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Designing ArtiÞcial Intelligence (AI) is still reserved for experts, and the existing design paradigm follows

a data-driven approach: domain experts start with a hypothetical model, verify the model on a task-speciÞc

dataset to acquire performance metrics, then revise the model based on prior experiences, hoping to improve

the model in the next loop. This thesis seeks to build an intelligent agent to substitute domain experts in this

design process. I start with formalizing the current design process as a computational model, upon which I

further investigate issues to the algorithmic efÞciency and system utilization to build an agent that algorithm

and system can synergistically work together. SpeciÞcally, I propose a new black box solver, Latent Action

Monte Carlo Tree Search (LA-MCTS), to address the sample efÞciency and build a deep learning framework

to expand the design space far beyond the available GPU DRAM. These results collectively provide a partial

path toward AI democratization by creating a practical MCTS-based AI agent that efÞciently designs complex

AI without experts in a reasonable amount of time.
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Chapter 1

Introduction

The resurgence of connectionism since early 2010 marks a remarkable new chapter for ArtiÞcial Intelligence

(AI). The boom of General-Purpose computing on Graphics Processing Units (GPGPU) and Big Data all

serve as a catalyst to fuel AIÕs exponential growth consistently. At this wave of AI revolution, Deep Neu-

ral Networks (DNNs) are no doubt the backbone technology behind the scene, manifested by the countless

successful applications in many areas, including the superhuman AI for multiplayer poker [Brown and Sand-

holm, 2019], the self-taught AI for Go [Silver et al., 2017, Tian et al., 2019a], the near-human performance

of self-driving cars [DMV, 2020] at Cruise Automation and Waymo, the Grandmaster level II AI for Starcraft

II [Vinyals et al., 2019], the super-radiologists AI in the breast cancer screening [McKinney et al., 2020], and

real-time super-translator AI for speech to speech translation [Jia et al., 2019]. Besides, the prevailing trend

of DNN based unsupervised learning in both Natural Language Processing (NLP) [Devlin et al., 2018] and

Computer Vision (CV) [He et al., 2019b] are also achieving presumably impossible things. These examples

strongly demonstrate the dominance of DNNs in various sub-Þelds of AI today for solving problems that

have resisted the best attempts of the AI community for many years [LeCun et al., 2015].

In the era of Big Data and Big GPU, the success of DNNs is by no means a coincidence. For decades, the

conventional Machine Learning techniques, e.g., Support Vector Machine (SVM) [Cortes and Vapnik, 1995],

were majorly limited by the proper craft of feature vectors to the raw data, which requires considerable

and painstakingly engineering from domain experts [LeCun et al., 2015]. This conventional approach is

usually inefÞcient in practice, especially at internet giants such as Facebook and Google, due to the massive

amount of user images or texts to be handled. Whereas DNNs successfully alleviate the burden of feature

engineering at the cost of extra computations, that is no longer a problem with the emergence of GPGPU since

2
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Figure 1.1: This thesis intends to build an ArtiÞcial Intelligence that replaces domain experts in the data-
driven design process of deep neural networks.

2006. SpeciÞcally, DNNs directly learn the intricate structures of any high-dimensional data such as images,

videos, voices, and texts using several non-linear operators to sequentially transform the data into layers

of abstract representations to be processed by other Machine Learning primitives. One classical success is

applying DNNs at the ImageNet Large Scale Visual Recognition Challenge (ILSVRC) in 2011 [Krizhevsky

et al., 2012], which signiÞcantly outperformed all the conventional feature-based methods and ignited the

Deep Learning revolution afterward.

With the advent of big and powerful DNNs, machine learning practitioners have gradually shifted their

focus to the structural engineering of neural architectures [Xie, 2018]. Though DNNs alleviate the burden of

feature engineering, a deep, wide, and densely connected neural network is not a viable solution to all tasks.

The structure of a DNN needs to be carefully tailored for a particular task before working well. Therefore,

Þnding useful structural priors has been one of the principal goals in the development of DNNs. For example,

the convolution operators in Convolution Neural Networks (CNNs) make CNN faster to run and far more

accurate than Multi-layer Perceptions (MLPs) in computer vision tasks using the sparse connections among

neurons. Another notable example is the residual connection in ResNet [He et al., 2016], which drastically

improves the performance of conventional CNNs such as AlexNet. By accumulating helpful structure priors,

machine learning practitioners have transformed their workßow to the structural assembly of these structural

priors, then Þne-tuning the model by their experience in an iterative manner.

To be speciÞc, the existing paradigm of neural network design follows a data-driven trial and error. Do-

main experts start with a hypothetical model built from structure priors, verifying the model on some task-

speciÞc dataset to acquire performance metrics. Then, the experts revise the model according to their previous
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experiences to improve the model in the next iteration. Domain experts keep iterating this process, maybe a

few hundred times, until reaching a model that satisÞes the design requirements. This process can be pretty

tricky for a human to handle, especially considering the prolonged design process typically lasting for months

or even years, as the DNN training is rather challenging. For example, the complex design choices induce a

high-dimensional model space with an immense amount of model possibilities, e.g., the design space of non-

linear Convolution Neural Networks (CNN) can quickly go beyond1030 possibilities [Zoph et al., 2018b].

Besides the accuracy, the requirements sometimes prefer considering multiple factors together, e.g., resource

requirements, which further complicates the design to trade-off multi-objectives. Therefore, it is urgent to

Þnd a principled method to efÞciently tackle these challenges that emerged from the recent progress, which is

the core research question this thesis seeks to answer. The following statement articulates the central research

question studied by this thesis,

How to formulate the DNN design into a computational model that is feasible on the existing com-

puting hardware? Taking it one step further, can we build an intelligent agent to replace the domain

experts in artiÞcial intelligence design entirely?

This research question also has a tremendous social impact. Countries like China or the United States

have established their own AI initiatives to facilitate AI innovation as part of their national strategies. For

example, U.S. executive order 13859 stresses the necessity of sustained advancements in AI and details

Þve pillars for bolstering AI, including greater investment in AI R&D, the elimination of barriers to AI

development, enhanced AI training of the workforce, and the encouragement of international standards that

foster the success of American AI innovation. Seeking solutions to the proposed research question will

improve targeting and utilization of investment capital in AI R&D, e.g., domain experts can devote more of

their scarce time and monetary resources to innovation. It will also signiÞcantly lower the bar for general

workers to use AI and drastically accelerate the AI workforceÕs training to meet the urgent demand from the

market. Therefore, studying the proposed research question is a crucial step toward AI democratization.

1.1 Problem Formulation and Technical Challenges

At Þrst glance, this research question seems to seek an ArtiÞcial General Intelligence (AGI), solving it could

solve the rest of the questions in AI. Nevertheless, AGI is too broad for now, and we have to simplify the

problem into a concise theoretical framework to make concrete progress. Therefore, we start with formalizing
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the data-driven DNN design before elaborating on the technical challenges from both the algorithm and

system sides.

1.1.1 Problem Formulation

LetÕs Þrst deÞne the notations for formulating the problem. The layer-wise data processing nature of DNNs

deÞnes itself to be a data-ßow graph, and all the existing types of DNNs, including CNN, Transformer, Gener-

ative Adversarial Network (GAN), or Recurrent Neural Network (RNN) conÞrm to this representation [Tch,

2017]. Representing a data-ßow graph is a well-studied problem, and one simple solution is to use the adja-

cent matrix and node list [Cormen et al., 2009]. This allows us to reasonably assume that a vectorx can fully

specify the structure of any DNNs, by concatenating the ßattened adjacent matrix and node list together. It

is a general practice to place several constraints in designing a neural network, such as setting the maximal

depth of a neural network. Here we use! to denote the feasible region forx. A neural networkx also carries

a set of parameters# for training, denoted asx(#). In evaluating a neural networkx(#), we apply different

metrics based on tasks. For example, top-1 accuracy is widely used for image recognition in CV, but f1 score

is the key metric for the question-answering in NLP [Rajpurkar et al., 2016]. Here we denote the evaluation

metric as$. Please note the evaluation may also consider other factors such as the latency or memory usage

besides the performance, so$ can be multi-objective.Dtrain andDval represent the dataset for training and

testing, respectively.

Now weÕre ready to formulate the data-driven design paradigm of DNNs as an optimization problem:

x ! = argmaxx $(x(#! , Dval )) , wherex & !

s.t. #! = argmax! $
!
(x(#, Dtrain ))

(1.1)

This optimization problem demonstrates two intimately connected steps. The Þrst line represents the archi-

tecture search that maximizes the performance ($) by varying the design of networksx using the test dataset

Dval , given#! as the optimal parameters ofx. The Þnal output is the best architecture performing on the test

dataset. The second line outputs the optimal parameters#! for the architecture from the Þrst step by training

towardDtrain , i.e., training the neural network. In this formulation, we will Þnd footing to make the study

of the proposed research question concrete.
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1.1.2 Technical Challenges

The above optimization problem should be easy to solve with many existing algorithms, such as grid search

or gradient descent if the design of DNN only involved a few parameters and the training of DNN was

fast. However, many hurdles render the problem challenging to solve, requiring both algorithmic and system

innovations to make it practical. We summarize these challenges as follows.

¥ High-dimensional combinatorics: the problem formulation seeks an optimal conÞguration of architec-

ture vectorx on the feasible region! . This is a traditional problem widely studied in combinatorics that

Þnds the best structure or solution among several possibilities. The key challenge of the combinatorial

problem is that the feasible region grows exponentially with the number of problem dimensions, also

known as the curse of dimensionality [Bellman, 1966]. ConÞguring a practical neural network gener-

ally requires more than 20 parameters, making a sweep of all the possible parameters impossible. For

example, NASNet is one of the most popular search spaces for image recognition. The widely adopted

conÞguration of the NASNet search space has1021 candidate architectures that require a vector of

28 discrete variables to fully specify [Wang et al., 2019a]. Therefore, sample efÞciency is crucially

important in solving the problem with such a vast search space.

¥ Non-convex optimization: our research problem is also non-convex with many local optimums in the

solution space! . The construction of DNN utilizes many non-convex operators [Bengio et al., 2006];

therefore, both the meta-design of DNN and itself are non-convex functions, which is also empirically

corroborated by NASBench-101 that contains over4.2 ! 105 the architecture and Þnal evaluation ac-

curacy pairs [Ying et al., 2019]. Due to the multi-modal nature of the problem itself, gradient descent,

hill climbing, or other greedy-based search methods can easily trap into a local optimum, yielding a

sub-optimal solution. An efÞcient global algorithm is desired to explore a local optimum intelligently

and exploit a promising region to Þnd a good solution.

