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Preface

The past decades have witnessed a revolution in wireless communications and
networking, which has profoundly changed our daily life. Particularly, it has enabled
various innovative Internet of Things (IoT) applications, e.g., smart city, healthcare,
and autonomous driving and drones. The IoT architecture is established by the
proliferation of low-cost and small-size mobile devices. With the explosion of IoT
devices, a heavy burden is placed on the wireless access. A key characteristic of [oT
data traffic is the sporadic pattern, i.e., only a portion of all the devices are active
at a given time instant. In particular, in many IoT applications, devices are designed
to be inactive most of the time to save energy and only be activated by external
events. Thus, with massive IoT devices, it is of vital importance to manage their
random access procedures, detect the active ones, and decode their data at the access
point. Massive IoT connectivity has been regarded as one of the key performance
requirements of 5G and beyond networks.

The emerging IoT applications have stringent demands on low-latency commu-
nications and typically transmit short packets containing both the metadata and
payload. The metadata may include packet initiation and termination information,
logical addresses, security and synchronization information, etc. It also contains
a channel estimation sequence that facilitates channel estimation at the access
point. Additionally, the metadata includes various information about the packet
structure, e.g., the pilot sequences used for random access and device identification
information. Considering the typical small payload size of IoT applications, it is of
critical importance to reduce the size of the overhead message, e.g., identification
information, pilot symbols for channel estimation, control data, etc. Such low-
overhead communications also help to improve the energy efficiency of IoT
devices. Recently, structured signal processing approaches have been introduced
and developed to reduce the overheads for key design problems in IoT networks,
such as channel estimation, device identification, and message decoding. By
exploiting underlying system and problem structures, including sparsity and low
rank structures, these methods can achieve significant performance gains. Chapter 1
provides more background on low-overhead communications in IoT networks and
introduces general structured signal processing techniques.
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This monograph shall provide an overview of four structured signal processing
models, i.e., a sparse linear model, a blind demixing model, a sparse blind demixing
model, and a shuffled linear regression model. Chapter 2 introduces a sparse linear
model for joint activity detection and channel estimation in IoT networks with grant-
free random access. A convex relaxation approach based on £,-norm minimization
is firstly introduced, followed by a smoothed primal-dual first-order algorithm to
solve it. For this convex relaxation approach, a trade-off between the computational
cost and estimation accuracy is characterized by Proposition 2.1. The theoretical
analysis of the convex relaxation approach is based on the conic integral geometry
theory. This chapter only contains a brief introduction on the conic integral geometry
theory. For more details, the interested reader can refer to Sect.8.1 and other
related mathematical literature enumerated in this monograph. Besides, an iterative
threshold algorithm, namely approximate message passing (AMP), is introduced
in Chap. 2, followed by the performance analysis based on the state evolution
technique.

Blind demixing is introduced in Chap. 3, which facilitates joint data decoding
and channel estimation without explicit pilot sequences. After presenting the basic
convex relaxation approach for solving the blind demixing problem, we introduce
three nonconvex approaches: the regularized Wirtinger flow, the regularization-free
Wirtinger flow, and a Riemannian optimization algorithm. Theorems 3.1 and 3.2
provide the theoretical analysis of the convex relaxation approach and regularized
Wirtinger flow, respectively. Furthermore, Theorem 3.3 presents the theoretical
guarantees of the Wirtinger flow with the spectral initialization, which provides
readers an easy access to well-round results. Readers who are interested in the intrin-
sic mechanism of the theoretical analysis can refer to Sect. 8.3 for more discussions.
The theoretical analysis of the Wirtinger flow via random initialization is further
provided in Sect.8.4. Additionally, the basic concepts of Riemannian manifold
optimization are presented in Sect. 8.5, which provide sufficient background for
related algorithms in Chaps. 3 and 4. The extension of blind demixing, i.e., sparse
blind demixing, is introduced in Chap. 4, which further takes device activity into
consideration. The sparse blind demixing formulation is able to jointly consider
device activity detection, data decoding, and channel estimation, for which three
approaches are presented: a convex relaxation approach, a difference-of-convex-
functions approach, and smoothed Riemannian optimization.

A further step to reduce the overhead is to remove the device identification
information from the metadata. To support the joint data decoding and device
identification, shuffled linear regression is introduced in Chap.5. We first present
maximum likelihood estimation (MLE) based approaches for solving the shuffled
linear regression problem. Theorems 5.1 and 5.2 provide the statistical properties of
the MLE, and both an upper bound and a lower bound on the probability of error
of the permutation matrix estimator are introduced. To solve the MLE problem, two
algorithms are presented: one is based on sorting, and the other algorithm returns an
approximate solution to the MLE problem. Next, theoretical analysis of the shuffled
linear regression problem based on the algebraic—geometric theory is presented.
Based on the analysis, an algebraically initialized expectation—-maximization algo-
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rithm is introduced to solve the shuffled linear regression problem, which enjoys
better algorithmic performance than previous works. To give a comprehensive
introduction of the algebraic—geometric theory, besides the concepts mentioned in
this chapter, we introduce several related definitions on the algebraic—geometric
theory in Sect. 8.7, including the geometric characterization of dimension, algebraic
characterization of dimension, homogenization, and regular sequences.

Furthermore, Chap. 6 provides some cutting-edge learning augmented techniques
for structured signal processing on the aspects of structured signal model design
(e.g., structured signal processing under a generative prior) and algorithm design
(e.g., deep-learning-based algorithm). We begin with compressed sensing under a
generative prior, and other structure signal processing techniques under a generative
model are worth further investigating, e.g., blind deconvolution. We next consider
the joint design of measurement matrix and sparse support recovery for the sparse
linear model (e.g., compressed sensing). Some basic methods are firstly presented,
i.e., sample scheduling and sensing matrix optimization, and then learning aug-
mented techniques are introduced. Additionally, for estimating the sparse linear
model, several deep-learning-based AMP methods are introduced in this chapter:
learned AMP, learned Vector-AMP, and learned ISTA for group row sparsity. In
Chap. 7, we summarize the book and discuss some potential extensions of the area
of interest. Tables 7.1 and 7.2 list the main theorems, propositions, and algorithms
presented in this monograph.

The monograph is not only suitable for beginners in structured signal processing
for applications in IoT networks but also helpful to experienced researchers who
intend to work in-depth on the theoretical analysis of structured signals. For
beginners, the background of both low-overhead communications and structured
signal processing in Chap. 1 is helpful, and the problem formulation section in each
chapter may be referred for further details with respect to each model. Tables 1.1,
7.1, and 7.2 provide quick references for the main results. Readers who are more
interested in the intrinsic mechanism of the theoretical analysis of the specific
models can refer to Chap. 8.

Low-overhead communications supported by structured signal processing
approaches have received significant attention in recent years. The main motivation
of this monograph is to provide an overview of the major structured signal
processing models, along with their applications in low-overhead communications
in IoT networks. Practical algorithms, via both convex and nonconvex optimization
approaches, and theoretical analysis, using various mathematical tools, will be
introduced. While the structured signal models concerned in this monograph have
certain limitations, we hope the presented results will galvanize researchers into
investigating this influential and intriguing area.
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Mathematical Notations

* The set of real numbers is denoted by R and the set of positive real numbers is
denoted by R... The set of complex numbers is denoted by C. Denote S; as the
set of Hermitian positive semidefinite matrices. Moreover, N represents the set
of natural numbers.

* The boldface and lowercase alphabets, e.g., x, y, denote vectors. The zero vector
is denoted by 0. A vector x € R? is in the column format. The transpose of
a vector is denoted by x . The complex conjugate of x is represented as .
The conjugate transpose of a vector is denoted by xH or x*. x; denotes the i-th
coordinate of a vector x.

e For a complex vector x or a complex matrix X, the real parts of them are
represented by 9i{x} and R{X]}, respectively. Likewise, the imaginary parts are
denoted as J{x} and I{X}.

* The boldface and uppercase alphabets, e.g., A, B, denote matrices. A;; denotes
the element at the i-th row and the j-th column.

* The support function of a vector x is denoted as

supp(x) = {i : x; # 0}.

A vector x such that [supp(x)| < s is defined as s-sparse.
+ Foravectorx € R?orx € C%,its ¢ p-norm is given by

d
el =Y xil”.
i=1

In certain cases, we define £o-norm as || x||o := [supp(x)].
¢ For amatrix A € R™*" or A € C™*", the Frobenius norm of A is defined as

lAllF = Z|Aij|2=\/Za;<A)2,
i.j i

Xiii
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where 01(A) > 02(A) > ... > Omin{m,n}(A) denote its singular values. The
nuclear norm of A is denoted as [|A|l.« := ), 0;(A). The spectral norm of a
matrix A is denoted as

1] := max oi (A).

¢ The cardinality of a set . is denoted by |.7|.

* Random variables or events are denoted as uppercase letters, i.e., X, Y, E.

* The indicator function of an event E is denoted by y = I(E), where y = 1 if the
event E is true, otherwise y = 0.

* Throughout this book, f(n) = O(g(n)) or f(n) < g(n) denotes that there exists
a constant ¢ > 0 such that |f(n)| < c|g(n)|, whereas f(n) = £2(g(n)) or
f(n) 2 g(n) means that there exists a constant ¢ > 0 such that | f (n)| > c|g(n)|.
f(n) > g(n) denotes that there exists some sufficiently large constant ¢ > 0
such that | f(n)| > c|g(n)|. In addition, the notation f(n) =< g(n) means that
there exist constants c1, ¢ > 0 such that c1|g(n)| < |f(n)| < c21g(n)].

* For a general cone C C R, the polar cone C° is the set of outward normals
of C:

C°:={u eRY: (u, x) <0 forallx ¢ c}.

The polar cone C° is always closed and convex.



Chapter 1 ®
Introduction Check for

Abstract This chapter presents a background on low-overhead communications in
IoT networks and structured signal processing. It starts with introducing three key
techniques for low-overhead communications: grant-free random access, pilot-free
communications, and identification-free communications. Then different models
for structured signal processing to support low-overhead communications are
presented, which form the main theme of this monograph. A classical exemplary
of structure signal processing, i.e., compressed sensing, is provided to illustrate the
main principles of algorithm design and theoretical analysis. Finally, the outline of
the monograph is presented.

