 - CRESU)=RESu, (2.1)

In Eq. 2.1, Accjoss is a function of A and I; Per fi,ss and RES are functions
of I. Resource upper-bound RES,;, is expressed in an exponent term to
introduce large penalty when being violated. Worth noting, in the existing
hardware-aware NAS approaches, only A is searched while [ is fized during
NAS. In our proposed co-search formulation, I is variable, and A and [ are
fused as one design space {A,1}.

Among all NAS approaches searching for A, differentiable NAS, such as
DARTS [18] and FBNet[36], has been proven to be GPU-hours efficient with
appealing model accuracy. Motivated by differentiable NAS, in this work,
we propose a unified differentiable formulation for both {A, I'}: in Eq. ,
Accypss 18 differentiable with respect to A and I, and Per fi,ss and RES(I) are
differentiable with respect to I. In this way, by descending L on validation
set as \/ (4,1} Lvat, {A, I} will be updated simultaneously.

Figure[2.1]shows our proposed overall differentiable design space. The blue
blocks represent the DNN search space, while the red blocks represent the
hardware implementation search space. The two spaces are merged into one
as shown in Figure 2.2l We first introduce DNN search space in [2.3.1], and

then introduce the merged design space with implementation in [2.3.2]

2.3.1 NAS Design Space

The differentiable NAS space is shown as the blue blocks in Figure[2.1l First,
the DNN is composed of N basic building blocks, block;, where 1 < i < N.
In this work, in order to design hardware-friendly DNNs and to reduce search
time, we adopt the single-path DNN structure without branches [35].

Inside the i-th block, there are M candidate operations, denoted as op}"
(1 < m < M). We adopt the most commonly used DNN blocks in NAS

approaches, called MBConv [34]. It is composed of sequential layers of conv-
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1 x 1, dwconv-k x k and conv-1 x 1, where k is the kernel size. Between
conv-1 x 1 and dwconv-k x k, the number of channels expands/shrinks by a
ratio of ch]" for operation op}".

The output of each block is calculated based on the outputs of its M
candidate operations; for example in [I8], the output is the weighted sum of
the M operations. In this work, we adopt the Gumbel-Softmax function in
[36], where each operation op!, will be sampled from a sampling parameter
0; m following Gumbel-Softmax distribution, which converts the discrete non-
differentiable sampling to continuous differentiable sampling. The sampling
parameters 0, ,,, organize a two-dimension N x M array, denoted as ©, which
is the primary DNN search variable © € A.

2.3.2 Implementation Formulation

As shown in the red block in Figure each candidate operation op"* has its
own implementation variables, forming an implementation search space I;".
The primary implementation variable is quantization g, i.e., data precision,
since it has a large impact on DNN accuracy, implementation performance,
and hardware resource. Rather than a train-and-quantize manner, the quan-
tization shall be searched together with DNN structure to provide imple-
mentation performance feedback. Besides quantization, other implementa-
tion variables may be device oriented. For example, FPGA implementation
design space includes parallelism, loop tiling factors, etc.

To formulate the final Per fj,ss and RES of the DNN in Eq. 2.1 we need
to capture the intermediate performance and resource of each operation and
DNN block using DNN and implementation variables. As shown in the bot-
tom four blocks in Figure [2.1 there are four levels of formulations, each

derived from their previous level:

o Level-4: we first formulate the quantization in a differentiable way;
then, for each operation candidate op]* under ¢-bit, we formulate the

performance as Per f9(op}") and resource as Res?(opl").

o Level-3: the performance and resource of op]" regardless of quantiza-

tion, Per f(op"), and Res(op}"), are derived from Level-4.

e Level-2: the performance and resource of i-th DNN block, Perf; and
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Res;, are derived from Level-3.

e Level-1: the final DNN performance loss and overall resource usage,
Per f,ss and RES, are derived from Level-2.

e Finally, Per f;,ss and RES will be plugged into Eq. 2.1 as the objective

function during our EDD co-search.

In the following, we introduce the differentiable quantization and perfor-

mance and resource formulations level by level.

2.3.2.1 Level-4: Differentiable Quantization

As shown in the red block in Figure to enable differentiable quantiza-
tion formulation, we create () quantization paths for each operation op!”,
indicating each operation has () quantization choices, from g¢;-bit to gq-bit.
Each quantization scheme is associated with a sampling parameter from a
Gumbel-Softmax distribution, denoted as ¢;, 4, generating a possibility for
op;" to be quantized to ¢g-bit. The ¢; ,,, , organizes a three-dimension array of
size N x M x @), denoted as ®. In this formulation, we have the flexibility
to choose different quantizations for different layers of a DNN; such mixed
precision computation can be well supported by reconfigurable hardware and
dedicated accelerators.

Under ¢-bit quantization, the performance and resource of operation op}”,
Perfi(op!") and Res?(opl"), should be functions of implementation variables
in I (including quantization q), expressed as Perf(op”) = f(I™) and
Resi(op") = g(I"). Note that since one operation contains multiple layers
as shown in Figure 2.1], for simplicity, we treat them as a whole: the ¢-bit
quantization applies to all layers within op}", and the latency and resource
are the summation of all layers. Since Perf(op") and Res?(op}) largely
vary with devices, we will discuss in Section

Given differentiable DNN search variables O, differentiable quantization
variables ® and formulations under each quantization scheme, the DNN and
implementation search space are fused as shown in Figure[2.2] The DNN and
quantizations are searched through © and ®; other implementation variables
are searched through Perfi(op}*) and Res?(op}*), which are not related to

accuracy.
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2.3.2.2 From Level-4 to Level-3

Given array @, following Gumbel-Softmax sampling rule, the performance

Perf(op") and resource Res(op!*) can be computed as the following:

Perf(op!") = Z GumbelSo ftmaz(p; m q|Pim) - Per fi(op]") (2.2)

1<q<Q

Res(op") = Z GumbelSo ftmaz(p; m 4| im) - Res?(op;") (2.3)

1<q¢<Q

where both Per f(op}*) and Res(op]") are differentiable with respect to ¢; ;4.
This is to compute the performance and resource expectation under different

quantizations, which follows Gunbel-Softmax distribution with parameter

¢i,m,q'

2.3.2.3 From Level-3 to Level-2

Similar to Eq. and Eq. given array ©, the performance and resource
of i-th DNN block, can be expressed as:

Perf;, = Z GumbelSo ftmax(0; ,|0;) - Per f(op]") (2.4)
1<m<M

Res; = Z GumbelSoftmax(0; ,|0;) - Res(op}"). (2.5)
1<m<M

2.3.2.4 From Level-2 to Level-1 — Performance

Given the performance and resource of -th DNN block, we can compute the
overall DNN performance loss and resource usage, which needs to be tailored
to search objectives and different devices.

First, if the overall objective is end-to-end latency, total energy or model
complexity, the performance loss can be expressed using the summation of
all DNN blocks as:

Perfioss = a - Z Perf; (2.6)

1<i<N

where « scales Per fi,ss to the same magnitude of Accypss in Eq. 2.0]
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Figure 2.2: Fused design space including © (for DNN), ® (for quantization)
and other implementation variables in I.

If the objective is throughput, the performance loss can be the maximum

latency of all blocks:

Per fiss = a- max{Perf;},1 <i < N. (2.7)

Since getting the maximum value is a non-differentiable operation, we use
a smooth maximum, Log-Sum-Exp (LSE) function [43], for differentiable

approximation as:

Per fi,ss = a - log Z eferti,

1<i<N

(2.8)

If there are multiple objectives, for example minimizing both latency and
energy, as long as the objectives are not conflicting, we can simply let Per fj

be the production of different objectives.
2.3.2.5 From Level-2 to Level-1 — Resource

The formulation of overall resource usage has two situations: without and

with resource sharing. Without sharing, the total resource can be computed
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as the summation of all blocks:

RES = ) Res;. (2.9)

1<i<N

However, resource sharing is a very common scenario, especially in IP-
based FPGA or ASIC accelerators. Figure [2.2] demonstrates a resource shar-
ing scenario, where in this example, we assume the operation op; of i-th
block, and operation op} of j-th block, will share a same piece of comput-
ing resource. For example, in FPGA or ASIC, it is a reusable IP. To allow

sharing, the quantization and other implementation variables of op} and op}
shall be the samd'}

for Vi, j e [l,N], ' =1]"=1". (2.10)

Second, we discuss the resource estimation with resource sharing. As
shown in Figure 2.3 i-th row is the i-th DNN block; the blue entries are
the operations with the largest possibility to be selected. In this example,
op; and op] are most likely to be chosen. Since they share the same comput-
ing resource Res(op'), it shall be counted only once. If the m-th operation is
not selected in any of the blocks, the resource Res(op™) shall not be counted.

To capture such scenario, we propose the following differentiable approxi-
mation for the resource usage for operation op™, Res(op™), which is shared

across blocks as:

Res(op™) < tanh( Z GumbelSoftmaz(0; ,,|0;) - 1) - Res(op™). (2.11)

1<i<N

In the above formula, GumbelSo ftmax(6; ,|0;) - 1 means the unit resource
expectation of op]" in block 7. To avoid operation resource being redundantly
counted across block, we use tanh(>_) to suppress the maximum expectation
of m-th operation to be 1 before multiplied by Res(op™).

Thus, the overall DNN resource is computed as:

RES = Z Res(op™). (2.12)

1<m<M

'Some accelerators allow different bit-width operations to share resource. In these cases
constraint Eq. is not needed.
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Figure 2.3: Demonstration of resource sharing.

2.4 Device-specific formulation

In this section, we discuss the device-specific formulations for the perfor-
mance and resource of operation op* under ¢-bit quantization, Per f?(opl")
and Res?(op}").

24.1 FPGA

For FPGA implementation, we follow an IP-based accelerator architecture:
for each operation op}”, there is a customizable IP instance to conduct its
computation. There are typically two FPGA implementation architectures,

recursive and pipelined:

e In the recursive architecture such as [32 33], every DNN layer of the
same type shares the same IP. The implementation objective is usually
end-to-end latency. Thus, the Per f,ss computation follows Eq. [2.6]
and the RES follows either Eq. or Eq.[2.12

e In the pipelined architecture such as [28], every DNN layer has its own
accelerators without resource sharing. The implementation target is
usually throughput. The Per fj,5s computation follows Eq. 2.7} and the
RES computation follows Eq. [2.9

Either way, the operation performance Perf9(op”) will be the opera-
tion latency. We let the operation resource Res?(op]”) to be the number of
DSPs, which are usually the most critical resource on FPGA. To formulate
Perfi(op") and Res?(op!), we introduce additional implementation vari-
ables for FPGA, the parallel factors of the IPs, denoted as pf/™. Parallel
factors describe the parallelism in FPGA, indicating how many multiplica-

tions can be done concurrently. In FPGA design, the parallelism usually
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increases exponentially such as 64, 128, 256, etc. Therefore we use the expo-

nential form of 2P/ to describe parallelism.

2.4.1.1 Latency — Perfi(op!")

As defined in Section [2.3.1], each operation op)” is composed of a set of se-
quential DNN layers such as convolution, batch normalization, and activa-
tion, and the latency and resource of op)* should be the summation of all
layers. For an operation op* with parallel factor of pf/™ in ¢-bit, its latency

can be approximated as:

Perfi(op") = Lat(op") = Z(latl), (2.13)

l€op

2P k2 hew - - e if [ s conv.
lat; = ®(q) X ¢ 27PF" . k2. B - " if [ is dw-conv. (2.14)
2P hew - ¢ otherwise
In the above equation, k is the convolution kernel size; h, w, ¢™ and %
represent the data dimension of operation op*; ®(q) is the calibration for
latency under bit-width of ¢. Intuitively, smaller bit-width leads to shorter

latency because of less off-chip data movement and less computation. For

simplification, we let ®(¢q) = ¢ to simulate such a phenomenon.

2.4.1.2 Resource — Res?(op!™)

The resource (number of DSPs) of the IP with parallel factor of pf™ in ¢-bit

can be approximated as:
Res?(op!) = W(q) x 2¢/" (2.15)

where W(q) is the calibration for resource under bit-width of ¢. On FPGA,
the number of DSPs is non-linear to bit-width. For example, if the data
precision is lower than 8-bit, then two multiplications can be calculated on
one Xilinx DSP48, reducing the DSP usage by half; if the data precision is
lower than 4-bit, we assume that multiplications are computed using Look-

up-Tables (LUTSs). Therefore, we use a piece-wise function to describe ¥(q):

22



U(g) =1 when 9 < ¢ <16; U(q) =1 when 5 < ¢ <8; ¥(q) =0 when ¢ < 4.

24.2 GPU

On GPUs, the most widely used performance metric is latency, so we let
Per fi,ss to be the latency assuming the batch size is 1. We assume the re-
source is fixed given a GPU; in the future work, the resource shall also be
captured since it affects the power. Since GPU latency is relatively easy to
measure, we use normalized latency from directly measured values to repre-
sent inference latency under ¢-bit data precision. Therefore, Per f2(op!™) is
a constant under a specific gq. Currently, the GPU data precision is greatly
restricted by the framework support. Since the current TensorRT only sup-
ports 8-bit fixed and 16-/32-bit floating data, we limit data precisions to be
8/16/32-bit for now but can easily extend to more data precisions. Mean-
while, since the current mixed precision inference has not been well supported
by GPU development framework, we constrain the overall DNN to use the

same data precision. Therefore, Vi, m, we have ¢; ,, , = ¢4, which simplifies

Eq.

2.4.3 Dedicated Accelerators

Besides GPU and FPGA, there are also dedicated ASIC accelerators for ef-
ficient DNN implementation, such as Stripes [44], Loom [45], and Bit-Fusion
[46], which are DNN accelerators that support dynamic data precisions ef-
ficiently. As an example, in the Loom [45] work, the computation latency
and energy of convolution layers scale inversely and almost proportionally
with the precisions of weights and activations. Our proposed method can be
directly applied to such accelerators as well, by formulating the latency and
energy of an operation op!, proportionally to data precision. We will leave

this for future work.

2.5  Overall algorithm

First, the DNN and implementation variables are initialized, including the

number of blocks N, the number of operation candidates M, and sampling

23



# of channels stride=2
32, 32

w
v
)
v
e}
&
3
3
©

5x5 &

5x5 3

3x3 8

Sx5MS

3
Ixl o
3
5x5
5x5 S
3x3 8
5x5 &
5x5 S
5x5 &
5x5 &8
5x5 S
3x3 &
3x3
x3 &
5x5 S
3x3 8

— >»-n]a~caw»v]»vamaq;acamamacamamaqao;¢acacaqa =

EDD-Net-1
n

Conv 1x1
'
FC

=i - B E§ @@ @ @@ @ @/ @[8 @ @ @ @M @ @ @ @ @ @ @
O o} = = = = = = = = = = = = = = = = = = =
]

# of channels stride=2
o~ 3 ;32 16 32, 40, 40 40 80, 8 8 80 80 96 96 9 96 96 192192 192 192 192 320
5 « -~ Wi @i @ @ Wwi@m @ @ ¥v @ v @ @ © Yviwv @ wv @ o =
Z 3 &' % X2 F & E & &' A & & & & 8 & & & B & & & & & Z
A B zp oo zorTPpupbYru subY >T >T >0 ST >T >FT >TSS T ST T ST > T > T >0 > D
a = 5 k53 5 @, @, @ @ @, @ ) @ =] =2 o) =2 @ @ M, A =] @ foe) @ 5
=) S.*® ©o /2,2 =2 =12 == = =2 =2 =2 = =2 =2 =212 =2 = = = ©

] ] ]

# of channels stride=2
- 3 32 132 16 32, 48, 48 48 96 96, 96 96 128 128 128 256,256 256 256 320
3 2o R ORIZIR % %L oLIg 2 2 2 % L2 % ¥ 2 9=
Z 5 &) & 2 &) 4] 46 & & S 6 @8 E & A& &) a a& & a X
A Bozp Rz T PT S 0 > > >0 >0 >0 > T ST ST T ST > T >0 =D
o = 51 @ 5 @ @ @ o @ @ o) ) @ =] =2 @ =] =2 @ 5
= o B = =22 =2 =2 = = = =2 =2 =22 =2 =2 2 ©

MB

Figure 2.4: Architectures of three EDD-Net models. EDD-Net-1 targets
GPU, EDD-Net-2 targets recursive FPGA accelerator, and EDD-Net-3
targets pipelined FPGA accelerator.

possibilities © and ®. For recursive FPGA architecture, the algorithm ini-
tialize M IP instances, each with an initial parallel factor pfy = log(%).
For pipelined FPGA architecture, the algorithm initializes M x N parallel
factors for all the operation candidates, each pfy = log(%‘g}(}’). For different
devices, only the initializations are different, and the remaining co-search
follows the same procedure.

After initialization, the algorithm starts differentiable search for DNN and
implementation following the similar bi-level approach in [I8]; the major
difference is in our back propagation, DNN architecture variables and im-
plementation variables will be updated at the same time. It first fixes ©,
® and I, and updates DNN weights w by minimizing the training loss on
training dataset. Then, it fixes the DNN weights w and updates ©, & and
I by descending Eq. on the validation set. The algorithm repeats until
DNN training converges or reaches a fixed number of epochs. Finally, the
DNN needs to be trained from scratch on the target dataset, e.g. ImageNet,
and the implementation variables, such as parallel factors, also need to be

re-tuned for final implementation.

2.6 Experiments

We apply our EDD co-search on a subset of ImageNet dataset randomly
sampled from 100 classes. The searched DNNs are trained from scratch on
the entire ImageNet by replacing the final fully-connect layer from 100 to

1000 classes for collecting real ImageNet classification results. We run for a
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Table 2.1: Comparisons with existing NAS solutions

Test Error (%) GPU Latency FPGA Latency
Top-1 Top-5 Titan RTX ZCU102 [47]

Baseline Models

GoogleNet 30.22  10.47 27.75 ms 13.25 ms
MobileNet-V2 [48]  28.1 9.7 17.87 ms 10.85 ms
ShuffleNet-V2 [49]  30.6 117  21.91 ms NA

ResNet18 30.2  10.9 9.71 ms 10.15ms

Hardware-aware NAS Models
MNasNet-Al [34] 248 7.5 17.94 ms 8.78 ms
FBNet-C [36] 24.9 7.6 22.54 ms 12.21 ms
Proxyless-cpu [27] 24.7 7.6 21.34 ms 10.81 ms
Proxyless-Mobile [27] 25.4 7.8 21.23 ms 10.78 ms
Proxyless-gpu [27] 249 7.5 15.72 ms 10.79 ms
EDD-Net-1 25.3 7.7 11.17 ms 11.15 ms
EDD-Net-2 25.4 7.9 13.00 ms 7.96 ms

Table 2.2: EDD-Net-1 accuracy and latency on 1080 Ti

32-bit Floating 16-bit Floating 8-bit Integer

Test Error 25.5% 25.3% 26.4%
Latency 2.83 ms 2.29 ms 1.74 ms

fixed 50 epochs during the EDD search. Initial DNN has 20 MBConv blocks,
each with a skip-connection; each MBConv has a filter size of {3,5, 7} and an
expansion ratio of {4,5,6}. During the search, for GPUs, the DNN weights
are 8-/16-/32-bit and activations are 32-bit; for FPGAs, the DNN weights
are 4-/8-/16-bit and activations are 16-bit fixed point.

We demonstrate our EDD methodology targeting three hardware architec-
tures, each with a searched DNN model, called EDD-Net: (1) low-latency
oriented GPU (EDD-Net-1); (2) recursive FPGA architecture (EDD-Net-2);
(3) pipelined FPGA architecture (EDD-Net-3). The structures of the three
DNNs are shown in Figure|2.4, Each model is produced through EDD within
a 12-hour search on a P100 GPU.

First, for GPU-targeted EDD-Net-1, the algorithm suggests the 16-bit pre-

cision for weights for the combined objective function, including accuracy and
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Table 2.3: Comparison of EDD-Net-3 with DNNBuilder [2§]

Top-1 Error (%) Top-5 Error (%) Throughput (ZC706)

VGG16 29.5 10.0 27.7 fps
EDD-Net-3 25.6 7.7 40.2 fps

latency. We compare EDD-Net-1 with the state-of-the-art hardware-aware
NAS approaches, as shown in Table [2.1] where the GPU latency is tested on
Titan RTX. First, it shows that, by targeting short GPU latency, EDD-Net-1
reaches a similar accuracy compared with the state-of-the-art DNN models
while achieving the shortest inference latency, 11.17 ms, which is 1.4x faster
than Proxyless-GPU [27], the previous best result reported through the NAS
approach. Compared to other mobile-oriented NAS results as a reference, it
is 2.0x faster than FBNet-C [36] and 1.6x faster than MNasNet [34]. Table
2.2| shows the accuracy and latency results of EDD-Net-1 on Nvidia 1080 Ti
GPU after re-training and fine-tuning using TensorRT.

Second, we intend to compare FPGA-targeted EDD-Net-2 and EDD-Net-3
with existing FPGA/DNN co-design works such as [39] and [33], but neither
of them provided accuracy results on ImageNet. Therefore, to demonstrate
that our methodology applies well to FPGA and make a relatively fair com-
parison, for EDD-Net-2, which targets a recursive FPGA accelerator, we
adopt the well-recognized CHaiDNN framework [47], which is also a recur-
sive FPGA accelerator. The FPGA latency is collected by running various
DNN models with CHaiDNN accelerators on ZCU102 FPGA as shown in
Table where ShuffleNet [49] is currently not supported by CHaiDNN. It
shows that EDD-Net-2 delivers the shortest latency on FPGA among all the
DNNs, 7.96 ms, which is 1.37x faster than ProxylessNet [27], 1.53x faster
than FBNet [36] and 1.1x faster than MNasNet [34]. This result shows that
our methodology generalizes well to FPGA and can search for FPGA-friendly
DNNS effectively.

Third, EDD-Net-3 is searched targeting a pipelined FPGA accelerator.
In this case, we limit the total number of DNN blocks because more DNN
blocks require more resource and complicated memory control logic. In Fig
2.4] it shows that EDD-Net-3 is shallower but with more channels and larger
kernels. We compare the throughput of EDD-Net-3 with a state-of-the-art
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pipelined FPGA accelerator, DNNBuilder [28], on ZC706 FPGA with 900
DSPs. As shown in Table 2.3 under 16-bit fixed point, EDD-Net-3 achieves
1.45x higher throughput with a much higher accuracy.

2.7 Summary

In this chapter, we proposed a fully simultaneous, Efficient Differentiable
DNN architecture and implementation co-search (EDD) methodology can
target different hardware devices with different performance objectives. We
formulated the co-search problem as an elegant differentiable mathematical
formulation using DNN architecture search and hardware implementation
variables, considering both accuracy and performance loss. In the exper-
iments, we demonstrated three DNN models, targeting low-latency GPU,
recursive FPGA accelerator and pipelined FPGA accelerator, respectively.
Each model delivers the best performance with similar accuracy on Ima-
geNet. The future works include GPU power and resource formulation and

EDD search for dedicated accelerators.
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CHAPTER 3

REGRESSION-BASED GENERIC NEURAL
ARCHITECTURE SEARCH

In the previous chapter, we introduced EDD, a novel method that utilizes
differentiable NAS to co-search both hardware and software spaces simulta-
neously. However, we noticed that for more challenging search spaces, such as
a CV backbone search space with different downsampling rates, the problem
cannot be formulated as differentiable. Furthermore, while hardware latency
can be easily obtained through benchmarking or simulation, predicting the
accuracy of neural architectures remains a significant challenge. On the other
hand, we observe that most existing neural architecture search (NAS) algo-
rithms are dedicated to and evaluated by the downstream tasks, e.g., image
classification in computer vision. However, extensive experiments have shown
that prominent neural architectures, such as ResNet in computer vision and
LSTM in natural language processing, are generally good at extracting pat-
terns from the input data and perform well on different downstream tasks.
This chapter attempts to answer two fundamental questions related to NAS.
(1) Is it necessary to use the accuracy or quality of specific downstream tasks
to evaluate and search for good neural architectures? (2) Can we perform
NAS effectively and efficiently while agnostic to the downstream tasks? To
answer these questions, we propose a novel and generic NAS framework,
termed Generic NAS (GenNAS). GenNAS does not use task-specific la-
bels but instead adopts regression on a set of manually designed synthetic
signal bases for architecture evaluation. Such a self-supervised regression
task can effectively evaluate the intrinsic power of an architecture to cap-
ture and transform the input signal patterns and allow sufficient usage of
training samples. Extensive experiments across 13 CNN search spaces and
one NLP space demonstrate the remarkable efficiency of GenNAS using re-
gression, in terms of both evaluating the neural architectures (quantified by
the ranking correlation Spearman’s p between the approximated quality and

the downstream task quality) and the convergence speed for training (within
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a few seconds). For example, on NAS-Bench-101, GenNAS achieves 0.85 p
while the existing efficient methods only achieve 0.38. We then propose an
automatic task search to optimize the combination of synthetic signals us-
ing limited downstream-task-specific labels, further improving the quality of
GenNAS. We also thoroughly evaluate GenNAS’s generality and end-to-end
NAS quality on all search spaces, outperforming almost all existing works
with significant speedup. For example, on NASBench-201, GenNAS can find

near-optimal architectures within 0.3 GPU hours.