¥ Expensive neural network training: todayÕs big neural network is trained with a massive amount of

data, which dramatically increases the computation cost in training. For example, ResNet-50 takes 29

hours to Þnish 90-epoch ImageNet training on eight NVIDIA P100 GPUs, while 81 hours to complete

BERT pre-training on 16 v3 Google TPUs [You, 2020]. These data suggest that our formulation of

DNN design can quickly become intractable to the current hardware without a highly sample-efÞcient

solver, such as using the grid search or exhaustive search. On the other hand, reducing the cost of neural
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network training for the second step of Eq. 1.1 will also increase the number of samples evaluated in

a given time, i.e., the Þrst step of Eq. 1.1. So, fully utilizing the heterogeneous distributed system to

train neural networks is also very important.

¥ Utilization of heterogeneous systems: undoubtedly, solving Eq. 1.1 requires a tremendous amount

of computations, urging us to harness the massive computing power from a large-scale distributed

system to approach the problem. Whereas, the distributed system today has evolved to be highly

heterogeneous: a workstation not only has one CPU, but also other co-processors such as NVIDIA

GPU, Google TPU, or Intel Phi. These co-processors are inserted in PCI-E and are equipped with an

independent DRAM, requiring explicit communications to move the data back to on-device DRAM if

the data is located on CPU DRAM. Besides the heterogeneity of processors, the network bandwidth

is also highly heterogeneous. For example, the bandwidth for inter-GPU communications via PCI-E

3.0 is 15.75 GB/s, while NVLink is up to astonishingly 50 GB/s. All of these heterogeneities greatly

complicate the program to maximize the utilization of computing resources.

1.2 Contributions

With the main research question in play, I now summarize my contributions from years of study to build

an intelligent agent that designs DNNs. I study the research question in Eq. 1.1 by drawing insights from

the recent success of Monte Carlo Tree Search (MCTS) in playing Go [Tian et al., 2019a], and we tackle

the sample-efÞciency from a brand new perspective of learning the search space partition using MCTS. To

sustain the computation needs from algorithms, we also developed novel software systems to support large

DNNs and a new parallelization strategy to accelerate the distributed DNN training with a theoretical guar-

antee. We have developed an intelligent agent driven by a novel MCTS based solver named Latent Action

Monte Carlo Tree Search (LA-MCTS). This agent has designed many SoTA models for computer vision

tasks using up to 500 GPUs at Facebook, such as Þnding a neural network that reaches 99% top-1 accu-

racy on CIFAR-10. LA-MCTS is also an award-wining algorithm in the black-box optimization challenge at

NeurIPS-2020 [Sazanovich et al., 2020, Kim et al., 2020b], which has over 68 global participating teams,

including companies such as NVIDIA, Huawei, and IBM [BBContest, 2017]. Therefore, these contributions

allow me to conÞdently make the following thesis statement:
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Thesis Statement

With algorithmic improvements and new system designs, it is possible to build an intelligent agent

to replace domain experts in designing neural networks for a variety of AI applications using the

existing computing infrastructure.

1.2.1 Details of Contributions

Developing a practical agent to assist domain experts in designing neural networks requires new algorithms

to tackle the challenge from computational complexity and new systems to embody the algorithms efÞciently.

In summary, this thesis has made the following contributions.

Alg1: Propose the principle of learning search space partition using MCTS to improve the sample efÞciency

of existing black-box solvers such as Bayesian Optimization.

Application: Training a neural network is very expensive, so the number of networks sampled by the

design process is one of the major bottlenecks. This principle allows the agent to get a better result by

training fewer networks.

Alg2: Propose the principle of using multiple super-nets to improve the performance estimation of neural

networks in the design space.

Application: Super-net is an over-parameterized network used for predicting the performance of net-

works in a design space. It replaces network training with performance prediction, but the prediction is

quite inaccurate. This principle uses multiple super-nets to enhance the predicted ranking correlation

without compromising the speed.

Alg3: Propose the principle of Fourier transform-based gradient sparsiÞcation to accelerate distributed DNN

training with a theoretical guarantee to recover the accuracy.

Application: Distributed DNN training can signiÞcantly accelerate network training, while commu-

nication is the major bottleneck in this process. This principle allows to drop up to 90% of commu-

nications to expedite distributed training while maintaining the same accuracy as the case without

sparsiÞcation.
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Sys1: Propose the principle of out-of-core GPU computations that pipeline computations and communica-

tions over multiple streams to eliminate the communication cost.

Application: We have seen a growing interest in designing very large DNN, especially in NLP, while

the limited GPU DRAM places an undesired constraint. This principle allows the agent to design large

DNNs with memory requirements far beyond the GPU DRAM without compromising the speed.

Sys2: Propose the principle of using GPU DRAM as a cache to alleviate communications in the pipelined

stream computations on GPUs.

Application: In supporting the large-scale DNN on the GPU, the out-of-core computations consistently

swap out operands to save the memory. This principle reduces unnecessary communication by fully

exploiting the free space on GPU DRAM.

Each principle provides one piece to the jigsaw puzzle of building an intelligent agent to design DNNs.

All of these principles together construct a concrete and coherent solution to the proposed research question.

We have evaluated each principle on various speciÞc yet essential domains, and some principles are also

independently replicated and assessed by the community in public contests. These results consistently cor-

roborate that these algorithm and system principles are very effective at improving the sample efÞciency and

sustaining the computation needs from algorithms. Based on these principles, we have developed a work-

ing agent capable of designing DNNs for various tasks to exceed SoTA results using hundreds of GPUs at

Facebook. The rest of this thesis is organized as follows:

PART 1. This part focuses on improving sample efÞciency. By drawing insights from the recent

success of AlphaGo [Silver et al., 2016], we build the Þrst agent using Monte Carlo Tree Search (MCTS)

for a better exploration policy to jump out of local optima. MCTS trades off the exploration and exploitation

based on the visiting statistics at individual states, while the static and coarse-grained! -strategy simply treats

all the states the same. In Chapter 2, I describe the development of our MCTS-based agent and elaborate the

background of how we approach the research problem. I empirically show that the exploration is critical to

help the agent jump out of a local optimum in the design space, thereby Þnding a better network than other

agents that use greedy approaches. While we were developing the initial agent, we made the critical insight

that the action space of MCTS is vital to the sample efÞciency. This observation is empirically veriÞed by a

controlled experiment with the setup of two experiments being the same except for using two different action

spaces for MCTS. This result motivates us to learn the action space for MCTS to best Þt the performance

metric to be optimized. Chapter 3 presents a new algorithm to fulÞll this goal, named Latent Action Monte
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Carlo Tree Search (LA-MCTS), and a scalable and fault resilient software architecture for parallelizing LA-

MCTS. The latent actions in LA-MCTS are SVM boundaries learned from previously collected samples to

partition the search space into good and bad regions. Solvers such as Bayesian Optimization can focus on the

promising region rather than the entire search space. When LA-MCTS is paired with Bayesian optimization,

it introduces many beneÞts, such as avoiding the over-exploring in high-dimensional problems and signiÞ-

cantly reducing the complexity for the acquisition optimization. LA-MCTS is also independently replicated

and veriÞed in the black-box optimization challenge at NeurIPS-2020. SpeciÞcally, JetBrains research [2]

and KAIST [3] independently replicated Õlearning search space partitionÕ in LA-MCTS and won 3rd and 8th

places among 68 global participating teams, including companies and institutions such as NVIDIA, Huawei,

Oxford, KAIST, IBM, Preferred Networks, and Innovatrics. Finally, the following publications contribute to

this part of the thesis.

Wang, Linnan, Yiyang Zhao, Yuu Jinnai, Yuandong Tian, and Rodrigo Fonseca. ÓNeural architecture

search using deep neural networks and monte carlo tree search.Ó Proceedings of the AAAI Conference

on ArtiÞcial Intelligence, (AAAI, 2020).

Wang, Linnan, Rodrigo Fonseca, and Yuandong Tian. ÓLearning search space partition for black-box

optimization using monte carlo tree search.Ó Proceedings of the Neural Information Processing Systems

Conference, (NeurIPS, 2020).

Wang, Linnan, Saining Xie, Teng Li, Rodrigo Fonseca, and Yuandong Tian. ÓSample-efÞcient neural

architecture search by learning actions for monte carlo tree search.Ó IEEE Transactions on Pattern

Analysis and Machine Intelligence (TPAMI, 2021).

PART.2. The next part describes our effort to expedite the evaluation of neural networks. The data-

driven design process requires evaluating many DNN conÞgurations, and the most straightforward approach

is to train each neural network from scratch. However, training a neural network is quite time-consuming, not

to mention training thousands of them in the entire design process. Reducing the evaluation cost of neural

networks is critical. Otherwise, the computations can easily be prohibitive to the current hardware. This

chapter presents two solutions, either using multiple super-nets to predict the performance of a neural network

without training or training a network on distributed systems. Using the super-net only requires training the

super-net itself, while the super-net predicts the performance of the rest networks. Though the performance

prediction is inaccurate, the super-net approach is speedy. The training approach is very accurate in the
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performance evaluation for training every neural network from scratch, but the cost is too high for people with

access to a few GPUs. So the training approach is suitable for chasing SoTA results with many GPUs, while

the super-net approach is suitable for getting a working solution with a few GPUs. Chapter 6 describes the

few-shot NAS developed together with Zhao et al. [Zhao et al., 2020] to drastically improve the performance

prediction by only training a few more super-nets. Our approach hits a middle ground between super-net

methods and the training methods, therefore being both accurate and fast in the performance evaluation. We

present extensive results on various search methods, datasets, and tasks to demonstrate the effectiveness of the

few-shot NAS. Chapter 5 presents a new Fast Fourier Transform (FFT) based gradient sparsiÞcation technique

to accelerate the distributed DNN training by reducing the size of communications. We present a theoretical

bound to show how the ratio of dropped information affects the convergence and accuracy and point out

a solution to recover the accuracy. Many empirical experiments also show that our FFT sparsiÞcation can

accelerate the distributed DNN training and maintain a good accuracy for incurring less approximation error

using FFT. The following publications contribute to this part of the thesis.