1.1 Low-Overhead Communications in IoT Networks

The proliferation of low-cost and small-size computing devices endowed with
communication and sensing capabilities is paving the way for the era of IoT. These
devices can support various innovative applications, including smart city, health-
care [1], and autonomous driving [22] and drones [27]. The explosion of IoT devices
places a heavy burden on the wireless network, as they demand scalable wireless
access, which has been put forward as a key challenge of 5G and beyond networks
[23]. A key characteristic of IoT data traffic is the sporadic pattern where only a
small part of all devices are active at any time instant. In particular, in many IoT
applications, devices are designed to be inactive most of the time to save energy and
only be activated by external events [26]. Thus, with massive IoT devices, it is of
vital importance to manage their random access procedure, detect the active ones,
and decode their data at the access point.

Moreover, the emerging [oT applications have stringent demands on low-latency
communications, and typically transmit short packets containing both the metadata
and payload [16]. An exemplary packet structure is illustrated in Fig. 1.1 (please
refer to [29] for more details). The metadata may include packet initiation and
termination information, logical addresses, security and synchronization informa-
tion, etc. [16]. In the example showed in Fig. 1.1, we simply illustrate the metadata
that contains a preamble and a header coming from the media-access-control

© Springer Nature Singapore Pte Ltd. 2020 1
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Metadata
[ . |
|<— 116 ps —>|<— 0.73 ps —>|<— 0.58 s —>|<— 2058 us _>|
| STF | CES [HiH,| ~ |n,|  Datapayload |
( ’ N\ : J
Preamble Header

* STF: short training field

* CES: channel estimation sequence

* Hj: pilot sequence

* H;: device identification information

Fig. 1.1 An exemplary packet structure

(MAC) layer and physical (PHY) layer. Specifically, the preamble contains a short
training field (STF), which will be used for packet detection, indication of the
modulation type, frequency offset estimation, synchronization, etc. It also contains
a channel estimation sequence (CES) that facilitates channel estimation at the
access point. Additionally, the header includes various information about the packet
structure, e.g., the pilot sequences used for random access and device identification
information. The header also includes the modulation and coding scheme adopted
for transmitting the data payload. Furthermore, it may include the length of the
payload and a header checksum field [16].

From the packet structure in Fig. 1.1, we see that the efficiency of short-packet
transmissions, in terms of energy, latency, and bandwidth cost, critically depends on
the size of the metadata, which is comparable to the payload size in many cases. To
improve the communication efficiency, plenty of efforts have been made to reduce
the size of the metadata, which result in low-overhead communications. Reducing
overheads will not only improve spectral efficiency, reduce latency, but also achieve
significant energy saving, which is especially important for resource-constrained
IoT devices. In the sequel, we shall introduce three representative methods for
reducing overheads.

1.1.1 Grant-Free Random Access

Conventionally, the grant-based random access scheme (illustrated in Fig. 1.2a) is
applied to allow multiple users to access the network, e.g., in 4G LTE networks
[3,19,26]. Under this scheme, each active device randomly chooses a pilot sequence
from a predefined set of orthogonal preamble sequences to inform the base station
(BS) of the device’s active state. A connection between the BS and the active device
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(a) (b)
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* Step 1: Send preamble + Step 1: Random access preamble assignment
« Step 2: Random access response * Step 2: Random access preamble
« Step 3: Connection request * Step 3: Random access response

Step 4: Connection setup

Fig. 1.2 Random access schemes. Note that for the grant-based scheme, steps 1-3 may need to
repeat multiple times to establish a connection due to contention. (a) Grant-based. (b) Grant-free

will be established if the pilot sequence of this active device is not occupied by
others. In this case, the BS will send a contention-resolution message to inform
the device of the radio resources reserved for its data transmission. If two or more
devices have selected the same pilot sequence, their connection requests collide.
Once the BS detects this collision, it will not reply with a contention-resolution
message. Instead, the affected devices have to restart the random access procedure
again, which leads to high latency. Note that the messages sent by the active devices
in the first and third phases correspond to metadata, as they are control information
for establishing the connection without carrying any payload. Besides the overhead,
a major drawback of the grant-based random access scheme is the limited number
of active devices that can receive the grant to access the network. For example, as
shown in [26], for a network with one BS and 2000 devices, a minimum length of
the pilot sequence of 470, out of the total 1000 symbols, is needed to guarantee
a 90% success rate. Even equipped with advanced contention-resolution strategies
[6], 930 out of 1000 symbols are still required for transmitting the pilot sequence.

To address the collision issue of the random access scheme caused by a massive
number of devices, the grant-free random access scheme illustrated in Fig. 1.2b has
been proposed. With this new scheme, the devices do not need to wait for any
grant to access the network and can directly transmit the coupled metadata and
data to the BS. In this way, the BS can perform user activity detection, channel
estimation, and/or data decoding simultaneously [33, 36-39]. The essential idea
underlying this line of studies is to connect with sparse signal processing and
leverage the compressed sensing technique. In particular, a compressed sensing
problem is established by exploiting the sparsity in the user activity pattern. The
received signal at the BS equipped with a single antenna is given by a sparse linear
model:

y = Ax, (1.1)
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where x, denoting the activity of devices, is a sparse vector due to the sporadic
traffic pattern. Then compressed sensing techniques can be applied to recover the
sparse vector. Such grant-free random access has received lots of attention recently.
To be specific, when the channel state sequences (recall CES in Fig.1.1) are
contained in the metadata, a joint device activity and data detection problem was
studied in [39]. Regarding the sparse linear model proposed in [39], the matrix
A in (1.1) captures the channel estimation sequences and pilot sequences, and
the vector x in (1.1) represents the information symbols of all devices, where the
value is O for each inactive device. To improve the efficiency, the overhead caused
by metadata has been further reduced. When the CES in Fig. 1.1 is eliminated
from the metadata during the packet transmission [33, 36, 37], performed joint
channel and data estimation based on various compressed sensing techniques with A
in (1.1) capturing the data for all (active and inactive) devices and pilot sequences.
Moreover, device activity detection and channel estimation were jointly achieved
in the work [38]. In this scenario, the matrix A in (1.1) characterizes the pilot
sequences, and the vector x in (1.1) contains the device activity and channel
information.

1.1.2 Pilot-Free Communications

In the grant-free random access scheme, the pilot sequence is needed for activity
detection, which requires extra bandwidth and induces additional overhead. A more
aggressive approach is the pilot-free communication scheme that removes both the
fields H; and CES in Fig. 1.1 from the metadata. To elude the pilot sequences, more
powerful signal processing techniques are needed for data detection. Specifically, a
blind demixing based approach has been developed in [11, 14, 24, 25]. Consider an
IoT network with one BS and s devices. Each device transmits an encoded signal
f = Ax to the BS through the channel g, where x is the message and A is the
encoding matrix, and the received signal at the BS is represented by the cyclic
convolution operator &,

y=Zfi®gi’ (1.2)

i=1

which is a blind demixing model that facilitates to demix the original signals { f;}
from the observation y without the knowledge of the channel states {g;}. The
blind demixing based approach can achieve joint data decoding (i.e., recover data x
for each device) and channel estimation. With pilot-free communication supported
by blind demixing, the overhead during the transmission is effectively reduced
via waiving both the pilot sequences and channel estimation sequences from the
metadata.
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Considering the sporadic traffic pattern in the IoT network where only part
(denoted as .¥) of the devices are active, a sparse blind demixing model is further
developed in [12, 18], given by a sparse blind demixing model:

y=Zfi®gi- (1.3)

ies

The estimation for the sparse blind demixing model aims to achieve joint device
activity detection and data decoding without the channel state information. Similar
to the blind demixing model, it can facilitate to reduce the overhead caused by
the channel state information and pilot sequence in the metadata, using more
sophisticated detection algorithms.

1.1.3 Identification-Free Communications

Besides the above methods of reducing overhead, excluding the identification
information is an important consideration in some IoT applications. Specifically,
the identification-free communication scheme eliminates the field H in Fig. 1.1
from the metadata. As an example, suppose that multiple sensors are deployed to
take measurements of an unknown parameter vector x. In this case, the overhead
is mainly dominated by the identity information contained in the metadata [21]. To
reduce the overhead, a shuffled linear regression model has been developed. It is
established by introducing an unknown permutation matrix IT of which the i-th row
is the canonical vector eI(l.) of all zeros except a 1 at position 7 (i):

y=MHAx. (1.4)

The goal of the data fusion is to recover x from the permuted data y based on the
known sensing matrix A. That is, the identities of the signals sent by the sensors are
not accessible to the fusion. To address this challenging problem, a line of literatures
have developed advanced algorithms from theoretical and practical points of view
[30, 31, 34, 35].

1.2 Structured Signal Processing

The techniques mentioned above to achieve low-overhead communications rely on
structured signal processing, which exploits underlying structures of the signals or
systems, e.g., sparsity, low-rankness, group sparsity or permutation, for effective
signal estimation and detection. In this section, we first take a basic structured
signal processing problem, i.e., compressed sensing, as an example, to illustrate
the main design principles. Then general structured signal processing techniques
are introduced.
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1.2.1 Example: Compressed Sensing

The key point of compressed sensing is to recover a sparse signal from very few
linear measurements. Mathematically, given a sensing matrix, i.e., A € R™*" the
compressed sensing problem can be formulated as recovering x € R” from the
observation of

y = Ax € R", (1.5)

based on the assumption that x has very few nonzero elements, i.e., the £o-norm
lx|lo is small. In the sequel, we introduce three key ingredients of a compressed
sensing problem: recovery algorithms, measurement mechanisms, and theoretical
guarantees.

It is intuitive to recover x from the observation y via solving

minimize |x|o subjectto y = Ax. (1.6)
xeCr

The paper [5] showed that problem (1.6) enables to recover a k-sparse signal exactly
with a high probability with only m = k 4 1 random measurements from a
Gaussian distributed sensing matrix. Unfortunately, problem (1.6) is a combinatorial
optimization problem with an excessive complexity if solved by enumeration [28].
Thus, the tightest convex norm of £p-norm, i.e., the £1-norm, is proposed to relax
£o-norm [8], which leads to

minimize |x|; subjectto y = Ax. 1.7
xeCn

Intuitively, this £; minimization formulation facilitates to induce sparsity due to the
shape of the £1 ball.

