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Electromagnetic environments are becoming increasingly complex and con-

gested, creating a growing challenge for systems that rely on electromagnetic waves

for communication, sensing, or imaging. The use of intelligent, reconfigurable meta-

surfaces provides a potential means for achieving a radio environment that is capable

of directing propagating waves to optimize wireless channels on-demand, ensuring

reliable operation and protecting sensitive electronic components. The capability to

isolate or reject unwanted signals in order to mitigate vulnerabilities is critical for

any practical application.

In the first part of this dissertation, I describe the use of a binary pro-

grammable metasurface to (i) control the spatial degrees of freedom for waves propa-

gating inside an electromagnetic cavity and demonstrate the ability to create nulls in

the transmission coefficient between selected ports; and (ii) create the conditions for



coherent perfect absorption. Both objectives are performed at arbitrary frequencies.

In the first case a novel and effective stochastic optimization algorithm is presented

that selectively generates coldspots over a single frequency band or simultaneously

over multiple frequency bands. I show that this algorithm is successful with multiple

input port configurations and varying optimization bandwidths. In the second case

I establish how this technique can be used to establish a multi-port coherent perfect

absorption state for the cavity.

In the second part of this dissertation, I introduce a technique that combines

a deep learning network with a binary programmable metasurface to shape waves in

complex electromagnetic environments, in particular ones where there is no direct

line-of-sight. I applied this technique for wavefront reconstruction and accurately de-

termined metasurface configurations based on measured system scattering responses

in a chaotic microwave cavity. The state of the metasurface that realizes desired

electromagnetic wave field distribution properties was successfully determined even

in cases previously unseen by the deep learning algorithm. My technique is enabled

by the reverberant nature of the cavity, and is effective with a metasurface that

covers only �1.5% of the total cavity surface area.
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Preface

This dissertation is long overdue. I started down the path of electromagnetics,

specifically adaptive optics, as an undergraduate student at the University of North

Carolina at Charlotte (UNCC) back in 1999 under the instruction of Bob Tyson.

My career as an electro-optical engineer began at Xinetics, Inc. in Devens, MA in

2002, where I characterized deformable mirrors and active optical components. I had

completed a Master’s degree and expected that I would return to school to pursue

a Ph.D. at some point in the future. I chose an occupational path instead of an

academic one however, and spent over a decade in the field of adaptive optics with a

specialty in beam control for high energy lasers. I joined Adaptive Optics Associates

in 2005 and worked out of offices in Wichita, KS, Lancaster, CA, and East Hartford,

CT until 2013. I then moved to the Johns Hopkins University Applied Physics

Laboratory (JHU/APL) in Laurel, MD, where my career expanded to include radio

frequency (RF) and intelligence, surveillance, and reconnaissance (ISR) systems.

Finally, in 2015, under the encouragement of my wife (then fiance), I returned to

the University of Maryland (UMD) as a part time graduate student.

At UMD, I took the electrophysics/applied electromagnetics route. I joined

the Wave Chaos group in 2017, researching electromagnetic wave propagation in

chaotic microwave cavities. When the COVID19 pandemic hit in early 2020, the

labs at UMD were closed and experimental work ground to a halt. Professor Anlage
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was able to get a binary programmable metasurface through our Office of Naval

Research (ONR) contacts (and my JHU/APL colleagues). My immediate thought

was “adaptive optics with microwaves”, and I was hooked. I built a smaller scale

cavity (< 1 m3 volume) in my basement and proceeded with experimentation. The

chaotic nature of the environment required a control approach more complex than

found in traditional adaptive optics systems. This worked well as a research project

and culminated in 2 publications that form the basis of this dissertation: 1) Fra-

zier, Antonsen, Anlage, and Ott. “Wavefront Shaping with a Tunable Metasurface:

Creating Cold Spots and Coherent Perfect Absorption at Arbitrary Frequencies”,

Physical Review Research, 2:043422, 2020; and 2) Frazier, Antonsen, Anlage, and

Ott, “Deep Learning Estimation of Complex Reverberant Wave Fields with a Pro-

grammable Metasurface”, arXiv, 2103.13500 [physics.app-ph], 2021.

Ben Frazier,

Ellicott City, MD, October, 2021
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To my father, Richard T. Frazier, whom I still miss profoundly.
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Chapter 1: Introduction

1.1 Motivation

Reverberant and highly scattering environments scramble electromagnetic waves,

producing interference among the multiple paths between source and receiver. The

resulting spatio-temporal 
uctuations can seriously degrade imaging, sensing, and

communication systems at microwave and optical wavelengths, disrupting opera-

tion or even damaging sensitive components. Large enclosed spaces, such as o�ces

or compartments on ships or aircraft can act as \chaotic" reverberating chambers

for short-wavelength electromagnetic waves [1]. Additional emissions in these en-

vironments, whether from unintentional coupling between components or from an

intentional electromagnetic attack, can have serious consequences. Some platforms,

such as aircraft and spacecraft, can experience devastating consequences, resulting

in mission failure or even casualties [2].

Future smart radio environments (SREs) are envisioned to handle such dy-

namic conditions, adapting on-the-
y to optimize a given wireless channel through

a spatial light modulator (SLM) [3{5]. Intelligently controlling wave �elds in the

presence of multi-path re
ections is therefore a critical factor for enabling SREs.

In addition, an intelligent and self-adaptive approach will bene�t applications such
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as micromanipulation of objects in complex scattering environments [6], and time

reversal mirrors that can selectively focus a wavefront or enhance communication

system performance [7,8]. A necessary step along this path is to identify approaches

for wavefront reconstruction, i.e., determining the con�guration of the SLM that ac-

curately produces a given scattering response, that work in reverberant scattering

environments.

In optics, SLMs have been used to control waves under strong scattering con-

ditions for some time. Applications range from focusing through general disordered

media [9,10] to sophisticated biomedical imaging instruments that fall under the um-

brella of adaptive optics [11,12]. In the last several years, SLMs in the form of pro-

grammable metasurfaces have also become widely available at radio frequency (RF)

wavelengths [13{16]. Programmable electromagnetic metasurfaces are metamaterial

sheets that can modify their local surface impedance over unit cells (meta-atoms)

and have emerged as powerful tools for shaping waves inside complex microwave

cavities [17{25], increasing the available degrees of freedom (DOF) by manipulating

boundary conditions.

Wavefront shaping techniques with metasurfaces have been well studied; how-

ever, control in complex environments still relies on simple, online brute force opti-

mization methods. While these approaches work, they require a large number of it-

erations to reach convergence, are not guaranteed to achieve a global minimum, and

can produce undesirable scattering con�gurations through the intermediate steps

of the optimization process. Our approach, as shown in Fig. 1.1 and described

in the remainder of this thesis, leverages a deep learning network to enable wave-
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front reconstruction and control in complex and highly reverberant environment.

The metasurface is placed in a reverberant scattering environment, with a signal

injected at Port 1 and the resulting �eld measured at a speci�c point of interest

(Port 2). The environment is de�ned by irregular walls and inclusions and is probed

by waves with wavelengths much smaller than the characteristic dimension of the

enclosure.

The reverberating nature of the environment provides capabilities not present

in non-reverberant environments. The requirement for establishing direct LOS is

removed, which allows the location of the metasurface to be arbitrarily chosen.

In addition, the ability to modify the wave �eld distribution at arbitrarily chosen

regions is enhanced, which allows a relatively small metasurface to be used. In

our con�guration, the metasurface covers only� 1.5% of the total surface area of

the cavity. Establishing a viable method to control a metasurface in a reverberant

environment will unlock novel applications and encourage research in new and under-

explored domains.