Zhao, Yiyang, Linnan Wang, Yuandong Tian, Rodrigo Fonseca, and Tian Guo. ÓFew-shot neural

architecture search.Ó Proceedings of the International Conference on Machine Learning, (ICML, 2021).

Wang, Linnan, Wei Wu, Junyu Zhang, Hang Liu, George Bosilca, Maurice Herlihy, and Rodrigo Fon-

seca. ÓFFT-based Gradient SparsiÞcation for the Distributed Training of Deep Neural Networks.Ó Pro-

ceedings of the 29th International Symposium on High-Performance Parallel and Distributed Comput-

ing, (HPDC, 2020).

PART.3. I then turn to the system designs to support algorithms. It is a standard practice to train neural

networks on the GPU today, while limited GPU DRAM places an undesired restriction on the network design

domain. We have seen a growing interest in training large neural networks such as language models [Brown

et al., 2020] or using the super-net for the performance predictions [Pham et al., 2018a]. All of these models

require memory footprint far beyond the GPU DRAM. Chapter 6 presents a new deep learning framework

to support very large neural networks on the limited GPU DRAM. The framework features three new system

memory optimization techniques, including liveness analysis, uniÞed tensor pool, and cost-aware recompu-

tation. Together they effectively reduce the network-wide peak memory usage down to the maximal memory

usage among layers. On a 12GB GPU DRAM, our system can train ResNet up to1920 layers, which is

3.2x deeper than TensorFlow and 12.63x deeper than Torch on the same GPU. The following publication

contributes to this part of the thesis.
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Wang, Linnan, Jinmian Ye, Yiyang Zhao, Wei Wu, Ang Li, Shuaiwen Leon Song, Zenglin Xu, and Tim

Kraska. ÓSuperneurons: Dynamic GPU memory management for training deep neural networks.Ó Pro-

ceedings of the 23rd ACM SIGPLAN symposium on Principles and Practice of Parallel Programming,

(PPoPP, 2018).

PART.4. The three parts above should collectively present a coherent solution to build an MCTS based

agent to design neural networks. Finally, I show that our agent can design DNNs for various tasks to beat

SoTA results.



Chapter 2

Background and Related Work

Using computer simulations to design the neural network via a data-driven approach has been tried since

the 1980s [Schaffer et al., 1992]. Yet those early attempts to solve this daunting problem, while yielding

some notable success in some small-scale tasks, had also encountered many difÞculties, especially when

the community did not fully recognize the power of neural networks at that time. For example, the limited

computing power in the 1980s is one major hurdle to try out thousands of design conÞgurations. Besides,

the lack of large-scale labeled datasets also limits neural networks to unleash their remarkable capabilities

in tasks such as translation and image recognition. With the advent of powerful GPU and ImageNet in the

2010s, the community recognized neural networks as a powerful technology. But it was not until 2016 that

the interests in automating the design of neural networks have been stirred once again for showing the case

that an algorithm-designed neural network for the Þrst time reached the SoTA human-designed network on

the ImageNet using 500 GPUs [Zoph and Le, 2016]. And that time, the technology was named Neural

Architecture Search (NAS).

This chapter provides a review of recent advances in automating the design of neural networks and ex-

plains the basic technical details and their pros and cons as a prerequisite to introducing our work. Much

of our review is engineering focused, which means that we will scrutinize the methodology from building a

practical agent to design neural networks. Therefore, weÕre unconcerned about questions such as whether the

perception in a neural network captures the actual biological structure or not. Instead, we focus on building

a practical agent to use existing operators such as convolution, pooling, or activation to assemble a neural

network as a data ßow graph for solving various tasks in natural language processing or computer vision.

With this goal, we seek new efÞcient algorithms and build a reliable distributed system infrastructure so that

13
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Figure 2.1: The abstraction of key components in the neural architecture search.

the algorithm and system can work together synergistically.

After surveying a variety of journals and proceedings, we abstract any existing NAS agent into 3 key

modules, which aredesign space, optimizationandevaluation. Fig. 2.1 provides an overview of these com-

ponents. Thedesign spacerepresents the desired way to create the neural networks, such as setting the

maximal depth, the types of operators to use, or constructing linear or non-linear structures [Wang et al.,

2018a]. The design space varies from task to task, and these constraints imposed on the design space can

alternatively be viewed as constraints to bound the following architecture optimization. Here we assume any

architecture can be represented by a vectorx, and theoptimizationintends to Þnd the optimal conÞguration

of x on the feasible region bounded by the design space. Theoptimizationmodule proposes an architecture

x for theevaluationmodule to get the performance of the networkf (x). Please note that the metrics used

by evaluation can be multi-objective, then the optimization Þnds the optimal Pareto front to make the trade-

off among all the objectives. The extremely costly evaluation of a neural network gives rise to techniques

for approximating the performance of a neural network without training. Therefore, theevaluationmodule

contains a sub-module for the performance estimation and a sub-module to get true performance by training.

Finally, with the new evaluated neural network, theoptimizationmodule augments the data to inform the next

decision.

We organized the rest of this chapter to focus on the recent advances in these three modules. Sec. 2.1

reviews several design spaces for various tasks. Many methods can be applied in the optimization module,

such as reinforcement learning, Bayesian optimization, evolutionary algorithms, gradient descent, Monte

Carlo tree search, etc. We discuss the pros and cons of these algorithms for NAS in sec. 2.2. Finally,

we demystify the estimation and the training methods in the evaluation module so that readers can clearly

understand the trade-off between the computations and Þnal accuracy. Though there is a rich literature on

NAS in the 1980s, the rest of this chapter primarily focuses on recent works after 2016.
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Figure 2.2: The design space used by [Zoph and Le, 2016].

2.1 Design Space

2.1.1 Graph Based Search Space

Perhaps the most intuitive way to represent a neural network is the graph. Despite their different functionali-

ties, the 27 types of existing neural networks [Tch, 2017] suggests the graph structure. Using a graph-based

design space, Zoph and Le [Zoph and Le, 2016] are the Þrst to perform a large-scale NAS on 500 GPUs

by showing that an algorithm-designed neural network can perform nearly as good as the SoTA network

designed by the expert. Fig. 2.2 shows the design space used in [Zoph and Le, 2016]. For example, the

tunable components for a CNN are the length of the neural network and the conÞgurations of the convolution

layer, including Þlters, strides, and the source of input. For generating recurrent neural networks, they use the

basic motif shown in Fig. 2.2(c) to construct a hierarchical search space. Each node in this motif can choose

operators from element-wise multiplications, activation functions, addition, and other basic operations. By

recursively applying these motifs, Fig. 2.2(d) suggests the design of this search space can incorporate the

formulation of LSTM.

Here we review two design spaces inspired by this early work in Fig. 2.2 that are also widely used in this

thesis and NAS literature today.

NASNet Search Space

Fig. 2.2 suggests the hierarchical motif pattern used for designing RNN is more generic than the sequential

CNN search space, then Zoph et al. [Zoph et al., 2018b] explores this motif pattern for designing CNN and
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Figure 2.3: The illustration of NASNet search space.

propose the NASNet search space. It turns out that the NASNet search space works astonishingly well for im-

age recognition. Notably, using the NASNet search space, their algorithm found a family of networks termed

NASNet that beat the best human-designed networks on ImageNet by a non-negligible margin. Though priors

works [Zoph and Le, 2016, Baker et al., 2016] conducted a large-scale search on CIFAR-10, it is the Þrst time

that NAS pushes SoTA results on ImageNet that is an authoritative dataset widely recognized by academia

and industry and far more challenging than CIFAR-10 in any dimensions.

A network in the NASNet design space constitutes two types of normal and reduce cells sequentially

stacked together by following the pattern in Fig.2.3(a). The image sequentially ßows through these cells, and

the output of the last normal cell feeds into a softmax to produce a probabilistic distribution. The normal cell

maintains the input and output dimensions with the padding, while the reduce cell halves the height and width

by setting the stride to 2. Fig. 2.3(b) demonstrates the internal hierarchical structure of a cell, and Fig. 2.3(c)

provides an example of NASNet cell. Please note we only describe normal cells here, as the reduce cell

shares the same structure. Fig. 2.3(b) suggests the two inputs of a cell are from the outputs of the last two

cells. A cell has blocks in it, and each block also has two inputs, which can be any outputs of proceeding

blocks or the inputs to the cell inputs, e.g., in Fig. 2.3(b). Finally, all the outstanding outputs of blocks are

concatenated in the channel dimension as the cellÕs output. A block consists of a left and a right branch, and

a branch consists of one or multiple basic network layers sequentially linked together. The outputs of both

branches add together as the blockÕs output. We have extensively used this NASNet search for evaluations.
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Figure 2.4: The illustration of EfÞcientNet search space.

EfÞcientNet Search Space

The branches in a NASNet cell complicate the design; therefore networks from this search space are generally

slower to execute than the AlexNet style linear networks. In many scenarios, the latency of a network is

critical in practice, motivating researchers to look for a simpliÞed search space to design good performing yet

fast CNN. The EfÞcientNet search space is one of the most popular search spaces for this purpose. Compared

to the NASNet search space, the EfÞcientNet only comprises sequentially connected Inverted Residual Block

(IRB) [Tan and Le, 2019a]. Fig 2.4(a) demonstrates the 3 components inside a IRB. After the Þrst convolution

with the 1-by-1 kernel size to scale up the channels, there is a depth-wise k-by-k convolution followed by

another 1-by-1 convolution to scale back the channels. So the design space searches for the expansion ratio

induced by two 1-by-1 convolutions, the Þlter, and kernel size for the middle depthwise convolution. We use

this search space to design low ßops models.

While the search spaces discussed so far are acyclic graphs, some networks can have the cyclic graph

pattern. For example, the parameter sharing in ALBERT [Lan et al., 2019] diverts the output from attention

or several attention layers back to its input, looping for a few times. The design space should vary from tasks

to tasks, and the EfÞcientNet and NASNet search spaces are majorly for tasks in computer visions. Therefore,

the design of search space can be diverse to cover a broad scope of tasks.