There have been various types of algorithms developed for different formulations
of sparse recovery. The most commonly used formulation is the convex relaxation
based on (1.7). Given a certain parameter A > 0, problem (1.7) can also be
represented as an unconstrained optimization problem,

1
minimize — [|Ax — y|I5 + Allx][l;. (1.8)
xeCr 2

Various algorithms have been developed to solve problem (1.8), including interior-
point methods [7], projected gradient methods [17], iterative thresholding [10], and
the approximate message passing algorithm [15].

Besides effective recovery algorithms, there exist rigorous theoretical guarantees
on the recovery of sparse signals, based on specific conditions of the measurements
matrix. In particular, the restricted isometry property (RIP) of a sensing matrix A €
R™>*" was introduced in [7] that measures the degree to which each subset of k
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column vectors of A € R™*" is close to being an isometry. A typical theoretical
result based on RIP analysis is stated as follows:

Example 1.1 1If there exists a §; € (0, 1) such that the sensing matrix A satisfies
(1 =80 Ixl5 < 1Ax3 < (1 +80) x5 (1.9)

for any x that belongs to the set of k-sparse vectors, then problem (1.7) can facilitate
to exactly recover the sparse vector x with high probability, provided the number of
measurements m 2, 8,:2k log(n/k).

In addition, the exact location of the phase transition for problem (1.7) can be
obtained based on conic geometry theory, where a parameter, called the statistical
dimension, is introduced to capture the dimension of a linear subspace to the set
of convex cones [2]. It demonstrates that under the assumption of i.i.d. standard
normal measurements, the transition occurs where the number of measurements,
i.e., m, equals the statistical dimension of the descent cone. The shift from failure to
success occurs over a range of about &(4/n) measurements.

1.2.2 General Structured Signal Processing

Compressive sensing techniques have been successfully applied in many application
domains, which have inspired lots of interest in exploiting structures other than
sparsity [4, 9, 13, 14, 20, 26, 32, 36]. In the following, we give a brief introduction
of the structured signal processing approaches that will be applied for low-overhead
communications in this monograph. A general structured signal processing problem
with a vector variable is given by

minimize f(2/x), (1.10)

xeD,

where &7 is a linear operator representing the measurement mechanism, f is a
loss function, and %, is a space of structured vectors (e.g., sparse vectors). For
example, in the sparse linear model in (1.1), the operator .7 captures the set of pilot
matrices and x is a sparse vector. In the shuffled linear regression problem (1.4), the
operator ./ indicates the permuted sensing matrix. Likewise, a general structured
signal processing problem with a matrix variable is given by

minimize f (< X), (1.11)
XeDy,

where 2, is a space of structured matrices (e.g., low-rank matrices, sparse matrices,
low-rank and sparse matrices, etc.). Specifically, in the blind demixing model (1.2),
X is a collection of rank-1 matrices, while X in the sparse blind demixing (1.3) is a
collection of low-rank matrices endowed with group sparsity.
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The convex program based on the norm operator is typically an effective way to
solve problems (1.10) and (1.11) with x and X enjoying certain structures such as
sparsity, low-rankness, and group sparsity. Specifically, the convex program with a
vector variable can be represented as

minimize f(&/x), subjectto ||x||; < a. (1.12)
X

Here, the £1-norm can be used for inducing sparsity of a vector. Moreover, the
convex program with a matrix variable is given by

mini}nize f(ZX), subjectto A (X)<a, (1.13)

where the operator .#(-) indicates a norm operator to induce low-rankness,
group sparsity, or simultaneous low-rankness and group sparsity. The convex
programs (1.12) and (1.13) can be solved via semidefinite programs. Considering
the computational complexity and the scalability of the convex program, it motivates
to develop nonconvex algorithms that enjoy lower computational complexity. This
monograph provides a comprehensive discussion on various algorithms for solving
structured signal estimation problems for low-overhead communications from both
computational and theoretical points of view.

1.3 Outline

This monograph aims at providing an introduction to key models, algorithms,
and theoretical results of structured signal processing in achieving low-overhead
communications in [oT networks. Specifically, the content is organized according to
four clearly defined categories, i.e., the sparse linear model, blind demixing, sparse
blind demixing, and shuffled linear regression, which are summarized in Fig. 1.3.
Key problems of low-overhead communications to be considered are also shown
in Fig. 1.3. Detailed discussions are provided on methods for solving the above
mentioned structured signal processing problems, including convex relaxation
approaches, nonconvex approaches, and other optimization algorithms. Moreover,
a significant part in each chapter is devoted to statistical theory, demonstrating how
to set the corresponding algorithms on solid theoretical foundations, which includes
conic integral geometry, algebraic geometric, and Riemannian optimization theory.
The proofs of some key results are also included in order to illustrate the theoretical
building blocks. For the ease of reference, a brief summary of different models
introduced in this monograph and corresponding theory and algorithms is provided
in Table 1.1. Moreover, Chap. 6 will introduce the latest developments in learning
augmented methods for structured signal processing.
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Problems

‘ Py: Device Activity Detection

Mathematical models

‘ Ps: Channel Estimation

‘ Ps: User Identification

‘ Py: Data Decoding

Sparse Linear Model
Py, P

Shuffled Linear Regression
Ps, Py

Blind Demixing
Py, Py

Sparse Blind Demixing
| Pr, P, Py

Fig. 1.3 A schematic plot showing the mathematical models and corresponding problems

Table 1.1 Summary of different models, applications, and corresponding theory and algorithms

Model

Application

Formulation

Method (M), theory (T), and algorithm (A)

Sparse
linear model

Device activity detection
and channel estimation

Model: (2.3)
Problem: (2.9)

M: convex relaxation (2.10)
T: conic integral geometry

M: iterative thresholding
A: approximate message passing

Blind Data decoding and Model: (3.13) | M: convex relaxation: (3.20)
demixing channel estimation Problem: T: restricted isometry property
(3.20)
M: nonconvex
A: Riemannian trust-region (3.41)
Wirtinger flow (regularized (3.22),
regularization-free (3.28))
Sparse Device activity detection | Model: (4.2) M: convex relaxation (4.8)
blind and data decoding and Problem: (4.6)
demixing channel estimation
M: difference-of-convex-functions
approach (4.18)
A: majorization minimization
M: smoothed Riemannian
optimization (4.30)
Shuffled Device activity detection | Model: (5.8) M: maximum likelihood estimation (5.9)
linear and data decoding Problem: (5.9) | A: algorithm based on sorting,
regression approximation algorithm

M: algebraic—geometric approach (5.31)
T: algebraic geometry
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Chapter 2 ®
Sparse Linear Model S

Abstract In this chapter, a sparse linear model for joint activity detection and
channel estimation in IoT networks is introduced. We present the problem for-
mulation for both the cases of single-antenna and multiple-antenna BSs. A convex
relaxation approach based on £,-norm minimization is firstly introduced, followed
by a smoothed primal-dual first-order algorithm to solve it. The theoretical analysis
of the convex relaxation approach based on the conic integral geometry theory is
further presented. Furthermore, an iterative threshold algorithm, namely approxi-
mate message passing (AMP), is introduced, followed by the performance analysis
based on the state evolution technique. Simulation results are also presented to
demonstrate the performance of different algorithms.

2.1 Joint Activity Detection and Channel Estimation

Under the grant-free random access scheme, the metadata contains control infor-
mation, e.g., the user identifier and pilot for channel estimation, and payload data
that are transmitted together to the BS [24, 25]. Due to the finite channel coherence
time and the massive number of devices in the IoT network, it is impossible to
assign orthogonal pilot sequences to different devices [26]. Moreover, incorporating
a separate pilot sequence for channel estimation in the metadata would bring
redundant overheads. Considering the typical small payload size of IoT applications,
it is of vital importance to reduce the overheads.

One unique characteristic of massive IoT connectivity is the sporadic data traffic,
i.e., only a part of devices in the network are active at each time slot. This is
because IoT devices are often designed to be in the sleep mode most of the time
to conserve energy and are only triggered by external events to transmit data [26].
Exploiting this fact, a sparse linear model can well capture the problem of massive
connectivity, which enables joint device activity detection and channel estimation
[26]. This structured model describes an underdetermined linear system with more
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unknown variables than equations. Considering an IoT network consisting of one
BS and N devices, a sparse linear model can be established as

y = Ax, @.1)

where y € RF is the received signal at the BS, A € RE*N is the set of pilot
sequences, and x € R" is a sparse vector containing the information of the activity
states of devices and the channel states. Particularly, A is chosen from a set of non-
orthogonal preamble sequences. The corresponding element of x is O for an inactive
device; otherwise, it denotes the channel coefficient for an active device. Therefore,
by recovering the sparse vector x from the observation y, device activity detection
and channel estimation can be simultaneously achieved.

To solve the estimation problem (2.1), the work [36] proposed a modified
Bayesian compressed sensing algorithm. To further improve the performance of the
algorithm, the works [31, 34, 35] developed the AMP algorithm with the perfor-
mance analysis based on the fading coefficients and statistical channel information.
The rigorous analysis has been recently investigated in a line of literatures. It
shows that a state evolution analysis [3, 24, 25] of the AMP algorithm enables to
characterize the false alarm and miss detection probabilities for activity detection.
Recently, the paper [21] has developed a structured group sparsity estimation
approach to achieve joint device activity detection and channel estimation. To
increase the convergence rate and guarantee the accuracy, a smoothing method has
been proposed in [21] to solve the group sparsity estimation problem, and sharp
computation and estimation trade-offs of this method were further provided [21].

In the following, we first illustrate how the sparse linear model helps to for-
mulate the joint activity detection and channel estimation problem. Then, effective
algorithms and rigorous analysis are provided, and both convex and nonconvex
approaches are considered.