3.1 Introduction

Most existing neural architecture search (NAS) approaches aim to find top-
performing architectures on a specific downstream task, such as image clas-
sification [31), 17, 18, 27, 0], semantic segmentation [51], 52, 53], neural ma-
chine translation [54] [55], 56], or more complex tasks like hardware-software
co-design [57, B3, [58] 59, [60]. They either directly search on the target task
using the target dataset (e.g., classification on CIFAR-10 [I7, [61] ), or search
on a prozy dataset and then transfer to the target one (e.g. CIFAR-10 to Ima-
geNet) [29, [18]. However, extensive experiments show that prominent neural
architectures are generally good at extracting patterns from the input data
and perform well to different downstream tasks. For example, ResNet [62]
being a prevailing architecture in computer vision, shows outstanding qual-
ity across various datasets and tasks [63] 64, [65] because of its advantageous
architecture, the residual blocks. This observation motivates us to ask the
first question: Is there a generic way to search for and evaluate neural archi-
tectures without using the specific knowledge of downstream tasks?
Meanwhile, we observe that most existing NAS approaches directly use
the final classification accuracy as the metric for architecture evaluation and
search, which has several major issues. First, the classification accuracy is
dominated by the samples along the classification boundary, while other sam-
ples have clearer classification outcomes compared to the boundary ones (as
illustrated in Figure . Such phenomena can be observed in the limited
number of effective support vectors in SVM [66], which also applies to neu-
ral networks because of the theory of neural tangent kernel [67]. Therefore,

discriminating quality of classifiers needs many more samples than necessary
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Figure 3.1: For classification, only samples near the decision boundary
determine the classification accuracy. For regression, all samples equally
contribute to the regression accuracy. Therefore, regression is better at
leveraging all training samples than classification to achieve faster
convergence.

(the indeed effective ones), causing a big waste. Second, a classifier tends to
discard valuable information, such as finer-grained features and spatial infor-
mation, by transforming input representations into categorical labels. This
observation motivates us to ask the second question: Is there a more effec-
tive way to make sufficient use of input samples and better capture valuable
information?

To answer the two fundamental questions for NAS, in this work, we propose
a Generic Neural Architecture Search method, termed GenNAS. GenNAS
adopts a regression-based proxy task using downstream-task-agnostic
synthetic signals for network training and evaluation. It can efficiently
(with near-zero training cost) and accurately approximate the neural archi-
tecture quality.

Insights. First, as opposed to classification, a regression can efficiently
make full use of all the input samples, which equally contribute to the re-
gression accuracy (Figure ) Second, regression on properly-designed
synthetic signals is essentially evaluating the intrinsic representation power
of neural architectures, which is to capture and distinguish fundamental data
patterns that are agnostic to downstream tasks. Third, such representation
power is heavily reflected in the intermediate data of a network (as we will

show in the experiments), which are regrettably discarded by classification.
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Approach. First, we propose a regression proxy task as the supervising
task to train, evaluate, and search for neural architectures (Figure. Then,
the searched architectures will be used for the target downstream tasks. We
are the first to propose a self-supervised regression proxy task instead of
classification for NAS. Second, we propose to use unlabeled synthetic data
(e.g., sine and random signals) as the groundtruth (Figure [3.3) to measure
neural architectures’ intrinsic capability of capturing fundamental data pat-
terns. Third, to further boost NAS quality, we propose a weakly-supervised
automatic proxy task search with only a handful of groundtruth architecture
quality (e.g. 20 architectures) to determine the best proxy task, i.e., the
combination of synthetic signal bases, targeting a specific downstream task,
search space, and/or dataset (Figure [3.4)).

GenNAS Evaluation. The efficiency and effectiveness of NAS are dom-
inated by neural architecture evaluation, which directs the search algorithm
towards top-performing network architectures. To quantify how accurate
the evaluation is, one widely used indicator is the network quality Ranking
Correlation [68] between the prediction and groundtruth ranking, defined as
Spearman’s Rho (p) or Kendall’s Tau (7). The ideal ranking correlation is
1 when the approximated and groundtruth rankings are exactly the same;
achieving large p or 7 can significantly improve NAS quality [69) [70] [71].
Therefore, in the experiments (Sec. [3.4]), we evaluate GenNAS using the
ranking correlation factors it achieves and then show its end-to-end NAS
quality in finding the best architectures. Extensive experiments are done on
13 CNN search spaces and one NLP space [72]. Trained by the regression
proxy task using only a single batch of unlabeled data within a few seconds,
GenNAS significantly outperforms all existing NAS approaches on almost
all the search spaces and datasets. For example, GenNAS achieves 0.87 p
on NASBench-101 [73], while Zero-Cost NAS [19], an efficient proxy NAS
approach, only achieves 0.38. On end-to-end NAS, GenNAS generally out-
performs others with a large speedup. This implies that the insights behind
GenNAS are plausible and that our proposed regression-based task-agnostic
approach is generalizable across tasks, search spaces, and datasets.

Contributions. We summarize our contributions as follows:

e To the best of our knowledge, GenNAS is the first NAS approach using

regression as the self-supervised proxy task instead of classification for
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neural architecture evaluation and search. It is agnostic to the specific
downstream tasks and can significantly improve training and evaluation

efficiency by fully utilizing only a handful of unlabeled data.

e GenNAS uses synthetic signal bases as the groundtruth to measure
the intrinsic capability of networks that captures fundamental signal
patterns. Using such unlabeled synthetic data in regression, GenNAS
can find the generic task-agnostic top-performing networks and can

apply to any new search spaces with zero effort.
e An automated proxy task search to further improve GenNAS quality.

e Thorough experiments show that GenNAS outperforms existing NAS
approaches by large margins in terms of ranking correlation with near-
zero training cost, across 13 CNN and one NLP space without proxy
task search. GenNAS also achieves state-of-the-art quality for end-
to-end NAS with orders of magnitude of speedup over conventional
methods.

e With proxy task search being optional, GenNAS is fine-tuning-free,
highly efficient, and can be easily implemented on a single customer-
level GPU.

3.2  Related Work

NAS Evaluation. Network architecture evaluation is critical in guiding
the search algorithms of NAS by identifying the top-performing architec-
tures, which is also a challenging task with intensive research interests. Early
NAS works evaluated the networks by training from scratch with tremendous
computation and time cost |29 BI]. To expedite, weight-sharing among the
subnets sampled from a supernet is widely adopted [18| [7T], 27, [74. [75]. How-
ever, due to the poor correlation between the weight-sharing and the final
quality ranking, weight-sharing NAS can easily fail even in simple search
spaces [76], [77]. Yu et al. [78] further pointed out that without accurate eval-
uation, NAS runs in a near-random fashion. Recently, zero-cost NAS meth-
ods [79, 19| 80l 81] have been proposed, which score the networks using their

initial parameters with only one forward and backward propagation. Despite
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the significant speed up, they fail to identify top-performing architectures in
large search spaces such as NASBench-101. To detach the time-consuming
network evaluation from NAS, several benchmarks are developed with fully-
trained neural networks within the NAS search spaces [82, [73, [77, [72, 83], so
that researchers can assess the search algorithms alone in the playground.
NAS Transferability. To improve search efficiency, proxy tasks are
widely used, on which the architectures are searched and then transferred to
target datasets and tasks. For example, the CIFAR-10 classification dataset
seems to be a good proxy for ImageNet [29] [18]. Kornblith et al. [84] stud-
ied the transferability of 16 classification networks on 12 image classification
datasets. NASBench-201 [77] evaluated the ranking correlations across three
popular datasets with 15625 architectures. Liu et al. [85] studied the architec-
ture transferability across supervised and unsupervised tasks. Nevertheless,
training on a downsized proxy dataset is still inefficient (e.g. a few epochs
of full-blown training [85]). In contrast, GenNAS significantly improves the
efficiency by using a single batch of data while maintaining extremely good
generalizability across different search spaces and datasets.
Self-supervised Learning. Self-supervised learning is a form of unsu-
pervised learning, that the neural architectures are trained with automat-
ically generated labels to gain a good degree of comprehension or under-
standing [86, 87, 88, [89], [85]. Liu et al. [85] recently proposed three unlabeled
classification proxy tasks, including rotation prediction, colorization, and
solving jigsaw puzzles, for neural network evaluation. Though promising,
this approach did not explain why such manually designed proxy tasks are
beneficial and still used classification for training with the entire dataset. In

contrast, GenNAS uses regression with only a single batch of synthetic data.

3.3 Proposed GenNAS

In Section , we introduce the main concepts of task-agnostic GenNAS: 1)
the proposed regression proxy task for both CNN architectures and recurrent
neural network (RNN) architectures; 2) the synthetic signal bases used for
representing the fundamental data patterns as the proxy task. We introduce
the automated proxy task search in Section [3.3.2]
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Figure 3.2: Regression architectures on CNNs and RNNs. (a) On CNNs, we
remove the final classifier and extract multiple stages of the intermediate
feature map for training. (b) On RNNs, we construct a many-to-many
regression task where the input and output tensors have the same size.

3.3.1 GenNAS

Training using unlabeled regression is the key that GenNAS being agnostic to
downstream tasks. Based on the insights discussed in Section [3.1] the prin-
ciple of designing the regression architecture is to fully utilize the abundant

intermediate information rather than the final classifier.

3.3.1.1 Regression on CNNs.

Empirical studies show that CNNs learn fine-grained high-frequency spatial
details in the early layers and produce semantic features in the late lay-
ers [90]. Following this principle, as shown in Figure [3.2h, we construct a
Fully Convolutional Network (FCN) [91] by removing the final classifier of a
CNN, and then extract the FCN’s intermediate feature maps from multiple
stages. We denote the number of stages as N. Inputs. The inputs to the
FCN are unlabeled real images, shaped as a tensor Z € R?3*"X% <where b
is the batch size, and h and w are the input image size. Outputs. From
each stage i (1 <1i < N) of the FCN, we first extract a feature map tensor,
denoted by F; € Rbxcixhixwi and reshape it as F; € RP*xWxw" through a
convolutional layer M; by F, = M;(F;) (with downsampling if w; > w’ or
h; > h'). The outputs are the tensors .7:}, which encapsulate the captured
signal patterns from different stages. Groundtruth. We construct a syn-

thetic signal tensor for each stage as the groundtruth, which serves as part
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of the proxy task. A synthetic tensor is a combination of multiple synthetic
signal bases, denoted by F;. We compare F; with F} for training and eval-
uating the neural architectures. During training, we use MSE loss defined
as L =Y E[(F; — F3)?; during validation, we adjust each stage’s output
importance as £ = > w=B[(F; — F;)?] since the feature map tensors of
later stages are more related to the downstream task’s quality. The detailed

configurations of N, b/, w', and ¢, are provided in the experiments.

3.3.1.2 Regression on RNNs.

The proposed regression proxy task can be similarly applied to NLP tasks
using RNNs. Most existing NLP models use a sequence of word-classifiers as
the final outputs, whose evaluations are thus based on the word classification
accuracy [92 93, B]. Following the same principle for CNNs, we design a
many-to-many regression task for RNNs as shown in Figure [3.2p. Instead of
using the final word-classifier’s output, we extract the output tensor of the
intermediate layer before it. Inputs. For a general RNN model, the input
is a random tensor Z € R™***4 where [ is the sequence length, b is the batch
size, and d is the length of input/output word vectors. Given a sequence of
length [, the input to the RNN each time is one slice of the tensor Z, denoted
by ZW € Rb*4 1 < i < [. Outputs. The output is F € R4 where a slice
of Fis F@ ¢ R4 Groundtruth. Similar to the CNN case, we generate
a synthetic signal tensor F* as the proxy task groundtruth.

The proxy task for regression aims to capture the task-agnostic intrinsic
learning capability of the neural architectures, i.e., representing various fun-
damental data patterns. For example, good CNNs must be able to learn
different frequency signals to capture image features [94]. Here, we design
four types of synthetic signal basis: (1) 1-D frequency basis (SiniD); (2)
2-D frequency basis (Sin2D); (3) Spatial basis (Dot and GDot); (4) Resized
input signal (Resize). SiniD and Sin2D represent frequency information,
Dot and GDot represent spatial information, and Resize reflects the CNN’s
scale-invariant capability. The combinations of these signal bases, especially
with different sine frequencies, can represent a wide range of complicated
real-world signals [95]. If a network architecture is good at learning such
signal basis and their simple combinations, it is more likely to be able to

capture real-world signals from different downstream tasks.
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Figure 3.3: (a) Examples of synthetic signal bases (2D feature maps). (b)
Examples of the synthetic signal tensors by stacking 2D feature maps along
the channel dimension for CNN architectures.

Figure [3.3a] depicts examples of synthetic signal bases, where each base is a
2D signal feature map. Sini1D is generated by sin(27 fz 4+ ¢) or sin(27 fy+¢),
and Sin2D is generated by sin(27 f,z 427 f,y+¢), where z and y are pixel in-
dices. Dot is generated according to biased Rademacher distribution [96] by
randomly setting k% pixels to =1 on zeroed feature maps. GDot is generated
by applying a Gaussian filter with ¢ = 1 on Dot and normalizing between
+1. The synthetic signal tensor F* (the proxy task groundtruth) is con-
structed by stacking the 2D signal feature maps along the channel dimension
(CNNs) or the batch dimension (for RNNs). Figure shows examples
of stacked synthetic tensor F* for CNN architectures. Within one batch of
input images, we consider two settings: global and local. The global
setting means that the synthetic tensor is the same for all the inputs within
the batch, as the Sin2D Global in Figure aiming to test the network’s
ability to capture invariant features from different inputs; the local setting
uses different synthetic signal tensors for different inputs, as the Dot Local
in Figurd3.3D] aiming to test the network’s ability to distinguish between im-
ages. For CNNs, the real images are only used by resize, and both global
and local settings are used. For RNNs, we only use synthetic signals and
the local setting because resizing natural language or time series, the typical

input of RNNs, does not make as much sense as resizing images for CNNs.
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3.3.2 Proxy Task Search

While the synthetic signals can express generic features, the importance of
these features for different tasks, NAS search spaces, and datasets may dif-
fer. Therefore, we further propose a weakly-supervised proxy task search, to
automatically find the best synthetic signal tensor, i.e., the best combination
of synthetic signal bases. We define the prozy task search space as the pa-
rameters for generating synthetic signal tensors. As illustrated in Figure [3.4],
first, we randomly sample a small subset (e.g., 20) of the neural architectures
in the NAS search space and obtain their groundtruth ranking on the target
task (e.g., image classification). We then train these networks using different
proxy tasks and calculate the quality ranking correlation p of the proxy and
the target task. We use the regularized tournament selection evolutionary
algorithm [31] to search for the task that results in the largest p, where p is

the fitness function.

Task search A small subset of all  Ranking on Ranking on
space neural architectures  Proxy task Target task
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Figure 3.4: Proxy task search.

Proxy Task Search Space. We consider the following parameters as the
proxy task search space. (1) Noise. We add noise to the input data following
the distribution of parameterized Gaussian or uniform distribution. (2) The
number of channels for each synthetic signal tensor (¢; in F; € Rbxeixh'xuw’
can be adjusted. (3) Signal parameters, such as the frequency f and phase
¢ in Sin, can be adjusted. (4) Feature combination. FEach synthetic signal
tensor uses either local or global, and tensors can be selected and summed

up. Detailed parameters can be found in the supplemental material.
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3.4  Experiments

We perform the following evaluations for GenNAS. First, to show the true
power of regression, we use manually designed proxy tasks without task
search and apply the same proxy task on all datasets and search spaces.
We demonstrate that the GenNAS generally excels in all different cases with
zero task-specific cost, thanks to unlabeled self-supervised regression proxy
task. Specifically, in Section |3.4.1, we analyze the effectiveness of the syn-
thetic signal bases and manually construct two sets of synthetic tensors as the
baseline proxy tasks; in Section [3.4.2] we extensively evaluate the proposed
regression approach in 13 CNN search spaces and one NLP search space.
Second, in Section [3.4.3] we evaluate the proxy task search and demonstrate
the remarkable generalizability by applying one searched task to all NAS
search spaces with no change. Third, in Section [3.4.4] we evaluate GenNAS
on end-to-end NAS tasks, which outperforms existing works with significant
speedup.

Experiment Setup. We consider 13 CNN NAS search spaces including
NASBench-101 [73], NASBench-201 [77], Network Design Spaces (NDS) [97],
and one NLP search space, NASBench-NLP [72]. All the training is con-
ducted using only one batch of data with batch size 16 for 100 iterations.
Details of NAS search spaces and experiment settings are in the supplemen-

tal material.

3.4.1 Effectiveness of Synthetic Signals

The synthetic signal analysis is performed on NASBench-101 using the CIFAR-
10 dataset. From the whole NAS search space, 500 network architectures are
randomly sampled with a known quality ranking provided by NASBench-
101. We train the 500 networks using different synthetic signal tensors and
calculate their ranking correlations with respect to the groundtruth ranking.
Using the CNN architecture discussed in Section [3.3.1] we consider three
stages, S1 to S3 for N = 3; the number of channels is 64 for each stage. For
SiniD and Sin2D, we set three ranges for frequency f: low (L) f € (0,0.125)
, medium (M) f € (0.125,0.375), and high (H) f € (0.375,0.5). Within each
frequency range, 10 signals are generated using uniformly sampled frequen-

cies. For Dot and GDot, we randomly set 50% and 100% pixels to &1 on the
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Table 3.1: Ranking correlation (Spearman’s p) analysis of different
synthetic signals on NASBench-101.

Stage SiniD Sin2D Dot GDot Resize Zero
L M H L M H 50% 100% 50%  100%

S1 0.13 043 0.64 0.14 0.53 063 0.55 0.62 0.18 0.16 0.56 0.17

Sa2 0.03 0.52 0.79 0.05 0.73 0.72 0.64 0.69 0.03 0.02 0.73 0.18

S3 0.08 0.77 0.80 0.23 0.78 0.72 0.76 0.81 0.16 0.17 0.80 0.22

GenNAS-combo:: 0.85

zeroized feature maps.

The results of ranking correlations are shown in Table 3.1l The three
stages are evaluated independently and then used together. Among the three
stages, Sin1D and Sin2D within medium and high frequency work better in
S1 and S, while the high frequency Dot and resize work better in Ss.
The low-frequency signals, such as GDot, Sin1D-L, Sin2D-L, and the extreme
case zero tensors, result in low ranking correlations; we attribute to their
poor distinguishing ability. We also observe that the best task in S5 (0.81)
achieves higher p than S; (0.64) and Sy (0.79), which is consistent with the
intuition that the features learned in deeper stages have more impact to the
final network quality.

When all three stages are used, where each stage uses its top-3 signal bases,
the ranking correlation can achieve (.85, higher than the individual stages.
This supports our assumption in Section that utilizing more intermedi-
ate information of a network is beneficial. From this analysis, we choose two
top-performing proxy tasks in the following evaluations to demonstrate the
effectiveness of regression: GenNAS-single — the best proxy task with a
single signal tensor Dot 100% used only in S3, and GenINAS-combo — the

combination of the three top-performing tasks in three stages.

3.4.2 Effectiveness and Efficiency of Regression without
Proxy Task Search

To quantify how well the proposed regression can approximate the neural
architecture quality with only one batch of data within seconds, we use the
ranking correlation, Spearman’s p, as the metric [19, 85, [76]. We use the
two manually designed proxy tasks (GenNAS-single and GenNAS-combo)
without proxy task search to demonstrate that GenINAS is generic and

can be directly applied to any new search spaces with zero task-
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specific search efforts. The evaluation is extensively conducted on 13
CNN search spaces and 1 NLP search space, and the results are summarized
in Table 3.2

On NASBench-101, GenNAS is compared with zero-cost NAS [19] [79] and
the latest classification based approaches [85]. Specifically, NASWOT [79]

is a zero-training approach that predicts a network’s trained accuracy from

its initial state by examining the overlap of activations between datapoints.
Abdelfattah et al. [I9] proposed proxies such as synflow to evaluate the net-
works, where the synflow computes the summation of all the weights mul-
tiplied by their gradients and has the best-reported quality in the paper.
Liu et al. [85] used three unsupervised classification training proxies, namely
rotation prediction (rot), colorization (col), and solving jigsaw puzzles (jig),

and one supervised classification proxy (cls). We report their results after
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Figure 3.5: The effectiveness of regression-based proxy task. GenNAS
significantly outperforms all the existing NAS evaluation approaches
regarding ranking correlation, with near-zero training cost.

10 epochs (@epl0) for each proxy. The results show that GenNAS-single
and GenNAS-combo achieve 0.81 and 0.85 p on CIFAR-10, and achive 0.73
on ImageNet, respectively, much higher than NASWOT and synflow. It
is also comparable and even higher comparing with the classification prox-
ies, cls@epb and cls@epl0. Notably, the classification proxies need to train

for 10 epochs using all training data, while GenNAS requires only a few

seconds, more than 40x faster. On NASBench-201, we further compare
with vote [19] and EcoNAS [69]. EcoNAS is a recently proposed reduced-
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training proxy NAS approach. Vote [19] adopts the majority vote between
three zero-training proxies including synflow, jacob_cov, and snip. Clearly,
GenNAS-combo outperforms all these methods regarding ranking correla-
tion and is also 60x faster than EcoNAS and 40x faster than cls@epl0.
On Neural Design Spaces, we evaluate GenNAS on both CIFAR-10 and Ima-
geNet datasets. Comparing with NASWOT and synflow, GenNAS-single and

GenNAS-combo achieve higher p in almost all cases. Also, synflow performs

poorly on most of the NDS search spaces especially on ImageNet dataset,
while GenNAS achieves even higher p. Extending to NLP search space,
NASBench-NLP, GenNAS-single and GenNAS-combo achieve 0.73 and 0.74
p, respectively, surpassing the best zero-proxy method (0.56). Comparing
with the ppl@ep3, the architectures trained on PTB [08] dataset after three
epochs, GenNAS is 192x faster in prediction.

Figure [3.5] visualizes the comparisons between GenNAS and existing NAS
approaches on NASBench-101, CIFAR-10. Clearly, regression-based Gen-
NAS (single, combo) significantly outperforms the existing NAS with near-

zero training cost, showing remarkable effectiveness and high efficiency.

3.4.3 Effectiveness of Proxy Task Search and Transferability
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Figure 3.6: Proxy task search.

Effectiveness of Proxy Task Search. While the unsearched proxy

tasks can already significantly outperform all existing approaches (shown
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in Section , we demonstrate that the proxy task search described in
Section [3.3.2] can further improve the ranking correlation. We adopt the
regularized evolutionary algorithm [31]. The population size is 50; the tour-
nament sample size is 10; the search runs 400 iterations. We randomly select
20 architectures with groundtruth for calculating the p. More settings can
be found in the supplemental material. Figure [3.6| shows the search results
averaged from 10 runs with different seeds. It shows that the regularized evo-
lutionary algorithm is more effective comparing with random search, where
the correlations of 20 architectures are 0.86 4+ 0.02 and 0.82 £ 0.01, respec-
tively.

In the following experiments, we evaluate three searched proxy tasks, de-
noted by GenNAS search-N, -D, and -R,, meaning that the task is searched
on NASBench-101, NDS DARTS search space, and NDS ResNet search space,
respectively. We study the quality and transferability of the searched tasks
on all NAS search spaces. Proxy task search is done on a single GPU GTX
1080Ti. On NASBench-101 (GenNAS-N), ResNeXt (GenNAS-R), and
DARTS (GenINAS-D), the search time is 5.75, 4, and 12.25 GPU hours,
respectively. Once the proxy tasks is searched, it can be used to evaluate
any architectures in the target search space and can be transferred to other
search spaces.