2.1.2 Graph Generator based Search Space

Apart from explicitly building neural networks, another interesting direction is to Þnd a meta-function that

generates neural networks following certain patterns. One example is using graph generators. For exam-

ple, [Xie et al., 2019] draw insights from random graph theory, using ErdýosÐR«enyi [Erdýos and R«enyi, 1960],
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Figure 2.5: The illustration of networks generated by ErdýosÐR«enyi(ER), Barab«asiÐAlbert(BA) and
WattsÐStrogatz(WS) random graph generators. These models takes in a few parameters to generate graph
that follows the certain pattern. Figure courtesy of [Xie et al., 2019].

Barab«asiÐAlbert model [Albert and Barab«asi, 2002] and WattsÐStrogatz model [Watts and Strogatz, 1998] to

generate 3 classes of randomly connected neural networks. Fig. 2.5 demonstrates some networks generated

by these three random graph generators. Though these graphs look pretty random, their results are surpris-

ingly better than or comparable to all existing hand-designed networks [Xie et al., 2019, You et al., 2020].

The result introduces a new perspective to learn a meta-function to represent various search spaces so that

the optimization can tweak the hyper-parameters for the graph generators to Þnd a class of good networks.

Please note that the graph generator [Li et al., 2018b] is not the only way to represent search spaces; it can

be any meta-function to delegate a set of search spaces. Though this thesis does not explore this direction, it

can be great future work.

2.2 The Optimization Module

The optimization module maximizes predeÞned evaluation metrics by tuning the network architectures. It

proposes a new network designx that satisÞes the deÞnitions of design space, queries the network perfor-

mancef (x) from the evaluation module. This section reviews a broad spectrum of optimization methods and

discusses each techniquesÕ pros and cons in the context of NAS.
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2.2.1 Black Box Optimization

Black-box optimization refers to solve a set of problems without algebraic formulation of the system. Yet

there are some advances in the deep learning theory [Du et al., 2018], an analytical formulation of meta-

design of neural networks is still largely unknown. Therefore, it is natural to treat neural networks as a

black box and use this class of techniques to optimize the design. Actually, it has been a long history to

combine the black-box optimization and the neural network design; some early works can be dated back to

the 1980s [Belew and McInerney, 1989, Changeux, 1980, Schaffer et al., 1992].

The black box optimization solves the following problem preferably with fewer samplesx:

x ! = arg max
x " X

f (x) (2.1)

Though we donÕt know the formulation of systemf , the system returnsf (x) given an inputx. This mech-

anism gives rise to a set of techniques that maximizef by trying different conÞgurations ofx based on the

previous experience. Here we review a few prominent black-box solvers, including evolutionary algorithm

and Bayesian optimization.

Grid Search

Grid search is among one of the simplest yet prevalent methods to solve black-box optimization. It speciÞes

a set of values for each problem dimension, then performs a Cartesian product of these sets to generate a

set of points that take a sweep of search space [Bergstra and Bengio, 2012]. Another alternative technique

to generate near uniformly distributed points are Latin hypercube sampling [McKay et al., 2000] or Sobol

sequences [SobolÕ, 1967]. Apparently, the grid search is only limited to small scale problem due to the curse

of dimensionalities, so people usually practiced grid search in an iterative manner such that reducing the

search space at iteration N+1 to the adjacent regions of good points at iteration N. Grid search renders two

major drawbacks when applied to NAS. First, it evaluates many samples in sweeping the search space, while

the cost of evaluating a neural network, even by the performance prediction, is non-trivial. Second, the grid

search lacks a mechanism to systematically balance the exploration and exploitation, as the global optimum

is not necessarily located around the good points at iteration N.



20

Evolutionary Algorithm

Evolutionary Algorithm (EA) is a set of optimization techniques inspired from Darwinism [Huxley, 1860]

that Õall species arise and develop through the natural selection of small and inherited variations that increase

the individualÕs ability to survive and reproduceÕ [Darwin, 1909]. By mimicking the biological evolution,

EA is an iterative algorithm that gradually improves the solution over generations. First, EA starts with a

random population of individuals, with their performance measured by a Þtness function. Second, EA weeks

out the low-performing individuals and only keeps the top-performing candidates for reproducing offspring

through crossover or mutations. Finally, the new offspring and the high-performing individual will form a

new population for the next iteration. Here we can view the individual as a candidate solution to the problem

and the Þtness function as the objective function. The mutation and crossover are equivalent to perturbing the

current candidate solutions. While the process of EA seems to be simple, it can solve very complex problems

in practice [Salimans et al., 2017]. EA is a vast family of algorithms; here, we focus on three prominent

evolutionary strategies for choosing individuals in reproduction.

¥ Simple Evolution: this is the simplest strategy that uses a threshold to keep individuals with the highest

Þtness scores for the reproduction, e.g., choosing the top 10%. LetÕs represent an individual as a vector;

then, the crossover randomly selects two survivors for recombining a segment of them to form a new

individual, and the mutation simply randomly perturbs a segment of the survivor. One drawback of this

approach is that we need to deÞne the mutation and crossover rules for different tasks explicitly. An

alternatively generic approach is to sample new individuals from a multi-variate GaussianN (µ , ! ),

and the update rule ofN (µ , ! ) is as follows

µ t +1 =
1
N

"

x "X t

x t (2.2)

! t +1 = I (2.3)

whereX t is the group of survivors that surpass the Þtness threshold at iteration t, andI is the identity

matrix. The update rule suggests that the simple evolution strategy only adaptsµ from top individuals

in the population, so the improvement is bounded byI at each iteration.

¥ Covariance Matrix Adaptation Evolution Strategy (CMA-ES): following the idea of sampling from

a multivariate GaussianN (µ , ! ), CMA-ES adapts bothµ and ! based on top individuals. There
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are several advanced versions of CMA-ES [Hansen, 2006], here we describe the simplest form to

demonstrate the gist of CMA-ES. Similarly, CMA-ES employs a threshold to pick the candidates (X )

with top Þtness scores, and adjustµ according to individualsx & X . The key change is to adjust

variance! as follows,

! t +1
ij =

1
N

"

x "X t

(x i %µ t
i )(x j %µ t

j ) (2.4)

where! t +1
ij represents the covariance located at the ith row and jth column at iteration t+1, andµ i is

the ith element ofµ . Since! controls the size of the sampling region, the above equation suggests

the sampling region grows if survivors sparsely scatter in the sampling region when the algorithm is

making an improvement, and shrink otherwise. Therefore, CMA-ES is generally faster than simple

evolution.

¥ Natural Evolutionary Strategies (NES): previous approaches all discard individuals with a low Þtness

score, while discarded individuals may provide a better estimate about what not to do. So the im-

provement of NES over CMA-ES is to use all the individuals in updatingN (µ , ! ) by calculating the

gradient towardµ and! to maximize the expected Þtness under the search distributionN (µ , ! ), i.e.

J (#) =
#

f (x)" (x |! )dx (2.5)

where" (x |! ) is a probability distribution function, and! is the parameter of this density, e.g.µ and!

for the density of Gaussian distribution.f (x) is the Þtness function. By using the same log-likelihood

trick as in the REINFORCE algorithm [Williams, 1992], we can calculate' ! J (#) as follows:

' ! J (#) !
1
N

N"

k=1

f (xk )' ! log" (xk , ! ) (2.6)

The complete derivation is straightforward in [Wierstra et al., 2014], and they also provide the update

equations for using the multi-variate Gaussian distribution.

These evolutionary strategies all suggest that there are numerous evaluations of candidate solutionx

inside the Þtness function at each iteration. Even if it can pair with a surrogate model [Jin, 2011], Evolutionary

Algorithm still requires many samples to work well. In NAS,x is equivalent to a design of neural network

and evaluatingx is either from training or predicting (Fig. 2.1). Training a neural network is very expensive,
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while the prediction is also non-trivial as we need to evaluate the masked Supernet on a test dataset. Therefore,

Evolutionary Algorithm usually needs many GPUs to work well.

Muller et al. [Miller et al., 1989] and Kitano [Kitano, 1990] pioneer in applying Evolutionary Algorithm

to the design of neural networks. Their work uses the genetic algorithm to propose architectures and use the

back-propagation to train and evaluate an architecture. [Stanley and Miikkulainen, 2002] further explores

the idea of evolving both the topology of a neural network and the weights. Due to the previous success,

many researchers also explore Evolutionary Algorithm for NAS in recent years. [Real et al., 2019a] proposes

Regularized Evolution to design a neural network using the NASNet search space. The performance of

searched network beats the best human-designed network on ImageNet, and they also show many downstream

tasks such as object detection can be improved using the searched network. Though Regularized Evolution

is similar to the simple Evolution described above, they performed experiments on 500 GPUs to get this

astonishingly good result. Deploying neural networks to mobile devices is also an important topic today.

In this scenario, we need to trade-off multiple objectives on the Pareto front in the design optimization.

NSGA [Deb et al., 2002] is a popular multiple-objective Evolutionary Algorithm, and [Lu et al., 2019] et al.

applies NSGA to Þnd the Pareto front in designing a fast and good neural network.

Bayesian Optimization

Bayesian optimization is an efÞcient global optimization method that utilizes the Bayesian rules to optimize

a black-box function. It is known to be sample efÞcient for using Gaussian Process as a surrogate model;

therefore, Bayesian Optimization seems to be a great Þt to the optimization module since evaluating a neural

network is very expensive. Bayesian optimization consists of two major parts, a surrogate model that main-

tains a probabilistic belief about the function and an acquisition function that determines where to sample

next. The surrogate model captures the prior belief about the function by modeling toward all the previ-

ous samples (x, f (x)), then it yields the posterior distribution to the acquisition function for sampling the

next x. The newx andf (x) will be merged into the dataset to update the surrogate in the next iteration.

Here we mainly review the Gaussian Process and several commonly used acquisition functions in Bayesian

optimization.

¥ Gaussian Process is inarguably the foundation to the Bayesian Optimization. The beauty of Gaussian

Process Regression (GPR) is the non-parametric modeling that the posterior predictive distribution

can be acquired by marginalizing all the possible models without learning it. LetÕs consider a general
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regression problem,

y = w T $(x) + ! (2.7)

where$ is a kernel function. This regression is generic as we can use different kernels to perform

the various types of regression. So differentw corresponds to different predictive models. Given the

datasetD = { (x1 , y1), ..., (xn , yn )} , the posterior predict distribution is

P(y|D, x) =
#

w
P(y, w |x, D )dw (2.8)

=
#

w
P(y|x, w , D)P(w|D)dw (2.9)

The elegance of GPR is that we are averaging all the possible results from all the possiblew, and

P(y|D, x) is a Gaussian distribution if the priors are also Gaussian likelihood, i.e.