2.2 Problem Formulation

This section presents the problem formulation for joint activity detection and
channel estimation, for both single-antenna and multi-antenna BSs. Assume there is
one BS along with N devices in an IoT network. Due to sporadic traffic, only a part
of the devices are active in each time slot. For each coherent block in a synchronized
wireless system with block fading, the indicator function that implies the device
activity is defined as:

o = 1, if dev1c.ez is active, vie(l.. . .. N} 2.2)
0, otherwise,
Hence, ¥ = {i |o; = 1,i = 1, ..., N} denotes the set of active devices within a

coherence block, with the number of active devices being |.¥|.
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2.2.1 Single-Antenna Scenario

Assume that the BS is equipped with a single antenna, and denote the channel
coefficient from device i to the BS as h; fori = 1,..., N. Define ¢; € CL as the
pilot sequence transmitted from device i, where L is the length of the pilot sequence
which is much smaller than the number of devices, i.e., L < N, due to the finite
coherence time. The received signal over L symbols at the BS is given by

N
y:Zaihiqi+n= Zhiqi+n=Ax+n, (2.3)
i=1 ies

where y = [y1,...,yr]" € CL is the received signal, gix ~ €N(0,1) € C for
i=1,...,N,£=1,...,L are pilot symbols, and n € CL ~ €40, %] is the
additive white Gaussian noise. Moreover,

A:[ql,...,qN]e(CLXN

is the collection of pilot sequences of all the devices, and
X = [xl,...,xN]T € (CN

with x;, = «a;h; fori = 1,..., N contain device activity indicators and channel
states. Here, Eq. (2.3) gives a sparse linear model. The task for the BS is to jointly
detect the active devices and estimate the channel coefficients by recovering x from
the observation y, which can then be used for data detection. An example of the
sparse linear model is illustrated in Example 2.1.

Example 2.1 Consider a network with two devices and one BS equipped with a
single antenna. Assume that the pilot sequences A are predefined as:

1 -3
A=|1 V3 |. 2.4)
2 0

Assuming that the second device is inactive and the channel state of the active device
(i.e., device 1) is h; = 1, we have

w1
[ n]=lo) @

V3 H: 1. (2.6)
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2.2.2 Multiple-Antenna Scenario

Inspired by the successful application of the sparse linear model for device activity
detection, multi-antenna technologies have been applied to enhance the detection
performance. It generalizes the sparse signal-recovery problem to the case with
a group of measurement vectors. These signal vectors are assumed to be sparse
and share a common support, corresponding to the active devices. This induces a
group sparsity structure, which helps to improve the performance of device activity
detection and channel estimation.

Assume the BS is equipped with M antennas. The ¢-th received signal at the BS
is denoted as y(¢) € CM forall¢ =1, ..., L, whichis given by

N
YO =Y hicigi(0) +n(€) = > higi(€) + n(0), @.7)
i=1 ies

forall¢ =1,..., L. Here, ¢;({) ~ €4(0, 1) € C is the pilot symbol transmitted
from device i at time slot £, h; € CM denotes the channel vector from device i to
the BS antennas, and n(¢) € CM ~ €_4#(0, o°1I) is the independent additive white
Gaussian noise.

By accumulating the signal vectors over L time slots, we get the aggregated
received signal matrix

Y = [y(D),..., y(L)]T e CL*M
the channel matrix
H=1[hy,...,.hy]" e CVM,
the additive noise matrix
N =[n(l),...,n(L)] € CLXM

and pilot matrix

Q=1lq(1),....q(L)]" € CH*N,
where ¢(£) = [q1(£), ..., gN (01" € CN. Thus, (2.7) can be rewritten as
Y=00+N, (2.8)
where the matrix @ is given by @ = DH € CNV*M with D = diag(ay, ..., ) €
RN >N being the diagonal activity matrix. Hence, the matrix @ endows with a group

sparse structure. The task for the multi-antenna BS is to detect the active devices and
estimate the channel matrix by recovering @ from the observation Y.
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2.3 Convex Relaxation Approach

2.3.1 Method: {,-Norm Minimization

In this section, we present a convex relaxation approach for joint device activity
detection and channel estimation. For the noiseless case, the straightforward idea
of recovering a sparse signal x of which most elements are zeros is to find the
sparsest signal among all those that generate the observation y = Ax. It results in
the following problem:

minimize ||x||o
xeCN
subjectto y = Ax, 2.9)

where the £o-norm describes the number of nonzeros in x. However, the problem
is NP-hard due to the inevitable combinatorial search [27]. A convex relaxation
approach can be applied by replacing the £p-norm by the £;-norm. The method of
£1-norm minimization [8, 10, 14], which exploits £{-norm to induce the sparsity of
the signal x, is a well-established approach to solve compressed sensing problems.

The optimization problem that recovers x from the noisy observation y in (2.3)
is formulated as

minimize |x||;
xeCN
subjectto ||[Ax — y|l2» <€, (2.10)

where the parameter € > 0 is a prior threshold such that n in (2.3) obeys ||r||> < €.
Given the estimate vector X, the activity matrix can be recovered as

A

C = diag(ay, ..., an),

where a; = 1 if |x;] > yo for a small enough threshold yy (Yo > 0); otherwise,
a; = 0. The estimated channel vector for the active devices is thus given by h with
its i-th element as h; = £;, where i € {jla; = 1}.

Likewise, the optimization problem in the multiple-antenna scenario can be
presented as

N
minimize Z (@) := Z 1072

@cCNM @2.11)

i=1

subjectto [|QO@ — Y|y <e,

where € > ( is a priori such that N in (2.8) obeys || N || r < €, and 0’ is the i-th row
of matrix @. Here the function Z(©) induces the group sparsity via mixed £1/£;-
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norm, where £»-norm [|%||> bounds the magnitude of the elements of @', while
£1-norm induces the sparsity of (16" 12, ..., 10" ]2]. Given the estimated matrix
O, the activity matrix can be recovered as C = diag(ay, ..., a,), where a; = 1

if ||él ll2 = yo for a small enough threshold y(yy > 0); otherwise, @; = 0. The
estimated channel matrix for the active devices is thus given by H with its i-th row
ash = él,wherei € {jla; =1}.

The convex relaxation approaches can be applied to solve problems (2.10)
and (2.11) in polynomial time. However, the general interior point solvers that
are typically used to deal with SDP are impractical to be applied in large-scale
problems, due to the high computational complexity. It motivates to develop fast,
first-order algorithms with reduced computational complexity.

2.3.2 Algorithm: Smoothed Primal-Dual First-Order Methods

The first-order methods, e.g., gradient methods, proximal methods [30], alternating
direction method of multipliers (ADMM) algorithm [6, 33], fast ADMM algorithm
[19], and Nesterov-type algorithms [4], can efficiently solve large-scale problems.
Furthermore, one way to lower the computational complexity is to accelerate the
convergence rate without increasing the computational cost of each iteration. It was
shown in [29] that with a large data size it is possible to increase the step size
in the projected gradient method, thereby achieving a faster convergence rate. The
paper [18] showed that via adjusting the original iterations, it is possible to achieve
faster convergence rates and maintain the estimation accuracy without greatly
increasing the computational cost of each iteration. Furthermore, the acceleration
of convergence rates can be achieved via smoothing techniques such as convex
relaxation [9], or simply adding a smooth function to smooth the non-differentiable
objective function [4, 7, 22]. However, the quantity of smoothing should be chosen
thoughtfully to guarantee the performance of sporadic device activity detection
in IoT networks. To address the limitations above, the paper [21] proposed a
smoothed primal-dual first-order method to solve the high-dimensional group spar-
sity estimation problem. The sharp trade-offs between the computational cost and
estimation accuracy are rigorously characterized in [21], which is further discussed
in Sect. 2.3.3.2. The smoothing algorithm is first presented in the following.

By adding a smoothing function % |©|%, where w is a positive scalar and called
as the smoothing parameter, problem (2.11) is reformulated as

minimize Z(0) := Z(O) + ﬁn@u%
©@cCNxM 2 (2.12)

subjectto [|QO — Y| F <e.
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To facilitate algorithm design, the sparse linear observation is represented in the real
domain as follows:

?:Qéo-ﬁ-ﬁ
C[R10) -3 (Q)] [%1€0)] | [ (N)
‘[%{Q} m{Q}][S{@o}}+[TS{N}}' @13

The function Z(©) with respect to the complex matrix @ € CN*M can be further
converted to the function Zg (®) with respect to the real matrix O c RINxM 4

N

~ ~ ~ M ~

#6(0) =) 105l + 167 (2.14)
i=1

Here

v =1@HT, @™

is the row submatrix of @ consisting of the rows indexed by ¥ = {i,i + N}.
Hence, problem (2.12) can be approximated as the following structured group sparse
estimation problem

minimize %;’G (é)
O cR2NxM (215)

subject to || Qé — ?IIF <e,

where Q@ € RZX2N ~ _47(0,0.51) is designed as a Gaussian random matrix.
Due to the indifferentiability of problem (2.15), it yields a slow coverage rate
when solved by the subgradient method. Fortunately, the dual formulation of
problem (2.15) leverages the benefits from smoothing techniques. In particular,
the smoothed dual problem can be transferred to an unconstrained problem with
the composite objective function consisting of a convex, nonsmooth function and a
convex, smooth function. The dual problem of (2.15) is represented as

maximize Z(Z, t) :=inf{%‘(é)— Z,00-7)— }
Z1 6
subjectto || Z||f <t,

where Z € RZ2V>*M and ¢ > 0. Since the parameter € > 0 eludes the dual variable ¢,

it yields the unconstrained problem:

ZcR2NxM

minimize 2(Z) := —igf{@(@”) —(Z,00-Y)— e||Z||p} . (2.16)
(o}
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The dual objective function 9(Z) can be further represented as a composite function
NZL) = NZL) + H(Z), (2.17)

where

HZ) = —igf{@(é) —z,06)} —(z. 1)
e

[S——

and #(Z) = €||Z|| . The gradient of the function Z(Z) is
VIZ) =-Y + 00y,

where

©7 := arg min {%‘(é) —(Z, Qé)} . (2.18)
6

In addition, VZ(Z) is Lipschitz continuous with the Lipschitz constant being
bounded by L; := u~!|| Q||%. The composite form in (2.17) can be solved by a
set of first-order approaches [4]. These methods are exceptionally sensitive to the
smoothing parameter 1, which means that a larger value of the smoothing parameter
u induces a faster convergence rate. For instance, the Lan, Lu, and Monteiro’s
algorithm [23] is illustrated in Algorithm 2.1 as a typical example to show the
benefits of smoothing.