One such unexplored area is coherent perfection absorption (CPA), where co-

herent excitation of a lossy system can result in complete absorption of all incident

waves [26, 27]. It has applications in highly e�cient notch �ltering, energy conver-

sion, and even detection; since the CPA state is extremely sensitive to parameter

variation, it can be used to identify small changes in a complex scattering sys-

tem [28]. The ability of a metasurface to manipulate additional DOF presents a

novel capability for realizing CPA states.
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Figure 1.1: Conceptual view of a deep learning enabled programmable
metasurface in a complex electromagnetic environment. Constructive and
destructive interference between multiple propagation paths in a reverberating en-
vironment induces randomness in the scattering parameters and scrambles electro-
magnetic waves that are injected at Port 1. A recon�gurable metasurface is used
to tune the interference to create cold spots for protection of sensitive electronic
components, realize coherent perfect absorption states for long range wireless power
transfer, or unscramble the output �elds to enable smart radio environments. The
metasurface, along with a sensing antenna at Port 2, is coupled with a deep learning
network that provides control. Measurements are used as training data, enabling
the network to determine the control settings of the metasurface, and allowing the
system to adapt to changing environmental conditions on-the-
y. The metasurface
is shown here as large relative to the cavity. In our con�guration however, the
metasurface is much smaller, covering only� 1.5% of the total surface area of the
cavity.
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1.2 Outline

The rest of the dissertation is organized as follows. Chapter 2 presents rele-

vant background information for metasurfaces, wavefront reconstruction, complex

reverberant scattering environemnts, the random coupling model (RCM), and deep

learning. Chapter 3 discusses the stochastic optimization approach for creating

coldspots and coherent perfect absorption states. Much of this chapter was pub-

lished in Frazier, Antonsen, Anlage, and Ott, \Wavefront Shaping with a Tunable

Metasurface: Creating Cold Spots and Coherent Perfect Absorption at Arbitrary

Frequencies",Physical Review Research2:043422, 2020 [24]. Chapter 4 presents the

deep learning approach, most of which was published in Frazier, Antonsen, Anlage,

and Ott, \Deep Learning Estimation of Complex Reverberant Wave Fields with a

Programmable Metasurface",arXiv , 2103.13500 [physics.app-ph], 2021 [29]. Fi-

nally, Chapter 5 provides a summary and discussion of the impacts and potential

future research directions.
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Chapter 2: Background

2.1 Metasurfaces

A \meta"-material is an engineered material that has characteristics not found

in naturally occuring materials. A metasurfaces is then a 2-D sheet of metamateri-

als that is capable of changing its boundary conditions over local regions. Because

the incident, re
ected, and transmitted electromagnetic waves must have a contin-

uous spatial phase pro�le across the boundary, metasurfaces need to approximate a

continuous phase distribution. This requires the elements to be subwavelength [14].

Smaller dimensions relative to the wavelength provide better approximation [13,30],

but are more di�cult to produce. In addition, the subwavelength nature can reduce

the e�ective number of DOF, as elements may need to operate in groups rather

than individually. Due to the circuit design complexity, many devices only provide

binary control over the local spatial phase at each element (relative phase shifts

of � radians); however recent advances in fabrication have led to devices with 2-bit

control (relative phase shifts of�= 2 radians) [31{34]. Higher �delity in the realizable

phase pro�le provides additional 
exibility for shaping �elds, but increases the device

complexity in terms of size, weight, power, and cost (SWAP-C). In communications,

metasurfaces have been used to generate optical beams with orbital angular momen-

6



tum that have reduced sensitivity to turbulence [35{38], and for spatial phase coding

with visible light [39]. At radio frequencies, metasurfaces have been demonstrated

to work as a transmitter for quadrature amplitude modulation [40,41], simplifying

the processing design and providing the potential to enable beyond 5G capabilities.

In addition, they have been used to control nonlinear re
ections to harness higher

order harmonics for spectrum conversion [42], and improving communications using

backscatter of WiFi signals [43].

Computational imaging has seen a tremendous boost from the use of metasur-

faces [44]. Applications include digital holography at microwave frequencies [45{47],

aperture generation for synthetic aperture radar (SAR) [48{50], imaging through

walls [51], in cavities [52], and in large scale apertures for human sized objects [53].

Enhanced diversity with the increased number of available DOF is what makes

many of these concepts possible, so there has also been signi�cant work in exploring

what types of diversity can be leveraged. This includes exploiting spatial and tem-

poral DOF [17, 19, 20, 54, 55], transforming a regular cavity into a chaotic one [21],

performing electronic mode stirring [56{58], cancelling electromagnetic �elds at a

point [18], realizing a high Q open cavity [59], radar cross section (RCS) reduc-

tion [60{62], and cloaking objects [63].

Metasurfaces are not limited to shaping only electromagnetic waves. In seis-

mology, control over surface acoustic waves has been demonstrated using metasur-

faces made of elastic metamaterials for Love waves (horizontally polarized) [64] and

Rayleigh waves (containing both longitudinal and transverse motion) [65]. In the

case of quantum waves, a metasurface created from an array of trapped neutral
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Figure 2.1: Re
ectarray device used for the research. The left-hand side
shows the front of the board with the individual unit cells visible. The right-hand
side shows the back of the board with the GaAs FET ampli�ers and control elec-
tronics visible.

atoms was used to manipulate light at the quantum level [66]. While the underlying

physics of these metasurfaces is vastly di�erent, the overall operation and process

of wave interaction is essentially the same, implying that strategies for wavefront

shaping in one domain can be readily adapted to another.

The metasurface used for this dissertation is a re
ectarray fabricated by the

Johns Hopkins University Applied Physics Laboratory (JHU/APL) that is designed

to operate from 3-3.75 GHz and is shown in Figure 2.1. It has a lattice of 10� 24

squares occupied by unit cells with size< �= 6 [30], where� is the wavelength. These

240 unit cells can be independently set to one of two states, which approximate

electric or magnetic boundary conditions and provide a relative 180� phase shift for

waves re
ected by the element. This results in the local surface impedance of the

array varying from cell to cell and state to state. The array surface thus has 2240

(1:8 � 1072) independent states, each of which re
ects waves in a uniquely di�erent

set of directions.
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2.2 Wavefront Reconstruction and Control

Wavefront control has a rich history and has been well studied from the per-

spective of adaptive optics. Conceived by Horace Babcock in 1953 [67], and real-

ized in the 1970's [68], adaptive optics provides a method of correcting wavefront

aberrations induced by propagation through random media. It has been success-

fully used in a diverse array of applications including astronomical imaging [69],

biomedical imaging [70], high energy laser propagation [71], free space optical com-

munications [72], quantum networking with satellites [73], and laser processing of

materials [74].

Adaptive optics systems typically employ re
ective deformable mirrors that

provide mechanical phase compensation [75, 76]. Conventional deformable mir-

rors are built with ferroelectric actuators [77] with as small as 5 mm spacing,

though monolithic deformable mirrors manufactured from a block of lead mag-

nesium niobate (PMN) material can have 1 mm spacing between actuators [78].

Micro-electrical-mechanical-system (MEMS) mirrors using electrostatic actuation

have made great strides over the past decade [79, 80] and are very competitive

with conventional deformable mirrors, particularly where a large actuator density

is desired. Refractive liquid crystal devices have also been proposed and devel-

oped [81,82], but tend to be slow and are uncommon outside of microscopy [12], or

laser processing [74].

The availability of inexpensive recon�gurable metasurfaces has driven research

into a �eld known as wavefront shaping [9,10,18,83{85]. While there is not a strict
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convention or de�nition, adaptive optics is generally associated with controlling dis-

torted wavefronts for a single propagation path while wavefront shaping is generally

associated with controlling (or shaping) a combination of multiple scattered wave-

fronts. We will adopt this convention here and refer to adaptive optics and wavefront

shaping in general as wavefront control. While many applications are built around

scattering systems possessing time reversal symmetry (TRS), the presence of TRS

is not a requirement for all wavefront control systems.

Conventional adaptive optics systems measure the wavefront directly and use

an operator, called the reconstructor, to solve the inverse problem between mea-

surements and control signals. Wavefront reconstruction is therefore at the heart of

any wavefront control system. The process is generally indirect, as the reconstructor

evaluates the wavefront in the basis of command signals, rather than explicitly in

phase. Wavefront reconstruction is a specialized area of system identi�cation [86],

and relies heavily on methods for solving inverse problems.

For a linear system, or one that can be linearized, the standard reconstructor,

R, is a regularized optimal Wiener �lter given as [87]

R =
�
B T C � 1

n B + gW + B T C � 1
' B

� � 1
B T C � 1

n (2.1)

Here, Cn is the measurement noise covariance matrix,Cn =


nT n

�
, C ' is the

covariance matrix of the environmental disturbance,C ' =


' T '

�
, W is a weight-

ing/regularization matrix, g is a scalar gain term, andB is a system con�guration

(geometry) matrix that relates control signals to wavefront measurements. BothCn
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and C ' are de�ned in sensor space, whileW is de�ned in command space.

The inverse problem is often ill-posed due to singularities or the presence of

highly correlated responses with di�erent commands [88], which e�ectively means

we do not have enough information to solve the problem. We can add the necessary

information through a process known as regularization. The weighting matrix,W ,

in Eq. 2.1 implicitly provides Tikhonov regularization, which acts as a spectral

�lter on the singular values [89, 90]. W can be the identity matrix to raise all the

singular values, or a projection matrix to suppress speci�c modes that either induce

singularities or expend control energy in ways we wish to avoid. The gain term,

g < 1, then determines how strongly these modes are suppressed. Using the inverse

of the environmental covariance matrix,C � 1
' , preconditions the solution towards

expected spatial modes with the appropriate statistics.

