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Abstract

Today's wireless networks are evolving rapidly, experiencing an unprecedented surge in traf-

�c volume, radio density, and spectral e�ciency demands. This thesis addresses the critical

challenges arising from this evolution of next-generation (NextG) wireless networks, focus-

ing on three primary objectives: achieving high data rates, ultra-low latency, and massive

connectivity.

To meet these diverse and demanding requirements, this thesis poses a central question:

Can we build a smarter radio environment controlled and learned by software, capable of

self-con�guring in real-time to meet di�erent application needs?Current approaches to han-

dle uncontrolled wireless signals are end-to-end, but communication endpoints are limited

in their ability to shape inherent propagation behavior. By focusing on changing the en-

vironment itself rather than endpoints, this thesis seeks to enhance key aspects of modern

wireless networks.

Millimeter-wave technology enables multi-Gbps data rates, but its high-frequency signals

are vulnerable to blockage, limiting its practical use. This thesis presents two innovative

solutions to overcome this challenge.mmWall is a programmable smart surface, installed

on buildings and composed of over 4,000 metamaterial elements. It can steer signals through

the surface to extend outdoor mmWave signals indoors or re�ect them to bypass obstacles.

Wall-Street is a vehicle-mounted smart surface designed to provide robust mmWave con-

nectivity in high-mobility environments, ensuring reliable communication even in dynamic

scenarios. Extending our smart radio concepts to ultra-reliable, low-latency satellite net-

works, we introduceWall-E , a dual-band smart surface that mitigates signal blockage by

relaying full-duplex satellite-to-ground links, andMonolith , a smart surface that boosts

data rates for inter-satellite communication. To address the growing overhead in massive

Internet of Things (IoT) networks, we proposeCLCP , a machine learning technique that

predicts the radio environment to reduce communication overhead. This AI-driven approach

complements our programmable surfaces, forming a comprehensive smart radio solution.
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Given the highly complex nature of real-world systems, conceptual models alone are insuf-

�cient to fully explain them. Our solutions are implemented in physical hardware prototypes,

integrated with existing network protocols, and rigorously tested through experimentation.

This thesis thus o�ers a concrete answer to the above central question, laying the foundation

for software-controlled smart radio environments in NextG wireless networks.

4



Acknowledgements

When beginning my Ph.D., I envisioned research as a solitary journey into the unknown,

much like the astronaut protagonist in the movie Gravity, venturing alone through space to

return to Earth. Looking back over the past six years, I've realized that what made this

journey successful was the gravity of relationships. The support from mentors, collaborators,

friends, and family served as a lifeline, keeping me on course, helping me bounce back from

occasional failures, and anchoring my personal and professional growth. This journey would

not have been possible without them.

I want to start by thanking my advisor, Kyle Jamieson, for his mentorship. It has been

invaluable in shaping my growth as a researcher and as a person. Kyle's encouragement and

advice were valuable during the challenging times when our prototype faced multiple failures

and unexpected delays due to the pandemic. His persistent faith in me and the project's

potential gave me the strength to persevere, allowing me to learn from failures and ultimately

succeed. Kyle has also motivated me to expand my boundaries and grow into a researcher

capable of making signi�cant contributions. I am truly grateful for the opportunity to have

worked under his supervision.

I thank my dissertation committee: Omid Abari, Andrew Appel, Ranveer Chandra,

Yasaman Ghasempour, and Wyatt Lloyd, as well as my general exam committee, Amit Levy

and Jennifer Rexford. Their insightful comments and feedback have signi�cantly enhanced

the quality of this dissertation. I'm particularly grateful to Yasaman for introducing me

to relevant literature, and to Omid and Ranveer for providing alternative viewpoints and

helping me better de�ne the scope of my work. The collective expertise of the committee

has been invaluable to this research. Omid, in particular, became a collaborator in the early

years of my PhD, when I was still new to hardware research. His guidance was invaluable,

particularly in teaching me research methods for hardware and mmWave technologies.

5



I thank Andrea Goldsmith for discussions and invaluable advice on navigating the early

stages of an academic career. Her insights and guidance on career development have been

instrumental in determining my next steps after graduation.

I thank my collaborators, Mohammad Mazaheri, Jeremy Gummeson, Marco Cominelli,

Francesco Gringoli, Joerg Widmer, Ivan Seskar, and Prasanthi Maddala. Mohammad taught

me so much, from electromagnetic simulations to PCB fabrications. His expertise contributed

signi�cantly to the success of my �rst hardware project. I greatly enjoyed working with the

WINLAB team. Ivan not only advised my research but was also always available to consult

on my career development. I will miss the memorable moments, like when we waited for the

solar eclipse and got Cold Stone in Malaysia. I deeply thank Prasanthi for her extensive help

with coding the COSMOS testbed. She was always there to help me, even when I needed

services restarted late at night. Without her support, I wouldn't have been able to complete

my �nal project. I also thank Jakub Kolodziejski for 3D printing the winch cover, ensuring

the safety of all my ten �ngers. And a special thanks to Jennifer Shane for preventing my

unintentional DDoS attack on the WINLAB network. I will miss the weekly cookie time at

WINLAB, selecting Ivan's photos of wildlife animals.

I deeply thank my undergraduate advisor, Wenyao Xu, for his teaching and mentoring.

I �rst met him when I was a sophomore majoring in chemical engineering. He was the �rst

to see my potential and persuaded me to switch my major to computer science, marking

the very beginning of my journey as a researcher. He taught me so much, from developing

research ideas and writing papers to collaborating with peers and presenting my work to

other scientists. I also thank my internship advisor, Cecilia Mascolo. Her support was

invaluable during my graduate school application process. She not only provided insightful

advice on my applications but also generously reached out to her professional network. I

truly appreciate the profound impact her guidance has had on my academic journey. I also

thank the Cambridge program director, Satpal Singh, for his mentoring and our intellectual

conversations. Our weekly meetings, intended for progress reports, often extended into hours

6



of conversations covering various research topics, from �y behavior to bat echolocation. I

appreciate Akanksha and Andrea's patience during these meetings, even though they often

poked me under the table to make me stop talking.

I deeply thank the entire PAWS team: Zhenlin An, Xuyang Cao, Yunxiang Chi, Sai

Srikar Kasi, Zhuqi Li, Minsung Kim, Waseem Ozan, Yao Peng, Longfei Shangguan, Abhishek

Kumar Singh, Haoran Wan, Allen Welkie, Yaxiong Xie, Fan Yi, and Zijian Qin. Their regular

discussions and feedback on my research, presentations, and talks have been invaluable.

Throughout my time at Princeton, I've been extremely fortunate to be surrounded by such

exceptional colleagues. I miss the time when Yaxiong, Zhuqi, Minsung, Srikar and I got a

VIP card at Tiger Noodles, and how all of us ordered the same dish for nearly six months. I

also thank the amazing CS sta�, particularly Mitra Kelly for handling numerous equipment

orders, Michael Estepp for his assistance when I had to dispute with PCB manufacturers

and equipment rental companies, and Nicki Mahler for guiding me through the graduation

process. Also, I deeply thank Bert Harrop from the physics department for training me and

signi�cantly improving my soldering skills.

I thank my CS friends for friendship and memories. Yue Tan has been my travel mate to

San Francisco, Seattle, and Vermont as well as a movie mate and roommate. I am grateful

that we survived the deadly hiking trail at Olympic National Park where we couldn't see a

sign of human existence for hours. Graduation from life could've happened earlier than our

Ph.D. Srikar has been the person I've relied on the most in Princeton. We went through the

entire grad school together, and his presence made the journey signi�cantly more manageable

and enjoyable. I also thank him for all our �at-earth jokes and for always saying yes to co�ee

breaks. Abhishek has been a friend who genuinely laughs at my jokes, making me proud

of myself when I recall it before going to sleep. I also thank him for always saying yes to

workouts at the Dillon gym and Indian foods in Edison. I will miss many sleepless horror

game nights and Mango Mango bounds with Yue, Srikar, and Abhishek. I hope that they

7



take at least three months o� and visit me in Houston to �nish Evil Within 2. I also thank

Sophia Yoo for hosting a memorable board game night and for our chimaek time.

I want to thank the two Jae sisters: Heejae Jang and Wonjae Lee. Although they left

Princeton long ago, our daily texts have made it feel as if they were always by my side,

providing me with huge emotional support. Heejae, a true New Yorker and a connoisseur of

daily life with impeccable taste, never fails to give excellent recommendations. I'm thrilled

that she has become a runner, and I hope we can run the New York Marathon together

soon. Wonjae was my roommate during the pandemic, and our daily walks and chats along

the D&R trail helped me maintain my mental balance during that challenging time. We

three have so many memories together, one of the most memorable being when we built a

gingerbread house at Heejae's place. I'm grateful that we were at least able to a�ord one

house in Manhattan.

I'm grateful to my friends from UB for our friendship over the years. Doris Kwan, a

West Village master, has kept me updated with NYC trends. During times when I felt over-

whelmed in Princeton, she provided refreshing breaks by inviting me to K-pop concerts and

hosting events in NYC like picnics in Central Park. I'm also thankful to her for introducing

me to marathon running. I thank Angus Lam, a Williamsburg master, for taking me to

many hipster co�ee shops and cocktail bars in NYC and DC. I look forward to joining the

silver town he plans to build on the west coast. I also thank Emily Walker for her random

hip-checks. I miss sleeping over at her place in Long Island, and I hope to visit her in

Portland soon.