Algorithm 2.1: Lan, Lu, and Monteiro’s algorithm

Input : Pilot matrix Q € R2LX2N, Lipschitz constant L := w Q ||%, observation matrix
Y € R2LXM and parameter €.
1 Zog<0,Zog < Zpy, 10 < 1
2 fork=0,1,2,...do
By — (1 —1)Zy + e Zi
6 <« p'SoftThreshold( By, 1)
Zit1 < Shrink(Zy — (QOy — Y)/Ly/tx, €/Ly/ 1)
Zi41 < Shrink(By — (0@ — Y) /Ly, €/1t;)
1 < 2/(L+ (L+4/5)'?)

0N AN R W
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In Algorithm 2.1, Line 4 is the solution to (2.18), Lines 5 and 6 are the solutions
to the following gradient mapping, respectively,

_ . 1 _
Zi41 < argmin {(V@(Z), Z) + EkaSIIZ —ZillF +<%”(Z)} ,

ZcR2NxM

~ 1
Zjy) < argmin {(V@(Z), Z)+ 5LslIZ = Bilir + %ﬂ(z)} .

ZcR2NxM

Denote Z* as an optimal solution for (2.16), then the convergence behavior of

Algorithm 2.1 is demonstrated as [4]

21101311 Zo — Z*I7
k? '

D(Ziy1) — D(ZY) < (2.19)

Based on (2.19), the number of iterations

L/ 211 @113/ (o)l Zo — Z*”F—‘

is required to reach the accuracy of ¢p. That is, a larger © would lead to a faster
convergence rate.

2.3.3 Analysis: Conic Integral Geometry

The paper [21] discussed the trade-off between the estimation accuracy and
computational cost in terms of the smoothing method described in Sect.2.3.2,
which is achieved by characterizing the convergence rate in terms of the smoothing
parameter, pilot sequence length, and estimation accuracy. The analysis is based on
the theory of conic integral geometry [1, 28, 32]. Prior to focusing on conic integral
geometry for the sparse linear model, you may refer to Sect. 8.1 to have a basic
overview of conic integral geometry.

2.3.3.1 Conic Integral Geometry for the Sparse Linear Model

Considering the smoothing method illustrated in Sect.2.3.2, it is critical to find a
proper smoothing parameter ©, which can be achieved by analyzing the trade-off
between the estimation accuracy and computational cost of the convex optimization
problem (2.11). Conic integral geometry theory turns out to be a promising and
powerful tool to predict phase transitions (including the location and width of
the transition region) for random cone programs in the real field case [1, 28, 32].
Based on the conic integral geometry, the paper [21] proposed to approximate the
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original complex estimation problem (2.11) by a real estimation problem, followed
by analyzing on the performance of the proposed smoothing method concerning the
smoothing parameter (L.

In the noiseless scenario, we consider the following approximated problem:

minimize Zg (é)
O cR2NxM (220)
subject to Y = Qé,

where

N
#6(0) = 10+lr

i=1

and (:), Q, and Y are defined in (2.15). To deal with problem (2.20), several
definitions and facts in convex analysis [1] are introduced first.

Definition 2.1 (Descent Cone) The descent cone Z(Z, x) of a proper convex
function Z : RY — RU {00} at point x € R is the conic hull of the perturbations
that do not increase & near x, i.e.,

DX, x) = U {y eRY: Z(x +1y) Sﬁ(x)}.

>0

Fact 2.1 (Optimality Condition) Let Z be a proper convex function. Matrix 0y
is the unique optimal solution to problem (2.20) if and only if

9%, o) \null(Q, M) = {0},
where

null(Q, M) ={Z e R*N*M . QZ = 051 11}

denotes the null space of the operator Q € R2LX2N,

Figure 2.1 illustrates the geometry of the optimality condition described in
Fact 2.1. Specifically, problem (2.20) succeeds to yield optimal solution if and only
if the null space of Q misses the cone of descent directions of Zg at the ground
truth @, which is illustrated in Fig. 2.1a; otherwise, it fails to obtain the optimal
solution follows @~* #* éo, which is illustrated in Fig. 2.1b.

To characterize the phase transition in two intersection cones, the concept of
statistical dimension is proposed in [1] that is the generalization of the dimension of
linear subspaces.
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Fig. 2.1 Optimality (a) Oy +null(Q, M)
condition for problem (2.20). o,
(a) Problem succeeds. (b) .

Problem fails

{6 :Ra(0) < Ra(60)}

éo +D(Rg, (:)n)

(b) Q) + null(Q, M)
{6:R(6) < Re(60)} <4
o
6 + D(Rg, ©0)

Definition 2.2 (Statistical Dimension) The statistical dimension §(C) of a closed
convex cone C in R is defined as:

8(C) =ElHc(»)31, (2.21)
where g € R is a standard normal vector, and
Ic(x) = argmin{||x — yl|2: y € C}

denotes the Euclidean projection onto C.

The statistical dimension enables to measure the size of convex cones. Based on the
statistical dimensions of general convex cones, the approximated conic kinematic
formula can be presented as follows [2].

Theorem 2.1 (Approximate Kinematic Formula) Fix a tolerance n € (0, 1). Let
C and K be convex cones in R?, but one of them is not a subspace. Draw a random
orthogonal basis U. Then

8(C)+8(K) <d—ayWd = P{CNUK #{0}} <
8(C)+8(K) > d+ayWd=P{CNUK #{0}} > 1 —1,
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where ay = /8log(4/n).

Theorem 2.1 captures a phase transition on whether the two randomly rotated cones
share a ray. In particular, the two randomly rotated cones share a ray with high
probability, if the total statistical dimension of the two cones exceeds the ambient
dimension d; otherwise, they fail to share a ray.

2.3.3.2 Computation and Estimation Trade-Offs

For the smoothing method introduced in Sect.2.3.2, a trade-off between the
computational cost and estimation accuracy is characterized based on the general
results in Theorem 2.1. This trade-off plays a vital role in massive connectivity with
a finite time budget and a modest requirement on estimation accuracy.

The basis of the trade-off is introduced in the sequel. From the geometric point of
view, the smoothing term in X (@) (with . > 0) increases the sublevel set of Z(@O),
which derives a problem that can be solved via computationally efficient algorithms
with an accelerated convergence rate. However, this geometric modification leads
to a loss of the estimation accuracy. Thus, it leads to a trade-off between the
computational time and estimation accuracy. The trade-off can be identified by
Theorem 2.1 based on the statistical dimension of the decent cone of the smoothed
regularizer in (2.20), i.e.,

~ ~ ~ M ~
#6(0) = #6(©) + T O] (222)
We begin with the basic notation used in Proposition 2.1, for some O c RINxM
satisfying @y, = 0 for j # i, we have
VO e RZM 10y llr = 100 4llF + (Z, O% — (@0)y),  (2.23)

which implies Zy, € 9 (éO)'V,- [|F. In particular, the statistical dimension
& (%30, éo)) can be exactly computed by the following result.
Proposition 2.1 (Statistical Dimension Bound for %) Let @¢ € CN*M pe with

K nonzero rows, and define the normalized sparsity as p := K /N. An upper bound
of the statistical dimension of the descent cone of Z¢ at

Oy = (RO, (3{O)H 1T e RZVM
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is given by

8(2(%a; Op))

< inf{p(2M +22(1 4 2pa + 12b))
N >0

+ 1 -

2 2M— 1
F(M) f u —1)u 2du} (2.24)

where I'(+) denotes the Gamma function. The unique optimum t* which minimizes
the right-hand side of (2.24) is the solution of

H1-M oo(z_1> oMt **d p(1+2/w+u b) (2.25)
(M) T 1—p ’

wherea = 5 01 (@05 llr. b = 5 Y11 1©0) 13-
Proof Please refer to Sect. 8.2 for details.

Although the convergence rate of proposed smoothing algorithm, i.e., Algo-
rithm 2.1, can be accelerated by increasing the smoothing parameter, Proposition 2.1
shows that a larger smoothing parameter leads to a larger statistical dimension
8(9 (@G, éo)) since the bound in (2.24) increases with pu.

2.3.3.3 Simulation Results

Proposition 2.1 is verified in Fig. 2.2 with the BS equipped with 2 antennas, the total
number of devices being 100, and the channel matrix and pilot matrix generated as

H~%/0,I) and Q ~€AN(0,1),

respectively. The recovery is considered to be successful if ||é — OllF < 107°.
The number of active devices is fixed as .| = 10. Figure 2.2 shows the impact
on the exact recovery when changing the smoothing parameter w. It shows that a
larger smoothing parameter will induce a larger statistical dimension of the descent
cone of Z(@). In other words, longer pilot sequences are required for exact signal
recovery.

The effectiveness of the smoothing method illustrated in Algorithm 2.1 is
evaluated under the scenario where the base station is equipped with 10 antennas,
and the total number of devices is set to be 2000. The number of active devices
is fixed as || = 100. Considering problem (2.15), the channel matrix follows
H ~ €.4(0, I), the pilot matrix follows @ ~ € .4(0, I') and the additive noise
matrix follows N ~ €.47(0,0.017). Figure 2.3 demonstrates the convergence rate
of Algorithm 2.1 under different smoothing parameters with a fixed pilot sequence
length L = 500. It shows that increasing the smooth parameter enables to accelerate
the convergence rate significantly.
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Furthermore, with a fixed pilot sequence length L = 500, problem (2.15) is
solved by Algorithm 2.1 under different smoothing parameters (. Algorithm 2.1

stops when

100 — Y| r —e€| /e <1073,
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Fig. 2.4 Estimation error versus smoothing parameter

where the parameter € is given by

€= a\/ZLM — 8(2(%g, Op)).

The simulation result illustrated in Fig. 2.4 is obtained by averaging over 300 chan-
nel realizations. It shows that the average squared estimation error becomes large as
the smoothing parameter u increases. This can be justified by Proposition 2.1 that
the increase of smoothing parameter results in the increase of statistical dimension

8(2(%q, Op)).