For nonlinear systems, we can apply iterative methods to handle the recon-

struction process. These are typically Krylov subspace methods such as the conju-

gate gradient method [89,91,92]. Regularization can be applied through Landweber

iteration, where the gradient is allowed to decay with a relaxation parameter [89,91].

In this case, the iterations are performed \o�ine", meaning that each iteration is

evaluated numerically on the measurements. The convergence rate is therefore only

limited by the computational power we can throw at the problem.

Wavefront reconstruction is viable for some metasurface applications, but de-

pends on being able to solve the inverse problem. Complex environments include un-

certainties in determining the system con�guration (B matrix), and multiple re
ec-

tion paths create intricate interference patterns at the antennas, producing chaotic
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uctuations [93,94]. In addition, short orbits that manifest as persistent features in

the ensemble [95] are not removed, leading to a complicated relationship between

metasurface commands and cavity scattering parameters. For a metasurface that

is small relative to the cavity, the e�ective strength of the metasurface commands

on the cavity scattering parameters is reduced. This results in high correlation be-

tween measurements taken with di�erent sets of commands and creates problems for

uniqueness, as many potential solutions are extremely similar. The e�ective strength

is enhanced by reverberant environments, however these add additional complica-

tions that will be discussed later. In addition, the scattering process is linear, but the

relationship between metasurface commands and measured scattering parameters is

not necessarily so, particularly for measurements in the temporal domain. In these

extreme scattering environments, we are limited to partial information and may not

be able to de�ne the system, let alone determine the inverse. Therefore, model-free

control approaches that do not require knowledge of the system con�guration, and

bypass an explicit wavefront reconstruction step altogether, have traditionally been

preferred.

Early metasurface control approaches used brute force trial and error, tog-

gling every element or combination of elements [96, 97]. This guarantees that a

global minimum is reached, but becomes infeasible with large numbers of elements.

The simplest practical approach is an extension of iterative multidither techniques

in adaptive optics [98], where, at thei th iteration, the algorithm updates a trial

command vector,a� , with a small perturbation, � a, so that
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a�
i +1 = ai + � ai (2.2)

The impact on performance is evaluated through a metric or cost function,

J , that is positive and real-valued, and dependent on both the command vector

and the environment, E. If the cost function, J
�
a�

i +1 ; E
�
, is improved, the trial

command vector becomes the new command vector,ai +1 = a�
i +1 . Otherwise, the

trial command vector is rejected and a new trial command vector is generated.

The iterative process continues until either a speci�ed number of iterations,T,

are performed without improving the metric, or the cost function reaches a pre-

determined value, at which point we claim convergence. While simple to implement

and not reliant on knowledge of the system con�guration, the dithering approach is

by no means optimal, so we next turn to stochastic optimization.

Gradient based approaches have proven extremely successful for general stochas-

tic optimization problems [99]. In a stochastic gradient descent (SGD) optimization,

the descent is performed by taking steps along the gradient of the cost function with

respect to the element command vector. The step size,
 , which may or may not

depend on the iteration, determines how quickly the algorithm descends, and is

sometimes referred to as a \learning rate". Tuning the step size is an important

aspect of SGD methods. If
 is too small, the algorithm will take a long time to

converge and may not be able to escape a local minimum. On the other hand, if


is too large, the algorithm may become unstable. The basic SGD is implemented as
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ai +1 = ai � 
 i r ai J (ai ; E) (2.3)

In most cases, it is not possible to evaluate the gradient,r aJ , directly, so it

must be approximated. The general approach is to apply a small perturbation to the

current command vector and estimate the gradient from a one-sided or two-sided

�nite di�erence. The perturbation is applied to all elements of the command vector

simultaneously (in parallel) to increase the convergence rate.

A specialty of wavefront control, known as wavefront sensorless, or target-in-

the-loop adaptive optics [100], leverages stochastic optimization in a sensor agnostic

manner, indirectly evaluating the wavefront through the cost function. In target-

in-the-loop approaches, the iterations are performed \online", meaning that each

iteration requires applying commands and measuring the result. The convergence

rate is therefore limited by the sampling rate of the system.

Target-in-the-loop methods are not as easily analyzed through modern multi-

variable control theory as conventional methods, but in theory they are applicable

to the problem of controlling metasurfaces in complex scattering environments. In

particular, stochastic parallel gradient descent (SPGD) [101,102] has enjoyed great

success in target-in-the-loop adaptive optics systems. For SPGD, the gradient is

estimated from a one-sided �nite di�erence,

r aJ (a; E) � [J (a + � a; E) � J (a; E)] � a� 1 (2.4)

The cost function is arbitrarily de�ned, allowing SGD methods to be applied
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based on the speci�c need. It can be an image quality metric such as Strehl ra-

tio [101] for imaging systems, signal strength for free space optical communica-

tions [103], transmission coe�cient for cold spot generation, or scattering matrix

eigenvalue magnitudes for CPA state realization. Speci�c to the problem of con-

trolling metasurfaces in microwave wavebands, energy e�ciency in terms of bits-per

joule is an attractive metric for wireless networks [104]. Energy e�ciency optimiza-

tion using a recon�gurable metasurface has been proposed and simulated using both

SGD and sequential programming in an open scattering environment [105].

SGD methods work well in principle for controlling a metasurface. However,

they begin to fail with coarse quantization, which limits the ability to tune both the

size of the applied perturbation and the size of the step taken along the gradient.

In the extreme case of a binary (1-bit) metasurface, applying a perturbation boils

down to simply toggling or not toggling each element, so that for thenth element,

�a n = f 0; 1g. This leads to singularities in estimating the gradient (Eq. 2.4 ),

as well as approximation errors with driving the solution along the gradient (Eq.

2.3), since the resulting command must also be quantized to either 0 or 1. While

metasurfaces can be manufactured with more bits of resolution for phase control,

this increases complexity, cost, and power consumption considerably, making them

less attractive for wide scale use. In addition, the capability of binary metasurfaces

has been demonstrated many times; these devices can be expected to be utilized

whenever power and cost are drivers for implementation.

Since gradient based approaches are problematic with coarse quantization,

dithering methods have dominated wavefront control applications with binary tun-

15



able metasurfaces. We can however modify the dithering technique in Eq. 2.2 to

use shaped or intelligent perturbations. When the algorithm is initialized, we do

not know where the optimal commands are located with respect to the solution

space. We would like to apply \larger" e�ective changes that induce highly diverse

responses with large scale global changes. As the algorithm proceeds, e�ectively

moving along the gradient, we want the changes to become \smaller", and more

localized. In this manner, we are able to continue the optimization process without

wasting trials on global changes that are less likely to improve the speci�c metric

of interest. Finally, once the algorithm has converged, we would like to be able to

make sure we are not stuck in a local minimum.

This shaped perturbation approach is discussed in Chapter 3, and was demon-

strated to successfully enable generating cold spots and realizing CPA states for

a binary metasurface with 240 elements [24]. In this case, the perturbations were

\shaped" by changing the number of elements that were toggled (perturbed) each

time the algorithm converged. The algorithm cycled through perturbations that

toggled 120, 48, 24, 12, and then 6 elements, with a convergence criteria ofT = 30

trials. This can also be thought of as a simple policy-iteration method of reinforce-

ment learning [106]. To ensure the solution was not stuck in a local minimum, the

algorithm then entered a \single element" phase where three trial command vectors

were generated at each iteration that toggled the individual element, the nearest

neighbors of that element, and the diagonal neighbors of that element. Cold spots

were generated with this technique and provided 4-40 dB of suppression over a 1 GHz

frequency range and CPA states were realized and veri�ed with power absorption
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ratios � 106 [24].

While dithering allows us to provide wavefront control in some capacity, a true

wavefront reconstruction method is desired. Deep learning may provide a viable

approach, as it has already been successfully demonstrated for general ill-posed

inverse problems [107]. This is the basis for Chapter 4.

2.3 Complex Reverberant Scattering Environments

Complex reverberant scattering environments contain universal 
uctuations

with statistics governed by random matrix theory (RMT) [108], as well as determin-

istic behavior from the system speci�c con�guration of the ports and short orbits,

i.e., prompt or direct paths, between the ports [95, 109, 110]. For the particular

case of chaotic cavities, electromagnetic wave �elds have speci�c statistical prop-

erties that depend upon a limited number of parameters [111]. Among these is

the fact that the wave �eld is statistically equivalent to a random superposition of

plane waves [112]. As such, we can leverage analytical tools from the active re-

search area of quantum chaos [108,113] in the more generalized framework of wave

chaos [114,115].

