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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 challengemmwWall 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 mmwWave 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 Al-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.
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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, mMMTC is transforming industries and everyday life. A key enabler for massive
loT 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 10T 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 10T networks.
1.2 Challenges in Realizing NextG Services

While NextG networks are designed to provide diverse services with specic 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 dicult 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 ¢ 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-LoSi.€., 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 10.812.7 10.7 12.7 17.820.2
Uplink 14.014.5 12.814.5 27.530

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 dierent 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 10T 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 loT 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, | elaborate on our surfaces tailored to mmWave and satellite networks.

A Steerable, Trans ective Metamaterial Surface for mmwWave Networks

mmWall is the rst electronically almost-360¢ 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 signdlsough 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 28 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. With75cm? 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 10T networks.

Cross-Link Channel Prediction (CLCP) in Massive lIoT 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 ¢ 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.
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Chapter 2

A Steerable, Trans ective Metasurface

for mmWave Networks.

This chapter describes the design and implementation aimWall , an electronically recon-
gurable surface that addresses three use cases shown in Figure 2.1. Like much prior work
(Y2.1), mmwall leveragesnetamaterials 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 mmwWave
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, mmwWall can refract
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(a) 5G/6G outdoor-to-indoor cov- (b) Re ective mode for in- (¢) Beam splitting, for link estab-
erage via mmwall. door VR/AR. 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 ne@60X¢ 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, mmwWall'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 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 mmwWave

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- Re. Trans. Multi- Loss Same Low
able beams (dB) pol. 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 -9to -1 Yes Yes
Passive non-HMS [114, 152] mmWave No Yes No No -45t0-1.7 Yes Yes
Active non-HMS mmWave  Yes Yes No No -10to -1 Yes Yes

[30, 136, 134, 145, 79]
C-resonators [168, 86, 161] Sub-THz  No No Yes No -105t0-8 No Yes

Repeaters [7] mmWave  Yes Yes No No Ampli er Yes No
Multi-arm repeaters [74, 77] mmWave Yes  Yes No Yes Amplier 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 asetasurfaces 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-0 ) 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 dier 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, mmwWall 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-locateshagnetic and electric meta-atom, etched onto the two
respective sides of a dielectric substrate (Figure 2.lset). 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; induces a rotating current (green arrows in Figure 2.4(b),
upper) on the magnetic meta-atom that, in turn, creates a magnetic responsMN‘t along
the z-axis in Figure 2.2). Likewise, the electric meta-atom is excited by the wave's electric
eld I§.| resulting in two symmetric, oscillating current loops (green arrows in Figure 2.4(b),
lower) that create an electric responslegI 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 fro@ to 360¢ 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 resonatorsinset: 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 (Y2.3.1), their control mechanism (Y2.3.2), and their

link layer integration (Y2.3.3).

2.3.1 Surface Hardware

mmWall's unit cells (also known asneta-atomg are stacked vertically with a ~3 separation,

on each Rogers substrate board (also known asnaeta-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 b9 with minimal loss. For the second rib,2V

is applied to shift the phase byl . Ultimately, the beam is steered by alN ribs collectively

forming an array factor.

Design Goals

The two primary design goals of the unit cell are to simultaneousl¥) achieve transmission
T orre ection loss levels as close to zero as possible, &) ect any phase shiftin 0;2

on the incoming signal, both at mmWave frequencies.
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