P(y! |D, x) ( N (µ y" |D , ! y " |D ) (2.10)

andx! andy! = f (x ! ) are predictive test points and results, respectively. LetÕs assume y follows a

Gaussian( N (µ, ! ) and we can center the distribution at 0 by subtracting the mean estimated from

samples. Because an entry in" measures the similarity between two data points, here we can use a

kernel function to compute" instead, such as RBF kernel below

! ij = %e
#$ x i # x j $ 2

! 2 (2.11)

If we represent! as| K K "

K T
" K ""

|. K represents the kernel results among training samples,K ! repre-

sents the kernel results among training samplesx & D and predicting pointsx ! , andK !! represents

the kernel results among predicting points. Then the conditional distribution in Eq. 2.10 is

µy" |D = K T
! K # 1y (2.12)

" y" |D = K !! %K T
! K # 1K ! (2.13)

Now we complete the introduction of GPR, and more information can be found at [Weinberger, 2017].

Bayesian optimization further utilizesµy" |D and" y" |D in the acquisition to select samples.
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K # 1 in Eq. 2.12 indicates the complexity cubically increases with the number of training samples since

the matrix inverse is anO(n3) operation. While most real-world problems are high dimensional, and reliably

optimizing a complex function requires many evaluations, which has motivated many works to scale up BO by

approximating the expensive Gaussian Process (GP), such as using Random Forest in SMAC [Hutter et al.,

2011a], Bayesian Neural Network in BOHAMIANN [Springenberg et al., 2016], and the tree-structured

Parzen estimator in TPE [Bergstra et al., 2011]. BOHB [Falkner et al., Ster] further combines TPE with

Hyperband [Li et al., 2017] to achieve strong any time performance. Using a sparse GP is another way to

scale up BO [Seeger et al., 2003, Hensman et al., 2013]. However, sparse GP only works well if there exists

sample redundancy, which is barely the case in high-dimensional problems.

¥ The acquisition function ($) selects where to sample next using the Gaussian process priors. There are

many strategies to implement$, but the process can be generalized as follows:

maximize $ (µ y" |D , ! y " |D , y+ ) (2.14)

s.t. x ! & D (2.15)

wherex ! is the predictive point, andy+ is the bestf (x) sampled so far. Please noteK ! andK !! in

the equation 2.12 are computed fromx! and current samplesx. Here we review 2 commonly used$

in the Bayesian optimization.

The Þrst one is Probabilistic Improvement (PI). The intuition of PI is to maximize the probability that

the subsequent evaluation will improve upon the current besty+ . LetÕs denote& as the cumulative

distribution function of the standard Gaussian distribution, so$P I is deÞned as follows:

$P I (x ! ) = 1 %P(f (x ! ) < y + ) = 1 %P(
f (x ! ) %µ y" |D

! y " |D
<

y+ %µ y" |D

! y " |D
) (2.16)

= &(
y+ %µ y" |D

! y " |D
) (2.17)

Expected Improvement is another acquisition function that maximizes the average improvement w.r.t

f (x ! ) after sampling atx ! , i.e.

$EI (x ! ) = E(max(f (x ! ) %y+ , 0)) (2.18)
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[Jones et al., 1998] shows that$EI can be analytically solved, yielding the following update rule

$EI (x ! ) = ( µ y" |D %y+ %' )&(
µ y" |D %y+ %'

! y " |D
) + ! y" |D p(

µ y" |D %y+ %'
! y " |D

) (2.19)

Optimizing the acquisition function is not trivial, especially whenX is high dimensional, while a sub-

optimal solution to the acquisition optimization will deteriorate the performance. Existing Bayesian methods

such as SMAC [Bergstra et al., 2011], TPE [Bergstra et al., 2011], and BOHB [Falkner et al., Ster] use

iterated local search/evolutionary algorithm to optimize the acquisition, and [Wilson et al., 2018] provides

an in-depth discussion of the impact of different optimization algorithms on the performance. In this thesis,

chapter 5 proposes a new MCTS based method that learns to partition the search space; then, the acquisition

function can be easily optimized inside a partition instead of the entire search space.

The existing acquisition function also tends to be myopic, leading to over-exploring the boundary of a

search space [Oh et al., 2018]. Therefore, ML practitioners usually observe that the performance of Bayesian

optimization is as poor as a random search, especially in high-dimensional problems. There is much work

to speciÞcally study high-dimensional Bayesian optimization [Wang et al., 2013, Kawaguchi et al., 2015,

McIntire et al., 2016, Chen et al., 2012, Kandasamy et al., 2015, Wang et al., 2016c]. One category of methods

decomposes the target function into several additive structures [Kandasamy et al., 2015, Gardner et al., 2017],

which limits its scalability by the number of decomposed structures for training multiple GP. Besides, learning

a good decomposition remains challenging. Another category of methods is to transform a high-dimensional

problem into low-dimensional subspaces. REMBO [Wang et al., 2016c] Þts a GP in low-dimensional spaces

and projects points back to a high-dimensional space that contains the global optimum with a reasonable

probability. Binois et al. [Binois et al., 2020] further improve the distortion from Gaussian projections in

REMBO. While REMBO works empirically, HesBO [Nayebi et al., esBO] is a theoretical sound framework

for BO that optimizes high-dimensional problems on low dimensional sub-spaces embeddings; In BOCK [Oh

et al., 2018], Oh et al. observed that existing BO spends most evaluations near the boundary of a search space

due to the Euclidean geometry, and it proposed transforming the problem into a cylindrical space to avoid

over-exploring the boundary. Recent works explore space partitioning and local modeling that Þts local

models in promising regions to achieve strong empirical results in high-dimensional problems. For example,

EBO [Wang et al., 2017b] uses an ensemble of local GP on the partitioned problem space. Based on the

same principle of local modeling as EBO, recent trust-region BO (TuRBO) [Eriksson et al., uRBO] has

outperformed other high-dimensional BO on a variety of tasks. However, their space partitions follow a Þxed
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criterion (e.g., K-ary uniform partitions) independent of the objective to be optimized. Following the learning

path, one under-explored direction is to learn the space partition, and this thesis explores this direction in

Chapter 5.

Monte Carlo Tree Search

Besides the recent success in games [Silver et al., 2016, Schrittwieser et al., 2019, Silver et al., 2017], Monte

Carlo Tree Search (MCTS) is also widely used in robotics planning and black box optimization [Busüoniu

et al., 2013, Munos, 2014, Weinstein and Littman, 2012, Mansley et al., 2011]. The formal introduction

of MCTS can be found in chapter 3. Here we focus on reviewing recent advances of MCTS in black-box

optimization.

When MCTS is applied to optimize a function, it can be seen as an optimistic sampling strategy where, at

each round, MCTS explores the space believed to be promising according to previous samples [Munos, 2011].

Alternatively, we can view MCTS as partitioning the search space into regions of different performance, then

sample from the promising region. Munos pioneers in this line of research by proposing Deterministic Opti-

mistic Optimization (DOO) and Simultaneous Optimistic Optimization (SOO) [Munos, 2011]. DOO uses a

tree structure to partition the search space by recursively bifurcating the region with the highest upper bound,

i.e., optimistic exploration, while SOO relaxes the Lipschitz condition in DOO on the objective function.

HOO [Bubeck et al., 2011] is a stochastic version of DOO. While prior works use K-ary partitions, Kim et

al. show Voronoi [Kim et al., 2020a] partition can be more efÞcient than previous linear partitions in high-

dimensional problems. In this thesis, based on the idea of space partitioning, we extend current works by

learning the space partition so that the partition can adapt to the distribution off (x). Besides, the sample ef-

Þciency of MCTS alone is not attractive for lacking a surrogate model such as GP in Bayesian Optimization.

We further show that MCTS and Bayesian optimization can work synergistically together: the learned space

partition helps Bayesian optimization avoid over-exploring by bounding within a small region and reduce

the complexity in optimizing the acquisition function. Chapter 5 provides more details to our approach to

learning the search space partition, and Chapter 4 discusses applying our new MCTS method to build the

optimization module in the NAS agent.

2.2.2 Reinforcement Learning

Reinforcement Learning (RL) studies the problem of learning a policy for an agent to act in an environment

so that the cumulative reward can be maximized. RL is one of 3 basic pillars in machine learning alongside
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Figure 2.6: The workßow of RL that interacts with a MDP.

with the supervised and unsupervised learning. This section brießy reviews of basic concepts in RL and their

applications to NAS.

Background

Markov Decision Process (MDP) [Bellman, 1957] is a general mathematical framework to formalize the

agent-environment interactions in RL. The NAS agent builds a neural network by wiring various operators

together, so the process can be modeled by a discrete time MDP that deÞnes the reward and the probability of

destination states after taking an action at the current state. The discrete time MDP consists of six tuple, (S, A,

R, T, ( ), where S represents states in MDP that describe all the possible conÞgurations of this discrete world;

A is a set of possible actions; R is a reward function that outputs a reward given the current state after taking

an action to the next state; T is a transition function that outputs the probability of arriving the next state after

taking an action on the current state;( is a discount factor to regulate the preference over a long-term and

shot-term rewards. There are many kinds of MDPs designed for different scenarios. For example, continuous

time MDP is often used in the robotics such as the joint rotation control in a robot arm. An agent may not

observe its current state in an MDP such as the case in Elevator Control [Cassandra, 1998], so this kind of

problems use Partially Observable Markov Decision Process (POMDP) to model the environment.

While MDP is a very generic in the above formulation, modeling the neural network design only requires

a deterministic MDP. In NAS, an architecture corresponds to a state so the actions are adding a new layers

from a pool of operators or modify the hyper-parameters in existing layers. Every time an agent modiÞes an

architecture (s), the next architecture (s
!
) is always certain, i.e.s ) a # s

!
is deterministic. The reward of a

state is the performance of the network represented by the state. Fig. 2.6 depicts how RL interacts with MDP

in the context of NAS. Given an architecturest , an agent selects an actionat following the current policy that

modiÞes the architecture tost +1 . The agent collects the rewardr t +1 after taking the actionat . The agent

loops this action for indeÞnite steps until reaching a terminating condition, and all the past state, action and
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reward will be stored into the experience to train the policy. RL tries to learn a good policy for an agent that

maximizes the long term discounted reward,

$"

t =1

r t ( t (2.20)

Here the agent tries to Þnd a path with the largest cumulative performance sum of networks located on the

path. However, NAS mostly concerns about a single architecture that delivers the best performance. RL also

optimizes a policy for the entire states, so the number of samples required to Þnd a good policy for all states

is inevitably higher than the black box optimization that only Þnds a good solution.