I am grateful to have been part of the Korean graduate student & postdoc community

at Princeton. I want to start by thanking Daniel Park, Jongbeom Park, and Kevin Suh

because our Canada trip was by far the best trip I had during my Ph.D. I want to thank:

Daniel for hosting us at his homes in Princeton and Canada, and for planning the entire trip,

and for entertaining us by crying during his own defense; Jongbeom for always accepting my

marathon bets and willingly buying me dinners; and Kevin for organizing so many events

8



and always being a yes man. I am looking forward for our ski trip even though no one knows

when it will happen.

I'm grateful for my girls' night friends: Youn Kyoung Cho for her pterosaur-like screams

at EDM festivals and her hip dances in Overwatch and real life; Esther Han for watching

20 movies with me, including 'Manchester by the Sea,' for her bravery to refuse tickets, and

her counsel during di�cult times; Jiwon Lee for paving a way through the crowds on the

Brooklyn Bridge, ramen after EZoo, and our speakeasy crawls; Jinhee Park for her innate

humor and karaoke at her home. As her #1 fan, I hope for her stand-up comedy in future;

and Gawoon Shim for our night run in Philly and for her companionship during our anxious

train ride back from NYC.

I'm grateful for my tennis and pomodoro friends: Junhwan Bae for our Gen Z debates

and for dancing to 'Paradise Lost' at Sunnie's apartment; Sunnie Kim for hosting house

parties with endless wine and her adventurous spirit in exploring new restaurants with me;

Kyoungjoo Noh for his happiness and for introducing me to Texas Hold'em; and Yeji Park

for our half-studying, half-chatting study sessions in Lakeside Commons and our croissant

tour in NYC. I miss the countless weekend trips to Edison with Sunnie and Yeji, as well as

our memorable Philly trip where we unintentionally competed in walking speed, ending up

walking over 25K steps.

I'd like to thank my Equad friends: Yebin Chon for introducing me to archery; and Geon

Hwi Kim for including me in his workout Instagram stories. I also appreciate Yebin, Jeremy,

and Jenny for sharing free food announcements in their department.

I want to thank my S2O friends: Yoon Chang for the exciting ATV rides and his K-pop

dances on our way back from Reunion; Roy Jang for our motivational weight loss bet and for

carrying me back to Airbnb from S2O; and Ahn Young Jeong for our Nassau Hall bouldering

and her e�orts to enter me into S2O.

I want to thank my running and workout mates: Donghun Lee for coaching me for the

tennis contest; Simon Park for training with me for the Princeton Half and pushing my

9



pace during the race; Seoyeon Yang for her candy surprises and for taking me to the Dillon

gym even when I wore a leather jacket and jeans; and Sohye Yoon for joining me on my

Oppenheimer run.

I also thank Jihye Jeon for our memorable Puerto Rico trip; Sanghak Jeon and Gyoonho

Kong for being my neighbors, letting me play with Leo, and for our teamwork in Overwatch

and Deep Rock Galactic; Jiyoung Kang for our Mamamoo conversations; Jiwoo Park for

cooking memorable dinners at Dorsia; Yoonseo Zoh for our dry pot chat and her strict

Yutnori rules; and baristas at Rojo's Roastery for always making me the best Americano.

I'm truly blessed to have connected with these individuals whose gravitational force has

kept me tethered to Princeton. Princeton was so much fun because of them.

Above all, I am wholeheartedly thankful to my parents for their unconditional love and

many sacri�ces. My mom brought me and my brother to the US and raised us while pursuing

her PhD. As a child, I couldn't fully understand the challenges, but now, completing my

own PhD, I deeply appreciate her endurance and sacri�ces. She has been a constant source

of perseverance and academic inspiration for me. My dad, a resilient and positive presence

in my life, stayed in Korea to support our family in the US. He consistently maintained an

optimistic outlook, shielding our family from his concerns. I'm thankful for his behind-the-

scenes hard work and comforting presence. I'm thankful to my brother, Jason Kun Wung

Cho, for his thoughtfulness and the occasional gifts. Despite our childhood squabbles, I

know that he is an incredibly caring person and have bene�ted greatly from it. I also thank

the cutest boy, Khan Cho. We initially adopted him to provide a safe home, but he �lled

our house with joy. Our daily video calls brought me comfort and relief during my di�cult

times. I'm deeply thankful for his endurance in overcoming his past hardships and for his

recovery and happiness. I also extend my heartfelt thanks to my grandparents, Sooja Kim

and Jaeyoon Choi, my aunt, Hyunju Choi, and my late grandparents, Jongnim Ko and

Seongjin Cho, for their enduring love and care. I would not have been able to complete this

journey without my family, and I dedicate this dissertation to them.

10



To my parents, Hyunmi Choi and Sangbong Cho.

11



Contents

Abstract . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

1 Introduction 29

1.1 NextG Wireless Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

1.2 Challenges in Realizing NextG Services . . . . . . . . . . . . . . . . . . . . . . . 32

1.2.1 mmWave Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

1.2.2 Satellite Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

1.2.3 Massive IoT Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

1.3 Thesis Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

1.3.1 Programmable Metamaterial Surfaces . . . . . . . . . . . . . . . . . . . . 37

1.3.2 Machine Learning for Wireless Networks . . . . . . . . . . . . . . . . . . 40

1.4 Statement on Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

1.5 Funding Acknowledgements . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42

I Pushing the Limits of mmWave Networks 43

2 A Steerable, Trans�ective Metasurface for mmWave Networks. 44

2.1 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

12



2.2 Primer: Huygens Metamaterials . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

2.3 mmWall: Design and Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

2.3.1 Surface Hardware . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

2.3.2 Surface Control . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 57

2.3.3 Link Layer Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

2.4 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

2.5 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

2.5.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

2.5.2 In-situ Performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67

2.5.3 Multi-armed Beams . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

2.5.4 Microbenchmarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73

2.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

2.7 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

2.8 Appendices . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

2.8.1 Appendix � Unit Cell Electromagnetic Analysis . . . . . . . . . . . . . . 79

2.8.2 Appendix � Path Loss Model . . . . . . . . . . . . . . . . . . . . . . . . . 84

2.8.3 Appendix � Multi-armed Beam via Time Modulation . . . . . . . . . . 87

3 Metasurface-Enabled NextG mmWave for Roadside Networking 91

3.1 Primer: 5G Mobility Management . . . . . . . . . . . . . . . . . . . . . . . . . . 94

3.1.1 Initial Attachment and Tracking . . . . . . . . . . . . . . . . . . . . . . . 94

3.1.2 5G SA Handover . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 95

3.2 Wall-Street: Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

3.2.1 Surface Hardware . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

3.2.2 Attachment and Tracking . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

3.2.3 Cell-to-Cell Handover . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

3.3 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

3.3.1 Surface Hardware . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 109

13



3.3.2 COSMOS Testbed . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

3.4 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 112

3.4.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

3.4.2 End-to-End Throughput and Delay . . . . . . . . . . . . . . . . . . . . . 114

3.4.3 Microbenchmarks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

3.5 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

3.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

3.7 Appendix . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

II Reliable and Low-Latency Satellite Networks 127

4 Dual-band Recon�gurable Metasurfaces for Satellite Networking 128

4.1 Design Challenges . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

4.2 Failed Attempts: Design and Analysis . . . . . . . . . . . . . . . . . . . . . . . . 132

4.2.1 Meta-Atom Designs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 133

4.2.2 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 134

4.2.3 Near-Field VNA Measurements . . . . . . . . . . . . . . . . . . . . . . . . 135

4.3 Wall-E: Design and Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

4.3.1 Building the Surface: Meta-Atoms . . . . . . . . . . . . . . . . . . . . . . 137

4.3.2 Establishing a Surface-Satellite Link . . . . . . . . . . . . . . . . . . . . . 141

4.3.3 Enhancing Satellite-Satellite Handover . . . . . . . . . . . . . . . . . . . 143

4.4 Feasibility . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

4.5 Related Works and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 147

4.6 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

5 Metasurface-Enabled Spatial Multiplexing for Rank-De�cient Satellite

Networks 149

5.1 Primer: Orbital Angular Momentum . . . . . . . . . . . . . . . . . . . . . . . . . 152

14



5.1.1 Is OAM a New Concept? . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

5.1.2 Understanding the Bene�ts of OAM . . . . . . . . . . . . . . . . . . . . . 154

5.2 Monolith: Design and Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

5.2.1 Surface Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158

5.2.2 Data Encoding and Decoding . . . . . . . . . . . . . . . . . . . . . . . . . 161

5.3 Challenges and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162

5.4 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

III Intelligent Massive IoT Networks 165

6 Cross-Link Channel Prediction in Massive IoT Networks 166

6.1 Cross-Link Correlation Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 168

6.2 Primer: ML Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 171

6.3 CLCP Design . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 173

6.3.1 Cross-Link Prediction Model . . . . . . . . . . . . . . . . . . . . . . . . . 176

6.3.2 Model Interpretability . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180

6.3.3 Scheduling and Resource Allocation . . . . . . . . . . . . . . . . . . . . . 182

6.4 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 186

6.5 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 188

6.5.1 Experimental Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . 188

6.5.2 End-to-End Performance . . . . . . . . . . . . . . . . . . . . . . . . . . . . 191

6.5.3 Microbenchmark . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 193

6.6 Discussion and Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 198

6.7 Supporting Applications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 199

6.8 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 201

6.9 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 204

7 Concluding Remarks 205

15



Bibliography 208

16



List of Tables

1.1 Major current satellite internet service providers and their primary frequency

band allocations (GHz) [33]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.1 mmWall: comparison to existing surface works. . . . . . . . . . . . . . . . . . . . 47