GenNAS with Searched/Transferred Proxy Task. The quality of
GenNAS-search-N, -D, and -R proxy tasks is shown in Table First, in
most cases, proxy task search improves the ranking correlation. For example,
in NDS, using the proxy task searched on DARTS space (search-D) outper-
forms other GenNAS settings on DARTS-like spaces, while using proxy task
search-R on ResNet-like spaces outperforms others as well. In NASBench-
NLP, the proxy task search can push the ranking correlation to 0.81, sur-
passing the ppl@ep3 (0.79). Such results demonstrate the effectiveness of
our proposed proxy task search. Second, the searched proxy task shows
great transferability: the proxy task searched on NASBench-101 (search-N)
generally works well for other search spaces, i.e., NASBench-201, NDS, and
NASBench-NLP. This further emphasizes that the fundamental principles
for top-performing neural architectures are similar across different tasks and
datasets. Figure[3.5|visualizes the quality of GenNAS comparing with others.
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3.4.4 GenNAS for End-to-End NAS

Finally, we evaluate GenNAS on the end-to-end NAS tasks, aiming to find the
best neural architectures within the search space. Table [3.3| summarizes the
comparisons with the state-of-the-art NAS approaches, including previously
used NASWOT, synflow, cls@ep10, and additionally Halfway [73], RSPS [71],
DARTS-V1 [18], DARTS-V2, GDAS [99], SETN [100], and ENAS [101].
Halfway is the NASBench-101-released result using half of the total epochs
for network training. In all the searches during NAS, we do not use any
tricks such as warmup selection [I9] or groundtruth query to compensate
the low rank correlations. We fairly use a simple yet effective regularized
evolutionary algorithm [31] and adopt the proposed regression loss as the
fitness function. The population size is 50, and the tournament sample size
is 10 with 400 iterations. On NASBench-101, GenNAS finds better archi-
tectures than NASWOT and Halfway while being up to 200x faster. On
NASBench-201, GenNAS finds better architectures than the state-of-the-art
GDAS within 0.3 GPU hours, being 30x faster. Note that GenNAS uses the
proxy task searched on NASBench-101 and transferred to NASBench-201,
demonstrating remarkable transferability. On Neural Design Spaces, Gen-
NAS finds better architectures than the cls@ep10 using labeled classification
while being 40x faster. On NASBench-NLP, GenNAS finds architectures

that achieve 0.246 (the lower the better) average final regret score r, out-

performing the ppl@ep3 (0.268) with 192x speed up. The regret score r at
the moment ¢ is r(t) = L(t) — L*, where L(t) is the testing log perplexity of
the best found architecture according to the prediction by the moment, and
L* = 4.36 is the lowest testing log perplexity in the whole dataset achieved
by LSTM [92] architecture.

On DARTS search space, we also perform the end-to-end search on ImageNet-
1k [102] dataset. We fix the depth (layer) of the networks to be 14 and adjust
the width (channel) so that the # of FLOPs is between 500M to 600M. We
evaluate two strategies: one without task search using GenNAS-combo (see
Table , and the other GenNAS-D14 with proxy task search on DARTS
search space with depth 14 and initial channel 16. The training settings follow
TENAS [103]. The results are shown in Table[3.4, We achieve top-1/5 test er-
ror of 25.1/7.8 using GenNAS-combo and top-1/5 test error of 24.3/7.2 using
GenNAS-D14, which are on par with existing NAS architectures. GenNAS-
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combo is much faster than existing works, while GenNAS-D14 pays extra
search time cost. Our next step is to investigate the searched tasks and
demonstrate the generalization and transferrability of those searched tasks
to further reduce the extra search time cost.

These end-to-end NAS experiments strongly suggest that GenNAS is gener-

ically efficient and effective across different search spaces and datasets.
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Table 3.2: GenNAS ranking correlation evaluation using the correlation
Spearman’s p. GenINAS-single and GenINAS-combo use a single or a
combination of synthetic signals that are manually designed without proxy
task search. GenNAS search-N, -D, -R mean the proxy task is searched
on NASBench-101, NDS DARTS design space, and NDS ResNet design
space, respectively. The top-1/2/3 results of GenNAS and efficient NAS
baselines are highlighted by T/*/% respectively for each task. The values
with superscripts are obtained after task search (%) or transferred (*) from a
previous searched task. Methods like jig@Qep10 which is 40x slower
compared to the GenNAS in prediction are not considered as efficient ones.

NASBench-101

Dataset ~NASWOT synflow | jig@epl0 rot@epl0 col@epl0 (:ls@eplo‘ GenNAS
[79] [19] > 40x slower single combo search-N
CIFAR-10 0.34 0.38 0.69 0.85 0.71 0.81 0.815 0.85F 0.87'
ImgNet 0.21 0.09 0.72 0.82 0.67 0.79 |0.65% 0.73" 0.71%
NASBench-201
Dataset NASWOT synflow jacob_cov snip cls@epl0  vote  EcoNAS GenNAS
> 40x slower > 60x slower [single combo search-N
CIFAR-10 0.79 0.72 0.76 0.57 0.75 0.81 0.81 0.77 0.87F  0.907
CIFAR-100  0.81 0.76 0.70  0.61 0.75 0.83¢ 0.75 0.69 0.82% 0.84f
ImgNet16 0.78 0.73 0.73  0.59 0.68 0.81% 0.77 0.70 0.81F 0.87"
Neural Design Spaces
Dataset ~ NAS-Space NASWOT synflow  cls@epl0 GenNAS
> 40x slower |single combo search-N search-D search-R
CIFAR-10 DARTS 0.65 0.41 0.63 0.43 0.68 0.71% 0.861 0.827
DARTS-f 0.31 0.09 0.82 0.51 0.59"  0.53% 0.58% 0.52¢
Amoeba 0.33 0.06 0.67 0.52  0.64 0.68% 0.78' 0.721
ENAS 0.55 0.19 0.66 0.56  0.70° 0.67* 0.82 0.78%
ENAS-f 0.43 0.26 0.86 0.65 0.65 0.67% 0.73" 0.67#
NASNet 0.40 0.00 0.64 0.56 0.66° 0.65! 0.771 0.71%#
PNAS 0.51 0.26 0.50 0.32  0.58 0.598 0.761 0.71%
PNAS-f 0.10 0.32 0.85 0.45 0.48% 0.56' 0.55% 0.47
ResNet 0.26 0.22 0.65 0.34  0.52 0.55% 0.54% 0.831*
ResNeXt-A 0.65° 0.48 0.86 0.57 0.61 0.80% 0.63¢ 0.84f
ResNeXt-B 0.608 0.60* 0.66 0.26  0.30 0.53¢ 0.55¢ 0.71f
ImageNet  DARTS 0.66 0.21 - 0.61 0.757  0.70% 0.847 0.55!
DARTS-f 0.20 0.37 - 0.68¢ 0.69* 0.67 0.691 0.59¢
Amoeba 0.42 0.25 - 0.63 0.72% 0.73% 0.80" 0.67*
ENAS 0.69% 0.17 0.59 0.70% 0.58" 0.81" 0.65!
NASNet 0.51 0.01 - 0.52 0.59% 0.52¢ 0.70" 0.61%
PNAS 0.60* 0.14 - 0.28 0.39 0.45% 0.62f 0.40°
ResNeXt-A 0.72 0.42 - 0.80% 0.84* 0.75¢ 0.62¢ 0.871t
ResNeXt-B 0.63 0.31 - 0.71% 0.79"  0.51 0.60* 0.64%
NASBench-NLP
Dataset grad norm snip grasp synflow jacob_cov ppl@ep3 GenNAS
> 192x slower |single combo search
PTB 021 019 0.16 0.34 0.56° 0.79 0.73 0.74* 0.81%

45



2CE°0FETT6  ,9€°0F9CTV6 T 0F6T¥6 9T 0FECT6 79'0F59°¢6 €€0F99°€6 136 d-¥XONSoYH

FJT0FLETV6 ,0C°0FCTV6 ,1C0FSTT6 ¢C¢'0 FVTCv6 8V'0FG0¥6 L90F6E€6 6676 V-1X°NsSoH

sET'0FLLT6  ,6T0FEIT6  ,¥C OF8V'T6 0T 0FIST6 T¢'0F2S°€6  0T'0FI8°C6 0€°S6 1ONSOY

d-SVNU29) YH-SVNUH N-SVNUIDH x01doDs[2 xmoguds L TOMSVN  [ewndQ 20edg-SVN

(0T-gVvAID) seoedg uSisa(] [eInaN

€0 10 6'¢ S'6 8’8 66 ¢ simoy NdP
,¥G'0F6S°SY LOCFEVTY 0T CFV8 VI 1¢°0+¢s'ce 86°0FTIL TV 00°0FCE€9T 60°€F8C 9T 1¢°LY 9TIONSI]
VL0F9G°CTL 9T TFE0°0L 00'0FT9°GT LLLFLY9G 9C'0F19°0L 00°0FT9°GT  ¥EVFEE RS 67°€L 00T-9VAID
20T°0F8T'¥6  08°0F96°C6 89°0F68°€S 00°0F¥9°L8 60°0F19°€6 00°0F0e¥S  T9°E€FLOFS LEV6 0T-"¥VvdID
N-SVNUeP) TOMSVN SVNH NILHS SVvao CA-STHVA SdSd rewnydQ jeseje(g
TOZ-Y2UuagSV N

s¥00°0FC6°€6 C00'0F8C'E€6 CO'0OFIELT6 T00'0F0E €6 [4 %)

N-SVNUop Aemjrey »MOguds L TLOMSVN rewndo

(0T-YVAID) TOT-YPUPEHSV N

"J[se) paypiIess snotald e woiy (,)

pa1IdJsuRI) 10 () [DIRdS YseY I9jJe paureiqo ore sydrmsiodns M sonfea oY, "TOT-PUIGSYN WOIJ PIIIJsURI) ST N-SY NUOY)
OIS TDIRDS YSBY OPN[DUL JOU OP SINOT ) ) oY) ‘TOZ-PUIGSYN UQ uostreduod Irej 10f[f§ ¢] morioag ur wpjriosye
ATeuOoIIN[OAd pozIIe[ngol aures o) YHm poajedrdol ST Jey} poyjowl & S9j0Uap , ‘sjosejep pue sodeds-Qy N JUSISHIP U0

(%) Aoenooe 389 Surmoys ‘sotprordde QYN 1Ie-01)-J0-09e)s o) Yim Sulreduod s3msol YN PUo-03-puo Gy NUO) :€'¢ o[qR],

46



0T-UVAID  10US-MOJ+UOMN0AS  F0'0+.L°0 669 e Tl (R4 PIA-SVNUSD
0I-HVAID  30US-Md}4Uoinjosd 70°0 65S 8y 8L 1°6g 0quIOd-gY NUSH)
joNoFeU] Po1y-Sururery LT°0 665 ¥'g ) s e SVN-I.L
joNeSew] poseq-jusrpeis z 199 Al - 1¥¢ [c8] SiI-SYNNN
u@Z@@NEH waﬁn_uaﬁmﬂﬁﬁuw Mw m@ﬁ ﬂ.m. mh @ﬂﬂ FN_ m<me®TAxOHnH
JoNeSew] peseq-juatpeisd 8¢ 169 e () TV SIMVA-Dd
0T-HVAID oa3-Sururesy G0°0 - €9 €8 79z [£0T] SVN-AL
0T-9dVvAID poseq-juorpers 10 98S €q 8L 1'% 72l sS1ava-od
00T-4VAID peseq-justpeisd €0 LL8 NS gL LT STYvVA-d
0T-HVAID poseq-jusrpers €0 el 67 i idd 901l sTava-d
0T-9VAIO poseq-jusIpe.sd 12°0 188 €g ¢'g 09z [66] SVao
0T-9VAIO peseq-jusipeld g1 Tes eF T6 €L [c0T] SYNS
01-9VAID peseq-jusipesd 0¥ ¥LS Ly L8 L9z | [81] (sepio pug)SIMVd
0T-HVAID OdINS qzT 886 RS 1’8 86T 701l SVNd
01-4VAID UoIIN[0Ad 0GT1¢ 0LS 79 92 i 4 (T8l D-1eNegeowy
0T-9VAID T 0002 #9¢ €g 7’8 092 [62] V-3°NSVN
joseYRp PO (skep NdD) ) () g-doy  1-doy N
payoIeag paypIesg 150D yoaeag  (JN)SJOTA  swered (%) 11y 1s9], PO

“oIeaS YSB)

Axoxd 10§ owiry oY) ST , "SUI})9S S[ICOU S} IOPUN JONOSRW] U0 SPOYIRW QYN 11R-91-J0-09e)s Ym suostredwio)) ¢ o[qr],

47



3.5 Summary

In this chapter, we discuss GenNAS, a self-supervised regression-based ap-
proach for neural architecture training, evaluation, and search. GenNAS
successfully answered the two questions at the beginning. (1) GenNAS is
a generic task-agnostic method, using synthetic signals to capture neural
networks’ fundamental learning capability without specific downstream task
knowledge. (2) GenNAS is an extremely effective and efficient method using
regression, fully utilizing all the training samples and better capturing valued
information. We show the true power of self-supervised regression via man-
ually designed proxy tasks that do not need to search. With proxy search,
GenNAS can deliver even better results. Extensive experiments confirmed
that GenNAS is able to deliver state-of-the-art quality with near-zero search
time, in terms of both ranking correlation and the end-to-end NAS tasks

with great generalizability.
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CHAPTER 4

EXTENSIBLE AND EFFICIENT PROXY
FOR NEURAL ARCHITECTURE SEARCH

In the previous chapter, we discussed how GenNAS can be deployed on com-
plex search spaces and achieve a certain level of search space/task agnosti-
cism. However, when exploring search spaces intricate or unseen, GenNAS
still encounters drawbacks, such as inefficient evaluation times and limited
effectiveness in multi-task scenarios.

To address the demanding computational challenges of NAS in designing
deep neural networks (DNNs), efficient or near-zero-cost proxies have been
recently proposed. These proxies enable the evaluation of candidate architec-
tures with just one iteration of backpropagation, using the obtained scores
to predict architecture quality for downstream tasks.

Despite their potential, two significant drawbacks hinder the wide adoption
of these efficient proxies: (1) they are not adaptive to various NAS search
spaces; and (2) they are not extensible to multi-modality downstream tasks.

To address these two issues, we first propose an Extensible proxy (Eproxy)
that utilizes self-supervised, few-shot training to achieve near-zero costs.
A crucial component of Eproxy’s efficiency is the introduction of a “bar-
rier layer” with randomly initialized frozen convolution parameters, which
adds non-linearities to the optimization spaces so that Eproxy can discrim-
inate the quality of architectures at an early stage. We further propose a
Discrete Proxy Search (DPS) method to find the optimized training settings
for Eproxy with only a handful of benchmarked architectures on the target
tasks. Our extensive experiments confirm the effectiveness of both Eproxy
and DPS. On the NDS-ImageNet search spaces, Eproxy+DPS achieves a
higher average ranking correlation (Spearman p = 0.73) than the previ-
ous efficient proxy (Spearman p = 0.56). On the NAS-Bench-Trans-Micro
search spaces with seven tasks, Eproxy+DPS delivers comparable quality
with the early stopping method (146x faster). For the end-to-end task such
as DARTS-ImageNet-1k, our method delivers better results than NAS per-
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Figure 4.1: Eproxy is compared to six efficient proxies in terms of
evaluation speed on NAS-Bench-101, NDS-ResNet, and NDS-DARTS
search spaces, demonstrating that Eproxy falls within the zero-cost
category. The plot shows the normalized average time.

formed on CIFAR-10 while only requiring one GPU hour with a single batch
of CIFAR-10 images.

4.1 Introduction

As deep neural networks (DNNs) find uses in a wide range of applications,
such as computer vision [, 2, 62 107] and natural language processing [5,
108, 92, 109} [7], Neural Architecture Search (NAS) [29, B3], 34, 110} 18] has
become an increasingly important technique to automate the design of neu-
ral architectures for different tasks [111, 112, 13|, [[T4]. Recent progress
in NAS has demonstrated superior results, surpassing those of human de-
signs [29,36] 34]. However, one major hurdle for NAS is its high computation
cost. For example, the seminal work of NAS [29] consumed 2000 GPU hours
to obtain a high-quality DNN, a prohibitively high cost for many researchers.
The high computation cost of NAS can be attributed to three major factors:
(1) the large search space for candidate neural architectures, (2) the train-
ing of various candidate neural architectures, and (3) the comparison of the
solution quality of candidate neural architectures to guide the NAS search
process. Subsequent NAS work has proposed various techniques to address
the above issues, such as the constraints on the search space [54], the weight-
sharing networks to reduce the training cost [115], and search with synthetic
or random labels [85] [116].

Out of the advancement, the latest efficient proxies showed that the qual-

ity of a neural architecture could be determined by a proxy metric computed
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within seconds without full training. Hence they are near zero-cost (ZC).
The activations of an untrained network were analyzed as a proxy in NAS-
WOT [79] with promising results. Abdelfattah et al.[I9] suggested various
proxies for pruning. Zhang et al.[T17] proposed a zero-cost pruning method
for differentiable NAS at initialization. ZenNAS [I18] quantifies network ex-
pressivity, which has a positive correlation with model accuracy. ZiCo [119]
leverages gradient properties to improve neural network convergence rate.

The efficient proxies discussed above have, however, two primary drawbacks:

1. The quality of these efficient proxies is inconsistent across different
search spaces. While many proxies show high correlations in the con-
fined search spaces of small NAS Benchmarks, their quality can be
vastly different in real-world applications where the search spaces are
orders of magnitude larger than those of the tabular benchmarks. For
instance, Synflow demonstrates a high ranking correlation on NAS-
Bench-201 [120], but its quality is subpar on NAS-Bench-101 [73], which
is 27 times larger than NAS-Bench-201.

2. Efficient proxies don’t adapt well to multi-modality downstream tasks.
These proxies are typically tailored for CIFAR-10 like classification
tasks, resulting in promising prediction results for these specific tasks.
However, their quality drops significantly in other scenarios. As an il-
lustration, NASWOT exhibits a dismal average ranking correlation of
0.03 on NAS-Bench-MR [121], which consists of nine real-world tasks.
Many efficient proxies employ specific algorithms, like pruning, to con-
vert the weights of architectures into prediction values. This rigid al-
gorithmic approach hinders the proxy’s adaptability to tasks beyond
classification. Additionally, some zero-cost proxies have been found to
favor certain neural architectures [122]. For example, both empirical
and theoretical evidence suggest that Synflow has a preference for large
models [123].

We question if it is possible for a zero-cost, few-shot proxy task to accu-
rately mimic the true task and result in similar quality ranks for architectures,
as shown in Figure[4.2] This leads us to introduce a novel and efficient proxy,
called the Extensible proxy (Eproxy), approached from a different perspec-

tive. Recently, in our prior work, Li et al. [124] introduced a method that
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employs regression-based training termed GenNAS for the assessment of ar-
chitectures. Although innovative, their approach is not devoid of costs, both
in terms of time and resources. In contrast, our work takes inspiration from
the GenNAS framework, achieving nearly zero-cost evaluations. Unlike pre-
vious efficient proxies, Eproxy utilizes few-shot spatial-level regression on a
set of image-label pairs (see [llustration in Figure . The labels are 2D syn-
thetic features because, as suggested by Li et al. [124], spatial-level regression
is more challenging than one-hot classification on a tiny dataset, i.e., a batch
of image-label pairs. The key component of Eproxy is the barrier layer. It
takes the output of the architecture network into an untrained convolutional
layer and performs the regression with the labels. Such a simple mechanism
can significantly improve the quality of Eproxy to identify good architec-
tures and bad ones when performing 10 iterations of backpropagation, i.e.,
near zero-cost. We find that the barrier layer increases the complexity of the
optimization space. Hence, poor-quality architectures are more difficult to
optimize (see Section . Since Eproxy is a configurable few-shot trainer,
we design a novel search space for Eproxy that includes various hyperparam-
eters, such as feature combinations, output channel numbers, and selection
for barrier layers, which makes up Eproxy’s multi-modalities. We term such
a search method as Discrete Proxy Search (DPS) (the quality of which is
shown in Figure . Notably, besides the evaluation of a handful of ar-
chitectures’ quality, DPS does not need to use any task-specific information
(e.g., in our experiment, we only use a single batch of CIFAR-10 [125] images

throughout all the experiments).

= >
© S
g &
§ Arch 1 a
- 2 Arch 1
3 g
> Arch 2 c
‘s Arch 2
w = w
Update the weights for 100,000+ iterations in Update the weights for 10 iterations in
training Eproxy

Figure 4.2: A hypothetical illustration of the validation losses of two
architectures on a downstream task is shown on the left. The losses of a
sophisticated few-shot proxy, on the right, can reflect the actual quality of
the architectures on target tasks. The ”W?” represents updated weights.

52



146x faster
*e

o
©

>
H

e synflow
NASWOT

e Eproxy

e Eproxy+DPS

« auto_encoder

spearman rho
[

o
IS

o
N

e class_scene

D
0 5000 10000 15000 20000
GPU hours

(a) Autoencoder: Time
vs Corr.

EProxy Loss
o o
[
N S~
3

=)
-
)
E]

o
o
©

o, st

3.0 : tiw

55 60 65 70
Downstream Task Acc. (%)

(b) DARTS-ImgNet:
Eproxy

55 60 65 70
Downstream Task Acc. (%)

(c) DARTS-ImgNet:
Eproxy+DPS

Figure 4.3: a: Comparison with efficient proxies and early stopping
methods on NAS-Bench-Trans-Micro Autoencoder task. It shows the
effectiveness of DPS compared with early stopping methods on either the
target task or a classification task when evaluating 4096 architectures. b, c:
On NDS DARTS-ImageNet task, Eproxy and Eproxy+DPS (Searched on
DARTS-CIFAR-10, transferred to ImageNet) achieve 0.51, 0.85 p
respectively. It shows DPS can find a search-space-aware Eproxy.

We summarize our contributions as follows:

1. We propose an efficient proxy task with the barrier layer that utilizes

a few-shot self-supervised regression. The task adopts one batch of
images in the CIFAR-10-level dataset (not necessarily from the target
training dataset). It uses synthetic labels to evaluate architectures.
Eproxy significantly speeds up the traditional early stopping evaluation

process while maintaining the high-ranking correlation.

We propose the downstream-task and search-space aware proxy search
algorithm with a proxy search space. We formulate the proxy task
search as a discrete optimization problem with only a handful of archi-
tectures, such that the quality rankings of the networks on the ground-

The searched

Eproxy can accurately evaluate the quality of network architectures

truth task and the proxy task should be consistent.

and make Eproxy search-space and downstream-task aware.

We provide thorough experiments to evaluate the quality of Eproxy and
Eproxy boosted by DPS on more than 30 search spaces and tasks. We
demonstrate that our methods have overall higher quality than exist-
ing efficient proxies in terms of all three factors: architecture ranking
correlation score, top-10%-architecture retrieve rate, and end-to-end

NAS quality. Our solid experimental results can be further utilized to
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Figure 4.4: The design of Eproxy and the searchable components. Dotted
line: The configurable components for Discrete Proxy Search. Green block:
Trainable components. DPS can further utilize the configuration of Eproxy
to target search spaces and downstream tasks.

benefit the NAS community.

4.2 Our Approaches

In Sec. [4.2.1], we present the Eproxy for efficient network evaluation. Sec.
explains how to find a task and search-space aware Eproxy using Discrete

Proxy Search.