Complex scattering environments are often characterized by their scatter-

ing matrix, or S-matrix, which is a frequency dependent transfer function matrix

containing the complex-valued re
ection and transmission coe�cients between the

ports. While useful for describing the overall behavior, separating the universal and

deterministic features is di�cult when working with the S-matrix [116].
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An analytical approach known as the random coupling model (RCM), has

been shown to accurately predict 
uctuation statistics and allows separation of the

universal and deterministic contributions in a simple additive manner [114,115]. The

RCM extends RMT and is characterized by a single parameter,� , that describes the

losses in the system. It is supported by wealth of experimental validation data with

chaotic microwave cavities [93,94,117{119]. The behavior in large, thee-dimensional

enclosures has also been studied to understand these statistics and the potential

impact of high power microwave (HPM) attacks [1, 120]. A table of characteristic

parameters of chaotic microwave cavities derived from the RCM is given in Appendix

A.

The RCM works in the impedance domain to separate the universal contri-

butions; conversion between impedance and scattering is handled through standard

bilinear transformations [121]. In the RCM, the 
uctuating cavity impedance,Zcav,

is de�ned as

Zcav = j Imf Z radg + Ref Z radg1=2� Ref Z radg1=2 (2.5)

Here, Z rad is the radiation or free-space impedance of the ports and� is the


uctuating or universal component, which is described by RMT [114]. For lossless

systems,� is a Lorentzian distributed random variable. With loss, the distribution

becomes much more complicated, but it is well suited to Monte Carlo simulations

[111] (see Appendix G).Zcav represents a single realization of a cavity, experimental

results typically collect an ensemble of realizations with a mechanical mode stirrer
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used to realize new cavity con�gurations.

The RCM has been shown to apply to fading statistics in open systems, such

as wireless communication paths, as well as closed systems, such as microwave cav-

ities. [122, 123]. A chaotic system is characterized by extreme sensitivity to initial

conditions and is qualitatively di�erent than an open one. In open systems, fading

statistics are often modeled with empirically �t distributions [124]: the Rayleigh

distribution when no line-of-sight path is present, the Rician distribution when a

strong line-of-sight path is present, or the K distribution for propagation over the

ocean [125]. The limiting cases of Rayleigh and Rician distributions are captured

by the RCM with the � parameter related to the loss parameter, as� = (8 �� 2)� 1,

and the � parameter equal to the magnitude of the short orbits [122,123].

Operating in a reverberant scattering environment presents an additional set

of challenges in comparison to an open environment. In addition to the fundamen-

tal di�erence in the character of the 
uctuations, in the semi-classical case or short

wavelength limit, we can look at the behavior of ray trajectories. Speci�cally, we

are interested in the change in ray trajectories in response to a change in the meta-

surface con�guration. In an open system, there is a single ray (or ray bundle) that

is observed by the sensor, with at most a single re
ection o� the metasurface. In a

chaotic system, that single ray will re
ect o� multiple walls and obstacles in the cav-

ity and possibly o� the metasurface itself multiple times before reaching the sensor.

This creates a cascading e�ect, so that the wavefront at the sensor is a combination

of constructive and destructive interference of the multiple rays. The e�ect of these

multiple interference paths is highly dependent on the con�guration of the cavity.
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For an open system, a wavefront reconstruction approach is only dependent on the

geometry between the sensor and the correcting device and is invariant to environ-

mental changes (provided the disturbances remain within the dynamic range of the

sensor and corrector). Wavefront reconstruction is therefore very robust for an open

system. For a chaotic system however, small environmental changes can cause a

wavefront reconstruction technique that was previously successful to no longer be

viable, so that being \close" is not good enough.

2.4 Common Simplifying Assumptions

To build environmental models for simulations, we typically need to make

assumptions or approximations for simplicity or computational tractability. We

also need to ensure that these assumptions are valid for the environments that are

being modeled. Otherwise, the models may neglect potentially signi�cant e�ects.

We will outline some of the most problematic simplifying assumptions here.

The �rst simplifying assumption often made is that the channels are assumed

to be perfectly known by the transmitter, so the only uncertainty in the environment

is random thermal noise at the receiver(s). In complex scattering environments,

there is always uncertainty due to multi-path re
ections, which can be signi�cant. In

addition, inside chaotic cavities, measured scattering responses with the same initial

conditions will change over time, a phenomenon known as scattering �delity decay

[126{128], which means that perfect knowledge of a complex scattering environment

has a �nite lifetime. This lifetime can be several days in controlled conditions, but
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is sensitive to temperature and humidity and will be reduced in scenarios such as

dense urban environments. Having only partial knowledge of the system limits

deterministic control approaches and encourages learning algorithms. Scattering

�delity has an impact here as well; as the scattering responses start to change, any

machine learning algorithm will require periodic retraining.

The second simplifying assumption often made is that the equivalent channel

matrix is assumed to be invertible, so the inverse problem is well-posed. Complex

scattering environments generally contain short orbits, or prompt direct paths, that

are persistent across measurements [95,118]. These short orbits induce correlations

that are di�cult for simple machine learning approaches to unwrap and typically

lead to ill-posed inverse problems. Excluding multi-path re
ections and short orbits

can overestimate the performance of a given algorithm.

The third simplifying assumption often made is that all the propagation paths

are assumed to have a single re
ection o� the metasurface, so direct line-of-sight

and multi-path trajectories are not included. Channel fading is then modeled with

Rayleigh amplitude statistics. In real-world systems, strong direct line-of-sight paths

induce Rician statistics and the presence of multi-path re
ections drives statistics

that are governed by RMT [122, 123]. Neglecting these statistics can lead to al-

gorithms that are not properly tuned. The longer tails in the distributions lead

to large amplitude signal spikes that can degrade imaging performance or disrupt

signal processing algorithms. This phenomenon is well known for the maritime

synthetic aperture radar (SAR) systems and has lead to the development of the

K-distribution [125].
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The �nal simplifying assumption is that the metasurface is often assumed to

have in�nite phase resolution, so quantization e�ects are not included. As stated

previously, most commercially available metasurfaces have a single bit of control,

though custom devices with 2 bits of control are becoming available [31{33, 129],

which means quantization e�ects are important and likely signi�cant. In addition,

as discussed in Section 2.2, coarse quantization can cause gradient based controllers

to fail, so neglecting quantization e�ects may lead to poorly performing real world

controllers. The metasurfaces are also idealized, with identical responses across all

elements. In real devices, manufacturing defects produce nonuniformities between

the phase at each element, and the metasurface may also include uncontrollable

losses or gain.

In addition to simplifying assumptions, testing and veri�cation is often done

in anechoic chambers to remove the environment and capture only the impact of

the recon�gurable metasurface. Anechoic chambers are very good at covering up

emissions problems, which become immediately apparent in reverberation chambers

[130]. A complex scattering system is reverberant in nature, so mismatches that

seem negligible in anechoic chambers may be signi�cant in real world environments.

Caution should be taken when applying any of these simplifying assumptions.

Otherwise, they can overestimate the performance or install a false sense of con�-

dence in a particular approach.
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2.5 Microwave Coldspots

A microwave coldspot is simply a null in the transmission coe�cient between

two ports. References [17{19] present a sequence of research using a 102 element

metasurface with�= 2 spacing to generate coldspots. First, a small o�ce was used

as the reverberating environment and the ability to null transmission at a point

was demonstrated when the metasurface covered only� 1% of the overall surface

area [18]. This work was extended by placing the metasurface inside a cavity where

it covered � 7% of the surface area [17] and culminated in loading the cavity to test

cases with low, medium, and highQ values [19]. In each of these cases, the opti-

mization process was performed at a single frequency corresponding to the element

spacing of�= 2. These experiments show evolving capability; however, practical ap-

plications require operation over a range of frequencies and need to simultaneously

handle inputs from di�erent directions.

2.6 Coherent Perfect Absorption

CPA is an exciting research area where coherent excitation of a lossy system

can result in complete absorption of all incident waves [26, 27]. Creating CPA re-

quires coherent excitation of all the ports in an eigenvector whose corresponding

S-matrix eigenvalue is zero. Operationally, the �rst step in establishing CPA is to

�nd an eigenvalue of the scattering matrix that is close to zero. For example, a 2

x 2 scattering matrix will have a pair of eigenvalues at each frequency. However,
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realizing CPA only requires driving 1 eigenvalue to zero, as the other eigenvalue

corresponds to the anti-CPA state [28].

CPA has typically been investigated in simple, regular scattering scenarios and

cavities but recently it has been demonstrated in more complex systems, speci�cally

in the realm of wave chaos, and graphs [131{134]. These works analytically demon-

strate the use of RMT to explore CPA states with semiclassical tools without relying

on the limit of weak coupling. CPA states have also been experimentally investigated

in multiple scattering environments [27], and in graphs that break time-reversal in-

variance [28]. The use of enhanced spatio-temporal diversity from a metasurface for

realization of CPA has not yet been explored and presents a novel capability.