2.2 mmWall design parameters. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

17



List of Figures

1.1 Three distinct services supported by current 5G New Radio and beyond. . . . 30

1.2 Unique challenges of mmWave, satellite, and massive IoT networks. . . . . . . 32

1.3 Our solutions introduce programmable smart radio environments through var-

ious surface prototypes, including mmWall (24 GHz), in-vehicle Wall-Street

(26 GHz), Wall-E (10 and 15 GHz Ku-band), and Monolith, as well as an

ML-based OFDMA scheduling system. . . . . . . . . . . . . . . . . . . . . . . . . 37

2.1 mmWall re-focuses outdoor coverage indoors towards the user and potentially

around obstacles, provides path diversity indoors by re�ection, and splits an

incoming beam for fast link establishment (upper: without mmWall; lower:

with mmWall). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

2.2 mmWall's design converts an incident mmWave beam to a refracted (or re-

�ected, not shown) beam via �eld discontinuities created by current in its

resonators. Inset: magnetic meta-atoms are shown in front of the electric

meta-atoms. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

2.3 Unit cell responsev. electric- and magnetic-side control voltagesUE and UM �

(a): magnitude and (b): phase. (c): HFSS simulation (left) and near-�eld,

real world VNA measurement (right )� arrows indicate control voltage pairs

that yield a 360X phase shift of the incoming signal, with high transmission or

re�ection magnitude. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

18



2.4 mmWall, prior Huygens unit cell designs (top: magnetic;bottom: electric side),

and equivalent circuits. Green arrows indicate the oscillating current loops,

and Vin indicates where the input voltages connect. . . . . . . . . . . . . . . . . 54

2.5 mmWall design parameter sensitivity analysis. . . . . . . . . . . . . . . . . . . . 56

2.6 Biasing line designs: notable failed attempts include(a) straight microstrip,

(b) coil inductor, and (c) radial stub. (d) mmWall uses an inner meander

line for magnetic, and an outer meander line for electric meta-atoms. . . . . . 57

2.7 mmWall's refractive link establishment, angular reciprocity property, tracking,

and re�ective link establishment. . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

2.8 mmWall's hardware implementation, transmissive (`lens') and indoor re�ective

(`mirror') evaluation scenarios. We placed mmWall at the same location for

both scenarios. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

2.9 mmWall's ribs, comprised of our proposed meta-atom design fabricated on a

Rogers printed circuit board. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

2.10 mmWall's FR4 holder/control board. . . . . . . . . . . . . . . . . . . . . . . . . . 65

2.11 mmWall's SNR improvement over the best NLoS environment path in two

scenarios: (a) when both transmitter and receiver are located indoors (upper:

transmitter facing mmWall perpendicularly; lower: transmitter facing 30X

away from mmWall) and (b) when the transmitter is located outdoors (left:

transmitting perpendicularly; right : transmitting at a 30X o�-angle). We use

the following notations: mmWall Í , transmitter É , receiver[ .  indicates

no signal. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

19



2.12 The SNR improvement from the use of one or more mmWalls at various re-

ceiver locations in indoor-to-indoor (upper) and outdoor-to-indoor (lower)

scenarios. SNRs collected from a given receiver location are plotted on the

same y-axis value (left: CDFs of the best environment SNRs in black curves

alongside the SNRs of mmWall links at the corresponding receiver location in

rectangles. The maximum SNRs between two mmWalls placed in di�erent lo-

cations are denoted with downward triangles;center: the best available SNRs

with or without one or more mmWalls; right : the SNR gains attained with

one or more mmWalls compared to the best environment path in various Rx

locations). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

2.13 The SNR improvement (multiple mmWalls) for dynamic links (upper: indoor-

to-indoor; lower: outdoor-to-indoor scenarios).� is a blockage probability. . . 71

2.14 Evaluation of mmWall's multi-armed beams. . . . . . . . . . . . . . . . . . . . . 72

2.15 Microbenchmarks evaluating (left to right :) surface steerability, performance

sensitivity of the incident wave angle, and angular reciprocity. Empirical

points are denoted with markers, with simulation curves. . . . . . . . . . . . . . 74

2.16 Microbenchmarks evaluating (left to right :) surface size and frequency band-

width. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 75

2.17 mmWall's phase coverage and consistency (VNA measurement) across di�er-

ent frequencies. The curves indicate the voltage pairs (UM , UE ) that provide

� 180X to 180X phase shift with the step of15X at 24:5 GHz. The phases are

unwrapped across the mmWall's operating bandwidth. . . . . . . . . . . . . . . 76

2.18 Microbenchmark on meta-atom controllability and sensitivity with near-�eld,

real world VNA measurements. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

2.19 Left: Cvar as the voltage applied to varactor changes, modeled with SPICE

simulation; Right: mmWall element normalized beam patternF ˆ� • simulated

with HFSS and �tted function. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

20



2.20 Upper: a set of voltage levels applied to the magnetic and electric meta-

atoms UM and UE for transmissive steering;Lower: voltage levels applied for

re�ective steering. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

2.21 Schematic illustration of multi-armed beam generation atf c � 
 and f c � 
 and

multi-armed beam-steering.f c is the carrier frequency, and
 is the voltage

modulation frequency. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

2.22 Time-modulated multi-beam. Simulated beam e�ciency versus frequency

shift in log scale. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

2.23 Simulated steering angle accuracy with time modulation. GT, SF, DF, and

DB stand for groundtruth, single forward, double forward, and double back-

ward, respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

3.1 Wall-Street's design innovations electronically split, shape, and steer mmWave

transmissions in real time to enable seamless roadside 5G New Radio networks

(upper : without Wall-Street; lower : with Wall-Street). . . . . . . . . . . . . . 92

3.2 5G SA beam acquisition and beam tracking. . . . . . . . . . . . . . . . . . . . . 95

3.3 5G SA Xn handover:(1) Preparation phase;(2) Execution phase;(3) Com-

pletion phase. Data communication is denoted with orange and yellow rect-

angles. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 96

3.4 Wall-Street design overview:(a) Initial UE-RAN attachment (Section 3.2.2);

(b) preparation using trans�ective surface power measurement to multiple

cells (Section 3.2.3);(c) beam combining to enable make-before-break dual-

cell connectivity (Section 3.2.3);(d) handover completion (Section 3.2.3). . . . 97

3.5 VNA measured unit cell response: re�ection and transmission through the

surface. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

3.6 Wall-Street's multi-beam operational modes (left to right ): bi-directional split

and combination for handover preparation and uni-directional split and com-

bination for handover execution. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

21



3.7 Wall-Street process: beam attachment and measurement report process cor-

responding to Fig. 3.4(a) and Fig. 3.4(b), respectively. Beam attachment and

measurement report require four SS bursts and one SS burst of �ve-millisecond

duration. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

3.8 Beam tracking: Wall-Street's surface-enabled beam tracking leverages neigh-

boring gNBs to add path diversity. . . . . . . . . . . . . . . . . . . . . . . . . . . 102

3.9 Wall-Street's handover timeline: (1) Preparation, (2) Execution, and

(3) Completion phases are indicated. . . . . . . . . . . . . . . . . . . . . . . . . . 104

3.10 Measurement power translation: Inferring 3GPP-standard measurement re-

port power readings based on Wall-Street's re�ective measurement report

readings. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 105

3.11 Wall-Street-COSMOS testbed integration: we integrate Wall-Street with

COSMOS USRP-based gNBs and UE. . . . . . . . . . . . . . . . . . . . . . . . . 109

3.12 We illustrate a simpli�ed control �ow of Wall-Street-integrated COSMOS

testbed. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

3.13 Wall-Street's hardware implementation and testbed: showing(a) individual

hardware components,(b) indoor experimental UE-side setup, and(c) out-

door in-vehicle UE-side con�guration. . . . . . . . . . . . . . . . . . . . . . . . . 111

3.14 Experimental gNB-side testbed setup and map: we deploy gNBs on the �rst

�oor of a lab facing an outdoor parking lot. The vehicle is approximately20

to 30 m from the gNBs. The arrow indicates the direction that each gNB

node is facing at 0°, and each node sweeps the beam from -60° to 60°. . . . . . 113

3.15 Throughput and round trip time (RTT) achieved by four congestion control

algorithms. The right and lower edge of the box represents the 10% percentile,

respectively. The left and upper edge give the 90% percentiles. The intersec-

tion point of the horizontal and vertical error bar represents the median value. 115