RL algorithms

RL algorithms, in general, can be classiÞed into model-based RL, model-free RL, and policy-based RL.

This three-category is based on the functions to be estimated. Model-based RL estimates the reward (öR)

and transition (öT) functions. If the action-value function, e.g. (öQ), is estimated, it is the model-based RL.

Policy-based RL directly estimates the policy" . When combined with deep neural networks, model-free and

policy-based RL, a.k.a deep RL methods, have demonstrated great success in many challenging domains from

Atari [Mnih et al., 2013] to robotics [Levine et al., 2016]. Here we only focus on reviewing the model-free

and policy-based RL methods.

Q-learning [Watkins and Dayan, 1992] is one of the classical algorithms in model-free RL. Q-learning

utilizes a Q-function to build the policy, which can be viewed as a giant lookup table that inputs the current

states and actiona and outputs a score. At any states, Q-learning follows the policy of

" q(a|s) = argmaxa! Q(s, a
!
) (2.21)

which takes the action yielding the highest q score. So the task is to learn the optimal Q-function (Q! ) from

the past experiences (st , at , r t ) to maximize the cumulative rewards. At each step, Q-learning updates the

Q-function as follows,

öQ(st , at ) = öQ(st , at ) + ) (r t + ( ! argmaxa"A öQ(st +1 , a) % öQ(st , at )) (2.22)

wherest +1 represents the next state after taking actiona at the current statest , ( is the discounted factor

and) is the learning rate. Every step generates an entry ofst , at andr t to update the Q-function. Using



29

a ! exploration strategy, Q-learning is theoretically guaranteed to converge to the optimal policyQ! [Melo,

2001]. There are also many works to extend the Q-learning to the deep RL regime by implementing the

Q-function with a deep neural network, such as Deep Q Network [Mnih et al., 2015].

Baker et al. [Baker et al., 2016] implemented the Þrst Q-learning based NAS agent, which treats a state

s as a concrete neural architecture and an actiona as adding a layer or modifying the hyper-parameters of

an existing layer. Training a neural network is very expensive, so training every new network at a new state

s is not desired. Baker et al. ingenuously introduce the terminal action to solve this question. SpeciÞcally,

the agent can choose to terminate at any state when the network represented by the state is actually trained.

So the reward for selecting the terminal action is the actual network accuracy, while the reward for transiting

among non-terminal states is 0. The terminal action allows the agent to build a very deep neural network

before the actual network training. Following this design of MDP and the update rule in Eq. 2.22, they found

a network that achieves the top-1 accuracy of 95.38 on CIFAR-10.

The policy-based RL methods directly update the parameterized policy w.r.t the cumulative reward by

the gradient descent. Weng provides a comprehensive review of various policy gradient methods in [Weng,

2018]. Here we focus on REINFORCE [Williams, 1992], which has been applied in NAS to achieve great

success. LetÕs deÞne a parameterized stochastic policy as" ! , e.g., implemented with a deep neural network.

So the expected return is

J (#) = E(
T"

t =0

r t |" ! ) =
T"

t = i

P(st , at |%)r t +1 (2.23)

wherei is a starting point, andP(st , at |%) is the probability ofst , at on the trajectory%. By using the log

trick, Williams derives the update rule for a parameterized policy" ! is as follows,

' ! J (#) =
T # 1"

t =0

' ! log" ! (at |st )(
T"

t ! = t +1

( t
!
# t # 1r t ! ) (2.24)

The full derivation of the above equation is available in [Williams, 1992].

Zoph and Le utilize REINFORCE to implement a NAS agent [Zoph and Le, 2016] that designs a network

to achieve the competitive performance as the best human-designed network. They use a Recurrent Neural

Network (RNN) to generate the architecture and update the parameters of RNN using REINFORCE. This

agent samples an architecture from a Recurrent Neural Network then evaluates the network to get the accuracy

as the reward. Finally, the agent computes the gradient w.r.t the rewards and sampled networks following the
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equation 2.23. This process suggests that the agent needs evaluate a network at every update step, and they

use 800 GPUs to evaluate 800 networks concurrently. After training 12800 architectures, the agent Þnds

a network that achieves 96.35% top1 accuracy on CIFAR-10. Although REINFORCE has shown NAS as

a promising direction, the results are from massive computations using hundreds of GPUs. However, very

few groups have access to hundreds of GPUs running for weeks. The lack of GPUs naturally motivates

researchers to look into several possible directions to improve the efÞciency, either from enhancing the sample

efÞciency [Wang et al., 2019a] or expediting the network evaluation [Pham et al., 2018a]. Indeed the goal of

RL is to Þnd a policy that maximizes the cumulative rewards, while NAS mainly concerns the performance

of the Þnal architecture. Therefore, methods from black-box optimization are more suitable than RL in NAS.

2.2.3 Gradient Descent

Another popular approach is to formalize the architecture optimization and the network training as a bi-level

optimization, solved by gradient descent. The formulation of this bi-level optimization is as follows,

min" L val (w! () ), ) ) (2.25)

s.t. w! () ) = argminw L train (w, ) ) (2.26)

which is exactly the same as equation 1.1. The second optimization is the bottleneck of bi-level optimization

as training a neural network is extremely expensive, while the gradient descent approximates the architecture

gradient by using only one step of the weight update in the network training:

' " L val (w! () ), ) ) * ' " L val (w %* ! ' w L train (w, ) ), ) ) (2.27)

this approximation avoids training the network until the convergence [Liu et al., 2018b]; therefore, it can solve

the problem within days, even using 1 GPU. Alternatively, black box optimizations or reinforcement learning

either evaluate an architecture by training from scratch or approximate the optimal weight by transferring

from a trained Supernet. We will discuss the pros and cons of each method in sec. 2.3.

The above approximation signiÞcantly lowers the computation requirement for performing NAS, which

has stirred much interest to study gradient-based methods. One direction is to improve the gradient method

itself. For example, P-DARTS [Chen et al., 2019b] observes there is a depth gap in the architecture during
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the search and evaluation steps in the search for CNN on the NASNet search space. Then, P-DARTS pro-

poses progressively increasing the network depth during the search for CNN to match the evaluation setting.

Besides, Zela et al. [Zela et al., 2019] observes the regularization robustiÞes the gradient-based method,

either via augmenting data for training or adding an L2 regularization in the training step. One problem with

these methods is that these task-dependent settings can change from tasks to tasks or search space to search

space. The effectiveness of these methods on different tasks is not guaranteed since most of their evaluations

are limited to building a CNN. Most importantly, one of the critical evaluation criteria is the tabular results of

Þnal CNN accuracy on CIFAR-10 or ImageNet; while the accuracy can be improved by the tricks irrelevant

to the methods such as distillation [Cai et al., 2019a], data augmentation [Nayman et al., 2019a], and Expo-

nential Moving Average (EMA) [Dai et al., 2020]. Although the gradient-based methods are cheap to run, the

problem is the aggressive approximation of the optimal weight parameters by only one update. Therefore, the

networks found by gradient-based algorithms are generally worse than other methods that train every network

from scratch on the same search space [Wang et al., 2021, Luo et al., 2018a].

2.3 Evaluation Module

The evaluation module takes a network architecture proposed from the optimization module to output the

networkÕs performance. The simplest evaluation method is to train the network with SGD until convergence.

However, training a neural network is highly time-consuming, especially on a large dataset and the data-

driven design process constantly evaluates the architectures during the progress of the search. The high cost

naturally motivates us to look into solutions to utilize many GPUs to tackle the computation challenges. While

parallelizing the search over many GPUs requires careful consideration of the underlying heterogeneous

system, an intelligent job scheduler speciÞcally designed to handle the computation pattern in NAS is desired.

On the other hand, not everyone can access hundreds of GPUs; this gives rise to a set of approximation

techniques that quickly estimates the performance of architecture so that NAS can be done within a few days

on a GPU. These approximation techniques are also no magic, trading the evaluation quality for speed. We

will also discuss these trade-offs for each method discussed below.

Parallelization

The GPU of today can easily deliver massive computing power such that one NVIDIA V100 server node

delivers up to the same performance as 135 CPU only server nodes. This huge advances in the computing
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Figure 2.7: Integrating supernet with search algorithms. Before the search comes into play, we pre-train a
supernetby applying a random mask at each iteration until the convergence. The supernet remains static in
the search. When a search algorithm proposes a network, we transform the supernet to the target architecture
by multiplying a mask to deactivate the extra operations on a compound edge, or deactivate the entire edge.

infrastructure enables researchers to roll out unprecedently large scale NAS using hundreds of GPUs. For

example, the RL agent implemented by Zoph and Le [Zoph and Le, 2016] utilizes 800 GPUs to concurrently

train sampled neural networks to update the RNN controller. They parallelize the computations using the

parameter server [Li et al., 2014], where they have several shards of a parameter server, that store the shared

parameters for several RNN controller replicas. Each controller replica samples a few different architectures,

sending each of architecture to a downward GPU computing node to train and evaluate the architecture. The

accuracy of the architecture is used as the reward, which is sent back to the parameter servers to calculate

the policy gradient. The gradient is subsequently broadcast to update the controller, and the update is in

asynchronous fashion to avoid the straggler problem. Besides architecting on the parameter server, this thesis

proposes a scalable and fault tolerant client and server style job scheduler to support our MCTS based NAS

agent. We will elaborate the details in Chapter 3.