While practical applications are still being developed, research has demon-

strated that a high fraction of the power was absorbed by the target in a CPA

demonstration using a tuned absorber embedded in a lossy environment [135]. This

work also showed that the target absorbed virtually nothing in the \anti-CPA" state,

demonstrating a high degree of control over absorption by a speci�c target in a CPA

scenario. An interesting future application is to utilize a generalized Wigner-Smith

operator [136] to apply a high absorption fraction to a target with a modulated

impedance or loss.

Recent research has investigated the use of metasurfaces for Perfect Absorp-

tion (PA) inside a cavity and demonstrated a secure communication system as an

application [22]. PA is a complementary idea to CPA for a single port system that

relies only on the re
ection coe�cient, S11 [137]. Full coherent multi-channel CPA

is more complicated than single channel perfect absorption. However, one advan-
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tage is the increase in delivered power by a factor ofN , whereN is the number of

channels. This is a signi�cant gain and worth the di�culty of additional phase and

amplitude control.

2.7 Deep Learning

Learning is natural to humans but di�cult for machines and should be explic-

itly di�erentiated from simple memorization. As a classi�cation example, learning

means developing the ability to recognize something new as similar to something

previously observed. We want the machine to be able to learn patterns that we may

not be able to explicitly describe from data that we believe contains these patterns.

Machine learning (ML) is therefore dependent on the machine being able to generate

representations of the underlying data. Bengio et al. discuss the many qualities of

a \good" representation in great length [138]. These qualities grow exponentially

more complex with the number of features due to the curse of dimensionality.

Arti�cial neural networks (ANNs) started to rise in the 1980's as an attempt to

leverage the architecture of the human brain and get away from speci�c hand tailored

representations that required signi�cant engineering and domain expertise [139].

Early ANNs contained only a few layers due to limitations with computational

resources and di�culties in training and stagnated in the mid 1990's. In the mid

2000's however, ANNs made a comeback in the form of deep learning due to advances

in high performance computing platforms, innovations in architecture and training,

advanced regularization techniques, and the availability of labeled training data
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[139].

The concept of depth comes from complexity theory as de�ned for circuits,

with the depth being the longest path from an input to an output [140]. The

number of potential paths or ways to reuse features grows exponentially with depth,

which leads to progressively more abstract features [138]. Depth therefore provides

an exponential advantage in the expressive power of a network [141]. The use of a

deep network allows the machine to learn a rich, hierarchical feature representation

with data-learned features progressing from simple to abstract concepts [142].

Depth is provided in terms of \hidden" layers, that are unobservable from

the input or output of the network. A representative deep network with 2 hidden

layers in addition to the input and output layers is given in Figure 2.2. This is an

example of a feedforward network as the connections are in only one direction with

no explicit dependence on neurons further upstream.

Many networks are designed for classi�cation of objects, as such, it is common

to refer to the inputs to the network as \features" and the outputs from the network

as \labels". The incremental outputs from the various layers are often referred

to as feature maps. Supervised learning means labels are available for use, while

unsupervised learning means labels are not available.

The ubiquity of open source tools such as Tensor
ow [143] and Keras [144],

both in Python, greatly simpli�es the design and use of deep ANNs. However, these

tools mask many important and subtle details, so it is quite easy to develop broken

designs without realizing it. Unfortunately, many online resources also only provide

a super�cial discussion, focusing instead on the software layout.
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Figure 2.2: Deep Neural Network. A deep neural network consists of an input
and an output layer around 1 or more hidden layers. Intermediate outputs after each
layer are a linear combination of the weights with the inputs. Nonlinear activation
functions (not shown) operate on these intermediate outputs. Shown here is a case
with N inputs in the input layer, followed by 2 hidden layers containingA and B
neurons, and then an output layer withP neurons, providingP total outputs.

2.7.1 Types of Layers

As a consequence of the \no free lunch" theorem [145], no single method or

technique is optimal for all problems. This has led to many di�erent varieties of

arti�cial neurons as well as architectures.

2.7.1.1 Dense Neural Networks

The simplest type of layer is \dense" or \fully connected" and provides a single

scalar weight for each neuron. An example of a dense neural network is given in

Figure 2.3, which shows that the outputs for each neuron are linear combinations

of the inputs. The number of outputs is equal to the number of neurons, and a

nonlinear activation function acts as a gating function for each output. In some
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Figure 2.3: Dense Neural Network Layer. A dense neural network processes
N inputs with M neurons. The intermediate output vector from each neuron,z, is a
linear combination of the inputs with a vector of trained weights,w, for each input.
The �nal output from each neuron, y, is then the result of a nonlinear activation
function applied to the intermediate output. Becausez is the input to the activation
function, it is referred to by some authors as \activations".

literature the intermediate calculations,z, are referred to as \activations".

The output layer in almost all ANNs will be a dense layer, this ensures that the

output of the ANN will have the appropriate size and consist of a linear combination

of the outputs from the previous layer. The output layer should be thought of as a

�nal conditioning step and does not perform feature extraction.

2.7.1.2 Convolutional Neural Networks

A convolutional layer simply convolves a kernel,h, with the input and provides

an optional bias, b. For a 1-D kernel of lengthL, the output y at point n for an

input x is given by
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y[n] =
n+( L � 1)=2X

n� (L � 1)=2

x[k]h[n � k] + b (2.6)

As shown here, the output of the convolution will have a di�erent size than the input.

If the input has length N , the output will have length M , given by M = N � L + 1.

We can zero pad the signal to forceM = L if desired.

A convolutional layer is de�ned by the number of �lters (number of neurons),

the length of the kernel, the stride, the padding, and the activation function. We

can also control various parameters that a�ect how the kernel and bias are updated

during training. Padding speci�es whether to use the zero padded result of the same

size as the input or the unpadded result with a smaller size than the input. Stride

is the number of samples to skip during the operation and is left at 1 in most cases.

Kernel lengths are typically odd for alignment (centering).

A transposed convolutional layer is also available and often incorrectly de-

scribed as deconvolution. As forward convolution without padding results in an

output with a smaller size than the input, transposed convolution can be thought of

as convolution with upsampling and provides an output with a larger size than the

input. These are generally found in image processing applications with U-shaped

networks to preserve the output size [146].

2.7.1.3 1D Convolution

An aspect that is not well understood outside of the signal processing com-

munity is how convolutional layers are implemented for inputs containing multiple
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features. In signal processing, the feature dimensionality is referred to as the num-

ber of channels and is sometimes de�ned as the width or the depth of the data. This

arises from color image processing with 3 color channels for red, green, and blue.

To perform the convolution over the desired dimension and ensure all the features

are captured, the convolution kernel is multidimensional as shown in Fig. 2.4. For

a speci�ed kernel length,k, the size of the kernel for a 1D convolutional layer with

an input containing N features isk � N . The kernel will only be shifted along a

single dimension, the local frequency window in our case, but will contain optimized

weights for each element. This means that the number of trainable parameters for

a 1D convolutional layer scales askN , not just k. For an input data set X , the

output, y, of the convolutional layer with kernelK is given by

y[n] =
k� 1X

i =0

N � 1X

j =0

K [i; j ]X [n � i; j ] (2.7)

For our purposes, we will zero pad the input data by appending (k � 1)=2

rows of zeros to either end and keeping the central part of the result, so the number

of points along the convolution dimension is constant in the output. By designing

a convolutional layer consisting ofN l �lters, there will be N l such outputs or new

features for the next layer.

2.7.1.4 Receptive Field

The receptive �eld of a CNN de�nes the number of points in input space that

contribute to the result at a single point in a given layer. Our CNNs use zero

padding to keep the output size �xed, and the stride and dilation are always set
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Figure 2.4: 1D Convolution with Multiple Features. Top: Graphical rep-
resentation showing theN feature vectors andF local frequencies processed by 3
di�erent �lters with kernel length k. The kernel only moves along a single dimension
(vertically) even though the data is represented in a 2D format. Each position of
the kernel results in a single point in the output vector which has lengthF � k + 1
if zero padding is not used and lengthF if padded as described in the text. The
weights for each of thekN l elements of the kernel are computed collectively, but can
be di�erent. Bottom: Numerical example with 3 features containing 5 points each
convolved with a kernel of length 3. The input data is zero padded with a row of
zeros at the top and bottom and the outputs for the 5 central rows are kept.
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to 1. This means the receptive �eld at any layer,r l , is given by a simple recursive

equation dependent on the receptive �eld at the previous layer,r l � 1, and the kernel

length of the current layer,kl [147].

r l = r l � 1 + kl � 1 (2.8)

As shown in Fig. 2.5, the receptive �eld for a sequential architecture grows

monotonically with depth, with each layer only seeing the receptive �eld from the

preceding layer. An architecture that utilizes parallel branches along with con-

catenation conserves the intermediate receptive �elds, making them available for

all subsequent layers and introduces width as well as depth to the network and

providing the motivation for the inception module.