22



3.16 Throughput and delay of UE 1 (upper) and UE 2 (lower) achieved without

Wall-Street (left) and with Wall-Street ( right ) as the vehicle is moving along

the same trajectory. Vertical dashed lines indicate the handover event. . . . . 116

3.17 Impact of speed: throughput, RTT, HO count (left to right ) with di�erent

speed, ranging from 5 km/h to 15 km/h. . . . . . . . . . . . . . . . . . . . . . . . 117

3.18 Measurement report impact: increase trend of sequence numbers during the

entire 30s experiment (left) and handover preparation (right ). . . . . . . . . . 118

3.19 Make-before-break impact: packet reception rate of a link from each gNB

without Wall-Street ( left) and that of each gNB and of two links (packet

duplication) from two gNB with Wall-Street along the same trajectory (right ). 118

3.20 In-vehicle mmWave coverage. : no signal. . . . . . . . . . . . . . . . . . . . . . 119

3.21 RSRP heatmap (upper) and corresponding gNB beam angles (middle) and

UE/surface angles (lower) heatmaps (left: without Wall-Street; right : with

Wall-Street and UE beam �xed to the surface). In-vehicle location of the UE

is the same in both scenarios. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

3.22 Multi-link operations. We use the following notations: gNBÉ , UE j , blockage

Ì . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

3.23 Wall-Street's beam patterns over four operations.� : empirical spectrum an-

alyzer data; Ì : benchmark data with the surface is set to 0V. The steering

angles are highlighted in the background. 0 dB represents the spectrum an-

alyzer noise �oor (upper: � 40°/40°; middle: � 40°/55°; lower: � 68°/45°). Red

and blue markers are measured at 26 GHz and 26.1 GHz, respectively. . . . . 122

3.24 Power ratio adjustment with the steering angle of� 40°/55° (upper: beam

combination; middle: bi-directional combination; lower: bi-directional split). . 123

3.25 Wall-Street's unit cell design parameters. The pink box is an air box that

de�nes the boundary conditions to simulate the unit cell. . . . . . . . . . . . . . 126

4.1 Various use cases for a satellite smart surface. . . . . . . . . . . . . . . . . . . . 129

23



4.2 Strawman (iii) features magnetic meta-atoms on the front side and electric

meta-atoms on the back side (meta-atoms on left for uplink and meta-atoms on

right for downlink). Green arrows indicate the direction of current oscillation.

The design uses 1 oz copper and a Rogers 4003C dielectric substrate with

a thickness of 0.813 mm. All meta-atoms are connected to a single ground

meander line via through-hole vias, linking the front and back sides. . . . . . . 132

4.3 Hardware prototype of strawman (iii) design 1 and 2 (upper: ribs, comprised

of magnetic and electric meta-atoms fabricated on a Rogers printed circuit

board; lower: complete hardware prototypes). . . . . . . . . . . . . . . . . . . . 134

4.4 Near-�eld testing with two-port Anritsu MS4647B Vector Network Analyzer

(VNA). We supply di�erent voltage levels to our prototypes using an EVAL-

AD5370 DAC. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 135

4.5 Simulated and VNA-measured Huygens pattern for Design 1 at downlink fre-

quencies (10.8 to 11.2 GHz) and uplink frequencies (13.8 to 14.2 GHz). . . . . 136

4.6 Simulated and VNA-measured Huygens pattern for Design 2 at downlink fre-

quencies (10.8 to 11.2 GHz) and uplink frequencies (13.8 to 14.2 GHz). . . . . 136

4.7 The magnetic and electric meta-atom design considerations (top: design

schematics where the magnetic and electric meta-atom are colored in yellow

and orange, respectively;bottom: transmission responses in magnitudeSS21S).

The electric and magnetic meta-atom inside a dotted black line are the

designs selected for Wall-E. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138

4.8 Equivalent circuit and its transmission response in magnitude across frequen-

cies and voltages. The downlink and uplink frequency regions are colored in

grey. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

24



4.9 Huygen's transmissive and re�ective pattern in magnitude and phase at down-

link and uplink frequency with di�erent voltages applied to electric meta-atom

UE and magnetic meta-atomUM . The path denoted by the black dotted curve

shows360X, high amplitude phase coverage. . . . . . . . . . . . . . . . . . . . . . 141

4.10 Wall-E's bi-directional beam-steering in FDD communication. Due to its

angular reciprocity, the steering angle of downlink� DL is equal to the steering

angle of uplink � UL . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 142

4.11 An electric meat-atom's surface currents and electric �elds and a magnetic

meta-atom's surface currents and magnetic �elds at10 GHz and 15 GHz. . . . 143

4.12 The transmission and re�ection e�ciency as Wall-E steers the downlink and

uplink beam. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

4.13 The transmission e�ciency of a beam splitted by Wall-E. The power split is

even for (a) and uneven for (b). . . . . . . . . . . . . . . . . . . . . . . . . . . . . 144

4.14 Simulated SNRs of transmissive links with varying surface size, steering and

incident angle compared to SNRs of a free space path and wall penetration

without Wall-E. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 146

5.1 Various use cases for Monolith. The sender (Alice) backscatters the signals,

and the reader (Bob) decodes the signals. With Monolith, a metasurface

arti�cially creates multiple orthogonal beams and spatially multiplexes them. 150

5.2 Mixed-state OAM generation using Monolith. . . . . . . . . . . . . . . . . . . . . 153

5.3 Left: Channel rank enhancement by OAM.Right: Capacity comparison be-

tween OAM and MIMO. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155

5.4 Schematic model of meta-atom and metasurface. Our meta-atom consists of

several design parameters, including� , R1, R2, Wc, and L c. . . . . . . . . . . . 158

5.5 Left: simulated magnitude;right: phase of re�ected coe�cient for the meta-

atom across di�erent voltage values from0 to 10 V. . . . . . . . . . . . . . . . 159

25



5.6 Upper: an applied voltage distribution;lower: phase distribution by applying

the voltage distribution. X- and Y-axis represent the coordinate of each meta-

atom with the meta-atom at the center being (0,0) mm. . . . . . . . . . . . . . 160

5.7 Upper: a phase distribution of an OAM state from� 2 to 2; middle: a mag-

nitude of the generated OAM beams;lower: a phase of the generated OAM

beams. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 162

6.1 Left: Previous work on cross-band channel prediction infers a downlink chan-

nel at frequency f 2 using the uplink channel at frequencyf 1 on the same

link ([142, 14]). Right: CLCP infers the channel to Sensor 2 using channel

measurements from Sensor 1. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 166

6.2 CLCP's mechanism: Time of �ight and angle of arrival for two nearby IoT

sensors (upper and lower, respectively). While each sensor (link) has a distinct

set of static wireless paths, their parameters both indicate re�ections o� the

same moving object, highlighted in red dotted circles. . . . . . . . . . . . . . . 167

6.3 Cross-link correlation modeling under a multipath propagation scenario with

two transmitters T1 and T2, one receiverR, and a re�ecting obstacle lying on

the y-axis at X . Here, � and � are re�ected path lengths. . . . . . . . . . . . 170

6.4 System overview for uplink transmission:(1) an AP receives uplink tra�c

from multiple users simultaneously; (2) when channels become outdated, the

AP extracts the path parameters of partial CSIs estimated from the latest

OFDMA packet and predicts unobserved links using CLCP and unobserved

bands using CBCP in a server; (3) Then, the AP schedules uplink tra�c

based on predicted CSIs and triggers the users. (4) Finally, the AP receives

the scheduled packet. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 174

26



6.5 CLCP ML model with N measured channels, each represented as a set of wire-

less path parameters̃ � l ; dl ; al ; � l • L
l � 0 with L paths estimated from measured

channels. Each set of the parameters is served by aSingle-view Encoder

network E i (i > �1; N � ) that compresses the measured wireless path informa-

tion of its dedicated radio and outputs variational parameters� i and � i . The

Multi-view Combiner integrates all variational parameters into� and � ,

based on whichSingle-view Decoder networks DK generate a set of path

parameters that are unobserved. If any input channel is not observed, CLCP

drops the respective encoder network (E2, for example). . . . . . . . . . . . . . 175

6.6 Multi-step training paradigm. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180

6.7 2D t-SNE visualization of the latent space of two adjacent clients before (left)

and after training (right ). Encoded CSI instances of Radio 1 and 2 are high-

lighted in red and blue, respectively. . . . . . . . . . . . . . . . . . . . . . . . . . 181

6.8 A fully trained latent feature embedding alongside exemplary data points

and their corresponding path parameters. The x-axis represents the Angle

of Arrival (AoA), while the y-axis shows the Time of Flight (ToF). Data

points that are positioned close to each other for each radio reveal similar

path parameters. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 182

6.9 802.11ax resource unit (RU) locations in a40 MHz channel with 5 layers. RU

locations in a20 MHz channel with 4 layers are highlighted in red. The RU

index at each layer increases from left to right. An intermediate26-tone RU

is denoted as C. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 183

6.10 OFDMA transmissions of four users with an equal amount of dataD in a

20MHz bandwidth channel. Ts is a scheduled transmission duration. . . . . . 184

27



6.11 Our scheduling and resource allocation algorithm:(1) rate adaptation and

bucketing; (2)-(3) UE selection and capacity comparison between the upper

two layers; (4) UE selection and capacity comparison between previously se-

lected RUs and the next layer. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 185