4.2.1 Extensible NAS Proxy

The Eproxy is designed for the architectures to learn the output of an un-
trained network on a set of image-label pairs (See Figure . We utilize the
MSE-based training [124] with a large learning rate and limited backprop-
agation steps to make it as efficient as the existing near zero-cost proxies.
However, directly applying a few-shot regression task with a large learning
rate leads to poor correlation based on our observations. To make the Eproxy
architecture-quality-aware within a few iterations, we propose an untrained
barrier layer to make the task more involved (See Section [4.3.1)). The bar-
rier layer is a randomly initialized convolution layer to the output of the

trainable components. Our experiments show that adding such a layer can
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significantly improve the correlation between the predictions and the quality
of neural architectures in the downstream tasks within a few back propa-
gations (Sec [4.3.1). To be more specific, the Eproxy training loss can be

described as:

min Lyssp(Gwy, F(wa, wi, X)), Y) (4.1)

Wa, , Wt

where the X € Rb*¢inxhinxwin jg the a set of input images (b is batch size;
Cin 18 number of input channels). F' is a fully convolutional neural network
(FCN) with a transform layer (a convolutional layer) that transforms the
X to F(-) € Rbxemiaxhoutxwour - The FCN is obtained using the architecture
without a task-specified head in the downstream tasks. For example, the
classifier network with the classification (last pooling and linear layer) head
was removed. w, and w; are the weights of architecture for evaluation and
the weights of the transform layer that project the output channels of the
architecture to c¢,,;4 which is the number of the transform layer’s output
channels. G is the barrier layer, and wy is the weights. Note in the Eproxy
without DPS, Y € RbXcoutxhoutxwout ig the output of an untrained 6-layer
CNN (Figure [4.4] ‘Net).

We further provide the pseudo-code of Eproxy in Listing [4.1] The Eproxy
utilizes a batch of images and corresponding synthetic features as labels (con-
figurations such as the combination of features and output channel numbers
can be searched by DPS). The model is trained for 10 iterations. The model’s
quality is gauged by the MSE loss (lower values denoting better quality).
def Eproxy(arch, barrier, img, features, t_iter = 10, *x

kwargs) :

# img shape: B, C = 3, W_in, H_in

# features shape: B, C_out, W_out, H_out

optimizer = SGD(arch.parameters())

for i in range(t_iter):
output_mid = model(img) # B, C_mid, W_out, H_out
output = barrier (output_mid) # B, C_out, W_out, H_out
loss = ((output - features) **2) .mean ()
optimizer.zero_grad ()
loss_m.backward ()

optimizer.step ()

return loss

Listing 4.1: Pseudo PyTorch-style code for Eproxy.
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4.2.2 Discrete Proxy Search

Since Eproxy provides abundant configurable hyperparameters and utilizes
data-agnostic spatial labels, different settings can be naturally adjusted for
tasks and search spaces. Therefore, we propose a semi-supervised discrete
proxy search to find a setting that can be suitable for the specific modality.
As shown in Figure [1.4] the searchable configurations are provided as follows:

1. Transform and barrier layer: Both layers can have kernel size selected
from {1, 3,7}, and the channel number ¢,,;4 can be selected from 16 to

512 geometrically with 2 as a multiplier.

2. Feature combination: a) Untrained CNN outputs. The experiment re-
sults show that an untrained network’s output features can be powerful
for evaluating architectures on numerous tasks/search spaces. The syn-
thetic features can be interpreted as a tiny knowledge-distillation task
from an untrained teacher network. b) Sine wave: we adopt the sine
wave features with low/mid/high frequency along width/height. The
insight is that good CNNs can learn different frequency signal [124], [94].
The features are generated by sin(2wfz + ¢) or sin(27fy + ¢) with
equal probability to be selected. We set three ranges for frequency f:
low (L) f € (0,0.125), medium (M) f € (0.125,0.375), and high (H)
f € (0.375,0.5). ¢) Dot: By utilizing the Rademacher distribution, we
generate the synthetic features with only 1. The features attempt
to simulate the spatial classification that is widely adopted in tasks
such as detection [126], segmentation [127], tracking [127, 128]. The
combined features can be multiplied by an augment coefficient selected
from 0.5 to 2 with 0.5 as a step.

3. Training hyperparameters: a) Learning rate: we adopt the SGD op-
timizer, and the learning rate can be selected from 0.5 to 1.5 with
0.1 as the step. b) Initialization: we adopt two initialization meth-
ods, Kaiming [129] and Xavier [I30], with either Gaussian or Uniform

initialization, resulting a total of four choices.

4. Intermediate output evaluation: We provide the choices to force the
network to learn the intermediate outputs from the layer before the first

or second downsample layer. The motivation is that earlier stages of the
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network have different learning behaviors from the deeper stages [131].
Thus, monitoring the early stages can give more flexibility for adapting

Eproxy to different tasks.

5. FLOPS: As works [132], 36], 123 [133] suggested that FLOPS is a good
indicator for architecture quality. Hence we incorporate the FLOPS
normalized by the largest architecture in the search space with the
Eproxy loss as £ (1 +a-norm(FLOPS)), where « can be selected from
-0.5 to 0.5 with 0.1 steps.

The total number of configuration combinations in the proxy search space
is 5 x 10'. We utilize the regularization evolutionary algorithm (REA) [31]
to conduct the exploration. First, we randomly sample a small subset of
the neural architectures in the NAS search space and obtain their ground
truth ranking on the target task or a highly correlated down-scaled task
(for example, CIFAR-10 is a good proxy for ImageNet). We then evaluate
these networks using Eproxy with different configurations and calculate the
quality ranking correlation p of the Eproxy and the target task, and the p is
the fitness function for REA.

We provide the pseudo code of the DPS function in Listing [4.2 This
function utilizes a given set of architectures and their corresponding ground-
truth accuracies (archs_accs) and iterates over a specified number of cycles
(cycle). DPS starts with an initial population of configurations, each of
which includes parameters like learning rate, channel numbers, feature com-
binations, among others. The REAEngine class is utilized to manage the
Regularized Evolutionary Algorithm. It aids in generating random config-
urations, calculating correlations between Eproxy losses (under the given
configuration) and ground-truth accuracies for a set of architectures, and
performing evolutionary mutations on the configurations. The function ac-
cumulates and returns the history of configurations and their corresponding
correlations over the evolutionary cycles in config history.
def DPS(archs_accs, cycle, population = 40, sample = 10, x*x*

kwargs) :

# len(archs_accs): 20 pairs of archs & gt accs.
# config: including lr, channel number, feature
combination, etc.

config_history = []

rea = REAEngine (population, sample, mutation_rate)
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# generate the initial pool

for _ in range(population):
config = rea.get_random_config()
corr = rea.get_corr(config, archs_accs) # calculate

the correlation between Eproxy (under the config) losses
and gt accs based on 20 archs.
config_history.append ({config: corrl})

# evolution

for _ in range(cycle):
new_config = rea.get_mutate_config()
corr = rea.get_corr(new_config, archs_accs)

config_history.append ({new_config: corr})

return config_history

Listing 4.2: Pseudo PyTorch-sytle code for DPS.

4.3 Experiments

In this section, we perform the following evaluations for Eproxy and DPS.
First, in Sec. [£.3.1 we conduct the ablation study on NASBench-101 [73],
the first and yet the largest tabular NAS benchmark with over 423k CNN
models and training statistics on CIFAR-10. We explain the mechanism
behind the barrier layer with empirical results. Furthermore, we compared
Eproxy and Eproxy boosted by DPS with existing efficient proxies. Second,
from Sec. to Sec. [£.3.4] we use metrics including ranking correlation,
top-10 architecture retrieve rate [134] to evaluate the proposed method on
NDS [135] (11 search spaces on CIFAR-10, 8 search spaces on ImageNet),
NAS-Bench-Trans-Micro [136] (7 tasks), and NAS-Bench-MR [12]]
(9 tasks). Third, in Sec. we evaluate the end-to-end NAS on NAS-
Bench-101/201. Moreover, we report the end-to-end search on the DARTS-
ImageNet search space in Sec. [4.3.5]

4.3.1 Ablation Study on NAS-Bench-101

We study the effectiveness of our barrier layer in this section. We use the
tool from the work [I37] to visualize the loss surface of an architecture se-

lected randomly from NAS-Bench-101 on our few-shot regression task. Fig-
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ure [4.54] shows the loss surface without the barrier has a good convexity,
which indicates the task is simple, as we use a proxy task that contains very
few samples (16 image-label pairs) for a shorter evaluation period. The sim-
plicity of the proxy task gives us two potential problems that can affect the
final results. (1) If a task is too simple, every model can perform similarly
well. (2) When the optimization is easy, models can have similar quality at
the early stage of training. As we observed, loss surfaces from different mod-
els have similar shapes without barriers, requiring us to use more training
steps to see the difference between good and bad architectures. To mitigate
these two problems, Eproxy added a barrier layer which is a random ini-
tialized linear/convolution layer with frozen weights. As shown in Figure 4
(b), the loss surface with the barrier has a noticeable non-convexity, which
shows the increased complexity of the proxy task, and now it can better re-
flect the actual quality of architecture (Figure . As the irregular
shape of the loss surface varies widely from model to model, it helps us better
distinguish the model quality at the early stage of training, allowing us to
use fewer training steps to speed up the evaluation further. The results in
Table [4.1| show that with the barrier layer, Eproxy can reach p 0.65 in only
10 iterations with a learning rate of 1, and it also significantly improves the
ranking correlation score with more training iterations.

Next, we sample 20 architectures from NAS-Bench-101 and evaluate DPS.
We conduct DPS for 200 epochs, and the total run time is ~20 mins on
a single A6000 GPU. In Table [4.2] we report the network evaluation re-
sults in terms of Spearman’s p and top-10% network coverage using the
proxy task searched by DPS. We evaluated Eproxy against state-of-the-art
zero-cost proxies including NASWOT [79], Synflow [19], ZenNAS [I1§], and
ZiCo [119]. Additionally, we considered architecture parameters and FLOPS
as important baselines [133]. Eproxy significantly outperforms existing zero-
cost proxies by a large margin. For instance, Synflow, scores 0.45, ZiCo
scores 0.61, Eproxy scores 0.65 (without DPS), and Eproxy with DPS scores
0.69. In terms of top-10% retrieval rate, Eproxy with DPS retrieves a higher
number of architectures than DPS (38% vs 31%). The results support the ef-
ficiency and effectiveness of DPS. Meanwhile, Figure confirms that using

Eproxy achieves a comparable evaluation speed with other efficient proxies.
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Figure 4.5: The loss surfaces of best and worst model from NAS-Bench-101
regression task without barrier.
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Figure 4.6: The loss surfaces of best and worst model from NAS-Bench-101
regression task with barrier.

4.3.2 NDS

The original Network Design Spaces (NDS) work [135] investigates differ-
ent search spaces. The NDS is perfect for evaluating efficient proxies in
more complex search spaces. For example, researchers benchmarked 5,000
architectures on the DARTS search space and over 20,000 on the ResNet
search space. We compared our method with existing zero-cost proxies on
11 search spaces on CIFAR-10 and 8 search spaces on ImageNet [102].
We show the results in Table [£.3] Compared to Synflow, ZenNAS, and ZiCo,
Eproxy (without DPS) delivers better results on both CIFAR-10 and Im-
ageNet search spaces. Eproxy (without DPS) performs similarly to NAS-
WOT on both CIFAR-10 and ImageNet search spaces. Boosted by DPS,
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Eproxy delivers significantly better results on target CIFAR-10 search spaces
with 36% and 52% improvement on ranking correlation and top-10% re-
trieve rate, respectively. Notably, Eproxy+DPS searched on CIFAR-10 with
20 architectures performs significantly better on ImageNet search spaces

without any prior knowledge of the dataset. Compared to NWT, Eproxy

with DPS gains 30% and 57% on ranking correlation and top-10% retrieve
rate, respectively. The ImageNet experiment demonstrates the efficiency by
utilizing the architectures trained on the down-scaled dataset (CIFAR-10)
for DPS. It’s noteworthy that using FLOPS and Params as evaluation met-
rics for models may not be suitable in search spaces with limited model size
variations, such as DARTS-f, PNAS-f, and ENAS-f.

4.3.3 NAS-Bench-Trans-Micro

Previous experiments suggest that DPS can optimize Eproxy across different
search spaces. We further evaluate Eproxy and DPS on NAS-Bench-Trans-
Micro, a benchmark that contains 4096 architectures across seven large
tasks from the Taskonomy [138] dataset. The tasks include object classi-
fication, scene classification, unscrambling the image, and image upscaling.
The search space is similar to NAS-Bench-201 but has four operator choices
per edge instead of six. We conduct the DPS on each task using only 20
architectures. We do not have any prior knowledge of the tasks besides the
20 architecture’s ground truth quality since DPS only utilizes a batch of
CIFAR-10 images as input. The results are shown in Table [4.4] Note that
though Eproxy underperforms regarding the ranking correlation, it achieves
better top-10% retrieve rate compared to other methods. It also tells that
the global ranking correlation is not the golden metric for evaluating the
quality of proxies since it merely reflects the difference of top architectures.
With the help of DPS, the average ranking correlation and top 10% retrieve
rate are significantly improved and substantially better than other methods.
Compared to the early stopping method, DPS requires 7.6X less regarding
GPU hours (>99% time for obtaining the quality of 20 architectures while
the DPS only takes 0.5 GPU hour).
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4.3.4 NAS-Bench-MR

We applied Eproxy and DPS to a complex search space, NAS-Bench-MR [121],
with nine high-resolution tasks such as 3D detection, ImageNet-level classi-
fication, segmentation, and video recognition [102] 140, 141], 142]. Approxi-
mately 2,500 architectures were benchmarked. Each architecture underwent
full training (over 100 epochs) and followed a multi-resolution paradigm, with
each network consisting of four stages. Each stage comprised modularized
blocks (parallel and fusion modules). Our work is the first to investigate
this benchmark with efficient proxies. The results are displayed in Table [4.5]
The full training consumption on the Cls-C task was calculated based on the
source code [143], which took approximately 4000 GPU hours. Note that
NASWOT, which performs well on NAS-Bench-Trans-Micro, delivers poor
quality on most tasks, implying the inconsistent quality of current efficient
proxies. Also, we observed that classification rankings are inconsistent with
other tasks, such as segmentation and 3D detection. Our Eproxy+DPS ex-
periments suggest that with a 20-architecture set, the ranking correlation
and top-10% retrieve rate are considerably improved (+89%/478%).

4.3.5 End-to-end NAS with Eproxy

We evaluate Eproxy and DPS on the end-to-end NAS tasks to find efficient
architectures in the search space.

On NAS-Bench-101, we utilize the Eproxy as the fitness function for
Regularized Evolutionary (RE) algorithm. Our results are shown in Ta-
ble compared with NAO [144], Semi-NAS [145], WeakNAS [146]. Note
that Eproxy, without any query (near-zero-cost) from the benchmark, can
find architectures that are significantly better than current SoTA efficient
proxies, Synflow (+ 0.87%) and NASWOT (43.01%). With 20 architectures
for DPS and 40 queries (total of 60) to retrieve the top architectures during
RE, Eproxy+DPS achieves better results than existing SoTA predictor-based
NAS WeakNAS with 100 queries (4+0.23%). Furthermore, we explore the 70
neighbors of the top architectures (a total of 150 queries) and find archi-
tectures with an average of 94.23% accuracy. Note that Semi-NAS with
1000 queries can only reach 94.01%. On NAS-Bench-201, we perform
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the DPS on the CIFAR-10 dataset, and the found proxy is directly trans-
ferred to CIFAR-100 and Tiny-ImageNet. We compare with MCTS [147],
LaNAS [148], WeakNAS [146]. In Table 4.7, we show that Eproxy+DPS
can find optimal global architectures within the RE search history. Com-
pared to RE, which directly queries the benchmark, our approach reduced
7x/32x/9x query times on three datasets. Compared to predictor-based NAS,
Eproxy+DPS also requires fewer queries to discover the optimal architec-
tures. Our results offer an exciting yet promising direction besides pure
predictor-based NAS.

DARTS-ImageNet search space We conduct end-to-end search on
ImageNet-1k dataset within the DARTS search space as defined in [18]. The
network depth is 14 blocks. The input channels are 48, and the FLOPS
range from 500M to 600M for the searched architectures. We utilize the
20 samples from the NDS-DARTS search space (not the same search space
as the target) and conduct DPS on CIFAR-10 for 200 epochs in one GPU
hour. Then we perform the NAS by adopting regularized evolutionary al-
gorithm with the loss of the zero-cost proxy as the fitness function in 0.4
GPU hour. We compare our method with (a) existing works on the DART'S
search space [18| 139, 9] 106, [74], 103] and (b) works on the similar search
spaces [29] [31) 104} 27]. The results are shown in Table . Eproxy achieves
a top-1/5 test error of 25.2%/8.1% using Eproxy with only 0.5 GPU hours for
NAS. With DPS, Eproxy explores the architecture with 24.4% /7.3% as a top-
1/topb test error. Eproxy+DPS significantly outperforms existing NAS on
CIFAR-10, such as PC-DARTS [74], and achieves a comparable result with
NAS on ImageNet, demonstrating Eproxy and DPS’s efficiency. By utilizing
the existing proxy on another search space, DPS shows the transferability

between search spaces.
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Table 4.1: Ranking correlation (Spearman’s p) analysis for different losses
on NASBench-101. “LR” stands for learning rate; “NZC” stands for
near-zero-cost. The results suggest that regression with barrier and large
learning rate can achieve a high ranking correlation in 10 iterations near
Zero cost.

Loss MSE w/o Barrier ~ MSE w/ Barrier
LR 1 le-1 1le-2 1 le-1 1le-2

10 itersN2C  0.08 -0.22 -0.19 0.65 0.46 0.09
100 iters 0.07 0.67 076 065 0.79 0.79
200 iters 0.22 0.64 0.66 061 0.83 0.81
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Table 4.3: Comparison with efficient proxies on NDS search spaces.
denotes the DPS on CIFAR-10 and transferred to ImageNet. Therefore, it
does not necessitate knowledge of the ImageNet dataset. When DPS is not

employed, Eproxy performs better than ZiCo on 7 out of 11 CIFAR-10

search spaces and all 8 ImageNet search spaces. However, with DPS,
Eproxy shows significant superiority over other methods.

CIFAR-10 DARTS DARTS-f AMB ENAS ENAS-f NASNet PNAS PNAS-f Res ResX-A ResX-B Avg.
Synfl 0.42 -0.14  -0.10 0.18  -0.30 0.02 0.25 -0.26 0.21  0.47 0.61  0.12
yntiow 9% 5% 3% 6% 2% 7% 9% 4% 4% 25% 29% 9%
NASWOT 0.65 0.31 0.29 0.54 0.44 0.42 0.50 0.13 0.29 0.64 0.57  0.43
29% 8% 20%  31% 28% 27% 24% 6% % 28% 21%  21%
ZenNAS 0.50 0.01 0.05  0.22 0.07 0.07 0.24 0.20 0.23  0.59 0.66  0.26
14% 4% %  10% 5% 11% 12% 3% 2% 35% 32%  12%
ZiCo 0.49 0.11 0.09 0.29 0.02 0.16 0.26 0.09 0.23 0.54 0.63  0.26
13% 5% 4%  12% 11% 12% 9% 3% 3% 32% 34%  13%
Eprox 0.38 0.34 0.54 0.59 0.48 0.56 0.22 0.24 0.51  0.47 0.19  0.41
proxy 12% 17% 13%  35% 31% 28% 1% 4% 36%  24% 10%  19%
Eproxy+DPs  0:72 0.39 0.56 0.63  0.47 0.54 0.60 0.48 0.56 0.65 0.60 0.56
proxy 33% 19% 29% 36% 30% 32% 35% 28% 36% 32% 19% 29%

ImageNet DARTS DARTS-f Amoeba ENAS NASNet PNAS ResX-A ResX-B Avg.

Synflo 0.21 -0.36 -0.25 0.17 0.01 0.14 0.42 0.31  0.08

ynrow 0% 4% 0% 9% 0% 9% % 13% 6%

0.66 0.20 0.42 0.69 0.51 0.61 0.73 0.63  0.56

NASWOT 16% 8% 33%  36%  33%  10%  30% 38%  26%

ZenNAS 0.21 0.13 0.21 0.22 0.06 0.23 0.60 0.45  0.27

8% 4% 0% 18% 17% 9% 23% 25%  13%

ZiCo 0.24 0.01 0.18 0.26 0.12 0.27 0.52 0.40  0.25

8% 4% 0% 36% 17% 9% 8% 19%  13%

Eprox 0.51 0.31 0.66 0.58 0.56 0.36 0.73 0.70  0.55

proxy 20% 17% 60% 33% 30% 33% 55% 43%  36%

B DPS 0.85 0.53 0.66 0.79 0.85 0.60 0.83 0.72 0.73

proxy T  50% 28% 60% 33% 32% 35% 55% 36% 41%
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Table 4.5: Comparison with efficient proxies, and Cls-C full training which
requires 4000 GPU hours on NAS-Bench-MR. In 9 tasks, Eproxy achieves

superior top-10% retrieval rates compared to recent zero-cost methods like
ZenNAS and ZiCo. Eproxy + DPS demonstrates outstanding quality, even
when compared to full training on Cls-C.

Cls-A Cls-B Cls-C Cls-10c Seg Seg-4x 3dDet Video Video-p Avg.

Svnflow 0.25 0.05 0.37 0.21 0.43 0.22 0.22 0.45 0.52 0.30
Y 11% 14% 20% 15% 17% 9% 8% 18% 17% 14.3%

0.37 -0.20 -0.15 -0.39 0.50 0.38 0.48 -0.36 -0.36 0.03
NASWOT 18% 4% 2% 0% 10% 8% 10% 1% 0% 6%
ZenNAS 0.41 0.50 0.30 0.25 0.49 0.22 0.26 0.41 0.39 0.36

4% 0% 1% 0% 6% 2% 10% 0% 0% 3%
ZiCo 0.40 0.52 0.31 0.27 0.48 0.21 0.25 0.42 0.40 0.36

4% 0% 1% 0% 5% 1% 9% 0% 0% 2%
Eprox 0.52 0.06 0.02 0.29 0.38 0.31 0.34 0.31 0.23 0.27
proxy 18% 10% 10% 15% 17% 13% 23% 11% 11% 14%
Eproxy + DPS 0.57 0.53 0.30 0.48 0.60 0.51 0.39 0.65 0.59 0.51
proxy 16% 35% 18% 32% 24% 13% 29% 33% 27% 25%
Cls-C Full training 0.29 0.51 1.0 0.53 0.21 0.35 0.17 0.35 0.37 n/a
(~4000GPU hrs) 24% 26% 100% 34% 16% 26% 14% 22% 25% N/A

Table 4.6: Comparison with predictor-based methods and efficient proxies
on NAS-Bench-101. Eproxy+DPS as the fitness function for Regularization
Evolutionary Algorithm can find near-optimal architectures with lower
queries.

| RS | NAO | RE | Semi | WeakNAS | Eproxy+DPS
Queries | 2000 | 2000 | 2000 | 1000 | 200 150 100 | 150 | 60 | 0
Test Acc. | 93.64 | 93.90 | 93.96 | 94.01 | 94.18 94.10 93.69 | 94.23 | 93.92 | 93.07

Table 4.7: Comparison with predictor-based methods on NAS-Bench-201
regarding the average queries required for retrieving the global optimal
architectures. Eproxy+DPS uses substantially lower queries to find the
global optimal architectures.

Random Search Regularized Evolution MCTS LaNAS WeakNAS Eproxy+DPS

C10 7782.1 563.2 528.3 247.1 182.1 58.0 + 20
C100 7621.2 438.2 405.4 187.5 78.4 13.71
TinyImg 7726.1 715.1 578.2 292.4 268.4 74.01
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Table 4.8: Comparison with state-of-the-art NAS methods on ImageNet. T
stands for DPS is conducted in NDS search space and directly transferred
to the target. Note Eproxy+DPS achieves the best results among NAS
methods on CIFAR-10.