2.7.1.5 Pooling Layers

Pooling layers are used to reduce the size of output feature maps and can help

prevent networks from learning features only at speci�c locations. They operate by

reducing the size of the feature map by taking either an average or the maximum

value of the input values over the pool size, commonly 2.

2.7.1.6 Dropout Layers

Dropout layers provide a regularization method that randomly sets a speci�ed

percentage, 0< d < 1, of input values to 0. The sum of the inputs is held constant,

so inputs that are not dropped out are scaled by 1=(1 � d). Dropouts are only

applied during training and are not present when evaluating the neural network.
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Figure 2.5: Receptive �eld. (a) The receptive �eld of a convolutional neural
network (CNN) layer indicates the number of points in input space that contribute
to a single point at a given layer. (b) For a purely sequential architecture, the
receptive �eld increases monotonically.(c) A parallel architecture with concate-
nation produces multiple receptive �elds with each available for subsequent layers,
promoting sparsity in the representations.
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2.7.2 Training Neural Networks

Training a network leverages an objective or loss function,J , evaluated over

the neuron weights,w. For the mean squared error (MSE), the loss function over

K samples of data is given as

J (w) =
1
K

KX

i =0

1
2

jjci � h(zi )jj 2 (2.9)

Here, ci is the true set of outputs (labels) from thei th sample in the data and

h(zi ) is the collection of outputs from the neural network, explicitly showing the

dependence on the activation function. Training is performed iteratively, with each

iteration referred to as an epoch. Networks are generally trained in reverse using

an algorithm known as backpropagation. Backpropagation is a layer-wise recursive

process that starts at the output of the network and propagates errors back through

the network layer by layer; this allows us to compute the desired gradients for each

neuron.

The workhorse algorithm is the SGD [139], where the weights at each epoch,e,

are updated based on the estimated gradient of the cost function scaled by a factor


 .

we = we� 1 � 
 r J (2.10)

SGD has problems with \pathological curvature", or narrow ravines, which are
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common around local optima and the response tends to oscillate back and forth

across the ravine. To address this, we can introduce the concept of momentum,

\forgetting" a portion of the previous gradient [148].

ve = � ve� 1 � 
 r J

we = we� 1 � ve

(2.11)

Here,v is an intermediate calculation and� is the momentum, typically around 0.9.

Momentum can be thought of as a very coarse approximation of the curvature or

2nd derivative.

The gradient can be looked at in terms of the chain rule for derivatives [139],

r J =
@J
@w

=
@J
@h

@h
@z

@z
@w

(2.12)

The selection of activation function and the existence of a gradient is therefore

important in training the network. An example of typical activation functions is

given in Figure 2.6, showing the tanh, sigmoid, and recti�ed linear unit (ReLU).

The tanh and sigmoid activation functions experience saturation where the gradient

goes to zero. When the intermediate outputs,z, are near these saturation regimes,

we experience a vanishing gradient and the network is unable to train. The ReLU

does not have this issue and its development enabled deep networks by improving

training convergence and providing better solutions than tanh or sigmoid [149].

Another activation function used almost exclusively in the output layer of
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Figure 2.6: Activation Functions. Three commonly used activation functions
are the tanh, sigmoid, and recti�ed linear unit (ReLU). The ReLU signi�cantly
improved convergence of training and is the standard activation function in deep
learning.
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classi�er ANNs is softmax. Softmax forces the sum of probabilities to 1 and guar-

antees that the network will always choose one and only one class from the list of

possibilities.

Finally, it is also important to understand how the inputs to the activation

functions, z, behave during training. In general, the distributions (mean and stan-

dard deviation) between layers change over the course of training, a phenomenon

known as internal covariate shift [150]. This causes problems as the inputs to the

next layer in the network become a moving target for the learning process and the

weights tend to get learned sequentially from the output layer to the input layer.

Internal covariate shift can be addressed with batch normalization, which nor-

malizes each feature (dimension) of the input independently across the samples. The

normalized input for the nth feature is then

x̂n =
xn � h xn i

q
hx2

n i � h xn i 2
(2.13)

Simply normalizing the inputs to a layer may change the underlying repre-

sentation of the layer. To account for this, batch normalization scales and shifts

the normalized values to ensure that the identity transform is represented. This

provides an additional set of parameters,
 and � , to be learned [150]

~xk = 
 k x̂k + � k (2.14)
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Chapter 3: Stochastic Optimization Approach

In this chapter we describe the use of a binary programmable metasurface to

create microwave coldspots at arbitrary frequencies, and to realize CPA states, both

within the 1 GHz band of operation of the metasurface. The conceptual overview

is shown in Figure 3.1 where the metasurface is installed in a complex reverber-

ating cavity and controlled in a closed loop manner. Input directional diversity is

introduced by simultaneously driving multiple ports with arbitrary relative phase

shifts. An iterative optimization algorithm is used to generate coldspots at the out-

put port, or to drive candidate scattering matrix eigenvalues towards the origin to

achieve CPA.

3.1 Cavity Con�guration

As shown in Figure 3.2, the array was installed in a 0.76 m3 cavity where it

covers� 1:5% of the total interior surface area. The cavity has 3 ports with one

acting as a target for scoring and two used for signal injection; the input ports can

be driven either individually or collectively with a relative phase shift. Although 3

ports are present, we are typically using the cavity as a 2-port system because we

have a 2-port network analyzer. All 3 ports are used when driving ports 1 and 3

simultaneously, in which case the underlying scattering system is represented by a
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Figure 3.1: Conceptual overview of the metasurface enabled cavity as a
closed loop system. The cavity S-parameters (scattering parameters) are mea-
sured with a network analyzer and passed to a controller that updates the metasur-
face elements with a new set of commands. The controller can generate coldspots
at port 2 at an arbitrary set of frequencies, or drive candidateS-matrix eigenvalues
towards the origin, and includes a stochastic iterative optimization algorithm. The
three ports allow additional angular and spatial diversity to be added at the inputs.
The inset shows a closeup view of one of the metasurface unit cells.
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3� 3 scattering matrix. While the experiment has a physically �xed number of ports,

the results can be generalized to an arbitrary number of ports. The cavity has both

low and high loss con�gurations to test how the behavior varies with the typical

quality factor, Q, of the modes; here we consider the highQ case. Introducing the

metasurface to the cavity reduced the averageQ in the frequency band of operation

of the metasurface by a factor of� 2. However, once the metasurface was installed,

the averageQ was found to be independent of the number of active or inactive

elements on the surface. The quality factor was determined to be roughly 5:5 �

103, by measuring the power decay time,� c = Q=! (250 ns with the metasurface

installed). A method for estimating the time constant is given in Appendix C.

Further details of the metasurface, cavity construction, experimental setup, and

impact of the metasurface on losses are provided in Appendix E.2.

The cavity mean mode spacing in frequency, �f , is found from the Weyl

formula as � f = �c 3 (2! 2V)� 1 [119]. A measure of the loss in the cavity is the

Q-width of a mode normalized to the mode spacing,� = f=(2� fQ ) = 3 for this

cavity. For our cavity, the mean mode spacing is roughly 115 kHz at a 3.5 GHz

center frequency. As discussed in Appendix E.1, the mean spacing between nulls in

the transmission coe�cient, jS21j, was found to be� 2 MHz and the average width

of the nulls was found to be� 200 kHz. This indicates a transmission coe�cient null

contains about 2 modes. Alternatively, it corresponds to a path di�erence of 750 m

between two interfering signals.

We are interested in the steady state response, so the averageQ does put a

bound on the e�ective speed with which we can switch the cavity scattering matrix
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Figure 3.2: Experimental schematic and cavity con�guration. a) Schematic
of the experimental setup in the con�guration driving all 3 ports. A network ana-
lyzer (Agilent PNA-X 5241A) is used to measure cavityS-parameters, with channel
1 connected to both Port 1 and Port 3 (through a phase shifter) and channel 2 con-
nected to Port 2. The ports are terminated with ultra wide band (UWB) antennas.
The metasurface is mounted on the cavity wall opposite Ports 1 and 3, and a block
is used next to Port 2 to break the line-of-sight (LOS) between Port 2 and Ports 1
and 3. A laptop controls the system and is connected to the metasurface through
a USB interface and to the network analyzer through a wired ethernet link.b)
Photograph looking inside the cavity, with the metasurface and ports labeled. Also
shown in the photo are the line of sight block and the irregular scattering elements
installed on the cavity walls as discussed in Appendix E.1.
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between �xed states. This can be seen through the power decay time, which mea-

sures how quickly energy in the cavity dissipates. In order to guarantee a steady

state result, the metasurface commands must be toggled at a rate slower than 1=�c.