6.12 CLCP preliminary experimental testbed �oor plans and radio hardware with

di�erent operating bandwidths. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 187

6.13 The variance of channel amplitude over time with and without human mobility

for testbed (a) and (b). The channel amplitude is measured in AU as reported

by the tool. Broadcom chipset's maximum AU is 2000, while Atheros chipset's

maximum AU is 500. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 190

6.14 End-to-end performance on throughput and power consumption: (a) aggre-

gated throughput across time for every500 ms, (b) throughput across users

for 20, 40, 80, and 160MHz bandwidth, and (c) device sleep time over the en-

tire transmission duration and the total number of Target Wake Time (TWT)

triggered on every user. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 192

6.15 Microbenchmark on the prediction accuracy, runtime, overhead reduction, and

scheduling performance under two scenarios: testbed (a) for cashierless store

with 8 devices and testbed (b) for smart warehouse with 19 devices. . . . . . 194

6.16 Aggregated throughput of joint OFDMA and MU-MIMO. . . . . . . . . . . . . 197

6.17 Overhead comparison across di�erent protocols. . . . . . . . . . . . . . . . . . . 197

28



Chapter 1

Introduction

Wireless networks are undergoing a revolutionary transformation, scaling in spectral e�-

ciency, radio count, and tra�c volume at an unprecedented rate. At the forefront of this

evolution are next-generation (NextG) networks, which aim to support three distinct services

as shown in Fig. 1.1: (1) enhanced mobile broadband (eMBB), (2) ultra-reliable low latency

communication (URLLC), and (3) massive machine type communication (mMTC) [1]. Each

service poses unique challenges and requirements.

eMBB services cater to the ever-increasing demand for high-speed connectivity, aiming

for peak download speeds of 10 Gbps. URLLC is focused on reliability and low latency,

targeting a 1 ms end-to-end latency to support time-sensitive applications. mMTC, on the

other hand, prioritizes uplink-centric communication of a massive number of low-rate and

low-power devices � up to one million per square kilometer [16, 29].

To meet these diverse and demanding requirements, the 3rd Generation Partnership

Project (3GPP) has introduced new types of wireless networks [3, 4, 2, 5]. This thesis delves

into these networks, addressing the challenges each presents and proposing new solutions to

fully satisfy the multifaceted needs of NextG networks.
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Figure 1.1: Three distinct services supported by current 5G New Radio and beyond.

1.1 NextG Wireless Networks

Millimeter-wave (mmWave) spectrum has emerged in the 5G/6G era as a key enabler to-

wards realizing eMBB, ful�lling user demands for high spectral e�ciency wireless networks.

Higher carrier frequencies o�er greater network capacity: for instance, the maximum carrier

frequency of the 4G LTE band at 2.4 GHz provides an available spectrum bandwidth of

only 100 MHz, while mmWave (above 24 GHz) can easily hold spectral bandwidths �ve to

ten times greater, enabling multi-Gbit/sec data rates. Hence, mmWave spectrum enables

a plethora of mobile applications that are currently infeasible due to their requirements for

very high data rates, such as virtual reality, augmented reality, and seamless streaming of

ultra high-de�nition video [115].

To support URLLC, 3GPP has de�ned a set of technical speci�cations, including the

adoption of non-terrestrial networks (NTN) [2]. Among various NTNs, Low-Earth Orbit
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(LEO) satellites are considered as the most promising solution for 5G/6G URLLC services.

Several well-known companies, such as SpaceX and OneWeb, have already begun deploying

LEO satellite internet services, gaining over 1 million users [36]. LEO satellite networks o�er

three key advantages: (1) low-latency connectivity for vehicles, trains, and planes through

inter-satellite link paths; (2) reliable connections through multiple communication paths

and redundancy provided by hundreds or thousands of satellites; and (3) global coverage,

including areas where terrestrial infrastructure is impractical or unavailable, with resilience to

natural disasters. These characteristics make LEO satellite networks a promising technology

for mission-critical applications such as intelligent transportation systems, drone control,

and �rst responder communications [88, 119].

By enabling the connectivity of a vast number of Internet of Things (IoT) devices and

sensors, mMTC is transforming industries and everyday life. A key enabler for massive

IoT communication is known as Orthogonal Frequency-Division Multiple Access (OFDMA).

OFDMA divides the frequency bandwidth into multiple subchannels, known as resource

units (RUs) and allows simultaneous transmission from large numbers of IoT devices. This

technology supports many compelling applications [54]: sensors in smart warehouses and

smart-city contexts collect and transmit massive amounts of aggregate data around the

clock. For instance, networks of video cameras in cashier-less stores demand large amounts of

uplink tra�c in a more spatially-concentrated pattern: large retailers worldwide have recently

introduced cashier-less stores that facilitate purchases via hundreds of cameras streaming

video to a nearby edge server, inferring the items the customer has placed into their basket

as well as tabulating each customer's total when they leave the store.
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Figure 1.2: Unique challenges of mmWave, satellite, and massive IoT networks.

1.2 Challenges in Realizing NextG Services

While NextG networks are designed to provide diverse services with speci�c goals, their

deployment in practice faces signi�cant and unique challenges. This section delves into the

challenges that each NextG network faces, as summarized in Fig. 1.2.

1.2.1 mmWave Networks

Blockage. One of the primary obstacles in mmWave communication is its susceptibility

to blockage [92] and high path loss: due to its short wavelengths and limited di�raction

capability, mmWave signals are easily obstructed by common obstacles such as buildings,

foliage, and even the human body [137, 65, 169, 12]. mmWave technology faces signi�cant

headwinds in at least three blockage scenarios:
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1. 5G outdoor coverage is di�cult to bring indoors, as exterior building walls block

mmWave signals, as do outdoor windows' tinted glass. Attenuation at 28 GHz is

ca. 40 dB versus 4 dB through indoor glass [169], as outdoor metalized glass coat-

ings attenuate by 25�50 dB per layer [146]. Currently, operators are forced to o�oad

mmWave tra�c onto lower frequencies or o� their networks entirely (Wi-Fi) when users

move indoors, incurring delay and application disruptions.

2. Indoors, people, furniture, and other clutter block mmWave, forcing data to �ow over

a much less reliable re�ection path. Indeed, in an indoor measurement campaign at

28 GHz, MacCartneyet al. observe a close-in best non-line of sight path loss exponent

of ca. 3, with a normally-distributed additional loss with an 11 dB variance [93].

While the resulting temporary outages are common, highly demanding applications

like VR/AR cannot tolerate these glitches.

3. Third, NextG cellular providers face challenges in adopting mmWave frequencies out-

doors for primary service as well as wireless backhaul because mmWave signals are

readily absorbed by foliage, and re�ection o� buildings is largely specular, constrain-

ing the angle of re�ection to be equal to the angle of incidence. Measurements in New

York City highlight this issue: 28 GHz data shows most links greater than 200 meters

are in outage [12].

Mobility Handling. Due to high path loss and highly directional beams, mmWave net-

works necessitate a dense deployment of small cells to ensure adequate coverage, resulting

in frequent handovers as users move between cells. Indeed, mmWave 5G New Radio (NR)

experiences handovers (HOs) signi�cantly more often than LTE or low band 5G NR [63, 102].

Moreover, the handover process in mmWave networks complicates the already-complex low-

band handover [34, 159], including precise beam alignment between user equipment (UE)

and base station (BS) [137], and requiring the UE to frequently measure the signal strength
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of neighboring cells and report it to the serving BS, which then decides when and to which

cell to hand over the UE.

High delays associated with mmWave handovers have signi�cant impacts throughout the

entire protocol stack, from the physical layer to the application layer, degrading quality

of service (QoS) for end users, especially for latency-sensitive applications [63, 101]. To

prepare a handover, the UE periodically suspends data communication with the serving

BS to perform neighboring cell measurements. This process requires users to engage in

an exhaustive search for the strongest signal from neighboring BSs, resulting in bu�erbloat

and slow growth of the congestion window [99]. Furthermore, the handover decision relies

on these measurement reports, which may be outdated or lost due to the rapidly changing

channel conditions and potential disconnections. This can trigger unnecessary handover

ping-pongs and lead to transport protocol connection timeouts, impacting overall network

performance.

1.2.2 Satellite Networks

Unreliable Satellite-to-Ground Links. LEO satellite networks use the Ku band (10.7�

18 GHz), which has a longer wavelength (25�17 mm) than the higher frequency bands also

in use, mitigating the impact of precipitation somewhat, yet also has a wavelength short

enough to create narrow beams for highly directional communication to the ground. Since

it has a short wavelength (25�17 mm) that experiences loss when traversing heavy walls, it

requires a line-of-sight (LoS) or near-LoS (i.e., traversing only through a low-loss material

such as glass) path between the transmitter and receiver. Current systems are designed with

a dish antenna that the user mounts outside the buildings, which communicates with the

satellite in both the uplink and downlink directions. The dish antenna then communicates

with the modem through a wire leading from the dish into the building to a modem, which

then wirelessly communicates with the user. While this system reduces outage from transient

blockage, this relay incurs delay and application disruptions.
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Table 1.1: Major current satellite internet service providers and their primary frequency
band allocations (GHz) [33].