2.4 Iterative Thresholding Algorithm

Despite attractive theoretical guarantees for the sparse linear model, convex relax-
ation methods that are solved via a second-order cone program (SOCP) fail in
the high-dimensional data setting due to the high computational cost. One way
to improve the computational efficiency is the smoothed primal-dual first-order
method introduced in the previous section. Another line of literatures that aim to
reduce the computational complexity for solving the sparse linear model estimation
problem focus on iterative thresholding algorithms [13]. Unfortunately, such fast
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iterative thresholding algorithms suffer from worse sparsity-undersampling trade-
offs than convex optimization [15], and the sparsity-undersampling trade-off is
precisely controlled by the sampling ratio § = L/N and sparsity ratio p = |.¥|/N
with L, N, .% defined in the model (2.3). To resolve this issue, approximate message
passing [12, 15, 24] has been proposed for sparse recovery.

2.4.1 Algorithm: Approximate Message Passing

The approximate message passing (AMP) algorithm was proposed and developed in
a line of literatures [12, 15, 24], which is an efficient iterative thresholding method
for solving the linear model estimation problem (2.3). For simplicity, we take the
single-antenna scenario for example.

The goal of the AMP algorithm is to evaluate an estimator X(y) from the
observation y (2.3) that minimizes the mean-squared error (MSE)

MSE = Ey[12(y) — x|, (2.26)
where the signals x; = «o;h; fori = 1, ..., n are assumed to follow a Bernoulli—

Gaussian distribution. Starting from x° = 0 and ¥ = y, the iterative update of the
AMP algorithm at the 7-th iteration is given by Donoho et al. [15]

X =, () Ma; + 2D, (2.27a)
N H
n, ((") a; + x!)
ritl =y — Ax't 4 7 r’ Z £ , (2.27b)
n=1
where x' = [x{,..., x}v]T € CV is the estimate of x at the ¢-th iteration, r' =
[rf,..., 711" € CL denotes the residual,
n,i():C—C

is the denoiser which facilitates to induce the sparsity, and n;’ ; (+) is the first-order
derivative of 7, ; (). The performance of the AMP algorithm highly depends on the
design of the denoiser 7, ; (-), which will be discussed in the sequel.
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2.4.2 Analysis: State Evolution
2.4.2.1 State Evolution

In order to precisely capture the dynamic property of the AMP algorithm, thereby
facilitating the design of the denoiser 7, ;(-), a state evolution formalism was first
proposed in the paper [15]. In this formalism, the MSE (2.26) is a state variable
and its variation from iteration to iteration can be represented by a plain iterative
function, i.e., ;.

Define a set of random variables X ! at the r-th iteration of the AMP algorithm as

X' =X;+uVi, i=1,...,n, (2.28)
where the distributions of X;’s are characterized by the random variables X;’s, and

V; obeys the normal distribution, i.e., V; € €.47(0, 1). In addition, V; is independent
of X; and V; for Vj # i, and 7; is the state variable represented as

2

2 g N 2
T = + ZE |:|77t,i(Xi + Vi) — Xil ] , (2.29)
where the expectation is over the random variables V;’s and X;’sfori = 1,..., N.

The theoretical analysis of AMP is based on the state evolution in the asymptotic
regime, when L (i.e., the length of pilot sequences), K (i.e., the average number of
active devices in each time slot), N (i.e., the total number of devices) — oo, while
their ratios converge to some positive values N/L — w and

K/N = 1l i/ N
= g Yo
1

with w, € € (0, 00). In massive IoT connectivity, these assumptions imply that the
length of the pilot sequence, i.e., L, is in the same order of the number of active
users, i.e., K, or total users, i.e., N.

2.4.2.2 Denoiser Designs

In general, the prior distribution of x is assumed to be unknown. In this case, a
soft-thresholding denoiser is designed to induce sparsity for x, which is given by
Donoho et al. [16]:

9;)2; ot 1
) 101> 6D, (2.30)
) e

1

mei G = ( -
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where the parameter 6 is the threshold for the i-th device activity detection at the ¢-
th iteration of the AMP algorithm. Based on the state evolution (2.29), the parameter
6! can be optimized to minimize the MSE (2.26). After the -th iteration proceeded
by the AMP algorithm with the denoiser (2.30), device i is evaluated to be active if

H t
|(r')"a; + x{| > 6,

otherwise it is evaluated to be inactive.

If the prior distribution of x in (2.3) is known, the minimum mean-squared
error (MMSE) denoiser via the Bayesian approach can be developed for the AMP
algorithm [16]. Based on the random variables defined in (2.28) and assuming the
channel signal h; ~ €.A4°(0,1) fori = 1,..., N, the MMSE denoiser is given in
the form of a conditional expectation [16],

i (XD = E[X; X! = &!]

= ¢ (1 + )7 'R, Vi, (2.31)
where
1
Pri =1 oy F—— Y (2.32)
mi= (172 = (4 )TYHRP, (2.33)
Y. = logdet(l 4 7,72). (2.34)

Note that the above MMSE denoiser is a nonlinear function of )2,’ due to the
functional form of ¢; ;.
2.4.2.3 Asymptotic Performance of Device Activity Detection

Based on the soft thresholding (2.30) and MMSE denoisers (2.31), a miss detection
occurs when

|rHPa; 4 x!| < 0!
with device i actually being active, while a false alarm occurs when
| a; + x!| > o

with device i actually being inactive. Since the statistical distribution of the
thresholding term, i.e., (r')"a; + x!, can be identified by x! defined in (2.28), the
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probabilities of miss detection and false alarm for device i at the 7-th iteration of the
AMP algorithm can be given by Donoho et al. [15]

PMP = Pr(3! < 0!la; = 1), (2.35)

P& =Pr(&! > 0!|o; = 0). (2.36)

respectively. The probabilities of missed detection (2.35) and false alarm (2.36)
depend on the values of 7;’s (2.29) which can be tracked over iterations based on
the state evolution (2.29).

Considering a general multiple-antenna scenario, the theorem in [24] character-
izes P}Y}D (M) and Pf ;A analytically in terms of le and the number of antennas M. In
particular, the miss detection and false alarm probabilities of AMP algorithm with
M antennas are denoted by PMD(M ) and Pf lA(M ). The paper [24] demonstrates
that with proper thresholds for device detection, i.e., 91.”5, highly accurate device
activity detection can be achieved in the asymptotic regime of M — oo:

MleOO PYP (M) = Mliinoo PFAM) =0, Vi,i. (2.37)

It thus indicates that the AMP-based algorithm can accomplish perfect device
activity detection in the massive MIMO connectivity systems.

2.4.2.4 Simulation Results

To further illustrate the performance of AMP algorithm for solving the sparse linear
model estimation problem, the probabilities of missed detection and false alarm
versus the length of the pilot sequences, L, with different numbers of antennas at
the BS, i.e., M = 4,8, or 16, are illustrated in Fig.2.5. In particular, with a given
value of M, the average probabilities of missed detection and false alarm over all
devices are denoted as

N
PMP (A1) = Z PO (M)/N
n=1

and

N
PP (M) =" P (M)/N,

n=1

respectively, where Pol\gD (M) and Pfo"fn(M) are defined in (2.35) and (2.36).

N
PMD

Figure 2.5 demonstrates that both and PFA decrease as the pilot sequence

length L increases and when M increases.
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Fig. 2.5 Probabilities of missed detection and false alarm versus pilot sequence lengths

2.5 Summary

This chapter introduced a sparse linear model for joint device activity detection and
channel estimation in grant-free random access. Such an access scheme reduces
the overhead by removing dedicated channel estimation sequences in IoT networks.
To solve the estimation problem, both convex relaxation approach and nonconvex
approach have been investigated from the practical and theoretical points of view.
Recently, there is a line of studies focusing on solving the sparse linear model via
deep-learning-based methods from both empirical and theoretical points of view
[5, 11, 17, 20, 37], which provide an also interesting direction for future study.
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Chapter 3 )
Blind Demixing Chechie

Abstract This chapter presents a blind demixing model for joint data decoding
and channel estimation in IoT networks, without transmitting pilot sequences.
The problem formulation based on the cyclic convolution in the time domain is
first introduced, which is then reformulated in the Fourier domain for the ease
of algorithm design. A convex relaxation approach based on nuclear norm mini-
mization is first presented as a basic solution. Next, several nonconvex approaches
are introduced, including both regularized and regularization-free Wirtinger flow
and the Riemannian optimization algorithm. The mathematical tools for analyzing
nonconvex approaches are also provided.

3.1 Joint Data Decoding and Channel Estimation

For data transmission in IoT networks, as the blocklength of packets is typically
very short, the channel estimation sequences (CES) (illustrated in Fig. 1.1) occupy
the primary part of the packet [11]. Thus, CES overhead reduction becomes critical
to achieve low-overhead communications. To exclude the CES overhead, the BS
may jointly decode data and estimate channel states, which can be established as a
blind demixing model (3.1) [8].

For an IoT network containing one BS and s devices, as shown in Fig. 3.1, the
observation signal vector is the mixture of the encoding signals generated from
s devices and passed through the corresponding channels. The goal of the BS is
to jointly decode data and estimate the channel states, which can be captured via
a blind demixing model consisting of both summation operation and convolution
operation. For ease of algorithm design, the measurements in the blind demixing
are represented in the Fourier domain, which are given by

N
vi=Y bhixla;, 1<j<L. (3.1)
i=l1
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Fig. 3.1 The blind demixing fi=Cz fo = Chx:

model in an IoT network
o) y=2 fi®gi+n
) t
4 2 <¢ Q Q

Denote

y=1Ii,...,y]" eCFk

as the received signal at the BS represented in the Fourier domain, {b;}, {a;;}
are design vectors, and {h;}, {x;} are channel states and data signals, respectively.
Particularly, the design vectors {b;} indicate the Fourier transform operation and
the design vectors {a;;} indicate the encoding procedure. By evaluating the vectors
{h;}, {x;} from the observation y, data decoding and channel estimation can be
simultaneously accomplished.