The time between measurements must also be staggered by several� c to ensure

each measurement corresponds to the desired metasurface commands. To observe

transient behavior in a cavity with a 250 ns power decay time, the metasurface com-

mands must be switched at rates greater than 4 MHz. This assumes the bandwidth

of the measured phenomena is wider than the switching rate; an additional complica-

tion arises with narrow bandwidth responses that are of interest. When considering

�nite bandwidth nulls (200 kHz as stated above), the narrower bandwidth process

will determine the bound. Our experimental setup is limited to switching rates<

1 Hz, so neither limit presents a practical concern for our con�guration. However,

experiments with an embedded microcontroller demonstrated that the metasurface

itself can be switched at rates up to 15 kHz [30], so this may need to be considered

with high speed operation in higherQ cavities.

A complex scattering system such as our cavity exhibits both universal 
uc-

tuations, which can be described by RMT [108], and deterministic behavior arising

from the system speci�c con�guration of the ports and short orbits between the

ports [109, 110, 151]. Due to the small relative size of the metasurface, the chaotic

ray paths with many multipath bounces will experience the strongest in
uence.

Since minimizing the power received at a port is accomplished by creating destruc-

tive interference of the ray paths, the relationship between commands and responses

is quite complicated. This leads to utilizing stochastic iterative approaches, or ma-
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chine learning, in place of linear deterministic methods for control. Here we consider

iterative processes. A metasurface covering a larger fraction of the interior surface

would likely produce stronger results [18] and allow us to use a transmission matrix

based approach to determine the optimal metasurface commands [152{154]. For

this reason most prior research utilizes metasurfaces that cover a signi�cant portion

of a wall (or multiple walls). However, using a relatively small metasurface coverage

is better suited for real world applications where it is not practical to build or use

a larger device.

A key step in evaluating system performance is to determine the range of

possible responses of the scattering properties of the system so as to ensure that we

have a su�ciently diverse command set. Unfortunately, with 2240 possible commands

(approximately 1:8 � 1072), it is not feasible to test every one and we need to �nd a

reduced number that produces the full range of outcomes. As discussed in Appendix

E.3, deterministic decomposition of commands into orthogonal basis functions, such

as Hadamard bases [155, 156], generated a very narrow range of system scattering

responses. Diversity in the responses requires a distribution of commands with a

variety of spatial frequencies, ratios of active to inactive elements, and localized

groupings of active elements. Doubly random methods or compound distributions,

such as a biased coin toss, or power law spectral density with the bias, or power

exponent itself a random draw, were found to yield the widest range of responses.

Details of our novel stochastic algorithm are discussed in the next section.
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3.2 Generating Coldspots

Our goal is to program the metasurface to minimize the transmission between

two ports in a complex scattering system at an arbitrary frequency. Cases are scored

by evaluating the di�erence in average power, �P2, in a speci�ed frequency range

at a given center frequency between the initial inactive (all 0s) state and the current

state of the metasurface. To maximize this di�erence we take a directed random

walk approach in which at each step a number of array element states are toggled

(changed), � P2 is evaluated, and the new state is accepted or rejected based on

whether or not it decreases �P2. As discussed in the previous section, we need to

have a mix of large and small spatial groupings of elements and a varied number

of active elements to ensure a diverse set of responses. To meet this requirement,

our iterative algorithm operates in 2 distinct phases: multiple element toggling and

individual element toggling.

In the multiple element toggling phase, we selectM elements at random as

a trial and toggle their state (0 ! 1 and 1 ! 0). If � P2 is decreased, the trial

set of commands becomes the new reference set and we repeat the process selecting

another M elements at random and toggling their state. WhenT consecutive trials

have been made without improving �P2 we claim convergence and move to the

next value of M . In a typical experimental run, M = [120; 48; 24; 12; 6], and T =

30. After all values ofM have been exhausted, we move to the individual element

phase.

The individual element toggling phase has 3 cases associated with each trial.
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We select a single element at random and toggle it and then, in an adaptation

of the neighbor toggling method of Ref. [97], we toggle the 4 nearest neighbors

and the 4 diagonal neighbors. �P2 is evaluated for each of these cases and the

algorithm continues as in the 1st phase untilT consecutive trials are performed

without improving � P2.

The multiple element toggling phase tends to result in a local minimum which

is di�cult to escape when toggling only a single element. Adding neighbor toggling

signi�cantly improves the performance, as it provides larger localized changes in the

command set and allows us to escape the local minimum. Even with the neighbor

toggling, however, our stochastic approach does not guarantee that a global mini-

mum is found. Increasing the convergence criteria,T, can increase the probability

of �nding the global minimum, but comes with the cost of increased time. The

absolute minimum is not necessarily required, and our stochastic algorithm is able

to provide substantially deep nulls at arbitrary frequencies in a reasonable amount

of time.

A typical experimental run will provide � 350 trials, � 25 iteration updates, and

take � 1.5 hours, as the experimental setup is not optimized for run time. We use an

ethernet connection to transfer 32,001 frequency samples over the full 1 GHz band

for each of the 4 complexS-parameter measurements using 64-bit precision. With

the frequency values themselves included, this means 2.3 MB of data are transferred

for each trial. In addition, the commands and measuredjS21j are plotted at each

trial for operator feedback, resulting in a delay of� 15 seconds per trial. Disabling

plotting and capturing only the processed frequency band could potentially reduce
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the time to 1-2 seconds per trial, or 6-12 minutes for an experimental run. In gen-

eral, the cavity should not be used for other purposes while generating a coldspot,

as trials that move in the wrong direction in the solution space may produce unde-

sirable responses. Reducing the time to �nd a solution in only a few minutes may

present an acceptable interruption in service. To move towards a faster, real time

operational system, we would replace the network analyzer with software de�ned

radios (SDRs), such as the HackRF One [157] or BladeRF [158] commercial de-

vices which retail for � $300 or � $500-1000 respectively. In addition, an embedded

micro-controller, such as an Arduino or Raspberry Pi, could be used to reduce the

USB communications overhead induced by traditional desktop operating systems

when interfacing with the metasurface. This would mean measuring signal I and

Q channels rather thanS-parameters; however, this is a realistic requirement for a

practical �elded solution that would not use a bulky, expensive network analyzer

anyway. Trial rates approaching 1 kHz could be achieved in this fashion, though

substantial engineering e�ort would be required to reduce the latency to approach

the metasurface switching limit of 15 kHz [30].

Figure 3.3 shows the results obtained when minimizing the average power

at the output port and compares the results of many di�erent experiments and

con�gurations. All the cases are scored by the change in average power, �P2,

between the initial inactive (all 0s) state and the �nal state. The optimization

algorithm was performed with � P2 evaluated over a single frequency band as well

as simultaneously over multiple separated frequency bands. As discussed previously,

the widths of the nulls were observed to be� 200 kHz. The initial bandwidth was
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selected to be 500 kHz in order to ensure that �P2 was evaluated over an entire

null. In addition, the cavity con�guration was switched between driving a single

input port and driving two input ports simultaneously with varying relative phase

shifts. The achieved suppression ranges from 4-40 dB with most cases providing>

10 dB. The lower values of �P2 arise in the following cases: working near the edges

of the metasurface operational window, evaluating �P2 over a large bandwidth,

or evaluating � P2 over multiple separated bands. This is not surprising as more

bandwidth results in more features in the region where �P2 is evaluated, which

then means more degrees of freedom are required to be manipulated for destructive

interference. The metasurface provides some bene�t outside of the 3-3.75 GHz

design window; the re
ection phase change of the pixels is limited near the edges of

the operational bandwidth, so performance is expected to be reduced under those

conditions.

Since � P2 is inherently a relative measurement, there is an implicit dependence

on the initial state. Using the inactive (all 0s) state as the reference ensures the

metasurface is always initialized with the same command even though the speci�c

value is dependent on the selected frequency window. Starting with a condition

where there was already a deep null would result in limited improvement; the average

power in that case would already be quite low and there would not be a need for

further reduction. Starting with a condition where there is a transmission peak

however, would result in signi�cant reduction. When using a single frequency band

metric, we were able to drive deep nulls in each of the windows that were tested, as

can be seen by the circles in Fig. 3.3a and the power at port 2 in panels b) through
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e). Panels b) and d) show moderate cases where there is not a clear peak in the

initial P2 measurement, while panels c) and e) show cases with a clear peak in the

initial P2 measurement and demonstrate signi�cant improvement. This highlights

the dependence of �P2 on the initial state.