Method Test Err. (%) Params FLOPS Search Cost Searched Searched
top-1 top-5 (M) (M) (GPU days) Method dataset
NASNet-A 26.0 8.4 5.3 564 2000 RL CIFAR-10
AmoebaNet-C [31] 24.3 7.6 6.4 570 3150 evolution CIFAR-10
PNAS [104] 25.8 8.1 5.1 588 225 SMBO CIFAR-10
DARTS(2nd order) [I8] 26.7 8.7 4.7 574 4.0 gradient-based CIFAR-10
SNAS [139 27.3 9.2 4.3 522 1.5 gradient-based CIFAR-10
GDAS 26.0 8.5 5.3 581 0.21 gradient-based CIFAR-10
P-DARTS [106] 24.4 7.4 4.9 557 0.3 gradient-based CIFAR-10
P-DARTS 24.7 7.5 5.1 577 0.3 gradient-based CIFAR-100
PC-DARTS [74] 25.1 7.8 5.3 586 0.1 gradient-based CIFAR-10
TE-NAS [103] 26.2 8.3 6.3 - 0.05 training-free CIFAR-10
PC-DARTS 24.2 7.3 5.3 597 3.8 gradient-based ImageNet
ProxylessNAS 24.9 7.5 7.1 465 8.3 gradient-based ImageNet
TE-NAS [103] 24.5 7.5 5.4 599 0.17 training-free ImageNet
Eproxy 25.7 8.1 4.9 542 0.02 evolution+proxy CIFAR-10
Eproxy+DPS— 24.4 7.3 5.3 578 0.06 evolution+proxy CIFAR-10
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4.4  Summary

In this chapter, we proposed the Eproxy that utilizes a self-supervised few-
shot regression task within near-zero cost. The Eproxy benefits from the
barrier layer which significantly improves the complexity of the proxy task.
To overcome the drawbacks of current efficient proxies that are not adap-
tive to various tasks/search spaces, we proposed DPS incorporating vari-
ous settings and hyperparameters in a proxy search space and leveraging
REA to conduct efficient exploration. Our experiments on numerous NAS
benchmarks demonstrate that Eproxy is a robust, efficient proxy. Moreover,
with the help of DPS, Eproxy achieves state-of-the-art results and outper-
forms existing state-of-the-art efficient proxies, early-stopping methods, and
predictor-based NAS. Our work significantly ameliorates the inconsistency
of efficient proxies and sets up a series of solid baselines while pointing out a

novel direction for the NAS community.
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CHAPTER 5

COMBINING HUMAN INSIGHT AND
AUTOMATION VIA STRUCTURED
GLOBAL CONVOLUTION

In the previous chapters, we discussed various approaches to improve the
accuracy and efficiency of NAS. However, we also highlighted challenges in
predicting the quality of neural architectures, particularly when dealing with
large search spaces and diverse target tasks. Most NAS algorithms explore
search spaces consisting of conventional components, such as small-kernel
convolution layers, pooling layers, and hyperparameters like layer dimensions
and downsampling rates. While these approaches have shown success, they
often overlook the potential for novel architectural components that require
human innovation, such as attention mechanisms [5].

In this section, we discuss how we can harness newly devised neural archi-
tecture components with automated search. We find that convolutional mod-
els have been widely adopted across various domains, but most rely on local
convolution, which limits their ability to effectively capture long-range de-
pendencies. Attention mechanisms, on the other hand, can aggregate global
information using pairwise attention scores but come at the cost of increased
computational complexity that grows quadratically with sequence length.
This trade-off between capturing long-range dependencies and maintaining
computational efficiency presents an opportunity for exploration. Inspired
by the success of Gu et al.’s global convolutional model, S4, we propose a
new approach to efficiently initialize the global convolutional kernel. By delv-
ing into the S4 model, we identify two key principles that contribute to its
effectiveness: 1) efficient convolutional kernel parameterization that scales
sub-linearly with sequence length, and 2) a decaying kernel structure where
weights for convolving with closer neighbors are larger than those for more
distant ones. Building upon these principles, we introduce Structured Global
Convolution (SGConv), a simple yet powerful convolutional model that can
efficiently capture long-range dependencies. To further optimize SGConv,

we explore the sparsity of the kernel and utilize pruning to automatically
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remove redundant weights. Furthermore, we search for a mixed structure in
a search space with SGConv and attention blocks. By leveraging these tech-
niques, we aim to create a more efficient and adaptable architecture that can
be applied to a wide range of tasks. Our extensive experiments demonstrate
the effectiveness of SGConv and its hybrid architecture. On the Long Range
Arena and Speech Command datasets, our approach outperforms previous
state-of-the-art methods while achieving faster training and inference speeds.
Moreover, integrating SGConv into conventional language and vision models
showcases its potential for improving both efficiency and quality.

SGConv highlights the importance of incorporating human insights into
the design process. By understanding the key principles behind success-
ful architectural designs, such as those in the S4 model, we can guide the
search process toward more interpretable and efficient models. Our work
paves the way for future research that combines human expertise with au-
tomated search techniques, enabling the discovery of robust and adaptable

architectures for diverse tasks.

5.1 Introduction

Handling Long-Range Dependency (LRD) is a key challenge in long-sequence
modeling tasks such as time-series forecasting, language modeling, and pixel-
level image generation. Unfortunately, standard deep learning models fail to
solve this problem for different reasons: Recurrent Neural Network (RNN)
suffers from vanishing gradient, Transformer has complexity quadratic in the
sequence length, and Convolutional Neural Network (CNN) usually only has
a local receptive field in each layer.

A recently proposed benchmark called Long-Range Arena (LRA) [149] re-
veals that all existing models perform poorly in modeling LRD. Notably, all
models fail on one spatial-level sequence modeling task called Pathfinder-X
from LRA except a new Structured State Space sequence model (S4) [150].
The S4 model is inspired by the state space model widely used in control the-
ory and can be computed efficiently with a special parameterization based
on the Cauchy kernel. The exact implementation of the S4 model can be
viewed as a (depthwise) global convolutional model with an involved com-

putation global convolution kernel. Thanks to the global receptive field
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of the convolution kernel, S4 can handle tasks that require LRD, such as
Pathfinder [I51} [149], where classic local CNNs fail [I51] 152]. Also, the use
of the Fast Fourier Transform (FFT) and techniques from numerical linear
algebra make the computational complexity of S4 tractable compared to the
quadratic complexity of attention. Together, S4 shows the potential of global
convolutional models to model LRD and advance the SoTA on LRA.
Despite its accomplishments, the delicate design of the S4 makes it un-
friendly even to knowledgeable researchers. In particular, the empirical suc-
cess of S4 relies on 1) A Diagonal Plus Low Rank (DLPR) parameteriza-
tion whose efficient implementation requires several numerical linear algebra
tricks, 2) An initialization scheme based on the HiPPO matrix derived in
prior work [I53]. Therefore, aiming to reduce the complications of the model

and highlight minimal principles, we raise the following questions:

What contributes to the success of the S4 model? Can we establish a simpler

model based on minimal principles to handle long-range dependency?

To answer these questions, we focus on the design of the global convolution
kernel. We extract two simple and intuitive principles that contribute to
the success of the S4 kernel. The first principle is that the parameterization
of the global convolution kernel should be efficient in terms of the sequence
length: the number of parameters should scale slowly with the sequence
length. For example, classic CNNs use a fixed kernel size. S4 also uses
a fixed number of parameters to compute the convolution kernel while the
number is greater than classic CNNs. Both models satisfy the first principle
as the number of parameters does not scale with input length. The efficiency
of parameterization is also necessary because the naive implementation of
a global convolution kernel with the size of sentence length is intractable
for inputs with thousands of tokens. Too many parameters will also cause
overfitting, thus hurting the quality. The second principle is the decaying
structure of the convolution kernel, meaning that the weights for convolving
with closer neighbors are larger than the more distant ones. This structure
appears ubiquitously in signal processing, with the well-known Gaussian filter
as an example. The intuition is clear that closer neighbors provide a more
helpful signal. S4 inherently enjoys this decaying property because of the
exponential decay of the spectrum of matrix powers (See Figure 5.2)), and we
find this inductive bias improves the model quality (See Section .
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w; k; = a'Upsample(w;)

Concatenate

Figure 5.1: Illustration of the parameterization used in SGConv (Eq. (5.1)).
The convolution kernel is composed of multi-scale sub-kernels.
Parameterization Efficiency. Every larger sub-kernel doubles the size of
the previous sub-kernel while the same number of parameters are used for
every scale, ensuring a logarithmic dependency of the number of parameters
to the input length. Decaying. We use a weighted combination of
sub-kernels where the weights are decaying, and smaller weights are
assigned to larger scales.

We show that these two principles are sufficient for designing a global
convolutional model that captures LRD well. To verify this, we introduce
a class of global convolution kernels with a simple multiscale structure, as
shown in Figure |5.1] Specifically, we compose the convolution kernel by a
sequence of sub-kernels of increasing sizes, yet every sub-kernel is upsampled
from the same number of parameters. This parameterization ensures that the
number of parameters only scales logarithmically to the input length, which
satisfies the first principle. In addition, we add a decaying weight to each
scale during the combination step and fulfill the second principle. We named
our methods as Structural Global Convolution kernels (SGConv). Empirically,
SGConv improves S4 by more than 1% and achieves SoTA results on the LRA
benchmark. On Speech Command datasets, SGConv achieves comparative
results in the ten-class classification task and significantly better results in
the 35-class classification task upon previous SoTA. We further show that
SGConv is more efficient than S4 and can be used as a general-purpose module
in different domains. For example, a hybrid model of classic attention and
SGConv shows promising quality on both autoregressive language modeling

and sentence classification tasks, replacing the 2D convolution kernel of the
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ConvNext model with 1D SGConv matches the quality of the original model.
Moreover, we propose an automatic pruning strategy to prune the kernel
efficiently in the post-training phase.

From the perspective of NAS, the SGConv can be interpreted as a kernel-
level fine-grained search for the distribution of parameters by utilizing param-
eterization. Furthermore, the SGConv has shown that the global convolution
kernel exhibits sparsity and can be pruned (Figure , meaning that the
effective kernel length can be automatically determined through the training
phase. These findings can potentially spark further research and development
in the field. Another simple approach we explore in NAS is the combination
of Attention and SGConv through a mixture model (Section [5.4.3). This
approach is both intuitive and efficient and has the potential to improve the

quality of neural network architectures further.

5.2 Related work

Efficient Transformers. The Transformer architecture [5] has been suc-
cessful across a wide range of applications [3], [154], 155, 156] in machine learn-
ing. However, the computation and memory complexity of the Transformer
scales quadratically with the input length, making it intractable for model-
ing long-range interactions in very long sequences. Therefore, several efficient
variants of the Transformer model have been proposed recently to overcome
this issue [157), 211, 158, 159, 160} 161, 162]. Nevertheless, few of these meth-
ods performed well on benchmarks such as Long Range Arena [149], and

SCROLLS [163], which require long-range modeling ability.

(Re-)parameterization. Parameterization is a crucial but underrated part
of architecture design because different parameterizations usually provide
different inductive biases. For example, weight normalization [164] param-
eterizes the norm and direction of the weight matrices separately and thus
reaches faster convergence. On the other hand, Zagoruyko et al. [165] pro-
posed a Dirac weight re-parameterization to train deep networks without ex-
plicit skip-connections and matched the quality of ResNets [62]. In computer
vision, several works explored using structural re-parameterization to create
2D convolution kernels. Most of these works [166], 167, 168, 169] are limited
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to the vision domain and utilize only short-range convolution kernels (e.g.,
7 x T) except for the line of work based on 2D Fourier operators [170, 171]
and the line of work based on continuous convolutional kernel [172] 173, [174].
Our SGConv kernel is a special parameterization of global convolution kernels

that tackles LRD and showcases the extensibility of re-parameterized kernels.

State Space Models. The state space model (SSM) uses a set of lin-
ear differential equations to model physical systems with input, output, and
state variables. It is widely used in control, neuroscience, and statistics. Re-
cently, Gu et al. [I75] introduced a deep SSM-based model termed S4 that
can outperform prior approaches on several long sequence modeling tasks
with a specially structured state transition matrix. However, the expensive
computation and memory requirements make it impractical. A follow-up
work of S4 proposed a new parameterization of SSM [150], which decom-
poses the state transition matrix into the sum of low-rank and normal ma-
trices and implements SSM as a global convolutional model. Under this
parameterization, the authors then combine the techniques of diagonalizing
the Cauchy kernel and performing low-rank corrections with the Woodbury
identity to compute the global convolution kernel. While achieving promising
results, S4 is theoretically involved and practical implementations of S4 re-
quire accelerator-specific dedicated code optimization for the Cauchy kernel
computation. This makes it difficult to readily implement in deep learn-
ing frameworks [176], 177, 178, [I79] and hardware targets. Concurrent with
this work, many state-space-based models are emerging and bringing better
quality [I80], 18T, [182].

5.3 Design of Global Convolutional Models

We summarize the design principles that enable the global convolutional
model to be both efficient and effective. Then we introduce the proposed
Structured Global Convolution (SGConv) based on the highlighted principles.
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Figure 5.2: Visualization of S4 kernels on (a) Pathfinder-X and (b) Speech
Command 10-class. The values in the convolution kernel exhibit a decaying
behavior. We only plot the first 4096 positions for better illustration.

5.3.1 Design Principles

The two intuitive design principles that contribute to the success of S4 are

efficient parameterization and decaying structure.

Efficient Parameterization. Different from local convolution, where the
kernel size is fixed, global convolution requires a kernel size that is the same as
the sentence length. Naive parameterization of convolution kernel as classic
local convolutions is therefore intractable for long sequences. For instance,
the Pathfinder-X task has a length of 16/K. It then impractically requires
4M parameters for a single layer to model the depth-wise global convolution
kernel with a standard channel size of 256. Thus, an efficient convolution ker-
nel parameterization is necessary, especially when the sentence is extremely
long. For example, S4 takes a well-designed Normal Plus Low-Rank (NPLR)
parameterization to model the whole kernel with two special matrices where

the number of parameters is fixed.

Decaying Structure. Apart from the efficiency of the parameterization,
we find that a decaying structure of the convolution kernel provides a good
inductive bias to long-sequence modeling and contributes to the quality (See
Section for detailed ablation study). Concretely, the magnitude of the
value in the convolution kernel should decay so that more weight is assigned

to the close neighbors. S4 model inherently satisfies this property because
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the k-th element of the kernel of S4 is CA*B and the operator norm of the

power of a matrix decays exponentially:

l, < Al In
decays exponential to k, so HCA’“BH2 <

Fact 1. For a square matriz A, the operator norm HA’“
A%,

|B||, also decays exponentially.

particular, if [|Al, < 1,
ICll, [|A*

I

We can also directly observe the decaying structure of S4 in different tasks
in Figure 5.2

5.3.2 SGConv

Putting the two principles together, we propose a simple global depth-wise
convolution, dubbed Structured Global Convolution (SGConv), based on mul-
tiscale sub-kernels and weighted combinations. (See Figure . We will first
introduce the parameterization of the convolutional kernel and then present

how to build a global convolutional model with this kernel.

Parameterization of SGConv Kernel. Formally, let L be the length of
the input sequence, the convolutional kernel should also has length L. We de-
fine the parameter set of a single channel as S = {wi|0 <i< [logZ (%)] + 1}
where w; € R? is the parameter for i-th sub-kernel &;, and d is the dimension
of the parameter. Denote the number of scales N = [logQ (%)] + 1. We
use the upsample operation, implemented as linear interpolation, to form
sub-kernels of different scales. We use Upsample;(x) to denote upsampling
x to length [ (We use F.interpolate function in Pytorch and set the mode
to be linear in our implementation). We also introduce a normalization
constant Z to ensure the convolution operation will not change the scale of
the input and a coefficient a to control the decaying speed. Now, we are
ready to introduce the weighted combination scheme by concatenating a set

of weighted sub-kernels k;:

1 .
Cat(9) = 7 ko, k1, -+, kn_1], where k; = o'Upsamplegmaxii-1.014 (W;) -
(5.1)

It is easy to check that Cat(S) gives the convolution kernel with length
SN 2maxli=10g — 9N=17 > [, (See Figure for an illustration), which
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can be truncated to L if it is overlength. And the number of parameters is
Nd = O(log L). The decay coefficient «, usually chosen to be 1/2, induces

the decaying structure.

Incorporate SGConv to Modern Architectures. In the implementa-
tion, we compute the depth-wise convolution kernel and use Fast Fourier
Transform to compute the convolution in O(Llog L) time (See Figure [5.3| for
detailed illustration). We compute the normalization constant Z such that
the norm of the kernel is one at initialization and fix it during training. Please
refer to Listing [5.1] for a Python-style pseudo-code. We can plug SGConv into
modern architectures as a replacement of attention in Transformer or local
convolution in ConvNets (See Figure for two examples). Due to
the relaxation of the structure of the convolutional kernel, SGConv does not
have the RNN-style reformulation as S4. Yet, SGConv is naturally capable of
performing autoregressive generation, such as language modeling, similarly
to classic causal convolutional models [I83] [184] and Transformers. Con-
cretely, the convolution kernel is unidirectional, where the computation at
the embedding of i-th is only computed based on tokens before i, and left
zero padding is used for ignoring the overlength kernel. During generation,
hidden states of past tokens are cached for fast calculation of the next token
with a single convolution step. Due to the simplicity of the parameterization,

SGConv kernel is easy to compute and more efficient than the S4 kernel, as
shown in Section [5.4.1]

Input Features

Channel Kernels

Output Features

I~ =

Figure 5.3: Implementing SGConv with FFT. We first compute the
convolutional kernels for each channel as described in Section [5.3.2, and
apply the depth-wise global convolution to the input features.

# Parameters

kernel _param_list = [] # w_i
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for _ in range(num_scales):
kernel_param_list.append(
nn.Parameter (torch.randn(hidden_dim, kernel_dim))
) # size: h * d

# Compute global convolution kermnel
kernel_list = [] # k_i
for i in range(num_scales):
kernel = F.interpolate(
kernel _param_list[i],
scale_factor = 2*x*xmax (0, i-1),
mode = "linear"
) * 0.5 **x i # alpha = 0.5
kernel_list.append(kernel)
# The computed kernel, size: h *x (d * 2°{s-1})
k = torch.cat(kernel_list, dim=-1)

# Normalize kermnel
if is_init: # Compute the norm at initialization
kernel _norm = k.norm(dim=-1, keepdim=True) .detach ()

k = k / kernel_norm

# Use kernel to compute global convolution

# x: batch_size * hidden_dim * seq_len

L = x.size(-1)

# Truncate kermel if it is too long

k = k[..., :L]

# Use FFT to compute convolution

x_f = torch.fft.rfft(x, n=2%L)

k_f = torch.fft.rfft(k, n=2%L)

y_f = torch.einsum("b h 1, h 1 -> b h 1", x_f, k_f)

# Inverse FFT to get the result
y = torch.fft.irfft(y_f, n=2*«L)[..., :L]

Listing 5.1: Pseudo PyTorch-sytle code for SGConv.

5.4 Experiments

In this section, we first test the effectiveness of SGConv on two standard long

sequence modeling tasks, i.e., Long Range Arena [149] and Speech Com-
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Table 5.1: Hyperparameters used in LRA experiments.

| ListOps Text Retrieval Image Pathfinder Path-X

Acc. 61.45 89.20 91.11 87.97  95.46 97.83
Scale dim. 1 2 1 32 32 64
Dropout 0 0 0 0.2 0.2 0

Table 5.2: The quality of SGConv compared to other baselines on the LRA
dataset. SGConv achieves significant improvement compared to previous
methods with a more straightforward structure and faster speed (See

Table

Model ListOps  Text  Retrieval Image Pathfinder Path-X  Avg.
Transformer 36.37 64.27 57.46 42.44 71.40 X 54.39
Sparse Trans. 17.07 63.58 59.59 44.24 71.71 X 51.24
Linformer 35.70 53.94 52.27 38.56 76.34 X 51.36
Reformer 37.27 56.10 53.40 38.07 68.50 X 50.67
BigBird 36.05 64.02 59.29 40.83 74.87 X 55.01
S4 (original) 58.35 76.02 87.09 87.26 86.05 88.10  80.48
S4 [185] 59.60 86.82 90.90 88.65 94.20 96.35  86.09
SGConv 61.45 89.20 91.11 87.97 95.46 97.83 87.17

mands [I86], and compare it with S4 and other baselines. We also conduct
ablation studies over the decay speed and scale dimension d and evaluate the
speed of SGConv on LRA. Further, we explore the possibility of plugging the
global convolutional layer into standard models as a general-purpose compo-
nent for capturing long-range dependency. For language tasks, we find that
replacing half of layers of Transformer with a certain strategy with SGConv
block will not hurt quality, while the complexity of those layers improves
from O(L?) to O(Llog L). On ImageNet, we replace the 7 x 7 convolution

in ConvNext [187] with SGConv and show comparative or better quality.

5.4.1 Long Range Arena

Long Range Arena benchmark [149] is a suite of six tasks consisting of se-
quences ranging from 1K to 16K tokens, encompassing a wide range of data
types and modalities such as text, natural, synthetic images, and mathemat-

ical expressions requiring similarity, structural, and visual-spatial reasoning.
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Table 5.3: Comparison of the inference and backpropagation time
(ms/batch) of S4 and SGConv blocks (number of channels 128, batch size
64) on CPU and GPU. Note that the parameterization in S4 requires a
customized CUDA kernel to improve the efficiency (refer to opt. in the
Table). Nevertheless, SGConv still always surpasses S4 even compared to
the optimized CUDA kernel.

Sequence length 256 512 1024 2048 4096 8192 16384
Inf. S4 29.4 81.7 1583 306.9 594  1156.9 2274.0
CPU SGConv 23.8 56.2 108.7 211.3 409.3 789.5 1559.3
Inf. S4 (w/oopt) 2.7 2.7 4.4 7.9 15.2 32.7 64.5
GPU S4 (w. opt.) 1.6 1.9 3.1 5.4 10.0 22.3 44.3
SGConv 1.2 1.3 2.3 4.4 8.5 19.8 394
BP S4 (w/oopt) 4.1 5.7 10.2 194 38.1 80.1 161.2
GPU | S4 (w. opt.) 3.5 4 6.6 11.9 22.6 48.9 97.8
SGConv 2.0 2.7 5.0 9.6 18.6 41.2 82.5

5.4.1.1 Results

We show the experimental results in Table with several baseline meth-
ods [5l, 157, 21, 158, 159, 150} [185]. SGConv achieves a 1% improvement in
average accuracy upon well-tuned S4 variants introduced in the work [I85].
Notably, SGConv is guided by the two intuitive principles and has a much
simpler structure than S4 [I85]. The detailed implementation settings can

be found in Table (.11

5.4.1.2 Ablation Study on IMDB

We conduct ablation studies on the IMDB byte-level document classification
task in the LRA benchmark. We mainly focus on two aspects: 1) The speed
of decaying and 2) The parameter dimension d of each scale. For simplicity,
in the standard SGConv formulation (Eq. (5.1))), we fix the decay coefficient
a = 1/2 and only tune the dimension d. However, the actual decay speed as
a function of the position in the kernel depends both on o and d, making it
hard to conduct ablation studies. Thus, we use a slightly different convolution

kernel that disentangles the decay speed and the dimension of each scale:

1 1 1 1
Cat*(S) = E [k07k1a"' 7kN71] O] |:F7§7 aE:| ) (5 2)

where k; = Upsamplegmaxi—1.04 (W;) -
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Figure 5.4: Ablation study on the effect of decay speed and hidden
dimension of each scale on IMDB dataset. pos € [1, L] refers to the position
in the convolution kernel. We observe: 1) The decay structure is crucial for
getting good quality; 2) In a reasonable range, d (Dimension) has less
impact on the quality than t (¢ € [0,2.0]).

t here then controls the decay speed, which is independent of each scale’s
dimension. We conduct two sets of experiments: 1) Fix d = 8, vary t from 0
(which means no decay) to 2, and 2) Fix t = 1, vary d from 1 to 64. Figure[5.4]
reports the accuracies in different settings. We can observe that 1) The decay
structure is crucial for getting good quality, and 2) In a reasonable range, d
has less impact on the quality than ¢. Nevertheless, we observe a trend of
quality drop when increasing d from 8 to 64. Experiments on larger d show

worse quality, which can be attributed to overfitting.

5.4.1.3 Speed Comparison

In Table 5.3, we compare the computation speed of the S4 kernel and SGConv
kernel in different settings. Due to its simplicity, SGConv is faster than S4 for
any sentence length. SGConv is about 50% faster than the vanilla implemen-
tation of the S4 kernel and is 15% faster than the optimized CUDA kernel

implementation without resorting to optimized CUDA kernels.

5.4.2 Speech Commands

The Speech Command (SC) dataset [186] is a 35-class dataset of one sec-
ond (16000 HZ sampling rate) spoken words in English. However, followup
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works [I88, 175, 172, 173] adopted a smaller 10-class subset of SC. And
works [I73], I75] on the SC dataset specifically use pre-processing such as
MFCC features. Our baselines are obtained from the works [I50} [I80]. Note
that besides SSM-based models, there is no strong baseline for raw waveform
classification using either the 10-class or the full dataset. And SSM-based
methods also show the ability to perform 0-shot testing at lower sampling
rate such as 8000 Hz. Table shows that the SGConv yields better results
compared to the SSM-based method among four out of five tasks. Notably,
for the original SC (35-class), SGConv achieves marginally higher accuracy
for raw-sequence classification and significantly better results (+2.40%) com-
pared to the existing SOTA method.