There is a growing body of recent works paying attention on the blind demixing
model (3.1). In particular, semidefinite programming has been developed in [9]
to solve the blind demixing problems by lifting the bilinear model into the
rank-one matrix model. However, it is computationally expensive to deal with
large-scale problems. To address this issue, nonconvex algorithms, e.g., regularized
Wirtinger flow with spectral initialization [10], have been developed to optimize the
variables in the vector space. The Riemannian trust-region optimization algorithm
without regularization was further developed in [8] to improve the convergence rate
compared to the regularized Wirtinger flow algorithm [10]. Recently, concerning
the blind demixing problem, theoretical guarantees for regularization-free Wirtinger
flow with spectral initialization were established in [6]. To further find a natural
initialization for the practitioners that works equally well as spectral initialization,
the paper [7] established the global convergence guarantee of Wirtinger flow with
random initialization for blind demixing.

In the sequel, the procedure of establishing the blind demixing model based on
the convolution operations in IoT networks will be first illustrated. We further clarify
the vital role that the blind demixing model plays in joint data decoding and channel
estimation. Then, effective algorithms and rigorous analysis are provided for both
convex and nonconvex approaches.
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3.2 Problem Formulation

In this section, the basic concept of the cyclic convolution is first introduced,
followed by a detailed description of the blind demixing model based on the cyclic
convolution.

3.2.1 Cyclic Convolution

The elementary concept of the cyclic convolution is first introduced to characterize
the connection among the channel state, received signal, and transmitted signal,
thereby assisting the presentation of the blind demixing model.

Denote p[n] and 6[n] as the transmitted signal and received signal in the n-th
time slot, respectively. Define g, as the ¢-th tap channel impulse response which is
constant with n. Hence, the channel is assumed to be linear time-invariant. Thus, the
discrete-time model is represented as

Li—1

6lnl =) qepln — 0], (32)
£=0

where L, is the number of nonzero taps. A cyclic prefix is added to p, which yields
the symbol vector, i.e.,d € CNpHLi—1

d =[p[N,—L;+1],..., pIN, — 1], p[O], p[1],..., p[Np, — m'. (3.3)
The output over the time interval n € [L;, N, + L, — 1] is represented as
Li—1
0ln] = > qd[(n — L; — £) modulo N,]. (3.4)
=0
Denote the output of length N, as
0 =1[0[L:],...,0[Ny+L; — 17, (3.5)
and the channel impulse as
q=190.91.....q1,-1,0,...,0]" € C",
and then (3.4) can be reformulated as

0=q®p,

where the notion ® denotes the cyclic convolution.
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3.2.2 System Model

Consider a network with one BS and s devices. Denote the original signals of length
N from the i-th user as x; € CV. The transmitted signals over L time slots from the
i-th user are represented as

fi =Cix,-, (3~6)

where C; € CE*N with L > N as the encoding matrix and known to the BS. The
signals f;’s are transmitted through individual time-invariant channels endowed
with impulse responses h;’s where a maximum delay of at most K samples is
contained in h; € CKX. The zero-padded channel vector g; € CF is given as

8 = [th’O”O]T (37)

Hence, based on the cyclic convolution operation, the received signal is given as

N
=) fi®g +n, (3.8)

where n is the additive white complex Gaussian noise. The BS needs to recover the
data signals {x;};_, from the observation z without knowing channel states {g;}7_;.
This model is called a blind demixing model.

3.2.3 Representation in the Fourier Domain

For the ease of algorithm design and theoretical analysis, the blind demixing
model based on cyclic convolution is represented in the Fourier domain. This is
achieved by left multiplying the signals in the time domain with the unitary discrete
Fourier transform (DFT) matrix and converting the convolution operation in the time
domain to the componentwise production operation in the Fourier domain [8, 9]:

y=Fz=) (FCix;)©® Bh; + Fn, (3.9)

1

where the operation © is the componentwise product. Here, the first K columns of
the unitary discrete Fourier transform (DFT) matrix F € CL*L with FF H=1,
form the known matrix

B:=1[by,...,b " e CL*K

with b; € CK for 1 < j < L. An example of the sparse linear model is illustrated
in Example 3.1.
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Example 3.1 Consider a network with two devices and one single-antenna BS. We
assume that K = N = 1 and the data signals {x,-}l.z=1 as x; = l,x, = 2,
and channel signals {hl-}l.zz1 as hy = 3, hp = 4. In addition, three time slots are
considered in this example such that the encoding matrices are given by

1 4
Ci=|1 and Cr,=1|2]. (3.10)
1

Based on the unitary discrete Fourier transform (DFT) matrix F € C3x3;

0.5774 0.5774 0.5774
F =|0.5774 —0.2887 —0.5i —0.2887+0.57 |, (3.11)
0.5774 —0.288740.5i —0.2887 —0.5i

it yields the blind demixing model:

y=Y (FCix;) O Bh;

1

2.3096 1.7322 8.8036 2.3096
= | —0.28874+0.5{ [ © | 1.7322 | + | 2.8870 — 0.5{ | © | 2.3096
| —0.2887 — 0.5i 1.7322 2.8870 + 0.5i 2.3096
22.6706
= | 6.1677 — 1.4435i | . (3.12)
| 6.1677 + 1.4435i

Generally, the blind demixing model can be formulated as the sum of bilinear
measurements of vectors x? eCV, hlt eCk i=1,...,s,ie.,

A
Yi =Z”1Hh?x?Haij+€j» l<j=<L, (3.13)
i=1

where y; is the j-th entry of y in (3.9), b; € CX denotes the j-th column of B,
and a;; € CN denotes the j-th column of (FC l-)H. Furthermore, the noise e; obeys

2d2
ej ~CN (o, = LO) (3.14)
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with

dy = (3.15)

N
> k13013
i=1

and o2 as the measurement of noise variance.

3.3 Convex Relaxation Approach

In this section, a convex relaxation approach for estimating the blind demixing
model is introduced, followed by theoretical analysis.

3.3.1 Method: Nuclear Norm Minimization

To begin with, a low-rank matrix optimization problem is established via lifting the
bilinear model in (3.13) to the rank-one matrices space. Based on (3.9), the j-th
entry of the first term in (3.9) can be formulated as

[(FCix;) © Bh,‘]j = (c;"jx,-)(b']'-'h,-) = <C,‘jBJH, X,‘>,

. . . R -H
where c:."/. is the j-th row of FC;, b'}' is the j-throw of B, and X; = x;h; € CN*K
is a rank-one matrix. We have

- —H
xlhll_' o --- 0 Cljbj 0o --- 0
—H —H
0 xzh, --- O 0 c¢ib; --- 0
yj=< R (N R te.  (3.16)
0 0 - xih 0 0 --cyb

Thus, the received signal at the BS in the Fourier domain is given by

y= ZZZIM(X,-) te, (.17)

where the vector e denotes the additive Gaussian noise and the linear operator <7 :
CN*K _ CL is represented as

A X = {(edl x| =ty Xk, (3.18)

i=
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with

-H
A,'j = C,‘jbj .

In addition, the operation .27 : CL — CN*X can be represented as

L
A*(y) = Z/Zlyjbjc}j.. (3.19)

The goal of blind demixing problem is to find the rank-one matrices that match the
observation, formulated as

find rank(W;) =1, i=1,...,s
. S
subject to H Zi:l o (W;) — sz <e, (3.20)

where the parameter ¢ is a bound for ||| (recall that e appeared in (3.17)).
Nevertheless, due to the nonconvexity of the rank function, problem (3.20) is
NP-hard and thus intractable. The nuclear norm minimization approach has been
proposed to relax the rank function [9], which gives the following formulation:

. . . &)
minimize Do Wil
. S
subject to H Zi:l o (W) — sz <e. (3.21)

The problem (3.21) can be solved via semidefinite program. Based on the estimated
X, the corresponding h; and X; can be set as the right and left singular values of
X, respectively.

3.3.2 Theoretical Analysis

To present theoretical analysis for methods that solve the blind demixing problem,
several notions are first introduced. For simplicity, we summarize the parameters
involved in the analysis of solving the blind demixing problem (3.21) via semidefi-
nite program in Table 3.1, and the detailed formulations of these parameters can be
found in [9].

The paper [9] demonstrates that the method (3.21) provides an effective way
to solve the blind demixing problem and is also robust to noise, as illustrated in
Theorem 3.1.
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Table 3.1 Conditions involved in Theorem 3.1 and corresponding section mentioned in [9]

Condition Parameter Reference
Joint incoherent pattern on the matrices B Imax»> Mmin Sect. II-C
Incoherence between b and h; I Sect. II-D
Upper bound on |7 | := SUupy o 1<% (X))l /I X7 y Sect. II-E

Theorem 3.1 Considering the blind demixing model (3.17) in the noiseless sce-
nario, if

L > Cs*max{u?, K, us N}log? Llogy,

where C > 0 is sufficiently large, and [imax, L, Y are summarized in Table 3.1, then
the convex relaxation approach (3.21) recovers the ground truth rank-one matrices
exactly with high probability.

Proof The proof details of Theorem 3.1 can be referred to the paper [9] and the
proof architecture of Theorem 3.1 is briefly summarized. We further present a
sufficient condition and an approximate dual certificate condition for the minimizer
of (3.21) to be the unique solution to (3.20). These conditions stipulate that
matrices <7 need to satisfy two key properties. The first property can be regarded
as a modification of the celebrated Restricted Isometry Property (RIP) [3], as it
requires o7, to act in a certain sense as “local” approximate isometries [4]. The
second property requires the two operators 7 and <7; to satisty a “local” mutual
incoherence property. With these two key properties in place, an approximate dual
certificate can be established that fulfills the sufficient condition. With all these tools
in place, the proof of Theorem 3.1 can be completed.

Remark 3.1 Theorem 3.1 demonstrates that the successful recovery of {W;}i_,
in problem (3.21) in the noiseless scenario via semidefinite programming can be
achieved with high probability as long as the number of measurements satisfies

L = s?max{u’, K, n2N}log® L.
The paper [9] further considers problem (3.21) in the noisy scenario and provides

the performance guarantee of recovering {W;};_, in problem (3.21) under the same
conditions as in Theorem 3.1.

3.4 Nonconvex Approaches

While convex techniques can be exploited to solve the blind demixing problem
provably and robustly under certain assumptions, the resulting algorithms are
computationally expensive for large-scale problems. This motivates the develop-
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ment of efficient nonconvex approaches, which are introduced in this section. The
nonconvex approaches introduced in this section can be separated into two types:
the Wirtinger flow based approach, which is an iterative algorithm based on the
gradients derived in the complex space, and the Riemannian optimization based
approach, which is developed on the Riemannian manifold search space.