Deep transmission nulls were also observed when driving two input ports si-

multaneously with varying relative phase shifts, as shown by the diamonds in Fig.

3.3a. This indicates our approach is self-adaptive and can compensate for multi-

ple input signals as well as signals coming in from di�erent directions. With dual

frequency bands however, we were generally unable to drive deep nulls in both

bands simultaneously, which can be seen by the hexagrams in Fig. 3.3a and the

power at port 2 over the frequency band in panels f) and g). This is because the

metasurface frequency response in separated bands is correlated, as the metasurface

induces wide bandwidth e�ects on the scattering properties of the enclosure. Dif-

ferent choices of metrics produce di�erent out of band behavior. These results show

that our approach provides 3 distinct advantages over previous works: 1) we are

able to generate coldspots at arbitrary frequencies and are not limited to a single

operating frequency; 2) we are able to generate coldspots simultaneously in multiple

separated frequency bands as well as at single frequencies; and 3) we are able to

generate coldspots when the injected signal comes from multiple directions with an

arbitrary relative phase shift and are not limited to a single direction.
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Figure 3.3: Results of minimizing power at port 2 with the iterative
optimization algorithm. a) Plot of � P2 at various frequencies in the range of
operation of the metasurface. Circles represent cases where the metric was evaluated
over a single frequency band and are color coded by bandwidth (sky blue is 500
kHz, green is 5 MHz, and red is 10 MHz). Hexagrams represent dual frequency
band metrics and are color coded by matching pairs. Diamonds represent driving
both ports 1 and 3 collectively and are color coded by relative phase shift (0, 8,
15, 25, and 50 deg/GHz). Letters indicate points shown in detail in the following
panels. The dashed black lines indicate the smallest reduction (-4dB) and largest
reduction (-41 dB). b through g) P2 evolution from initial (all 0s) to �nal state.
The dark shaded region represents the frequency band where �P2 was evaluated,
the dashed black line shows the initial response, the solid bold red line shows the
�nal response, and the remaining lines show a few of the incremental steps.b and
c) Single band examples centered at 3.033 GHz and 3.6525 GHz, with 28 and 5 dB
of suppression, respectively.d and e) Single band examples centered at 3.473 GHz
and 3.437 GHz, with 41 and 31 dB of suppression, respectively.f and g) Dual band
example centered at 3.75 GHz and 3.15 GHz, with 7 dB of suppression averaged
over the 2 bands.
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3.3 Generating Coherent Perfect Absorption

CPA is a situation in which all energy injected into a system is absorbed,

no matter how small the losses are in the system. Creating CPA requires coherent

excitation of all the ports in an eigenvector whose correspondingS-matrix eigenvalue

is zero. Operationally, the �rst step in establishing CPA is to �nd an eigenvalue of

the scattering matrix that is close to zero. For example, a 2 x 2 scattering matrix will

have a pair of eigenvalues at each frequency. However, realizing CPA only requires

driving 1 eigenvalue to zero, as the other eigenvalue corresponds to the anti-CPA

state [28]. For the following discussion and experimental results, we only consider

the smallest eigenvalue of each pair.

CPA has typically been investigated in simple, regular scattering scenarios and

cavities but recently it has been demonstrated in more complex systems, speci�cally

in the realm of wave chaos, and graphs [131{134]. These works analytically demon-

strate the use of RMT to explore CPA states with semiclassical tools without relying

on the limit of weak coupling. CPA states have also been experimentally investigated

in multiple scattering environments [27], and in graphs that break time-reversal in-

variance [28]. The use of enhanced spatio-temporal diversity from a metasurface for

realization of CPA has not yet been explored.

Recent research however has investigated the use of metasurfaces for Perfect

Absorption (PA) inside a cavity and demonstrated a secure communication system

as an application [22]. PA is a complementary idea to CPA for a single port system

that relies only on the re
ection coe�cient, S11 [137]. Coherent excitation of a single
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port with complete absorption has been demonstrated to enhance wireless power

transfer [159]. Our work extends this to coherent operation with the full scattering

matrix for a 2-port system, and can be generalized to an arbitrary number of ports.

Realizing a true absolute zero of theS-matrix eigenvalues is generally di�-

cult, because the eigenvalues are complex numbers. Thus two parameters must be

varied independently to drive an eigenvalue to zero. Further, a CPA state is highly

dependent on the structure of the underlying scattering system. This is best un-

derstood in the framework of the RCM [114, 115]. The eigenvalues accessible by

means of the programmable metasurface tend to cluster around values determined

by the coupling properties of the ports, which are characterized by the radiation

S-matrix, Srad . We de�ne Srad as theS-matrix corresponding to the free-space ra-

diation condition with the cavity walls taken out to in�nity such that no waves come

back to the ports [94]. Srad can be determined by a number of means [160]. Here

we employ the ensemble average of the time gated measuredS-parameters in the

cavity [119], as described in Appendix B. Deviations of the scattering matrix from

Srad have a number of causes. First there are deviations resulting from relatively

direct ray paths between the ports [110]. These deviations are removed by averaging

the S-matrix over a frequency window that is the reciprocal of the time of 
ight on

the path. However, in �nding the eigenvalues of theS-matrix in a narrow frequency

range, these deviations are present. Second, there are deviations due the multitude

of longer paths, and these are characterized statistically by RMT within the RCM.

These 
uctuations in S tend to be of the order of 1=(�� )1=2 [109, 110, 151] where

the loss parameter� = f=(2� fQ ) = 3 in the present experimental case. Finally,
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there are deviations dependent on the state of the metasurface. These deviations

are constrained to be less than or equal to either the direct path or the statistical

long path deviations.

Thus, to �nd a CPA state it is necessary for the ports to be su�ciently matched

so that the statistical 
uctuations can shift the eigenvalues to zero. If the ports are

poorly matched and losses within the cavity are su�ciently high, the eigenvalues will

naturally fall near values determined by the properties of the ports with statistical


uctuations around those values dictated by the amount of cavity loss. As such, it

is generally not possible to realize a CPA state at arbitrary frequencies when limited

to a single DOF [28]. The availability of additional DOF, such as those produced by

the metasurface, allows greater control over the underlying scattering system and

provides a greater likelihood of potential CPA states.

Characterization of theS-matrix eigenvalues from a distribution of 2000 com-

mand sets is presented in Figures 3.4 and 3.5. Figure 3.4 shows the probability

distributions for all of the S-matrix eigenvalues over all frequencies and commands.

Panel a) shows that the magnitude follows a Rician distribution as predicted by

Ref. [123], which also tells us that the� parameter of the Rician distribution is

due to the presence of persistent short orbits [95]. Panel b) shows that the phase

of the S-matrix eigenvalues is not truly uniformly distributed. The deviation of

the eigenphase from uniformity indicates that the random distribution is not sta-

tistically independent and again tells us there are persistent short orbits present in

the system. These short orbits are not captured explicitly inSrad , and will cause

the eigenvalues ofSrad to be o�set from the center of the point cloud ofS-matrix
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eigenvalues. Short orbits can be explicitly included analytically in the RCM [95,118]

and do not prevent us from proceeding. Panel c) shows the cumulative distribution

function (CDF) of the eigenvalue magnitudes and is useful in establishing thresholds

for potential CPA candidates.

Figure 3.5 shows point clouds of theS-matrix eigenvalues at selected frequen-

cies and demonstrates that the eigenvalues can have very di�erent behavior in how

they approach the origin. The panels show the collection of eigenvalues of the 2000

S-matrices at selected frequencies along with the eigenvalues ofSrad at that fre-

quency. We can see that the eigenvalues of the distribution tend to cluster around

the eigenvalues ofSrad ; the o�set from the center of the point cloud is due to the

presence of short orbits, as discussed above. In panel a), theS-matrix eigenvalues

are clustered in the upper right quadrant far from the origin and do not enter the

inner rings. The Srad eigenvalue is in the upper right-hand quadrant outside of the

plot area, at 0:1862 + j 0:2288. In panel b), theS-matrix eigenvalues are clustered

in the upper half, with some getting close to the origin. In panel c), theS-matrix

eigenvalues show a fairly uniform density throughout the fullj� sj < 0.15 range. In

panel d), the S-matrix eigenvalues show a high density clustered around the origin.

The results in these panels are from a random distribution of commands rather than

a targeted search. During optimization, we will take smaller dithering steps for �ner

control as we approach the origin, and expect to see slightly di�erent behavior.

The variance in eigenvalue magnitudes means we need to use a large threshold

for identifying candidates because the overall global minimumS-matrix eigenvalue

may not be identi�ed as a candidate in every realization. In practice, we found that
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