Table 5.4: Speech Command classification results compared to existing
methods. * We carefully reproduce the S4 method based on the released
codeE]. Since the latest version removed 10-class experiments settings, we
utilized a earlier version?] The results suggest that for the SC
35-classification, SGConv achieves SoTA on both full length task and 2X
sampling rate, zero-shot task.

10-cls ransformer Performer onv Wave - onv
MFCC 90.75 80.85 89.8 95.3 X 93.96 92.05 94.01
16000HZ X 30.77 16.49 11.6 71.66 98.32 97.98 97.52
8000HZ (0-shot) X 30.68 15.12 65.96 X 96.30 91.83 96.03
35-cls InceptionNet ResNet-18 XResNet-50 ConvNet S4D  S4  S4¥  SGConv
16000HZ 61.24 77.86 83.01 95.51 96.25 96.08 96.27 96.42
8000HZ (0-shot) 5.18 8.74 7.72 7.26 91.58 91.32 91.89 94.29

5.4.3 Further Applications of SGConv

We further study SGConv as a generic network architecture drop-in com-
ponent targeting tasks in language modeling and computer vision. First,
we present an efficient mixture of attention and SGConv layers architecture
that replaces half of the attention blocks in the Transformer with the SGConv
blocks. We demonstrate the potential of utilizing such a model for long text
processing. Then we incorporate SGConv (1D) into ConvNeXt [I87]. Surpris-
ingly, SGConv achieves comparable or even better results compared to several
SoTA CNN and Vision Transformer models by treating the 2D features as

"https://github.com/HazyResearch/state-spaces
Zhttps://github.com/HazyResearch/state-spaces/tree/
307£11bba801d5734235a1791df1859f6ae0e367
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a 1D sequence. Furthermore, we deliver an efficient post-training automatic

pruning strategy for the proposed neural architecture.

Table 5.5: quality comparison on WikiText-103.

Model Valid. Test
LSTM+Hebb. 29.0 29.2
16L Transformer-XL - 24.0
16L SGConv+SAttn | 21.90 22.83
Adaptive Input - 18.7
S4 - 20.95
18L Transformer-XL - 18.3
18L Transformer-XL* | 18.16 18.75
18L SGConv+SAttn | 18.10 18.70

Table 5.6: Comparison of inference time and GPU memory utilization with
Attention blocks. SGConv has significantly less memory usage and faster
inference speed when the sequence increases.

256 512 1024 2048 3072

Attn. Inf. (ms/batch) | 2.6 7.3 232 917 X
Block

Mem. (GB) 2.6 39 79 239 OOM

SGConv | Inf. (ms/batch) | 2.7 5.4 10.9 21.8 43.6
Block

Mem. (GB) 2.6 34 52 87 157

Language modeling. We propose the SGConv block (shown in Figure
which is similar to the Attention block in Transformer [5]. SGConv block en-
joys both O(Llog(L)) time complexity and space complexity. We benchmark
the inference time and GPU memory usage of both SGConv and Attention
in Table When the sequence length is 1024, SGConv block is ~2.1X
faster than the Attention block. For language modeling, we use the feature
of SGConv to process the long sequences directly. The Attention block only
targets the short-range data termed SAttention. We illustrate the structure
in Figure[5.6al Furthermore, we investigate the strategy to replace the Atten-
tion blocks with SGConv blocks. To perform the Neural Architecture Search
Analysis, we generate 50 architectures with eight SGConv blocks and eight
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Attention blocks where the order is shuffled. We denote the average depth to
replace the Attention blocks as Z?EOGCD"“ idx; /Niotar where the idx denotes
the ¢th SGConv depth position. Nggcons = 8 and Nyy; = 16 in this case. The
results in Figure strongly suggest that when fixing the number of SGConv
layer, models achieve better quality by placing SGConv blocks in deeper lay-
ers. Guided by the strategy, we handcraft two Transformer-XL [I89] style
models. (1) 16-layer: {A, A, A, C}x2 + {A, C, C, C}x2. (2) 18 layer: {A,
A, C}x3 + {A, C, C}x3. A denotes SAttention and C denotes SGConv.
x N denotes repeating the order of layers for N times. We test the model
on WikiText-103 [190] which is a wide-used language modeling benchmark
with an average length of 3.6K tokens per article. We set both the attention
and memory length to 384 for 18L model and 192 for 16L model. The length
of input sequence is 3092 which can be processed by SGConv directly. We
show the results in Table Our results suggest that when the attention
range is short, the 1610 model outperform the baseline with -1.17 perplexity.
For the 18L model, our model achieves 18.70 perplexity. Note that we use a
smaller and affordable batch size (16) for training. Under the same setting,
our model gains slightly better perplexity than Transformer-XL (-0.05). Our
results show the potential of adopting SGConv as part of the language model

for long range language sequence processing.

Sentence classification. We combine the SGConv block with the BERT
model [7]. Concretely, we utilize the 12-layer {A, A, C}x2+{A, C, C}x2
model. The pretraining is conducted on BooksCorpus [191] and English
Wikipedia [192]. We then fine-tune the model on the GLUE benchmark [193].
To avoid the instability of fine-tuning on small datasets, we only test on tasks
with more than 5K training samples. We follow the training and fine-tuning
pipeline of [194] (BERT-A in Table 1 of [194]) and report the average accuracy
of five different random seeds. SGConvBERT achieves comparable quality to
the original BERT model, while the SGConv layer is more efficient than the
attention layer.

Image Classification We also evaluate the adaptability of SGConv by
applying it to large-scale image classification. We conduct experiments on
ImageNet-1k [102] which consists of more than 1.28 million high-resolution

training and 50,000 validation images. We use the training settings in the
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Figure 5.6: Incorporating SGConv to Transformer models in language tasks.

work [I8TI] We replace the 7 x 7 2D convolutional kernels with SGConvs in
ConvNeXt [I87] denoted as SGConvNeXt. The block designs of SGConvNeXt
are shown in Figure [5.8, Note we train various sizes of SGConveNeXt using
hyperparameter settings from ConvNeXt3 without any changes. By treat-
ing the 2D features as sequences, our SGConvNeXt achieves better results
compared to existing SOTA methods such as EfficientNets [195], Swin Trans-
formers [I54] (shown in Figure[5.7). Note that Vision Transformer [3] and its
variants [196, 197, 198] adopt patching techniques that can lead to a quadratic

increase in complexity with image size. Also, patching is incompatible with

Shttps://github.com/facebookresearch/ConvNeXt
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Table 5.7: quality comparison of BERT and SGConvBERT on GLUE dataset.
SGConvBERT is comparable with BERT while being more efficient. We
exclude MRPC and RTE datasets in GLUE because their sizes are too

small (< 5K training samples).

|MNLI-m/mm QNLI QQP SST CoLA STS Avg.
BERT ‘ 84.93/84.91 91.34 91.04 92.88 55.19 88.29 84.08
SGCOHVBERT‘ 84.78/84.70  91.25 91.18 92.55 57.92 88.42 84.40
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Figure 5.7: Comparison of ImageNet-1k Top-1 accuracy with SoTA works.
Left: Top-1 Accuracy vs. FLOPs. Right: Top-1 Accuracy vs. Throughputs.

dynamic input resolutions while SGConvNeXt processes the data globally. We
list several interesting directions that can be explored for future work: 1) Op-
timization for the long-range convolution: we noticed that though FFT the-
oretically requires less FLOPs than plain convolution, the throughput drops
empirically. One reason is that there is no optimized CUDA implementation
for 1D long-range convolution and can be a good direction for future work. 2)
Optimized hyperparameters and data augmentation methods: ConvNeXts’
hyperparameters are tuned for maximum quality, which may not be ideal
for SGConvNeXt. 3) SGConv for vision reasoning tasks: we show that SGConv
is powerful for long-range synthetic reasoning tasks and large-scale classifi-
cation tasks. It could be effective in visual reasoning applications such as

Vision-Language Reasoning [199, 200] with great potential.
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NAS-driven Kernel Pruning To explore the impact of pruning on the
trained SGConv kernel and highlight the kernel-level fine-grained search for
parameter distribution through re-parameterization as NAS, we carried out a
series of experiments using a ConvNext-Tiny. We observe the decay for post-
training kernels (Shown in Figure . Thus, we implement pruning on the
SGConv kernel by modifying the pruning ratio from 0.1 to 0.9 in increments
of 0.1. The pruning targeted the kernel of the trained SGConv layer. We test
the model with the pruned kernel and without training and assessed the test
set accuracy. As illustrated in Figure |5.10, accuracy declined as the pruning
ratio increased. However, even at a pruning ratio of 0.9, the accuracy only
dropped to 75.43%, remaining notably higher than the majority of efficient
CNNs. This implies that the SGConv kernel can maintain its effectiveness
despite a substantial degree of sparsity. These findings reveal that pruning
can be employed on the SGConv kernel without considerable accuracy loss,
potentially paving the way for more efficient and resource-conscious models

in the future, through the application of NAS-based parameterization.
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Figure 5.9: Kernels in SGConvNeXt at different stages.
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Figure 5.11: Visualization of the intermediate features of SGConvNeXt on
ImageNet-1k dataset.
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5.5 Summary

In this chapter, we delve into the factors contributing to the success of con-
volutional models in long-sequence modeling tasks and identify two key prin-
ciples. Based on these principles, we propose a simple and intuitive global
convolutional model, SGConv, demonstrating both direct implications and
robust quality. Simultaneously, other works simplify the S4 model by con-
straining the state transition matrix to be diagonal [I80} 201]. The work[180]
introduces a sophisticated approach to parameterization and initialization
schemes in contrast to our work. Their method offers insights into the S4
phenomenon from a state-space-model perspective. As long-range depen-
dency becomes increasingly crucial for sequence modeling, we believe that
similar global convolutional modules will continue to emerge in the future.
From a neural architecture search (NAS) perspective, our work on SGConv
offers an innovative approach to understanding and improving the quality of
neural network architectures, opening new avenues for research and develop-
ment in the field.
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CHAPTER 6

AUTOMATED DESIGN OF DECODING
ADAPTER TOWARDS LARGE
LANGUAGE MODELS

In previous chapters, we explored various methods to efficiently and accu-
rately automate neural architecture design. Furthermore, we examined how
to leverage automation to optimize innovative neural components. This chap-
ter focuses on addressing some limitations of current Large Language Models
(LLMs) that adhere to the same paradigm. Inspired by keen observations
and innovative designs, we investigate how automation can be employed to
explore the design space of both software and hardware for LLMs.

First, we observe that Large Language Models employ auto-regressive de-
coding, which requires sequential computation with each step reliant on the
output of the previous one. This creates a bottleneck, as each step ne-
cessitates moving the full model parameters from High-Bandwidth Memory
(HBM) to the accelerator’s cache.

While methods such as speculative decoding have been suggested to ad-
dress this issue, their implementation is impeded by challenges associated
with acquiring and maintaining a separate draft model.

We present Medusa, an efficient method that augments LLM inference by
adding extra decoding heads to predict multiple subsequent tokens in par-
allel. Using a tree-based attention mechanism, Medusa constructs multiple
candidate continuations and verifies them simultaneously in each decoding
step. By leveraging parallel processing, Medusa reduces the number of de-
coding steps required.

We present two levels of fine-tuning procedures for Medusa to meet the
needs of different use cases: Medusa-1, where Medusa is directly fine-tuned
on top of a frozen backbone LLM, enabling lossless inference acceleration;
and Medusa-2, where Medusa is fine-tuned together with the backbone LLM,
enhancing the prediction accuracy of Medusa heads and achieving higher
speedup, but requiring a special training recipe to preserve the model’s ca-

pabilities.
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Moreover, we propose several automated strategies that improve or expand
the utility of Medusa, including a searched tree attention to explore the spar-
sity of tree attention and search for the optimal number of decoding heads, a
self-distillation to automatically distilled from the model where no training
data is available, and a typical acceptance scheme to boost the acceptance
rate while maintaining generation quality.

We evaluate Medusa on models of various sizes and training procedures.
Our experiments demonstrate that Medusa-1 can achieve over 2.2x speedup
without compromising generation quality, while Medusa-2 further improves
the speedup to 2.3-2.8x.

Finally, we investigate hardware constraints and introduce an analytical
model to predict Medusa’s performance across various model sizes, sequence
lengths, and batch sizes on target devices. This approach enables efficient

analysis of Medusa’s scalability to larger models on new hardware.

6.1 Introduction

The recent advancements in Large Language Models (LLMs) have demon-
strated that the quality of language generation significantly improves with
an increase in model size, reaching billions of parameters [§], 202] 203, 204,
205, 200, 20]. However, this growth has led to an increase in inference la-
tency, which poses a significant challenge in practical applications. From
a system perspective, LLM inference is predominantly memory-bandwidth-
bound [207, 208], with the main latency bottleneck stemming from accelera-
tors’ memory bandwidth rather than arithmetic computations. This bottle-
neck is inherent to the sequential nature of auto-regressive decoding, where
each forward pass requires transferring the complete model parameters from
High-Bandwidth Memory (HBM) to the accelerator’s cache. This process,
which generates only a single token, underutilizes the arithmetic computation
potential of modern accelerators, leading to inefficiency.

To address this, one approach to speed up LLM inference involves in-
creasing the operational intensity (the ratio of total floating-point operations
(FLOPs) to total data movement) of the decoding process and reducing the
number of decoding steps. In line with this idea, speculative decoding has
been proposed [209] 210, 21T}, 212]. This method uses a smaller draft model
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to generate a token sequence, which is then refined by the original, larger
model for acceptable continuation. However, obtaining an appropriate draft
model remains challenging, and it’s even harder to integrate the draft model
into a distributed system [210].

Instead of using a separate draft model to sequentially generate candidate
outputs, in this chapter, we revisit and refine the concept of using multiple
decoding heads on top of the backbone model to expedite inference [213]. We
find that when applied effectively, this technique can overcome the challenges
of speculative decoding, allowing for seamless integration into existing LLM
systems. Specifically, we introduce Medusa, a method that enhances LLM
inference by integrating additional decoding heads to concurrently predict
multiple tokens. These heads are fine-tuned in a parameter-efficient manner
and can be added to any existing model. With no requirement for a draft
model, Medusa offers easy integration into current LLM systems, including
those in distributed environments, ensuring a user-friendly experience.

We further enhance Medusa with two key insights. Firstly, the current
approach of generating a single candidate continuation at each decoding step
leads to inefficient use of computational resources. To address this, we pro-
pose generating multiple candidate continuations using the Medusa heads
and verifying them concurrently through a simple adjustment to the atten-
tion mask. Secondly, we can reuse the rejection sampling scheme as used
in speculative decoding [209] 210] to generate consistent responses with the
same distribution as the original model. However, it cannot further enhance
the acceleration rate. Alternatively, we also introduce a typical acceptance
scheme that selects reasonable candidates from the Medusa head outputs.
We use temperature as a threshold to manage deviation from the original
model’s predictions, providing an efficient alternative to the rejection sam-
pling method.

To equip LLMs with predictive Medusa heads, we propose two distinct
fine-tuning procedures tailored to various scenarios. For situations with lim-
ited computational resources or when the objective is to incorporate Medusa
into an existing model without affecting its quality, we recommend Medusa-
1. This method requires minimal memory and can be further optimized with
quantization techniques akin to those in QLoRA [214], without compromising
the generation quality due to the fixed backbone model. However, in Medusa-

1, the full potential of the backbone model is not utilized. We can further
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fine-tune it to enhance the prediction accuracy of Medusa heads, which can
directly lead to a greater speedup. Therefore, we introduce Medusa-2, which
is suitable for scenarios with ample computational resources or for direct Su-
pervised Fine-Tuning (SFT) from a base model. The key to Medusa-2 is a
training protocol that enables joint training of the Medusa heads and the
backbone model without compromising the model’s next-token prediction
capability and output quality. We propose different strategies for obtaining
the training datasets depending on the model’s training recipe and dataset
availability. When the model is fine-tuned on a public dataset, it can be
directly used for Medusa. If the dataset is unavailable or the model under-
went a Reinforcement Learning with Human Feedback (RLHF) [215] process,
we suggest a self-distillation approach to generate a training dataset for the
Medusa heads.

Our experiments primarily focus on scenarios with a batch size of one,
which is representative of the use case where LLMs are locally hosted for per-
sonal use. We test Medusa on models of varying sizes and training settings,
including Vicuna-7B, 13B (trained with a public dataset), Vicuna-33B [216]
(trained with a private dataset), and Zephyr-7B (trained with both super-
vised fine-tuning and alignment). Medusa can achieve a speedup of 2.3 to
2.8 times across different prompt types without compromising on the quality
of generation.

Moreover, we explored the hardware constraints, specifically memory-band-
width bound, and their impact on Medusa. By profiling the performance of
FLOP/s vs. Operational Intensity across various GPUs, we examined the
changes when using Medusa for different operators. We propose a straight-
forward analytical model that allows us to predict the acceleration rates of
Medusa, providing insights into the effects under different model sizes, se-

quence lengths, and batch sizes on target devices.

6.2 Related Work

6.2.1 LLM Inference Acceleration

The inefficiency of Large Language Model (LLM) inference is primarily at-

tributed to the memory-bandwidth-bound nature of the auto-regressive de-
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Figure 6.1: Medusa introduces multiple heads on top of the last hidden
states of the LLM, enabling the prediction of several subsequent tokens in
parallel. During inference, each head generates multiple top predictions for
its designated position. These predictions are assembled into candidates,
which are processed in parallel using a tree-based attention mechanism. The
final step is to verify the candidates and accept a continuation. Besides the
standard rejection sampling scheme, a typical acceptance scheme can also
be used here to select reasonable continuations, and the longest accepted
candidate prefiz will be used for the next decoding phase.

coding process. Several methods have been proposed to alleviate this issue,
improving inference latency and throughput. Traditionally, batch inference
has been employed as a straightforward method to enhance arithmetic inten-
sity and escape memory-bandwidth-bound limitations. However, with LLMs,
both model parameters and the Key-Value (KV) cache consume substantial
accelerator memory, hindering the utilization of large batch sizes. Existing
methods to tackle this problem can be conceptually divided into two main
categories: (1) Reducing memory consumption, thereby minimizing memory
transfer overhead and enabling larger batch sizes, and (2) Minimizing the

number of decoding steps to decrease latency directly.
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Reducing KV Cache. Methods such as Multi-query attention [207] and
Grouped-query attention [217] adopt a direct approach to diminish the KV
cache. By utilizing fewer key and value heads in the attention modules rel-
ative to query heads, these strategies substantially cut the KV’s memory
consumption, thereby facilitating larger batch sizes and enhanced acceler-
ator utilization [218]. Additionally, [219] proposes to selectively retain the
most critical KV tokens, further reducing the KV cache. From a system per-
spective, [220] introduces a paged memory management scheme for reducing

fragmentation of the KV cache.

Quantization. Quantization techniques are extensively used to shrink LLMs’
memory consumption. Xiao et al. [221] apply rescaling between activations
and parameters to eliminate outliers and simplify the quantization process.
Dettmers et al. [222] breaks down matrix multiplications into predominantly
8-bit and a minority of 16-bit operations. Frantar et al. [223] iteratively round
weight columns into 3/4 bits, while Lin et al. [224] present an activation-aware
quantization scheme to protect salient weights and compress LLMs to 3/4
bits. Kim et al. [208] introduce a sparse plus low-precision pattern to handle

a minor portion of vital weights, among other techniques.

Speculative Decoding. As an approach orthogonal to the aforementioned
methods, speculative decoding [209, 210] aims to execute several decoding
steps in parallel, thus reducing the total number of steps required. This
parallelization is realized by employing a smaller draft model to conjecture
several subsequent words, which the LLMs then collectively evaluate and
accept as appropriate. While resonating with non-autoregressive generation
literature [225], this method is specifically tailored for LLMs to address the
aforementioned inefficiency. Unlike previous works, we propose leveraging
the original model to make predictions rather than introducing an additional
draft model. This approach is more straightforward and seamlessly integrates
into existing systems without the complexities of managing two models. In-
dependently, works[212], 226] propose the use of tree-structured attention to
generate multiple candidates in parallel, where Miao el al.[212] suggest em-
ploying an ensemble of models to propose candidates, and Spector et al.[226]
advocate adding another hierarchy for the draft model. However, draft mod-

els require specialized pretraining and alignment with the target models.
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While employing multiple draft models can be cumbersome and involves the
complexity of managing parallelism, our approach, which relies solely on de-
coding heads, offers a simpler alternative. Miao et al. [212] employ multiple
draft models to generate tokens and merge them using tree attention, while
Spector et al. [226] utilize a small draft model to process each level of the tree
in batches. In contrast, our method directly uses the top predicted tokens
from each of Medusa heads to create a static sparse tree without autoregres-
sion or adjusting the tree structure. This approach simplifies the process
and improves efficiency. Additionally, we demonstrate through a detailed

ablation study how the nodes of the tree can affect decoding speed.

6.2.2 Sampling Scheme

The manner in which text is sampled from Large Language Models (LLMs)
can significantly influence the quality of the generated output. Recent stud-
ies have revealed that direct sampling from a language model may lead to
incoherent or nonsensical results [227, 228]. In response to this challenge,
truncation sampling schemes have been introduced [229, 230, 231, 232}, 233].
These approaches aim to produce high-quality and diverse samples by per-
forming sampling on a truncated distribution over a specific allowed set at
each decoding step.

Different strategies define this allowed set in various ways. For example,
top-k sampling [229] retains the k& most likely words, whereas top-p sam-
pling [228] incorporates the minimal set of words that account for p percent
of the probability. Another method, known as typical decoding [233], em-
ploys the entropy of the predicted distribution to establish the threshold
for inclusion. Hewitt et al. [232] offers a unified framework to understand
truncation sampling techniques comprehensively.

Drawing inspiration from these methods, our typical acceptance scheme
aligns with the concept of defining an allowed set to exclude improbable can-
didates from the sampling process. However, we diverge because we do not
insist on an exact correspondence between the output and language model
distribution. This deviation allows us to facilitate more diverse yet high-
quality outputs, achieving greater efficiency without compromising the in-

tegrity of the generated text.
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6.3 Methodology

Medusa follows the same framework as speculative decoding, where each
decoding step primarily consists of three substeps: (1) generating candidates,
(2) processing candidates, and (3) accepting candidates. For Medusa, (1) is
achieved by Medusa heads, (2) is realized by tree attention, and since Medusa
heads are on top of the original model, the logits calculated in (2) can be
used for substep (1) for the next decoding step. The final step (3) can be
realized by either rejection sampling [209, 210] or typical acceptance. The
overall pipeline is illustrated in Figure [6.1

In this section, we first introduce the key components of Medusa, including
Medusa heads, and tree attention. Then, we present two levels of fine-tuning
procedures for Medusa to meet the needs of different use cases. Finally, we
propose two extensions to Medusa, including an automated self-distillation
and typical acceptance, to handle situations where no training data is avail-
able for Medusa and to improve the efficiency of the decoding process, re-

spectively.

6.3.1 Key Components

6.3.1.1 Medusa Heads

In speculative decoding, subsequent tokens are predicted by an auxiliary
draft model. This draft model must be small yet effective enough to gen-
erate continuations that the original model will accept. Fulfilling these re-
quirements is a challenging task, and existing approaches [220, 212] often
resort to separately pre-training a smaller model. This pre-training process
demands substantial additional computational resources. For example, in the
work [212], a reported 275 NVIDIA A100 GPU hours were used. Addition-
ally, separate pre-training can potentially create a distribution shift between
the draft model and the original model, leading to continuations that the
original model may not favor. Chen et al. [210] have also highlighted the
complexities of serving multiple models in a distributed environment.