Starlink OneWeb TeleSat

Downlink 10.8�12.7 10.7�12.7 17.8�20.2
Uplink 14.0�14.5 12.8�14.5 27.5�30

Moreover, LEO satellite networks use di�erent frequency sub-bands in the uplink (upper

Ku band) and downlink (lower Ku band) directions, as Table 1.1 shows. This frequency

division duplex (FDD) communication further complicates beam alignment between users

and satellites, especially with both in motion and requiring frequent satellite hando�s.

Inter-satellite Capacity. Satellite systems are capacity-limited as they serve vast areas,

typically with limited spectral resources and capacity per unit area. Moreover, the entire

network shares inter-satellite links (ISLs), leaving ISL as a key network bottleneck. While

a terrestrial cellular system increases capacity by simply adding more sectors or increasing

the number of sites, satellite networks require more advanced antenna designs to boost the

spectral e�ciency. Traditionally, the multiple-input multiple-output (MIMO) system is used

to boost the spectrum e�ciency through independent parallel channels between multiple

transmit and receive antennas. However, the capacity o�ered by spatial MIMO systems

largely relies on multipath components in a rich scattering environment, and so the practical

applicability of MIMO is challenging in rank-de�cient, free-space satellite channels. Further

issues surrounding the power consumption of such MIMO systems, including that of power-

hungry radio frequency (RF) chains whose power requirements scale proportionally with the

number of antennas, constrain the applicability in satellite networks even further.

1.2.3 Massive IoT Networks

High Communication Overhead. The increase in spectrum bandwidth has allowed a

massive number of users to access the network simultaneously. To facilitate this, OFDMA

divides the available spectrum into many narrowband channels, with each sub-channel as-
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signed to di�erent users. However, this system requires every user to report its channel

measurements, hampering overall spectral e�ciency. Measuring and propagating channel

state information (CSI) to the access point (AP) scales with the product of the number of

users, frequency bandwidth, antenna count, and frequency of measurement. Highly dynamic

environments further exacerbate the problem, necessitating more frequent measurements due

to rapidly changing channel conditions. With densely deployed IoT devices, the overhead of

collecting CSI from all devices may thus deplete available radio resources [156].

Complex Resource Scheduling. Scheduling OFDMA resources is computationally chal-

lenging in their own right. Exhaustively searching all possible user and RU combinations is

computationally infeasible, as the size of the search space increases exponentially with the

number of users and RU granularity [124].

1.3 Thesis Contributions

To overcome these challenges, we introduce the concept of a programmable smart radio envi-

ronment using two key technologies: programmable smart surfaces and arti�cial intelligence.

At the physical layer, we have designed programmable smart surface systems and deployed

them on buildings, introducing the concept of software-con�gurable radio environments. At

the link/MAC layer, we have introduced a machine learning-assisted massive IoT system

that predicts wireless channels and accordingly allocates networking resources. Real-world

systems are often highly complex and cannot always be explained with conceptual models

alone. In this thesis, we go beyond modeling systems by building and implementing our

ideas into physical hardware systems, integrating them with existing network protocols, and

verifying them through rigorous experimental evaluation as shown in Fig. 1.3.
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Figure 1.3: Our solutions introduce programmable smart radio environments through various
surface prototypes, including mmWall (24 GHz), in-vehicle Wall-Street (26 GHz), Wall-E (10
and 15 GHz Ku-band), and Monolith, as well as an ML-based OFDMA scheduling system.

1.3.1 Programmable Metamaterial Surfaces

Prior wireless technologies have primarily focused on the endpoints themselves. However,

these methods face fundamental limitations: they are constrained by the number of signal

degrees of freedom available to endpoints, often rely on bulky or expensive RF chains, and

are subject to environmental constraints that force endpoints to expend resources or increase

in number.

Instead of relying on endpoints, we propose a fundamental shift: we can take full control of

wireless signals by directly manipulating their electromagnetic properties in the environment.

To achieve this, we built smart surfaces composed of thousands of meta-materials or meta-

atoms, arti�cial composite materials engineered at a sub-wavelength scale. These devices

fundamentally di�er from conventional power-hungry wireless repeaters [7, 166, 74, 77], which

merely receive signals, amplify, and re-transmit them. In contrast, each meta-atom directly
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imparts a local phase shift as waves pass through it. Collectively, the surface can apply any

�ne-grained phase gradient required for re�ecting, refracting, scattering, or combining the

incoming beam. Our smart surfaces follow three design principles:

Principle 1: E�cient Design : We prioritize a compact and easily deployable form factor,

coupled with low power consumption.

Principle 2: Adaptive Functionality: The surfaces can dynamically switch between multiple

functions, rapidly time-multiplexing without requiring human intervention.

Principle 3: Endpoint Optimization: By providing active, sophisticated signal control at

the surface level, we enable endpoints, such as base stations, routers, and

hand-held devices, to become simpler, smaller, and more energy-e�cient.

Below, I elaborate on our surfaces tailored to mmWave and satellite networks.

A Steerable, Trans�ective Metamaterial Surface for mmWave Networks

mmWall is the �rst electronically almost-360X steerable metamaterial surface that operates

above 24 GHz and both refracts and re�ects incoming mmWave transmissions. mmWall

serves three key functionalities: (1) it brings and steers outdoor signalsthrough the surface

precisely to users indoors; (2) mmWall also re�ects signals to bypass obstacles, ensuring

reliable connections for outdoor users; (3) it conducts a rapid beam search by splitting

and sweeping signals in multi-armed beams as a user moves. Integrated with the 5G New

Radio link layer protocol, it autonomously switches functions without human intervention,

programming the mmWave radio for the �rst time. Unlike conventional amplify-and-forward

relays, mmWall operates without an RF chain or ampli�er, drawing only a couple-of-hundred

microwatts order of power. Our metamaterial design consists of 4,000 varactor-split ring

resonator unit cells, miniaturized to under a millimeter in diameter for mmWave. Custom

control circuitry drives each resonator, overcoming coupling challenges that arise at scale.

We have fabricated a 10 cm by 20 cm mmWall prototype consisting of a28 by 76 unit cell

array and evaluated it in indoor, outdoor-to-indoor, and multi-beam scenarios. Indoors,
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mmWall guarantees 91% of locations outage-free under 128-QAM mmWave data rates and

boosts SNR by up to 15 dB. Outdoors, mmWall reduces the probability of complete link

failure by a ratio of up to 40% under 0�80% path blockage and boosts SNR by up to 30 dB.

Smart Surface-Enabled 5G mmWave for Roadside Networking

Wall-Street is a smart surface installed on vehicles to enhance 5G mmWave connectivity for

users inside. Wall-Street improves mobility management by (1) steering outdoor mmWave

signals into the vehicle, ensuring coverage for all users; (2) enabling simultaneous serving cell

data transfer and candidate handover cell measurement, allowing seamless handovers without

service interruption; and (3) combining beams from old and new cells during a handover,

realizing a make-before-break mechanism at mmWave for the �rst time. Through its �exible

and diverse signal manipulation capabilities, Wall-Street provides uninterrupted high-speed

connectivity for latency-sensitive applications in challenging mobile environments. We have

implemented and integrated Wall-Street in the COSMOS testbed and evaluated its real-time

performance with three gNBs and multiple mobile clients inside a surface-enabled vehicle,

driving on a nearby road. In multi-UE scenarios, Wall-Street doubles the average TCP

throughput and reduces delay by 30% over a baseline 5G Standalone handover protocol.

Dual-band Recon�gurable Metasurfaces for Satellite Networks

Wall-E explores how a dual-band, electronically tunable smart surface can enable dynamic

beam alignment between the satellite and mobile users, making service possible in rural and

remote areas. It is the �rst of its kind to target dual channels in the Ku radio frequency

band with a novel dual Huygens resonator design that leverages radio reciprocity to allow

our surface to simultaneously steer energy in the satellite uplink and downlink directions,

and in both re�ective and transmissive modes of operation. Our surface, Wall-E, is designed

and evaluated in an electromagnetic simulator and demonstrates 94% transmission e�ciency

and a 85% re�ection e�ciency, with at most 6 dB power loss at steering angles over a 150

degree �eld of view for both transmission and re�ection. With75cm2 surface, our link budget
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calculations predict 4 dB and 24 dB improvement in the SNR of a link entering the window

of a rural home in comparison to the free-space path and brick wall penetration, respectively.

OAM Metasurface for Rank-De�cient Satellite Networks

Monolith is a low-power, programmable metamaterial surface that enables MIMO multi-

plexing in rank de�cient, free space wireless environments. Speci�cally, it leveraging ambient

signals as the source of power and backscatters these signals by modulating them into several

orthogonal beams, where each beam carries a unique Orbital Angular Momentum (OAM).

Since Monolith itself generates multiple orthogonal beams, it eliminates the need for rich

scattering environments for spatial multiplexing and thereby boosts the network capacity of

inter-satellite links. Our results show that Monolith achieves an order of magnitude higher

channel capacity than traditional spatial MIMO backscattering networks.

1.3.2 Machine Learning for Wireless Networks

This thesis also guides the way that machine learning algorithms will assist the physical and

link/MAC layers of large-scale, ultra-dense wireless networks to perform the crucial tasks of

radio resource management for massive IoT networks.