The parallelization accurately evaluates an architecture by training toward the convergence, but the draw-

back is requiring hundreds of GPUs. Therefore this approach is limited to a small group of researchers who

have such access in big tech companies or national labs. While it is possible to rent the GPU node on the

cloud, the cost is very high. Recently, the emerging serverless computing seems to be a promising solution

to reduce down the cost by taking advantage of spot instances on the cloud. Serverless computing has shown

very promising in other application domains [Fouladi et al., 2017], and Ray library has demonstrated some

excellent results [Liaw et al., 2018] in the large scale hyper-parameter search using the serverless. Although

we did not exploit this direction in this thesis, I strongly believe this is a promising direction and leave it as

future work.
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Performance Prediction

Another interesting direction is to predict the performance of a neural network. The methods in this cat-

egory are often distinguished by features used in the prediction. There are numerous works to predict the

performance of a network based on the progress of training. For example, Rasley et al. [Rasley et al., 2017]

build a cloud scheduler that provisions more computing resources for neural networks that show good loss

trace in the early stage. Similarly, Li et al. develop hyperband [Li et al., 2017] to dynamically allocate the

resource w.r.t the training progress along with the search. This early stopping technique is also employed by

Bowen et al. to save computations from terminating the low-performing networks in the early stage [Baker

et al., 2017b]. In general, these works usually use a surrogate model trained with the loss traces of evaluated

networks. When a network comes in, the algorithm uses the surrogate model to extrapolate the loss progress

in the next several epochs. If the trend predicted from the surrogate model does not look promising, the

system terminates the training to provision resources to good candidates. Another group of works tries to

learn a predictor that directly predicts the Þnal accuracy of an architecture. For example, in chapter 3, we

have discussed several performance predictors using MLP and RNN, and Shi et al. [Shi et al., 2019a] further

shows that Graph Neural Network performs better than other regressors. Although several works demonstrate

great results [Chau et al., 2020, Shi et al., 2019a, Wen et al., 2020], their search is exclusively guided by the

predictor, which can easily trap into a local optimum without implementing any exploration mechanism.

Supernet

Pham et al. [Pham et al., 2018a] proposes a weight sharing scheme to avoid the model re-training using

an over-parameterized supernet, which can transform to any architectures in the search space by deactivat-

ing extra edges to the network as shown in Fig. 2.7. Many works formulate the training of supernet and

architecture optimization as integrated bi-level optimizations solved by SGD [Liu et al., 2018b], while recent

works [Guo et al., 2019a, Sciuto et al., 2019] show this also can be decoupled. We choose to separate the

two procedures as it enables us to evaluate various algorithms on the same supernet. We train the supernet by

applying a random mask at each iteration. After training the supernet, we Þx the parameters, then evaluate

various search methods with the supernet. For example, a search algorithm samples an architecture, masking

the supernet to assess the architecture, e.g., in Fig. 2.7; then the performance of the architecture is estimated

from the performance of masked supernet on the test dataset.
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Chapter 3

Building the NAS agent using MCTS

3.1 Motivation

Designing efÞcient neural architectures is extremely laborious. A typical design iteration starts with a heuris-

tic design hypothesis from domain experts, followed by the design validation with hours of GPU training.

The entire design process requires many of such iterations before Þnding a satisfying architecture. Neural

Architecture Search has emerged as a promising tool to alleviate human effort in this trial and error design

process, but the tremendous computing resources required by current NAS methods motivate us to investigate

both the search efÞciency and the network evaluation cost.

AlphaGo/AlphaGoZero [Silver et al., 2016, Tian et al., 2019a] have recently shown super-human per-

formance in playing the game of Go, by using a speciÞc search algorithm called Monte-Carlo Tree Search

(MCTS). Given the current game state, MCTS gradually builds an online model for its subsequent game

states to evaluate the winning chance at that state, based on search experiences in the current and prior

games, and makes a decision. The search experience is from the previous search trajectories (called rollouts)

that have been tried, and their consequences (whether the player wins or not). Different from the traditional

MCTS approach that evaluates the consequence of a trajectory by random self-play to the end of a game,

AlphaGo uses a predictive model (or value network) to predict the consequence, which enjoys much lower

variance. Furthermore, due to its built-in exploration mechanism using Upper ConÞdence bound applied to

Trees (UCT) [Kocsis and Szepesv«ari, 2006], based on its online model, MCTS dynamically adapts itself to

the most promising search region, where good consequences are likely to happen.

Inspired by this idea, we build AlphaX, a NAS agent that uses MCTS for efÞcient architecture search

35
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Figure 3.1: Comparisons of NAS algorithms: (a)random searchmakes independent decision without us-
ing prior rollouts (previous search trajectories). An online model is to evaluate how promising the current
search branch based on prior rollouts, andrandom searchhas no online model. (b) Search methods guided
by online performance models built from previous rollouts. With static, coarse-grained exploration strategy
(e.g.,! -greedy inQ-learning), they may quickly be stuck in a sub-optimal solution; and the chance to escape
is exponentially decreasing along the trajectory. (c) AlphaX builds online models of both performance and
visitation counts for adaptive exploration. The numbers in nodes represent values. (d) Performance of differ-
ent search algorithms on NASBench-101. AlphaX is 3x, 1.5x more sample-efÞcient thanrandom searchand
! -greedybasedQ-learning.

with Meta-DNN as a predictive model to estimate the accuracy of a sampled architecture. Compared with

Random Search, AlphaX builds an online model which guides the future search; compared to greedy methods,

e.g. Q-learning, Regularized Evolution or Top-K methods, AlphaX dynamically trades off exploration and

exploitation and can escape from locally optimal solutions with fewer search trials. Fig. 3.1 summarizes

the trade-offs. Toward a practical MCTS-based NAS agent, AlphaX has two novel features: Þrst, a highly

accurate multi-stage meta-DNN to improve the sample efÞciency; and second, the use of transfer learning,

together with a scalable distributed design, to amortize the network evaluation costs. As a result, AlphaX is

the Þrst MCTS-based NAS agent that reports the competitive performance.

3.2 AlphaX: A Scalable MCTS Design Agent

Please note the focus of this chapter is to describe our Þrst MCTS based NAS agent, therefore you may Þnd

the content is engineering focused accompanied with lots of implementation details.

3.2.1 Design, State and Action Space

Design Space: the neural architectures for different domain tasks, e.g. object detection and image classi-

Þcation, follow fundamentally different designs. This renders different design spaces for the design agent.

AlphaX is ßexible to support various search spaces with an intuitive state and action abstraction. Here we



37

�&�H�O�O���2�X�W�S�X�W

�&�H�O�O���,�Q�S�X�W�� �&�H�O�O���,�Q�S�X�W��

�%�O�R�F�N��

�O�D�\�H�U �O�D�\�H�U

�O�H�I�W
�E�U�H�Q�F�K��

�U�L�J�K�W
�E�U�H�Q�F�K��

�R�X�W�S�X�W��

�%�O�R�F�N �%�O�R�F�N �%�O�R�F�N

�%�O�R�F�N

(a) NASNet Cell

�L�Q�S�X�W

�F�R�Q�Y�����
��

�P�D�[�����
��

�R�X�W�S�X�W

�F�R�Q�Y�����
��

�L�Q�S�X�W �F�R�Q�Y�����
���P�D�[�����
���R�X�W�S�X�W�F�R�Q�Y�����
��

�Q�R�G�H���O�L�V�W

��

��

��

��

��

�� ���� ��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

��

�D�G�M�D�F�H�Q�F�\���P�D�W�U�L�[��

(b) NASBench DAG

Figure 3.2: Design space: (a) the cell structure of NASNet and (b) the DAG structure of NASBench-101.
Then the network is constructed by stacking multiple cells or DAGs.

provide a brief description of two search spaces used in our experiments.

¥ NASNet Search Space: [Zoph et al., 2017] proposes searching a hierarchical Cell structure as shown

in Fig.3.2. There are two types of Cells, Normal Cell (NCell ) and Reduction Cell (RCell ). NCell

maintains the input and output dimensions with the padding, whileRCell reduces the height and width

by half with the striding. Then, the network is constituted by stacking multiple cells.

¥ NASBench Search Space: [Ying et al., 2019] proposes searching a small Direct Acyclic Graph (DAG)

with each node representing a layer and each edge representing the inter-layer dependency as shown in

Fig.3.2b. Similarly, the network is constituted by stacking multiple such DAGs.

State Space: a state represents a network architecture, and AlphaX utilizes states (or nodes) to keep track

of past trails to inform future decisions. We implement a state as a map that deÞnes all the hyper-parameters

for each network layer and their dependencies. We also introduce a special terminal state to allow for multiple

actions. All the other states can transit to the terminal state by taking the terminal action, and the agent only

trains the network, from which it reaches the terminal. With the terminal state, the agent freely modiÞes

the architecture before reaching the terminal. This enables multiple actions for the design agent to bypass

shallow architectures.

Action Space: an action morphs the current network architecture, i.e. current state, to transit to the next

state. It not only explicitly speciÞes the inter-layer connectivity, but also all the necessary hyper-parameters

for each layer. Unlike games, actions in NAS are dynamically changing w.r.t the current state and design

spaces. For example, AlphaX needs to leverage the current DAG (state) in enumerating all the feasible

actions of Õadding an edgeÕ. In our experiments, the actions for the NASNet search domain are adding a new

layer in the left or right branch of a Block in a cell, creating a new block with different input combinations,
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Figure 3.3: An overview of AlphaX search procedures, please see details in sec. 3.2.2.

and the terminating action. The actions for the NASBench search domain are either adding a node or an edge,

and the terminating action.

3.2.2 Search Procedure

This section elaborates the integration of MCTS and metaDNN. The purpose of MCTS is to analyze the

most promising move at a state, while the purpose of meta-DNN is to learn the sampled architecture per-

formance and to generalize to unexplored architectures so that MCTS can simulate many rollouts with only

an actual training in evaluating a new node. The superior search efÞciency of AlphaX is due to balancing

the exploration and exploitation at the Þnest granularity, i.e. state level, by leveraging the visiting statistics.

Each node tracks these two statistics: 1)N (s, a) counts the selection of actiona at states; 2) Q(s, a) is the

expected reward after taking actiona at states, and intuitivelyQ(s, a) is an estimate of how promising this

search direction is. Fig.3.3 demonstrates a typical searching iteration in AlphaX, which consists of Selection,

Expansion, Meta-DNN assisted Simulation, and Backpropagation. We elucidate each step as follows.