To streamline and democratize the acceleration of LLM inference, we take
inspiration from Stern et al. [213], which utilizes parallel decoding for tasks

such as machine translation and image super-resolution. Medusa heads are
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additional decoding heads appended to the last hidden states of the original
model. Specifically, given the original model’s last hidden states h; at position
t, we add K decoding heads to h;. The k-th head is used to predict the token
in the (¢ + k + 1)-th position of the next tokens (the original language model
head is used to predict the (t41)-th position). The prediction of the k-th head

is denoted as pgk), representing a distribution over the vocabulary, while the

prediction of the original model is denoted as pﬁo). Following the approach
of [213], we utilize a single layer of feed-forward network with a residual
connection for each head. We find that this simple design is sufficient to
achieve satisfactory performance. The definition of the k-th head is outlined

as:

p§k) = softmax (Wék) : (SiLU(Wl(k) ~hy) + ht>> :

where WiF € RV W ¢ pixd

d is the output dimension of the LLM’s last hidden layer and V is the
vocabulary size. We initialize Wz(k) identically to the original language model
head, and Wl(k) to zero. This aligns the initial prediction of the Medusa
heads with that of the original model. The SiLU activation function [234] is
employed following the Llama models [20].

Unlike a draft model, Medusa heads are trained in conjunction with the
original backbone model, which can remain frozen during training (Medusa-
1) or be trained together (Medusa-2). This method allows for fine-tuning
large models even on a single GPU, taking advantage of the powerful base
model’s learned representations. Furthermore, it ensures that the distribu-
tion of the Medusa heads aligns with that of the original model, thereby
mitigating the distribution shift problem. Additionally, since the new heads
consist of just a single layer akin to the original language model head, Medusa
does not add complexity to the serving system design and is friendly to dis-
tributed settings. We will discuss the training recipe for Medusa heads in
Section [6.3.2
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6.3.1.2 Tree Attention

Through Medusa heads, we obtain probability predictions for the subsequent
K + 1 tokens. These predictions enable us to create length-K + 1 continua-
tions as candidates. While the speculative decoding studies [209, 210] suggest
sampling a single continuation as the candidate, leveraging multiple candi-
dates during decoding can enhance the expected acceptance length within a
decoding step. Nevertheless, more candidates can also raise computational
demands. To strike a balance, we employ a tree-structured attention mecha-

nism to process multiple candidates concurrently. This attention mechanism
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Figure 6.2: We demonstrates the use of tree attention to process multiple
candidates concurrently. As exemplified, the top-2 predictions from the first
Medusa head and the top-3 from the second result in a total of 2 x 3 =6
candidates. Each of these candidates corresponds to a distinct branch
within the tree structure. To guarantee that each token only accesses its
predecessors, we devise an attention mask that exclusively permits attention
flow from the current token back to its antecedent tokens. The positional
indices for positional encoding are adjusted in line with this structure.

diverges from the traditional causal attention paradigm. Within this frame-
work, only tokens from the same continuation are regarded as historical data.
Drawing inspiration from the concept of embedding graph structures into at-
tention as proposed in the graph neural network domain [235], we incorporate

the tree structure into our attention mask, visualized in Figure[6.2] Remark-
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ably, similar ideas have also been explored in independent works [212], 226],
where they follow a bottom-up approach and construct the tree by merg-
ing multiple candidates generated by a draft model. In our method, we
instead take a top-down approach to build the tree thanks to the structure
of candidates generated by Medusa heads. For a given k-th head, its top-si
predictions serve as the basis for candidate formation, where sj is a desig-
nated hyperparameter. These candidates are established by determining the
Cartesian product of the top-s; predictions from each head. For instance, in
Figure [6.2] with s; = 2 and s, = 3, each first head prediction can be suc-
ceeded by any prediction from the second head. This leads to a tree structure
where s, branches exist at the k-th level (considering a virtual root as the
O-level, in practice, this O-level is for the prediction of the language model
head of the original model, which can be sampled independently). Within
this tree, only a token’s predecessors are seen as historical context, and our
attention mask ensures that the attention is only applied on a token’s prede-
cessors. By employing this mask and properly setting the positional indices
for positional encoding, we can process numerous candidates simultaneously
without the need to expand the batch size. The cumulative number of new
tokens is calculated as S0 [r_, s:.

In this section, we demonstrate the most simple and regular way to con-
struct the tree structure by taking the Cartesian product. However, it is
possible to construct the tree structure in a more sophisticated way and ex-
ploit the unbalanced accuracy of different top predictions of different heads.
We will discuss this in Section [6.3.3]

6.3.2 Training Strategies

At the most basic level, we can train Medusa heads by freezing the backbone
model and fine-tune Medusa heads. However, training the backbone in con-
junction with the Medusa heads can significantly enhance the accuracy of the
Medusa heads. Depending on the computational resources and the specific
requirements of the use case, we propose two levels of training strategies for
Medusa heads.

In this section, we assume the availability of a training dataset that aligns

with the target model’s output distribution. This could be the dataset used
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for Supervised Fine-Tuning (SFT) of the target model. We will discuss how

to eliminate the need for such a dataset using a self-distillation approach in

Section [6.3.3]

6.3.2.1 Medusa-1: Frozen Backbone

To train Medusa heads with a frozen backbone model, we can use the cross-
entropy loss between the prediction of Medusa heads and the ground truth.
Specifically, given the ground truth token y;, 5.1 at position ¢t + k + 1, the
loss for the k-th head is £ = —logp!" (Yt4xt+1) Where M (y) denotes the
probability of token y predicted by the k-th head. We also observe that L
is larger when £k is larger, which is reasonable since the prediction of the k-th
head is more uncertain when k is larger. Therefore, we can add a weight A
to L, to balance the loss of different heads. And the total Medusa loss is:

K

LMedusa—l = Z _/\k log pgk) (yt+k+1)' (61>
k=1

In practice, we set Ay as the k-th power of a constant like 0.8. Since we
only use the backbone model for providing the hidden states, we can use a
quantized version of the backbone model to reduce the memory consumption.
This introduces a more democratized way to accelerate LLM inference, as
with the quantization, Medusa can be trained for a large model on a single
consumer GPU similar to QLoRA [214]. The training only takes a few hours
(e.g., 5 hours for Medusa-1 on Vicuna 7B model with a single NVIDIA A100
PCIE GPU to train on 60k ShareGPT samples).

6.3.2.2 Medusa-2: Joint Training

To further improve the accuracy of Medusa heads, we can train Medusa heads
together with the backbone model. However, this requires a special training
recipe to preserve the backbone model’s next-token prediction capability and

output quality. To achieve this, we propose three strategies:

e Combined loss: To keep the backbone model’s next-token predic-
tion capability, we need to add the cross-entropy loss of the backbone

model L1y = — log pgo) (y¢+1) to the Medusa loss. We also add a weight
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Ao to balance the loss of the backbone model and the Medusa heads.

Therefore, the total loss is:
/CMedusa—2 - *CLM + )\O'CMedusa—L (62)

e Differential learning rates: Since the backbone model is already
well-trained and the Medusa heads need more training, we can use
separate learning rates for them to enable faster convergence of Medusa

heads while preserving the backbone model’s capability.

e Heads warmup: Noticing that at the beginning of training, the
Medusa heads have a large loss, which leads to a large gradient and
may distort the backbone model’s parameters. Following the idea from
[2306], we can employ a two-stage training process. In the first stage, we
only train the Medusa heads as Medusa-1. In the second stage, we train
the backbone model and Medusa heads together with a warmup strat-
egy. Specifically, we first train the backbone model for a few epochs,
then train the Medusa heads together with the backbone model. Be-
sides this simple strategy, we can also use a more sophisticated warmup
strategy by gradually increasing the weight \g of the backbone model’s

loss. We find both strategies work well in practice.

Putting these strategies together, we can train Medusa heads together with
the backbone model without hurting the backbone model’s capability. More-
over, this recipe can be applied together with Supervised Fine-Tuning (SFT),

enabling us to get a model with native Medusa support.

6.3.3 Extensions

6.3.3.1 Typical Acceptance

In speculative decoding papers [209, 210], authors employ rejection sam-
pling to yield diverse outputs that align with the distribution of the original
model. However, subsequent implementations [237, 226] reveal that this sam-
pling strategy results in diminished efficiency as the sampling temperature
increases. Intuitively, this can be comprehended in the extreme instance

where the draft model is the same as the original one. Here, when using
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greedy decoding, all output of the draft model will be accepted, therefore
maximizing the efficiency. Conversely, rejection sampling introduces extra
overhead, as the draft model and the original model are sampled indepen-
dently. Even if their distributions align perfectly, the output of the draft
model may still be rejected.

However, in real-world scenarios, sampling from language models is often
employed to generate diverse responses, and the temperature parameter is
used merely to modulate the “creativity” of the response. Therefore, higher
temperatures should result in more opportunities for the original model to
accept the draft model’s output. We ascertain that it is typically unnecessary
to match the distribution of the original model. Thus, we propose employ-
ing a typical acceptance scheme to select plausible candidates rather than
using rejection sampling. This approach draws inspiration from truncation
sampling studies [232] (refer to Section for an in-depth explanation).
Our objective is to choose candidates that are typical, meaning they are not
exceedingly improbable to be produced by the original model. We use the
prediction probability from the original model as a natural gauge for this
and establish a threshold based on the prediction distribution to determine
acceptance. Specifically, given x1, xo,- - - , x, as context, when evaluating the
candidate sequence (11, Tnio,  * ,Tnikx+1) (composed by top predictions
of the original language model head and Medusa heads), we consider the

condition

poriginal(xn+k|x17 Loyt 7$n+k—1) >

min (67 5eXp (_H(poriginal("xla Xy« >$n+k—1)))) 5

where H(-) denotes the entropy function, and €, are the hard threshold
and the entropy-dependent threshold respectively. This criterion is adapted
from [232] and rests on two observations: (1) tokens with relatively high
probability are meaningful, and (2) when the distribution’s entropy is high,
various continuations may be deemed reasonable. During decoding, every
candidate is evaluated using this criterion, and a prefiz of the candidate is
accepted if it satisfies the condition. To guarantee the generation of at least
one token at each step, we apply greedy decoding for the first token and
unconditionally accept it while employing typical acceptance for subsequent

tokens. The final prediction for the current step is determined by the longest
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accepted prefic among all candidates.

Examining this scheme leads to several insights. Firstly, when the tem-
perature is set to 0, it reverts to greedy decoding, as only the most probable
token possesses non-zero probability. As the temperature surpasses 0, the
outcome of greedy decoding will consistently be accepted with appropriate
€,0, since those tokens have the maximum probability, yielding maximal
speedup. Likewise, in general scenarios, an increased temperature will cor-
respondingly result in longer accepted sequences, as corroborated by our
experimental findings.

Empirically, we verify that typical acceptance can achieve a better speedup

while maintaining a similar generation quality as shown in Figure [6.7]

6.3.3.2 Automated Self-Distillation

In Section [6.3.2] we assume the existence of a training dataset that matches
the target model’s output distribution. However, this is not always the case.
For example, the model owners may only release the model without the train-
ing data, or the model may have gone through a Reinforcement Learning with
Human Feedback (RLHF') procedure, which makes the output distribution of
the model different from the training dataset. To tackle this issue, we propose
an automated self-distillation pipeline to use the model itself to generate the
training dataset for Medusa heads, which matches the output distribution of
the model.

The dataset generation process is straightforward. We first take a public
seed dataset from a domain similar to the target model; for example, using
the ShareGPT [238] dataset for chat models. Then, we simply take the
prompts from the dataset and ask the model to reply to the prompts. In
order to obtain multi-turn conversation samples, we can sequentially feed
the prompts from the seed dataset to the model. Or, for models like Zephyr
7B [239], which are trained on both roles of the conversation, they have the
ability to self-talk, and we can simply feed the first prompt and let the model
generate multiple rounds of conversation.

For Medusa-1, this dataset is sufficient for training Medusa heads. How-
ever, for Medusa-2, we observe that solely using this dataset for training the
backbone and Medusa heads usually leads to a lower generation quality. In

fact, even without training Medusa heads, training the backbone model with
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this dataset will lead to quality degradation. This suggests that we also need
to use the original model’s probability prediction instead of using the ground
truth token as the label for the backbone model, similar to classic knowledge
distillation works [240]. Concretely, the loss for the backbone model is:

Lin-distin = K L(pg?i)ginal,t’|p£0)>7

(0)

original,t

where p denotes the probability distribution of the original model’s
prediction at position t.

However, naively, to obtain the original model’s probability prediction,
we need to maintain two models during training, increasing the memory re-
quirements. To further alleviate this issue, we propose a simple yet effective
way to exploit the self-distillation setup. We can use a parameter-efficient
adapter like LoRA [241] for fine-tuning the backbone model. In this way, the
original model is simply the model with the adapter turned off. Therefore,
the distillation does not require additional memory consumption. Together,
this self-distillation pipeline can be used to train Medusa-2 without hurting
the backbone model’s capability and introduce almost no additional memory
consumption. Lastly, one tip about using self-distillation is that it is prefer-
able to use LoRA without quantization in this case, otherwise, the teacher
model will be the quantized model, which may lead to a lower generation

quality.

6.3.3.3 Searching for the Optimized Tree Construction

In Section [6.3.1], we present the simplest way to construct the tree structure
by taking the Cartesian product. However, with a fixed number of total nodes
in the tree, a regular tree structure may not be the best choice. Intuitively,
those candidates composed of the top predictions of different heads may have
different accuracies. Therefore, we can leverage an estimation of the accuracy
to construct the tree structure.

Specifically, we can use a calibration dataset and calculate the accuracies of
the top predictions of different heads. Let a,(j) denote the accuracy of the i-th
top prediction of the k-th head. Assuming the accuracies are independent,
we can estimate the accuracy of a candidate sequence composed by the top
li1,42, -+ ,ix] predictions of different heads as Hk a\"). Let I denote the

J=1"]
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set of all possible combinations of [i1, s, - - - , %] and each element of I can be
mapped to a node of the tree (not only leaf nodes but all nodes are included).

Then, the expectation of the acceptance length of a candidate sequence is:

k
> 104

[i1,d2, ig]el j=1

Thinking about building a tree by adding nodes one by one, the contribution
of a new node to the expectation is exactly the accuracy associated with the
node. Therefore, we can greedily add nodes to the tree by choosing the node
that is connected to the current tree and has the highest accuracy. This
process can be repeated until the total number of nodes reaches the desired
number. In this way, we can construct a tree that maximizes the expectation
of the acceptance length.

Figure illustrates the structure of a sparsely constructed tree for the
Medusa-2 Vicuna-7B model. This tree structure extends four levels deep, in-
dicating the engagement of four Medusa heads in the computation. The tree
is initially formed through a Cartesian product approach and subsequently
refined by pruning based on the statistical expectations of the top-k pre-
dictions from each Medusa head measured on the Alpaca-eval dataset [242].
The tree’s lean towards the left visually represents the algorithm’s preference

for nodes with higher probabilities on each head.

6.4 Experiments

In this section, we present experiments to demonstrate the effectiveness of
Medusa in different settings. First, we evaluate Medusa on the Vicuna-7B
and 13B models [216] to show the performance of Medusa-1 and Medusa-2.
Then, we assess our method using the Vicuna-33B and Zephyr-7B models
to demonstrate self- distillation’s viability in scenarios where direct access
to the fine-tuning recipe is unavailable, as with Vicuna-33B, and in mod-
els like Zephyr-7B that employ Reinforcement Learning from Human Feed-
back (RLHF). The evaluation is conducted on MT-Bench [243], a multi-turn,

conversational-format benchmark.
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Figure 6.3: Visualization of a sparse tree setting for Medusa-2 Vicuna-7B.
The tree has 64 nodes representing candidate tokens and a depth of 4 which
indicates 4 Medusa heads involved in calculation. Each node indicates a
token from a top-k prediction of a Medusa head, and the edges show the
connections between them. The red lines highlight the path that correctly
predicts the future tokens.

6.4.1 Experiment Settings

6.4.1.1 Common Terms

We clarify three commonly used terms: a) Acceleration rate: This refers
to the average number of tokens decoded per decoding step. In a standard
auto-regressive model, this rate is 1.0. b) Overhead: This is used to char-
acterize the per decoding step overhead compared to classic decoding, and
is calculated by dividing the average per step latency of the Medusa models
by that of the vanilla model. ¢) Speedup: This refers to the wall-time accel-
eration rate. Following these definitions, we have the relation: Speedup =

Acceleration rate / Overhead.

6.4.1.2 Shared Settings

For all the experiments, we use the Axolotl [244] framework for training. We
use a cosine learning rate scheduler with warmup and use 8-bit AdamW [245]
optimizer. We train five Medusa heads with one layer and set \; in Eq.
to be 0.8%. For Medusa-2, we use either LoRA [241] or QLoRA [214] for fine-
tuning and set the learning rate of Medusa heads to be 4 times larger than
the backbone model. LoRA is applied to all the linear layers of the backbone
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Figure 6.4: Left: Speed comparison of baseline, Medusa-1 and Medusa-2 on
Vicuna-7B/13B. Medusa-1 achieves more than 2x wall-time speedup
compared to the baseline implementation while Medusa-2 further improves
the speedup by a significant margin. Right: Detailed speedup performance
of Vicuna-7B with Medusa-2 on 8 categories from MT-Bench.

model, including the language model head. The rank of LoRA adapter is set
to 32, and « is set to 16. A dropout of 0.05 is added to the LoRA adapter.

6.4.1.3 Medusa-1 v.s. Medusa-2 on Vicuna 7B and 13B

We use a global batch size of 64 and a peak learning rate of 5e~* for the
backbone and 2e~? for Medusa heads and warmup for 40 steps. We use 4-bit
quantized backbone models for both models. We first train the models with
Medusa-1 and use these trained models as initialization to train Medusa-2.
We employ QLoRA for Medusa-2 and the \q in Eq. is set to be 0.2.

6.4.1.4 Training with Self-Distillation on Vicuna-33B and Zephyr-7B

We use Medusa-2 for both models and instead of using a two-stage training
procedure, we use a sine schedule for the 6, to gradually increase the value to
its peak at the end of the training, we find this approach is equally effective.
We set the peak learning rate of the backbone LoRA adapter to be 1le~* and
the warmup steps to be 20. Since the self-distillation loss is relatively small,
we set the \g in Eq. to be 0.01.
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6.4.2 Performance Evaluation of Medusa-1 and Medusa-2

In this section, we present the experimental results comparing Medusa-1
and Medusa-2 configurations on models ranging from 7B to 33B. Our ex-
periments, conducted with a single batch size, focus on evaluating speedup,
quality scores, and effectiveness across different tasks and datasets. We begin
by showcasing the results and comparing Medusa configurations to existing
speculative decoding strategies. Additionally, we explore the configurations
of tree attention, thresholds for typical acceptance, and self-distillation, pro-

viding insights into their impact on performance.

6.4.2.1 Case Study: Medusa-1 v.s. Medusa-2 on Vicuna 7B and 13B

Experimental Setup. We use the Vicuna model class [216], which encom-
passes chat models of varying sizes (7B, 13B, 33B) that are fine-tuned from
the Llama model [20]. Among them, the 7B and 13B models are trained on
the ShareGPT [238] dataset, while the 33B model is an experimental model
and is trained on a private dataset. In this section, we use the ShareGPT
dataset to train the Medusa heads on the 7B and 13B models for 2 epochs.
We use the v1.5 version of Vicuna models, which are fine-tuned from Llama-2
models with sequence length 4096.

Results. We collect the results and show them in Figure[6.4 The baseline
is the default Huggingface implementation. In Figure[6.4a], we can see that for
the 7B models, Medusa-1 and Medusa-2 configurations lead to a significant
increase in speed, measuring in tokens processed per second. Medusa-1 shows
a 2.18x speedup, while Medusa-2 further improves this to a 2.83x. When
applied to the larger 13B model, Medusa-1 results in a 2.33x speed increase,
while Medusa-2 maintains a similar performance gain of 2.83x over the base-
line. We also plot the speedup per category for the Medusa-2 Vicuna-7B
model. We observe that the coding category benefits from a 3.29x speedup,
suggesting that Medusa is particularly effective for tasks in this domain. This
points to a significant potential for optimizing coding LLMs, widely used in
software development and other programming-related tasks. The “Extrac-
tion” category shows the highest speedup at 3.62x, indicating that this task
is highly optimized by the Medusa. Overall, the results suggest that the

Medusa significantly enhances inference speed across different model sizes
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and tasks.

6.4.2.2 Case Study: Training with Self-Distillation on Vicuna-33B and
Zephyr-7B

Experimental Setup. In this case study, we focus on the cases where
self-distillation is needed. We use the Vicuna-33B model [216] and the
Zephyr-7B model [239] as examples. Following the procedure described in
Section [6.3.3] we first generate the datasets with some seed prompts. We
use ShareGPT [238] and UltraChat [246] as the seed datasets and collect a
dataset at about 100k samples for both cases. Interestingly, we find that
the Zephyr model can continue to generate multiple rounds of conversation
with a single prompt, which makes it easy to collect a large dataset. For
Vicuna-33B, we generate the multi-turn conversations by iteratively feeding
the prompts from each multi-turn seed conversation. Both models are trained
with sequence length 2048 and batch size 128.

Results. Table [6.1] complements these findings by comparing various
Medusa-2 models in terms of their acceleration rate, overhead, and quality on
MT-Bench with GPT-4 acting as the evaluator to assign quality scores rang-
ing from 0 to 10. We report the quality differences of Medusa compared to
the original model. Notably, while the Medusa-2 Vicuna-33B model shows
a lower acceleration rate, it maintains a comparable quality. We hypothesize
that this is due to a mismatch between the hidden training dataset and the

dataset we used for self-distillation.

6.4.2.3 Comparison with Existing Speculative Decoding Algorithms

In our study, we also applied speculative decoding [210} 209] to the Vicuna
lineup using open-source draft models. The preliminary framework utilized
open-source models such as Llama-68M and 160M [212], alongside Tiny-
Llama [247] and Tiny-Vicuna [248], fine-tuned from Tiny-Llama with the
Vicuna-style instructional tuning strategy. Due to the proprietary nature
of speculative decoding methods [210] 209], open-source alternativesﬂ were
deployed for evaluation. Additionally, we utilize torch.compile() to accel-

erate the inference speed of draft models.

Thttps://github.com/feifeibear /LLMSpeculativeSampling

113


https://github.com/feifeibear/LLMSpeculativeSampling

Our results shown in Figure [6.5] reveal that the optimal settings of the
draft model vary with the Vicuna model sizes. Specifically, the Llama-68M,
with a setting of v = 4, yielded the best performance for Vicuna-7B, while
the same draft model with v = 3 was most effective for Vicuna-13B. For
the larger Vicuna-33B, the Tiny-Vicuna, with v = 3, provided the greatest
acceleration. These results suggest that the choice and setting of the drafting
model should be tailored to the size of the LLMs, presenting an area for

further exploration in the field.

(a) Vicuna-7B (b) Vicuna-13B (c) Vicuna-33B

Figure 6.5: Inference speed of various models using speculative decoding on
MT-Bench. Baseline model speeds are presented by grey dotted lines for
comparison. 7y denotes the draft token number.

These results underscore the complex interplay between speed and qual-
ity when scaling up model sizes and applying self-distillation techniques.
The findings also highlight the potential of the Medusa-2 configuration to
boost efficiency in processing while carefully preserving the quality of the
model’s outputs, suggesting a promising direction for co-optimizing LLMs
with Medusa heads.

6.4.2.4 Ablation Studies on Extensions

Configuration of Tree Attention The study of tree attention is conducted
on the writing and roleplay categories from the MT-Bench dataset using
Medusa-2 Vicuna-7B. We target to depict tree attention’s motivation and its
performance.

Figure compares the acceleration rate of randomly sampled dense tree
configurations (depicted by blue dots) against optimized sparse tree settings

(shown with red stars). The sparse tree configuration with 64 nodes shows a
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Table 6.1: Comparison of various Medusa-2 models. The first section
reports the details of Medusa-2, including accelerate rate, overhead, and
quality that denoted the average scores on the MT-Bench compared to the
original models. The second section lists the speedup (S) of SpecDecoding
and Medusa, respectively.