Cross-Link Channel Prediction (CLCP) in Massive IoT Networks

CLCP is a technique that leverages multi-view representation learning to predict the chan-

nel response of a large number of users, thereby reducing channel estimation overhead further

than previously possible. A key insight is that modeling the radio environment in a shared

wireless medium is feasible with su�cient background data. Inspired by how computer vision

builds 3D models from photos taken at di�erent angles, CLCP treats each channel observa-

tion from prior transmissions as a snapshot from a speci�c viewpoint, merging these views

into a cohesive representation of the environment. This representation is then used to predict

unobserved wireless links. CLCP's design is highly practical, exploiting existing transmis-

sions rather than dedicated channel sounding or extra pilot signals. Lastly, we propose

an e�cient OFDMA scheduling algorithm that jointly optimizes both channel conditions
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and user data requirements. We evaluate CLCP in two large-scale indoor scenarios involving

both line-of-sight and non-line-of-sight transmissions with up to 144 di�erent 802.11ax users,

demonstrating a 2x throughput gain over baseline and a 30% throughput gain over existing

prediction algorithms.

1.4 Statement on Publications

As a lead author, I have designed, implemented, and evaluated all projects.

Chapter 2 revises a previous publication [27, 26]:

ˆ mmWall: A Steerable, Trans�ective Metamaterial Surface for NextG

mmWave Networks , Kun Woo Cho, Mohammad H. Mazaheri, Jeremy Gummeson,

Omid Abari, and Kyle Jamieson, In 20th USENIX Symposium on Networked Systems

Design and Implementation (USENIX NSDI '23)1.

ˆ mmWall: A Recon�gurable Metamaterial Surface for mmWave Networks ,

Kun Woo Cho, Mohammad H. Mazaheri, Jeremy Gummeson, Omid Abari, and Kyle

Jamieson, In Proceedings of the 22nd International Workshop on Mobile Computing

Systems and Applications (ACM HotMobile '21)1.

Chapter 3 revises a previous publication [25]:

ˆ Wall-Street: Smart Surface-enabled 5G mmWave for Roadside Networking ,

Kun Woo Cho, Prasanthi Maddala, Ivan Seskar, and Kyle Jamieson, arXiv preprint

arXiv:2405.06754, 20242.

ˆ Demo: Metasurface-Enabled NextG mmWave for Roadside Networking ,

Kun Woo Cho, Prasanthi Maddala, Ivan Seskar, and Kyle Jamieson, In Proceedings
1Mohammad H. Mazaheri, Jeremy Gummeson, Omid Abari, and Kyle Jamieson supervised the project.
2Prasanthi Maddala and Ivan Seskar helped integrating Wall-Street into the COSMOS testbed and im-

plementing new PHY features. Ivan Seskar and Kyle Jamieson supervised the project.
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of the 30th Annual International Conference on Mobile Computing And Networking

(ACM MobiCom '24).

Chapter 4 revises a previous publication [23]:Towards Dual-band Recon�gurable

Metasurfaces for Satellite Networking , Kun Woo Cho, Yasaman Ghasempour, and

Kyle Jamieson, In Proceedings of the 21st ACM Workshop on Hot Topics in Networks

(ACM HotNets '22)3.

Chapter 5 revises a previous publication [24]:A Low-power OAM Metasurface for

Rank-de�cient Wireless Environments , Kun Woo Cho, Srikar Kasi, and Kyle Jamieson,

In IEEE Global Communications Conference (IEEE GLOBECOM '23)4.

Chapter 6 revises a previous publication [22]:Scalable Multi-Modal Learning for Cross-

link Channel Prediction in Massive IoT Networks , Kun Woo Cho, Marco Cominelli,

Francesco Gringoli, Joerg Widmer, and Kyle Jamieson, In Proceedings of the 24th Inter-

national Symposium on Theory, Algorithmic Foundations, and Protocol Design for Mobile

Networks and Computing (ACM MobiHoc '23)5 Best Paper Award .
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Part I

Pushing the Limits of mmWave Networks
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Chapter 2

A Steerable, Trans�ective Metasurface

for mmWave Networks.

This chapter describes the design and implementation ofmmWall , an electronically recon-

�gurable surface that addresses three use cases shown in Figure 2.1. Like much prior work

(Ÿ2.1), mmWall leveragesmetamaterials, arti�cial composite materials engineered at a sub-

wavelength scale to exhibit unique electromagnetic properties that do not exist in naturally

occurring materials [67]. But mmWall is the �rst practical work to our knowledge to use a

speci�c class of metamaterials capable of refracting incoming radiation with (theoretically)

no loss: Huygens metamaterials [42, 110]. mmWall is a recon�gurable intelligent surface

that uses a novel Huygens metasurface (HMS) metamaterial to re�ect/refract and precisely

steer incoming mmWave beams towards desired directions, thus enhancing path diversity

for mmWave networks. Work has shown that surfaces that can steer incoming mmWave

transmissions in this way have the potential to dramatically improve spatial multiplexing

[164] and spectral e�ciency [158] of networks as a whole. Hence when obstacles like a hu-

man body or outdoor foliage blocks the line of sight (LoS) or non-line-of-sight (NLoS) paths,

mmWall can often provide an alternative path that is not a simple re�ection or a straight-line

transmission, and hence would not otherwise exist. In the �rst scenario, mmWall can refract
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(a) 5G/6G outdoor-to-indoor cov-
erage via mmWall.

(b) Re�ective mode for in-
door VR/AR.

(c) Beam splitting, for link estab-
lishment.

Figure 2.1: mmWall re-focuses outdoor coverage indoors towards the user and potentially
around obstacles, provides path diversity indoors by re�ection, and splits an incoming beam
for fast link establishment (upper: without mmWall; lower: with mmWall).

mmWave signals from outdoors to steer them directly towards an indoor receiver, making

outdoor to indoor communication possible. In the second scenario above, mmWall re�ects

mmWave beams at non-specular angles (those for which the angle of re�ection is not equal to

the angle of incidence). And in the third scenario, mmWall can re�ect outdoor transmissions

at non-specular angles, ameliorating outdoor blockages.

mmWall is electronically recon�gurable to either re�ect or refract incoming energy, al-

lowing it to time-multiplex the di�erent roles of each of the three above use cases without

human intervention, while installed in a �xed location. Also, its multi-beam functional-

ity (Figure 2.1(c)) enables fast beam search, and support for multiple users at the same

time. mmWall has no RF chain, and its electric components draw only a couple-of-hundred

microwatts order of power. Consequently, it consumes much lower power compared to a

conventional AP that necessitates multiple RF chains for multi-beam operations. To our

knowledge, mmWall is the �rst surface able to achieve near-360X angular coverage (Sec-

tion 2.5).
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This work addresses several hardware and software design challenges that arise in the

realization of such a design. Since mmWave transmissions are �pencil-beam� in nature, they

work only when the transmitter's beam is perfectly aligned with the receiver's beam. To

correctly steer the beam towards the receiver, we design a metamaterials-based surface that

can precisely control the phases of the incoming signal, focusing signal power in a narrow

beam. Secondly, since the size of meta-atom scales with its operating frequency, mmWall's

meta-atoms are much smaller than the conventional antennas and therefore extremely sen-

sitive to coupling. Hence, we not only scale the surface to mmWave frequency but also

deliberately design the control lines to avoid undesirable coupling. Lastly, existing systems

use their own beam search protocol to �nd the best alignment. To make mmWall compatible

with di�erent mmWave applications, we design an e�ective beam alignment protocol that

leaves the existing systems unchanged [64].

Contributions and Results. mmWall is the �rst design that can arbitrarily re�ect, refract,

and split the mmWave beam in a nearly lossless manner. We analyze our meta-atom designs

and compare them with simulation results, allowing our designs to scale to di�erent frequen-

cies for potential applications like Terahertz communication. To the best of our knowledge,

this is the �rst study that theoretically analyzes and builds a working prototype of a recon-

�gurable Huygens metasurface at mmWave frequency. We have designed and implemented

mmWall hardware with a novel control network in custom PCB, and in Section 2.5, evalu-

ate its performance through experiments in environments matching the scenarios we outline

above. Our empirical results show that when both the AP and the client are in the same

room, we can provide an SNR of 25 dB or more for all locations in a10� 8m room, using

a single mmWall surface. This SNR is su�cient to support 128-QAM in 91% of locations.

Moreover, the SNR improves to 30 and 35 dB when we place two surfaces, respectively, on

di�erent walls. Finally, we show the e�ectiveness of mmWall in bringing outdoor mmWave

networks indoors. When the AP is 6 meters away from the building, mmWall improves the
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Table 2.1: mmWall: comparison to existing surface works.

Related Works Freq. Steer-
able

Re�. Trans. Multi-
beams

Loss
(dB)

Same
pol.