Selectiontraverses down the search tree to trace the current most promising search path. It starts from

the root and stops till reaching a leaf. At a node, the agent selects actions based on UCB1 [Auer et al., 2002]:

" tree (s) = argmax
a" A

$
Q(s, a)
N (s, a)

+ 2c

%
2 logN (s)

N (s, a)

&

, (3.1)

whereN (s) is the number of visits to the states (i.e. N (s) =
!

a" A N (s, a)), andc is a constant. The

Þrst term (Q(s,a )
N (s,a ) ) is the exploitation term estimating the expected accuracy of its descendants. The second
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term (2c
'

2 log N (s)
N (s,a ) ) is the exploration term encouraging less visited nodes. The exploration term dominates

" tree (s) if N (s, a) is small, and the exploitation term otherwise. As a result, the agent favors the exploration

in the beginning until building proper conÞdences to exploit.c controls the weight of exploration, and it is

empirically set to 0.5. We iterate the tree policy to reach a new node.

Expansionadds a new node into the tree.Q(s, a) andN (s, a) are initialized to zeros.Q(s, a) will be

updated in the simulation step.

Meta-DNN assisted Simulationrandomly samples the descendants of a new node to approximateQ(s, a)

of the node with their accuracies. The process is to estimate how promising the search direction rendered by

the new node and its descendants. The simulation starts at the new node. The agent traverses down the tree

by taking the uniform-random action until reaching a terminal state, then it dispatches the architecture for

training. The more simulation we roll, the more accurate estimate of this search direction we get. However,

we cannot conduct many simulations as network training is extremely time-consuming. AlphaX adopts a

novel hybrid strategy to solve this issue by incorporating a meta-DNN to predict the network accuracy in

addition to the actual training. We delay the introduction of meta-DNN to sec.3.2.3. SpeciÞcally, we estimate

q = Q(s, a) with

Q(s, a) +

$

Acc(sim 0(s%)) +
1
k

"

i =1 ..k

P red(sim i (s%))

&

/ 2 (3.2)

wheres%= s + a, andsim(s%) represents a simulation starting from states%. Acc is the actually trained

accuracy in the Þrst simulation, andPred is the predicted accuracy from Meta-DNN in subsequentk simu-

lations. If a search branch renders architectures similar to previously trained good ones, Meta-DNN updates

the exploitation term in Eq.4.3 to increase the likelihood of going to this branch.

Backpropagationback-tracks the search path from the new node to the root to update visiting statistics.

Please note we discuss the sequential case here, and the backpropagation will be split into two parts in the

distributed setting. With the estimatedq for the new node, we iteratively back-propagate the information to

its ancestral as:

Q(s, a) + Q(s, a) + q, N(s, a) + N (s, a) + 1

s + parent(s), a + " tree (s)
(3.3)

until it reaches the root node.
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Figure 3.4: Encoding scheme of NASBench and NASNet.

3.2.3 The design of Meta-DNN and its related issues

Meta-DNN intends to generalize the performance of unseen architectures based on previously sampled net-

works. It provides a practical solution to accurately estimate a search branch with many simulations without

involving the actual training (see the metaDNN assisted simulation for details). New training data is gener-

ated as AlphaX advances in the search. So, the learning of Meta-DNN is end-to-end. The input of Meta-DNN

is a vector representation of architecture, while the output is the prediction of architecture performance, i.e.

test accuracy.

The coding scheme for NASNet architectures is as follows: we use 6-digits vector to code aBlock; the

Þrst two digits represent up to two layers in the left branch, and the 3rd and 4th digits for the right branch.

Each layer is represented by a number in[1, 12] to represent 12 different layers. We use 0 to pad the vector

if a layer is absent. The last two digits represent the input for the left and right branch, respectively. For the

coding of block inputs, 0 corresponds to the output of the previousCell, 1 is the previous, previousCell,

andi + 2 is the output ofBlocki . If a block is absent, it is [0,0,0,0,0,0]. The left part of Fig.3.4 demonstrates

an example of NASNet encoding scheme. ACell has up to 5 blocks, so a vector of 60 digits is sufÞcient to

represent a state that fully speciÞes bothRCell andNCell . The coding scheme for NASBench architectures

is a vector of ßat adjacency matrix, plus the nodelist. Similarly, we pad 0 if a layer or an edge is absent.

The right part of Fig.3.4 demonstrates an example of NASBench encoding scheme. Since NASBench limits

nodes" 7, 7) 7 (adjacency matrix)+ 7 (nodelist) = 56 digits can fully specify a NASBench architecture.

Now we cast the prediction of architecture performance as a regression problem. Finding a good metaDNN
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is heuristically oriented and it should vary from tasks to tasks. We calculate the correlation between predicted

accuracies and true accuracies from the sampled architectures in evaluating the design of metaDNN. Ideally,

the metaDNN is expected to rank an unseen architecture in roughly similar to its true test accuracy, i.e. corr

= 1. Various ML models, such as Gaussian Process, Neural Networks, or Decision Tree, are candidates for

this regression task. We choose Neural Networks as the backbone model for its powerful generalization on

the high-dimensional data and the online training capability. More ablations studies for the speciÞc choices

of metaDNN are available in sec.3.3.2.

3.2.4 Transfer Learning

As MCTS incrementally builds a network with primitive actions, networks falling on the same search path

render similar structures. This motivates us to incorporate transfer learning in AlphaX to speed network

evaluations up. In simulation (Fig. 3.3), AlphaX recursively traverses up the tree to Þnd a previously trained

network with the minimal edit distance to the newly sampled network. Then we transfer the weights of

overlapping layers, and randomly initialize new layers. In the pre-training, we train every sample for 70

epochs if no parent networks are transferable, and 20 epochs otherwise. Fig. 3.8 provides a study to justify

the design.

3.2.5 Distributed AlphaX

It is imperative to parallelize AlphaX to work on a large scale distributed systems to tackle the computation

challenges rendered by NAS. Fig.3.5 demonstrates the distributed AlphaX. There is a master node exclusively

for scheduling the search, while there are multiple clients (GPU) exclusively for training networks. The

general procedures on the server side are as follows: 1) The agent follows the selection and expansion steps

described in Fig.3.3. 2) The simulation in MCTS picks a networkarchn for the actual training, and the

agent traverses back to Þnd the weights of parent architecture having the minimal edit distance toarchn

for transfer learning; then we push botharchn and parent weights into a job queue. We deÞnearchn as

the selected network architecture at iterationn, androllout # f rom (archn ) as the node which it started the

rollout from to reacharchn . 3) The agentpreemptively backpropagatesöq + 1
k

!
i =1 ..k P red(sim i (s%))

based only on predicted accuracies from the Meta-DNN at iterationn.

Q(s, a) + Q(s, a) + öq, N(s, a) + N (s, a) + 1 ,

s + parent(s), a + " tree (s).
(3.4)
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Figure 3.5: Distributed AlphaX: we decouple the original back-propagation into two parts: one uses predicted
accuracy (green arrow), while the other uses the true accuracy (blue arrow). The pseudocode for the whole
system is available in Sec.3.4

4) The server checks the receive buffer to retrieve a Þnished job from clients that includesarchz , accz . Then

the agent starts the second backpropagation to propagateq + accz +öq
2 (Eq. 3.2) from the node the rollout

started (s + rollout # f rom (archz)) to replace the backpropagatedöq with q:

Q(s, a) + Q(s, a) + q % öq,

s + parent(s), a + " tree (s).
(3.5)

The client constantly tries to retrieve a job from the master job queue if it is free. It starts training once

it gets the job, then it transmits the Þnished job back to the server. So, each client is a dedicated trainer. We

also consider the fault-tolerance by taking a snapshot of the serverÕs states every few iterations, and AlphaX

can resume the searching from the breakpoint using the latest snapshot.

3.3 Experiments

3.3.1 Evaluations of architecture search

First, we perform the search on the NASNet search space using 8 NVIDIA 1080 TI. One GPU works as

a server, while the rest work as clients. To further speedup network evaluations, we early terminated the
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Model Params Err GPU days M

NASNet-A+cutout [Zoph et al., 2017] 3.3M 2.65 2000 20000
AmoebaNet-B+cutout [Real et al., 2019a] 2.8M2.50± 0. 05 3150 27000
DARTS+cutout [Liu et al., 2018b] 3.3M 2.76± 0. 09 4 -

AlphaX+cutout (32 Þlters) 2.83M2.54± 0. 06 12 1000

PNAS [Liu et al., 2018a] 3.2M 3.41± 0. 09 225 1160
ENAS [Pham et al., 2018a] 4.6M 3.54 0.45 -
NAONet [Luo et al., 2018a] 10.6M 3.18 200 1000

AlphaX (32 Þlters) 2.83M 3.04± 0. 03 12 1000

NAS v3[Zoph and Le, 2016] 7.1M 4.47 22400 12800
Hier-EA [Liu et al., 2017] 15.7M 3.75± 0. 12 300 7000

AlphaX+cutout (128 Þlters) 31.36M2.16± 0. 04 12 1000

Table 3.1: The comparisons of our NASNet search results to other state-of-the-art results on CIFAR-10. M is
the number of sampled architectures in the search.

(a) best acc progression (b) #samples to the best (c) best acc progression (d) #samples to the best

Figure 3.6: Finding the global optimum on NASBench-101: AlphaX is 3x, 2.8x faster than Random Search
and Regularized Evolution on NASBench-101 (nodes" 6). The results are from 200 trails with differ-
ent random seeds. (c) and (d) show the performance of AlphaX in cases of with/without meta-DNN on
NASBench-101

training at 70th epoch during the pre-training. We selected the top 20 networks from the pre-training and

Þne-tuned them additional 530 epochs to get the Þnal accuracy. For the ImageNet training, we constructed

the network with the sameRCell andNCell searched on CIFAR10 following the accepted standard, i.e. the

mobile setting, deÞned in [Zoph et al., 2017]. In total, AlphaX sampled 1000 networks.

To further examine the sample efÞciency, we evaluate AlphaX on the recent NAS dataset, NASBench-

101 [Ying et al., 2019]. NASBench enumerates all the possible DAGs of nodes" 7, constituting of (420k+)

networks and their Þnal test accuracies. This enables bypassing the computation barrier to fairly evaluate the

sample efÞciency. In our experiments, we limited the maximal nodes in a DAG" 6, i.e. constructing a subset

of NASBench-101 that contains 64521 valid networks. This allows us to quickly repeat each algorithm for

200 trials. The search target is the network with the highest mean test accuracy (the global optimum) at 108th

epochs, which can be known ahead by querying the dataset. We choose Random Search (RS) [Sciuto et al.,

2019] and Regularized Evolution (RE) [Real et al., 2019a] as the baseline. RE delivers competitive results


























































































































































































































































