Model Name Vicuna-7B Zephyr-7TB  Vicuna-13B  Vicuna-33B

Acc. rate 3.47 3.14 3.51 3.01
Overhead 1.22 1.18 1.23 1.27
Quality 6.18 (+0.01) 7.25 (-0.07) 6.43 (-0.14) 7.18 (4+0.05)
SSpecDecoding ~ 1.47 - 1.56 1.60
SMedusa 2.83 2.66 2.83 2.35
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Figure 6.6: Effectiveness of numbers of candidate tokens for decoding
introduced by trees (default number of candidate token for decoding is 1
when using KV cache). Left: The acceleration rate for randomly sampled
dense tree settings (blue dots) and optimized sparse tree settings (red
stars). Right: The speed (tokens/s) for both settings. The trend lines
indicate that while the acceleration rate remains relatively stable for sparse
trees, there is a notable decrease in speed as the candidate tokens increases.

better acceleration rate than the dense tree settings with 256 nodes. The de-
cline in speed in Fig. is attributed to the increased overhead introduced
by the compute-bound. While a more complex tree can improve acceleration,
it does so at the cost of speed due to intensive matrix multiplications for linear
layers and self-attention. The acceleration rate increase follows a logarithmic
trend and slows down when the tree size grows as shown in Fig. How-
ever, the initial gains are substantial, allowing Medusa to achieve significant
speedups. If the acceleration increase is less than the overhead, it will slow
down overall performance. For detailed study, please refer to Section [6.4.3]
Thresholds of Typical Acceptance The thresholds of typical accep-

tance are studied on the writing and roleplay categories from the MT-Bench
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Figure 6.7: Performance comparison of Medusa using proposed typical
sampling. The model is fully fine-tuned from Vicuna-7B. The plot
illustrates the acceleration rate and average scores on the writing and
roleplay (MT-Bench) with a fixed temperature of 0.7 for three different
settings: greedy sampling and random sampling (RS) plotted as the star
and the dot, and typical sampling curves under different thresholds.

dataset [243] using Medusa-2 Vicuna 7B. Utilizing the Vicuna 7B model,
we aligned our methodology with the approach delineated by [232] setting
the @ = /e. Figure presents a comparative analysis of our model’s
performance across various sampling settings. These settings range from a
threshold e starting at 0.01 and incrementally increasing to 0.25 in steps of
0.01. Our observations indicate a discernible trade-off: as € increases, there
is an elevation in quality at the expense of a reduced acceleration rate. Fur-
thermore, for tasks demanding creativity, it is noted that the default random
sampling surpasses greedy sampling in performance, and the proposed typical

sampling is comparable with random sampling when ¢ increases.

Table 6.2: Comparison of Different Settings of Vicuna-7B. Quality is
obtained by evaluating models on MT-Bench using GPT-4 as the judge
(higher the better).

Baseline Direct Fine-tuning Medusa-1 Medusa-2

Quality  6.17 5.925 6.23 6.18
Speedup ~ N/A N/A 2.18 2.83

Effectiveness of Two-stage Fine-tuning We examine the performance

differences between two fine-tuning strategies for the Vicuna-7B model in

116



Table[6.2] We provided the comparison of directly fine-tuning the model with
the Medusa heads vs. Medusa-2 that involves two-stage fine-tuning described
in Section [6.3.2] The findings indicate that implementing our Medusa-2
for fine-tuning maintains the model’s quality and concurrently improves the

speedup vs. Medusa-1.

6.4.3 Exploration and Modeling of Hardware Constraints and
Medusa

In the previous section, we evaluated the performance improvements brought
by Medusa. However, hardware constraints present significant challenges, es-
pecially when dealing with large batch sizes that may lead to out-of-memory
(OOM) errors if the entire model is loaded onto a GPU. Implementing effi-
cient distributed GPU setups can also be complex and requires careful con-
sideration.

We explore the hardware constraints, specifically memory-bandwidth bound,
and their impact on Medusa-style parallel decoding by incorporating a sim-
plified Llama-series model. First, we identify that the operators involving
matrix multiplications, such as linear layers and attention matrix multipli-
cations, are the primary sources of overhead. We profile the performance of
FLOP/s vs. Operational Intensity which is the ratio of FLOP/s to band-
width (bytes/s), across various GPUs, including the A100-80GB-PCle, A40,
and A6000. Next, we examine the changes in FLOP/s vs. Operational
Intensity when using Medusa for different operators. Finally, we apply a
straightforward analytical model to calculate acceleration rates and combine
it with hardware benchmarks. This provides insights into the effects under

different model sizes, sequence lengths, and batch sizes.

6.4.3.1 Roofline Model of Operators

We present an analysis of the roofline model for various operators in large
language models (LLMs), specifically focusing on Llama-7B, Llama-13B, and
Llama-33B [20]. These models were benchmarked on different GPUs, includ-
ing the A100-80GB-PCle, A40, and A6000. We looked into the three cat-

egories of matrix multiplication operators since they represent the primary
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sources of computational overhead in these models. Our study follows the
report [249] which investigates the effectiveness of batch size but ours focuses
more on decoding and parallel decoding.

Table details the computation and space complexity for each operator
during the prefill, decoding, and Medusa decoding phases. The operators
include the linear layers for query, key, and value matrices (XWy, XWk,
X Wy ), the attention matrix multiplications (QK7T, PV), and the up/gate/-
down linear layers (XW,, XW,, XW,). b stands for the batch size, s stands
for the sequence length, h stands for the hidden dimension, 7 stands for the
intermediate dimension, n stands for the number of attention heads, d stands
for the head dimension and ¢ stands for the candidate length for Medusa.

For more details of these operators please refer to the articles [20], 249].

Table 6.3: Computational and space complexity of the main operators in
different phases. The table is based on Table 2 in the work [249].

Operator Input Shape Output Shape Comp. Complexity Space Complexity
Prefill

XWq, XWk, XWy (b, s, h) (b, s, h) O(bsh?) O(2bsh + h?)
QKT (b,n,s,d), (b,n,s,d) (b,n,s,s) O(bs?nd) O(2bsnd + bs?n)
PV (b,n,s,5),(b,n,s,d) (b, n, s, d)

XWy, XWy (b, s, h) (b, s,1) O(bshi) O(bs(h + i) + hi)
XWq (b, 5,14) (b, s, h)

Decoding

XWq, XWk, XWy, (b,1,h) (b, 1, h) O(bh?) O(2bh + h?)
QKT (b,n,1,d), (b,n,s,d) (b,n,s, 1) O(bsnd) O(bsn + bsnd + bnd)
PV (b,n,s, 1), (b,n,1,d) (b,n,1,d)

XWy, XW,y (b,1,h) (b,1,1) O(bhi) O(b(h + %) + hi)
XWq (b,1,4) (b,1,h

Parallel decoding

XWq, XWk, XWy (b,q,h) (b,q,h) O(bgh?) O(2bgh + h?)
QKT (b,m,q,d), (b,n, s, d) (b,n,s,4q) O(bsqnd) O(bsqn + b(s + q)nd)
PV (b, 5,4), (b, n,q,d) (b, q,d)

XWy, XWgy (b,q, h) (b, q,1) O(bghi) O(bg(h + i) + hi)
XWq (b, q,1) (b,q,h)

Figures [6.846.16| show the benchmark of three categories of operators on
different models (7/13/33B) under various settings. To evaluate each op-
erator’s performance and throughput, we chose the combination of settings
including batch sizes from 1 to 64 in powers of 2 and sequence lengths from
128 to 8192 in powers of 2 (49 settings for each operator). From all the
figures, we observe that the datapoints of each operator in the prefill and
decoding stages cluster at very similar positions across all GPUs and for

various model sizes.
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During the prefill phase, increasing the batch size changes the FLOP/s of
the attention matrix multiplications (see ‘gk/pv init’) but does not affect
the Operational Intensity (refer to the vertical dashed arrow in Figure .
In contrast, increasing the sequence length impacts both FLOP /s and Op-
erational Intensity in the prefill phase (refer to the diagonal dashed arrow
in Figure . During the decoding phase, the attention matrix multipli-
cations are significantly limited by memory bandwidth. Despite an increase
in FLOP /s with changes in batch size and sequence length, the Operational
Intensity remains nearly unchanged (see ‘gk/pv ar’). This indicates sub-
optimal resource utilization in the self-attention mechanism.

The linear layers in the prefill phase are mostly compute-bound (see ‘qkv
mlp init’ and ‘up/gate/down init’). During the decoding phase, the
datapoints of the linear layer form a line with the same slope as the GPU’s
memory bandwidth (see ‘gkv mlp ar’ and ‘up/gate/down ar’). This in-
dicates the linear layers in the decoding stage are also bounded by memory
bandwidth. Increasing the batch size improves the achieved FLOP/s and
Operational Intensity under memory bandwidth constraints through better
parallelism. Note that linear layers only process the new token and are in-
dependent of sequence length (See ‘Decoding’ section in Table .
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Roofline Model (Llama 7B, A100 80GB PCle)
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Figure 6.8: The figure shows the relationship between FLOP /s and
Operational Intensity for all benchmarked datapoints of Llama-7B
operators on A100-80GB-PCle. The dashed lines represent the HBM
bandwidth limit (1,935GB/s) and the peak performance limit (312
TFLOP/s) [250]. ‘gkv mlp’ stands for the linear layers projecting hidden
features to query/key /value features. ‘up/gate/down’ stands for the linear
layers following the attention block. ‘gk/pv’ stands for the two steps of
attention matrix multiplications. ‘ar’ stands for the decoding
(autoregressive) and ‘init’ stands for the prefill phase.
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Figure 6.9: Llama-13B operators on A100-80GB-PCle.
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Figure 6.10: Llama-33B operators on A100-80GB-PCle.
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Figure 6.11: Llama-7B operators on A40.
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Figure 6.13: Llama-33B operators on A40.
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6.4.3.2 FLOP/s vs. Operational Intensity Variations in Medusa

We investigate how Medusa can change Operational Intensity and elevate
the FLOP/s. We choose Llama 33B on A100-80GB-PCle as the setting.

First, we examine the attention matrix multiplication. Figure [6.17] and
Table illustrate the effects of Medusa while keeping the batch size fixed
at 16. We observe increased FLOP /s and Operational Intensity as more
candidate tokens are added (original decoding results are plotted as grey
dots). This indicates that Medusa can leverage additional candidate tokens to
improve computational throughput. Compared to regular decoding, Medusa
achieves 44x FLOP/s and 41x Operational Intensity under the setting of
batch size 16 and sequence length 1024 with 64 candidate tokens. Figure|6.18
and Table [6.5] illustrate the effects of Medusa decoding while keeping the
sequence length fixed at 1024. Increasing the batch size does not improve
Operational Intensity in this scenario.

Next, we examine the linear layer, focusing on the up/gate/down linear
layers. The results are shown in Figure [6.19 and Table [6.6] Since the linear
layers in the decoding phase only process the future tokens while the past
tokens are cached, they are independent of the sequence length. We vary
the batch size to observe the effects. As Medusa increases the number of
candidate tokens with the increasing batch size, we observe a shift from a
memory-bandwidth-bound region to a computation-bound region. This shift
demonstrates how Medusa can transition the performance characteristics of
the linear layers from being limited by memory bandwidth to being limited

by computational capacity.

125



Llama 33B, A100 80GB PCle

T
1
100T 4 seeg i
@ /"/-’.’i-“':f |
o Psien ° !
S 1074 et ---- 1,935GB/s
= T ---- 312 TFLOP/s
9 . - gk/pvar
g Ty E qk/pv Medusa (# cand.: 16)
E ? gk/pv Medusa (# cand.: 32)
K gk/pv Medusa (# cand.: 48)

100G+ « gk/pv Medusa (# cand.: 64)
gk/pv Medusa (# cand.: 80)
gk/pv Medusa (# cand.: 96)
10G+ « gk/pv Medusa (# cand.: 112)

1
1 10 100 1k 10k
Operational Intensity (FLOP/Byte)

Figure 6.17: FLOP/s vs. operational intensity of attention matrix
multiplication with batch size 16.
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Table 6.4: TFLOP/s (first row) and Operational Intensity (second row) of
attention matrix multiplication with batch size 16 for Llama 33B on an
A100 80GB PCle.

Seq. Length Number of Candidate Tokens
1 16 32 48 64 80 96 112
128 0.54 7.87 14.73 19.78 25.25 28.63 32.58 36.57

0.98 12.8 21.33 27.43 32.0 35.56 38.4 40.73

256 0.75 11.2 21.29 28.69 36.59 41.2 45.99 52.33
0.99 13.47 23.27 30.72 36.57 41.29 45.18 48.43

512 1.02 14.69 27.47 37.35 47.09 52.24 59.55 66.35
0.99 13.84 24.38 32.68 39.38 44.91 49.55 53.49

1024 1.24 17.42 32.15 43.89 54.8 60.19 68.28 75.45
0.99 14.03 24.98 33.76 40.96 46.97 52.07 56.44

2048 1.39 19.03 35.05 48.03 59.66 63.91 72.83 80.05
0.99 14.12 25.28 34.32 41.8 48.08 53.43 58.04

4096 1.48 19.8 36.59 50.4 62.29 65.84 74.86 82.06
0.99 14.17 25.44 34.61 42.23 48.65 54.13 58.87

8192 1.53 20.08 36.89 50.44 62.11 67.5 76.97 84.5
0.99 14.2 25.52 34.76 42.45 48.94 54.49 59.3

Table 6.5: TFLOP/s (first row) and Operational Intensity (second row) of
attention matrix multiplication with sequence length 1024 for Llama 33B
on an A100 80GB PCle.

Batch Size Number of Candidate Tokens
1 16 32 48 64 80 96 112
1 0.37 5.22 10.15 15.02 19.79 21.52 25.65 29.4

0.99 14.03 24.98 33.76 40.96 46.97 52.07 56.44

2 0.54 8.25 16.0 21.62 28.24 31.84 37.49 43.04
0.99 14.03 24.98 33.76 40.96 46.97 52.07 56.44

4 0.75 11.41 21.97 30.02 38.71 43.41 50.06 56.77
0.99 14.03 24.98 33.76 40.96 46.97 52.07 56.44

8 1.02 14.78 27.78 38.09 47.99 53.32 61.0 68.11
0.99 14.03 24.98 33.76 40.96 46.97 52.07 56.44

16 1.24 17.42 32.15 43.89 54.8 60.19 68.28 75.45
0.99 14.03 24.98 33.76 40.96 46.97 52.07 56.44

32 1.39 18.89 34.67 47.57 58.89 63.61 72.17 79.21
0.99 14.03 24.98 33.76 40.96 46.97 52.07 56.44

64 1.48 19.58 35.87 49.45 61.13 64.84 73.73 81.02
0.99 14.03 24.98 33.76 40.96 46.97 52.07 56.44

6.4.3.3 Simulating Medusa Performance

We further employ a straightforward analytical model for the acceleration
rate. The ablation study results in Sec. indicate that the acceleration
rate can be approximated by a simple logarithmic function. Using the results
from Fig.[6.6a, we model the curve as acc_rate = 0.477 log(num_candidate).
We simulate the latency of one simplified block of the Llama-7B model (se-
quentially processing XWqo, XWg, XWy, QKT, PV, XW,, XW,, XW,)
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Table 6.6: TFLOP/s (first row) and Operational Intensity (second row) of
linear layers (up/gate/down) for Llama 33B on an A100 80GB PCle.

Batch Size Number of Candidate Tokens
1 16 32 48 64 80 96 112
1 1.26 19.95 39.69 58.4 76.57 94.4 111.91 128.64
1.0 15.95 31.79 47.53 63.17 78.7 94.14 109.47
2 2.51 39.66 76.53 112.05 145.73 130.67 129.1 148.56
2.0 31.79 63.17 94.14 124.71 154.89 184.69 214.12
4 5.03 76.44 145.8 128.85 167.85 201.19 236.93 195.91
4.0 63.17 124.71 184.69 243.17 300.21 355.85 410.14
8 10.06 145.72 168.26 236.83 221.11 207.79 236.95 227.8

7.99 124.71 243.17 355.85 463.14 565.44 663.07 756.36

16 19.96 168.35 221.41 237.5 224.71 232.49 241.12 229.25
15.95 243.17 463.14 663.07 845.59 1012.87 1166.74 1308.76

32 39.69 221.74 224.88 241.33 239.02 245.83 243.55 240.33
31.79 463.14 845.59 1166.74 1440.25 1675.97 1881.24 2061.59

64 76.57 225.19 239.2 243.26 246.16 246.91 244.52 246.14
63.17 845.59 1440.25 1881.24 2221.31 2491.55 2711.46 2893.91

by first fixing the batch size at one and the sequence length at 1024. The
candidate tokens are processed parallelly by constructing the tree attention
described in Section [6.3.1.2l We omit the latency of the post-processing
steps including verification and acceptance for Medusa since they introduce
marginal overhead. Fig. [6.20]illustrates the simulated acceleration rate and
speedup for different numbers of candidate tokens under these settings. As
the number of candidate tokens increases, both the acceleration rate and
speedup initially show improvements. However, beyond 64, the speedup
starts to decline, indicating diminishing returns with further increases in
candidate length. This aligns with the experimental results in Fig. and
suggests that there is an optimal range for the numbers of candidate tokens
where Medusa provides the most significant performance gains.

We plot the simulated speedup under different batch size settings with a
fixed sequence length of 1024 in Fig. |6.21] The results indicate that when
the batch size exceeds 32, the speedup decreases and may even have a neg-
ative effect. This occurs because the linear layers shift from being memory-
bandwidth-bound to computationally bound.

We conduct another experiment using a batch size of four and different
sequence lengths. As shown in Fig. [6.22] the optimal number of candidate
tokens remains relatively consistent across different sequence lengths. How-
ever, as the sequence length increases, the overall performance decreases.
This performance drop is primarily due to the overhead from attention ma-

trix multiplication, while the linear layer computation remains constant since
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the computation of linear layers is independent of the sequence length.

Our simulations show that the optimal number of candidate tokens is key
for model scaling with Medusa, as benefits decrease beyond a certain range.
Initially, increasing batch size improves performance through parallelism,
but too large a batch size shifts linear layers from memory-bandwidth-bound
to compute-bound, reducing speedup. Longer sequences increase attention
matrix multiplication overhead, lowering performance, and emphasizing the
need to optimize attention mechanisms. Effective model scaling requires
balancing the number of candidate tokens, adjusting batch sizes to avoid
compute-bound transitions, and enhancing attention mechanisms for longer
sequences. These strategies ensure better resource utilization and higher per-
formance, demonstrating the value of simulations in predicting performance

and guiding acceleration strategy design.

Llama 7B, Batch Size: 1, Sequence Length: 1024

----- *
o e -
33.0 kT
gg_ ’__,‘—_-_’::I: _____ e B K== -*
wn ”o”*‘
T 251 "
©
o« ,'l * Simulated Acc. Rate
E 2.0 Y * Simulated Speedup
’
= /I H gk/pv ar
§ 1.5 / B gkv linear ar
= K up/gate/down ar
- I,
T1.0{ ok
N
£
5 0.54
- J l l
0.0
1 16 32 48 64 80 96 112

Number of Candidate Tokens

Figure 6.20: Simulated acceleration rate, speedup, and normalized latency
ablation using different query lengths under the setting of batch size 1 and
sequence length 1024 for Llama-7B.
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Llama 7B, Sequence Length: 1024
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Figure 6.21: Simulated speedup with sequence length 1024 for Llama-7B
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6.5 Summary

In conclusion, Medusa enhances LLM inference speed by 2.3-2.8 times by
equipping models with additional predictive decoding heads, allowing for the
generation of multiple tokens simultaneously and bypassing the sequential
decoding limitation. Key advantages of Medusa include its simplicity, pa-
rameter efficiency, and ease of integration into existing systems. Medusa
avoids the need for specialized draft models. The typical acceptance scheme
removes complications from rejection sampling while still providing reason-
able outputs. Our approach including two efficient training procedures, en-
sures high-quality output across various models and prompt types. Also,
Medusa introduces novel automated extensions, such as a searched sparse
tree attention mechanism and a self-distillation pipeline, which further en-
hance its performance and adaptability. Moreover, we explored the hard-
ware constraints, specifically memory-bandwidth bound, and their impact
on Medusa. By profiling the performance of FLOP /s vs. Operational Inten-
sity across various GPUs, we examined the changes when using Medusa for
different operators. We propose a straightforward analytical model that al-
lows us to predict the acceleration rates of Medusa, providing insights into the
effects under different model sizes, sequence lengths, and batch sizes on tar-
get devices. Medusa improves the compute resource utilization ratio, offering
solutions that not only improve model runtime but also enhance hardware
performance and efficiency. The combination of these automated extensions,
along with Medusa’s core architecture and training procedures, creates a
powerful and flexible framework for accelerating LLLM inference. By provid-
ing a streamlined pipeline for quickly adapting Medusa to new models, this
approach contributes to the decentralization of the LLM community, mak-
ing it easier for researchers and practitioners to develop and deploy efficient
LLMs tailored to their specific needs. As a result, Medusa has the poten-
tial to democratize access to high-performance LLMs and foster innovation

across a wide range of natural language processing applications.
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CHAPTER 7

CONCLUSION

7.1 Summary of Contributions

This dissertation investigates the challenges and opportunities in neural ar-
chitecture design, focusing on efficient search and optimization methods to
promote the development of innovative, high-performance neural networks
for various applications. The research has made contributions to the field of
deep learning by addressing key challenges and expanding the understanding
of the factors that influence the performance of neural architectures. The

primary contributions are as follows:

e The development of the Efficient Differentiable DNN (EDD) method-
ology significantly reduces search time and increases adaptability to
various devices by simultaneously optimizing Al algorithms and hard-

ware implementations.

e The proposal of a novel and generic NAS framework, GenNAS, which
does not rely on task-specific labels for architecture evaluation and
demonstrates remarkable efficiency in evaluating neural architectures

and convergence speed for training.

e The introduction of Eproxy, a sophisticated proxy-based approach that
leverages self-supervised learning and few-shot techniques to drastically
reduce the computational expenses of neural architecture search. The
Discrete Proxy Search (DPS) method is proposed to find optimized
training settings for Eproxy, making it easily extensible to search spaces
in the wild.

e The finding of critical principles that contribute to effective global con-

volutional models, leading to the proposal of the Structured Global
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Convolution (SGConv) model. The efficient parameterization for the
global convolution kernel in SGConv is further optimized through au-
tomated techniques such as kernel pruning and architecture search,
enabling the discovery of more efficient and adaptable architectures for

a wide range of tasks.

e The introduction of Medusa, a generic adaptor for large language mod-
els (LLMs) that addresses the memory-bandwidth bound nature of
LLMs decoding phase through an automated framework for training
and deploying adaptors, enabling practical applications of search and
optimization strategies in real-world Al systems. Our hardware study
further underscores Medusa’s impact by showing how it improves com-
pute resource utilization, enhancing both model runtime and hardware

efficiency.

7.2 Implications and Future Directions

The research conducted in this dissertation has several implications for the
field of neural architecture design in deep learning. The insights gained from
this research can be used to guide the design of future neural architectures
and optimization algorithms, ultimately contributing to the growing body of

knowledge in deep learning. Several future directions are explored:

e Extend the proposed search methodologies to handle a wide range
of emerging neural network architectures, such as state-space models,

mixture of experts and hybrid large models.

e Investigate integrating the proposed NAS methods with other auto-
mated machine learning (AutoML) aspects, such as data preprocessing,
feature engineering, and model selection, to create a fully automated

end-to-end pipeline for deep learning applications.

e Further develop and optimize the Eproxy and DPS methods to handle
even larger-scale search spaces and more diverse datasets, further re-
ducing the computational resources required for NAS and making the
process more accessible to researchers and practitioners with limited

resources.

134



e Explore the potential of integrating SGConv with other architectural
components and search strategies to create more powerful and efficient

hybrid architectures for a wide range of tasks across different domains.

e Investigate the scalability and adaptability of Medusa to other types
of foundation models and explore the potential of integrating Medusa
with other optimization techniques to further improve the efficiency

and performance of large-scale Al systems.

7.3 Final Remarks

In conclusion, this dissertation has made significant contributions to the
neural architecture design field by addressing the challenges of efficiency,
scalability, proxy evaluation, and interpretability. Through developing novel
search methodologies, efficient proxies, and the investigation of complex neu-
ral architectures and their design principles, this research has advanced the
state-of-the-art automation and optimization methods and contributed to
developing more effective and adaptable deep learning solutions for various
tasks and domains. The insights gained from this research will provide a
solid foundation for future work in the field of neural architecture design and
optimization, paving the way for more efficient, scalable, and interpretable
AT systems that can tackle the ever-growing complexity and diversity of real-

world problems.
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