Low
power

Passive HMS [42, 160] <10GHz No No Yes No -7 to -2 Yes Yes
Active HMS [21, 87, 149] <10GHz Yes Yes Yes No -9 to -1 Yes Yes

Passive non-HMS [114, 152] mmWave No Yes No No -4.5 to -1.7 Yes Yes
Active non-HMS mmWave Yes Yes No No -10 to -1 Yes Yes
[30, 136, 134, 145, 79]
C-resonators [168, 86, 161] Sub-THz No No Yes No -10.5 to -8 No Yes

Repeaters [7] mmWave Yes Yes No No Ampli�er Yes No
Multi-arm repeaters [74, 77] mmWave Yes Yes No Yes Ampli�er Yes No

mmWall mmWave Yes Yes Yes Yes -1.31 Yes Yes

SNR by up to 30 dB, providing an SNR of 20 dB or more in all locations in a room using a

single surface placed on a window.

2.1 Related Works

Metamaterials are arti�cially created surfaces with unique electromagnetic properties not

found in naturally occurring materials. These engineered materials can directly alter exist-

ing signals in the environment, including negative refraction index [122], engineering complex

beam patterns [70], and rotating the polarization of wireless signals [70]. Recent research

has focused on 2D metamaterials with planar structures, known asmetasurfaces, with ap-

plications in EM cloaking [122], imaging [125], and motion sensing [32]. While these designs

have shown promise in controlled experiments at 10 GHz and higher, they have not been

integrated into end-to-end networked systems that optimize signal paths in real-time.

In particular, Huygens' metasurfaces (HMSs) [42, 160, 21, 87, 149] have gained atten-

tion as a new paradigm for beam refraction, beamforming, and re�ection. They comprise

a layer of co-located orthogonal electric and magnetic dipoles facing each other across a

dielectric substrate in a 3D structure. This arrangement introduces a discontinuity in the

electromagnetic �elds, enabling manipulation of all attributes of the incident �eld, including

magnitude and phase, in both re�ective and transmissive directions. As summarized in Ta-
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ble 2.1, earlier works [42, 160] have introduced passive HMSs, but they lack the capability

to recon�gure and to achieve both transmission and re�ection. Prior work in actively-con-

trolled HMSs [21, 87, 149] use varactors or PIN diodes to tune each element in a continuous

or binary (i.e., on-o�) manner, respectively. While these designs have shown great promise

at low frequencies, belowca. 10 GHz, they do not scale to higher mmWave frequencies

in a straightforward way, due to a mismatch between the required meta-atom size and a

varactor's size, and the attenuation that commonly available substrate would induce on an

incident mmWave signal. Scaling these designs also requires narrower trace widths that are

hard to fabricate and prone to breaking during diode soldering. More importantly, they

focus on steering one beam in a one-sided direction, rather than steering one or more beams

in a re�ective and/or transmissive direction. mmWall is the �rst mmWave work to do so.

Recent work in mmWave metasurfaces has primarily focused on re�ective designs, each

with its own approach and limitations. In contrast, mmWall stands out with its unique

ability to operate in both re�ective and transmissive modes, a capability not present in

existing works. Passive non-HMS based mmWave metasurfaces have been proposed that

re�ect signals at angles di�erent from the incident angle [114, 152]. While innovative, these

designs are limited by their inability to tune to speci�c receiver locations, resulting in wasted

incident energy. Moreover, they operate solely in re�ection mode, unlike mmWall which can

both re�ect and refract signals.

Work in actively-controlled mmWave metasurfaces includes a solely re�ective, PIN-diode

based surface at 2.3 and 28 GHz [30], whose evaluation at 28 GHz states a gain of 19 dBi,

but which stops short of further experimental evaluation of steerability or any further end-

to-end evaluation at 28 GHz. Tanget al. describe similar PIN-diode, re�ective surfaces at

27 and 33 GHz, model path losses in such scenarios, and experimentally evaluate [136]. Tan

et al. consider a similar design at 60 GHz [134], but neither consider HMS-based designs

such as mmWall's, which can shift between re�ective (on both sides of the surface) and

transmissive modes instantly via electronic control. NTT DoCoMo has described re�ective,
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outdoor-to-indoor surfaces operating at 28 GHz in press releases ([a], [b], [c]). This work

states top-line experimental results but does not disclose design details or details of their

experimental evaluation. Some sub-THz designs are similar in concept yet di�er in sub-

strate, leveraging switched 65 nm CMOS process controlling ring resonators for a 0.3 THz

design [145]. However, evaluation e�orts in this group of prior work stop short of realistic

end-to-end experiments. Kimet al. proposes NR-Surface [79], a varactor-controlled patch

antenna re�ective surface working at 24 GHz that integrates with 5G New Radio's beam

management, considering realistic end-to-end design. However, NR-surface does not o�er

a transmissive mode, limiting applicability. Also, existing re�ective surfaces only re�ect on

one side, while mmWall can re�ect on both sides, working for both indoor and outdoor non-

specular re�ections from a �xed location. More importantly, mmWall o�ers both re�ective

and transmissive modes, enhancing its applicability and �exibility in various environments.

Additionally, our work encompasses a comprehensive control design, details a real hardware

implementation, integrates with existing network protocols, and presents signi�cant new

evaluation results from realistic and diverse scenarios.

Single-layered non-HMS metasurfaces are typically limited to re�ection, but surfaces in-

corporating C-shaped resonators [168, 86, 161] can manipulate high-frequency signals passing

through them. The phase control in these resonators is determined by their geometrical con-

�guration, speci�cally the gap width, while amplitude control is achieved through angular

orientation. However, they lack recon�gurability as the geometric con�guration and angu-

lar orientation of these resonators cannot be changed once fabricated. Also, they operate

in a linear cross-polarization scheme where phase control is e�ective only for transmitted

beams with polarization perpendicular to the incident beam. This necessitates rotating the

polarization after passing through the surface to maintain consistent polarization between

incoming and outgoing waves. mmWall, on the other hand, maintains the polarization of

the incident beam. Lastly, they exhibit higher transmission loss due to their 2D structure.

While C-shaped resonator metasurfaces have a maximum transmission amplitude ranging
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from 0.3 to 0.4 (-10.46 to -8 dB), our mmWall prototype achieves a maximum transmission

amplitude of 0.86 (-1.31 dB) in real-life, demonstrating signi�cantly lower transmission loss.

Recent amplify-and-forward proposals for Wi-Fi [166] use a mesh topology but do not

scale to mmWave frequencies. At mmWave [7], these proposals are limited to indoor re�ec-

tion. Recent complementary approaches leverage multi-beam transmission [77, 74], sensing

and leveraging ambient re�ectors [150], and use Wi-Fi as a control plane to discover mmWave

links [129, 84]. While they align with mmWall's goals, such approaches cannot create paths

whose re�ection angles diverge from their incident angles, or refract through a surface. More

importantly, they rely on one or more power-hungry RF chains and ampli�ers, limiting their

use in practice. On the other hand, mmWall operates without an RF chain or ampli�er,

drawing only a couple-of-hundred microwatts order of power.

2.2 Primer: Huygens Metamaterials

HMSs comprise a layer of co-locatedmagnetic and electric meta-atom, etched onto the two

respective sides of a dielectric substrate (Figure 2.2,inset). The magnetic meta-atom is an

enclosed metallic ring with one split, while the electric meta-atom has two splits and a metal

strip in the center (Figure 2.4(b)). As the incident wave passes through the magnetic meta-

atom, the wave's magnetic �eldH i induces a rotating current (green arrows in Figure 2.4(b),

upper) on the magnetic meta-atom that, in turn, creates a magnetic response (ÑM s along

the z-axis in Figure 2.2). Likewise, the electric meta-atom is excited by the wave's electric

�eld ÑE i , resulting in two symmetric, oscillating current loops (green arrows in Figure 2.4(b),

lower) that create an electric response (ÑJs along the y-axis in Figure 2.2). These responses

interact with the wave's �elds, causing an abrupt phase shift. By varying the applied volt-

age to a tunable component loaded on each meta-atom, the surface precisely controls the

responses, thereby allowing any phase shift from0X to 360X with near-unity transmission

and/or re�ection.
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Figure 2.2: mmWall's design converts an incident mmWave beam to a refracted (or re�ected,
not shown) beam via �eld discontinuities created by current in its resonators.Inset: magnetic
meta-atoms are shown in front of the electric meta-atoms.

2.3 mmWall: Design and Analysis

We describe in turn mmWall's hardware (Ÿ2.3.1), their control mechanism (Ÿ2.3.2), and their

link layer integration (Ÿ2.3.3).

2.3.1 Surface Hardware

mmWall's unit cells (also known asmeta-atoms) are stacked vertically with a� ~3 separation,

on each Rogers substrate board (also known as ameta-atom rib), as shown in Figure 2.2

(see Section 2.3.2 for a discussion of vertical and horizontal unit cell spacing considerations

for beamforming). A control unit connected to mmWall provides a set of voltages to the

ribs. In Figure 2.2,0V is applied to both magnetic and electric meta-atoms on the �rst rib,

causing the meta-atoms to shift the phase by0� with minimal loss. For the second rib,2V

is applied to shift the phase by1� . Ultimately, the beam is steered by allN ribs collectively

forming an array factor.

Design Goals

The two primary design goals of the unit cell are to simultaneously1) achieve transmission

T or re�ection � loss levels as close to zero as possible, and2) e�ect any phase shift in�0; 2� �

on the incoming signal, both at mmWave frequencies.
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