3.4.1 Regularized Wirtinger Flow

Considering the rank-one structure of the blind demixing model, matrix factoriza-
tion provides an efficient method to address the low-rank optimization problem.
Specifically, Ling and Strohmer [10] developed an algorithm to solve the blind
demixing problem based on matrix factorization and the regularized Wirtinger flow.
The regularized optimization problem is established as

minimize F(u v) :=g(u,v) + AR(u, v), (3.22)

uy, v, k=1,.

where

o= |, )

with uxy € CV,v; € CX and the aim of the regularizer R(u, v) is to enable the
iterates to lie in the basin of attraction [10]. The algorithm begins with a spectral
initialization point and updates the iterates as:

ud ™ =NV F,, (!, o), (3.23)
ot =l VF, (a0, (3.24)

where VFy, is the derivative of the objective function (3.22) with respect to uy.

The following theorem provided in [10] demonstrates that the regularized Wirtinger

gradient descent will guarantee the linear convergence of the iterates, and the

recovery is exact in the noiseless scenario and stable in the presence of noise.
Denote the condition number as

]
max; (|X .
K= Lu”z (3.25)
min; [|x; |2

and recall that dg in (3.15). Furthermore, for simplicity, we summarize the param-
eters involved in the analysis of solving the blind demixing problem (3.22) via
regularized Wirtinger flow in Table 3.2, and the detailed formulations of these
parameters can be referred to the references presented in the table.
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Table 3.2 Conditions

. - Condition Parameter | Reference
involved in Theorem 3.2 and Local ari diti S 51
corresponding section ocal regularity condition w ect. 5.
mentioned in [10] Robustness condition on ||.27*(e)| | y. Sect. 6.5

Algorithm 3.1: Initialization via spectral method and projection

1: fori=1,2,...,sdo

2: Compute &7*(y).

3:  Find the leading singular value, left and right singular vectors of .27*(y), denoted by
(di, hio, Xi0).

4:  Solve the following optimization problem for 1 <i <s:

0 ) N
/LE )= argmin, cx |1z — \/Zih,-on s.t. VL Bzlloo < 2/57,-;L.

5:  Set v?o) = J/d;%0.
6: end for
7: Output: {@'?, v¥ di)Yi_y or @@, v @ (d;}s_)).

i Vi

Theorem 3.2 Starting from the initial point generated via Algorithm 3.1, the
regularized Wirtinger flow algorithm derives a sequence of iterates (ul'), v!'1) which
converges to the global minimum linearly,

s 1, H o8 uHH do 12
E u'(v —hx < ——(1 — nw)"’* + 60/sve (3.26)
=1 H 0 () k| g skl n Ve

with high probability if the number of measurements L satisfies
L > C(u*+ 0%)s** max{K, N}log’ L, (3.27)

where C > 0 is sufficiently large. Here, the parameter o and dy are defined in (3.14),
and w, y, are summarized in Table 3.2.

Proof The convergence analysis provided in Theorem 3.2 relies on four conditions:
local regularity condition of the objective function F(u, v) (3.22), local smoothness
condition of the objective function F (u, v) (3.22), local restricted isometry property,
and robustness condition. Under the assumptions mentioned in Theorem 3.2, with
the spectral initialization being in the basin of attraction, the four conditions can be
guaranteed, which yield the results of Theorem 3.2.

The performance of regularized Wirtinger flow is further illustrated in Sect. 3.4.4.

Remark 3.2 Even though Theorem 3.2 demonstrates that the regularized Wirtinger
flow endows with a linear convergence rate, it requires extra regularization added on
the objective function, and the step size, i.e., n < ﬁ [10], lacks of aggressiveness.
To exclude the regularization and achieve more aggressive step size, the papers [6, 7]
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have recently investigated regularization-free Wirtinger flow which yields a more
aggressive step size, i.e., n < 57!

3.4.2 Regularization-Free Wirtinger Flow

Another line of studies has focused on the blind demixing model that is in the form
of the bilinear model (3.13). In this section, we would formulate an optimization
problem concerning the bilinear formulation of blind demixing and introduce
efficient regularizer-free algorithms. The theoretical analysis on these algorithms
will also be discussed.

A least-squares optimization problem under the scheme of the bilinear formula-
tion of blind demixing is given by

mlnlmlzef(h X) _Z‘Zb hx a;; —y] . (3.28)

{hi} {xi}

For simplification, the objective function in (3.28) is denoted as

f@) = f(h, x),

where
H H H 25K H _H H 2K
z:[zln-zs] eC” w1thz,'=[hl- xi] e C".

A line of literatures, e.g., [5-7, 10], have developed effective algorithms to
solve problem (3.28). The blind demixing problem can be generally solved via two
procedures [6, 10], i.e., Stage I: find an initial point that is in the neighborhood of
the ground truth, which can be accomplished via spectral initialization; Stage II:
optimize the initial estimate via an iterative algorithm, e.g., Wirtinger flow:

[h;+l} " qu2 Vi f @) |
z[' _n =1, (3.29)

t+1 t

X; X Hh’ ”2 Vx, fz")

where n > 0 is the step size, Vp, f(z) and Vy, f(z) represent the Wirtinger gradient
of f(z) with respect to k; and x;, respectively.

The discrepancy between the estimate z and the ground truth z% is defined as the
distance function:

s 12
dist(z, z°) = (Z dist(z;, zf)) , (3.30)

i=1
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Table 3.3 Conditions

. ” Conditions Reference

involved in Theorem 3.3 and b ]

corresponding references Incoherence between @ ; and x; (6b) in [6]
Incoherence between b; and h; (6¢) in [6]

Robustness condition: ||.&7*(e)|| < y. | Sect.6.5 in [10]

where
.2 b : 1 ) )
dist“(z;, z;) = min | |=h; — h;||5 + lla;x; — x;115 ) /di
a;eC o

fori =1,...,s.Here,d; = |Ih? II% + ||x; ||% and each ¢; is an alignment parameter.
Without loss of generality, the ground-truth vectors are assumed to obey ||h? I =
||x? |2 fori =1, ...,s. Recall the operator in (3.19) such that

m
H .
¥ (e) = Zejbjaij, i=1,...,s,
i=1

and the condition number « in (3.25), then the theorem of Wirtinger flow with
the spectral initialization for solving the blind demixing problem is presented in
Theorem 3.3.

For simplicity, we summarize the conditions involved in the analysis of solving
the blind demixing problem (3.28) via Wirtinger flow with spectral initialization in
Table 3.3, and the detailed formulations of these parameters can be referred to the
references presented in the table.

Theorem 3.3 Assuming that the step size obeys 1 > 0, n < s~\, and the conditions
in Table 3.3 are satisfied, the iterates (including the spectral initialization point) in
Wirtinger flow satisfy

. t 1 48./sk? 48C1/sK?
dist(z, z%) < C, (1 — L) < — - Vs ')/e> + 1—\/_3/@,
16k log® m n n

for all t > 0, with high probability if the number of measurements satisfies
m > C(/L2 + 02)s2/<4K 1og8 m

for some constants C1 > 0 and adequately large constant C > 0.
Proof Please refer to Sect. 8.3 for details.

Theorem 3.3 provides the justification for a more aggressive step size (i.e., n =< s~ 1)
even without regularization, compared to the step size (i.e., n < ﬁ) given in [10]
for regularized Wirtinger flow. In addition, the performance of the Wirtinger flow

algorithm with spectral initialization is illustrated in Fig. 3.2a, b, which is endorsed
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Fig. 3.2 Numerical results of Wirtinger flow with spectral initialization

by Theorem 3.3. To be specific, for each K € {50, 100, 200, 400, 800}, s = 10, and
m = 50K, the design vectors a;;’s and b;’s foreach 1 <i <s,1 < j < m are
generated based on the instructions in Sect. 3.2.3. The underlying signals hlu x f €
CK 1 <i<sys,are generated as random vectors with unit norm. With the chosen
step size n = 0.1 in all settings, Fig. 3.2a shows the relative error, i.e.,

H
Yoy it — mix "
H
iy g g

(3.31)
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Fig. 3.3 Numerical result of Wirtinger flow with random initialization

versus the iteration count. Figure 3.2a shows that in the noiseless case, Wirtinger
flow with a constant step size enjoys a linear convergence rate, which barely
changes as the problem scale changes. Additionally, Fig.3.2b shows the relative
error (3.31) versus the signal-to-noise ratio (SNR), where the SNR is defined as
SNR := | y|l2/llell>. Both the relative error and the SNR are represented in the dB
scale.

The random initialization strategy has recently been proven in [7] to be good
enough for Wirtinger flow to guarantee linear converge rate when solving blind
demixing problems. Specifically, in Stage I, it takes &' (s log(max {K, N})) itera-
tions for randomly initialized Wirtinger flow to reach a local region near the ground
truth. Furthermore, in Stage II, it takes &'(slog(1/¢)) iterations to attain an &-
accurate estimator, i.e., dist(z, z%) < €, at a linear convergence rate. Please refer
to Sect. 8.4 for details on theoretical guarantees for this case. Figure 3.3 shows the
performance of the Wirtinger flow algorithm with random initialization, showing
the relative error (3.31) versus the iteration count. In the simulation, the ground
truth signals and initial points are randomly generated as

B ~GN O, K Tg), xI ~CNO0,N"1y), (3.32)
B ~E N0, K ' Ig), x) ~EH(0,N"'1y), (3.33)
for i = 1,...,s. In all simulations, we set K = N for each K €
{10, 20, 40, 80, 100}, s = 10, and m = 50K, and with the chosen step size

n=0.1.
The above nonconvex algorithm has a low iteration cost, and the overall compu-
tational complexity can be further decreased via reducing the iteration complexity,
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i.e., accelerating the convergence rate. This motivates to develop the Riemannian
optimization algorithm which will be introduced in the next section.

3.4.3 Riemannian Optimization Algorithm

The paper [8] developed a Riemannian trust-region algorithm on the complex
product manifolds to solve the blind demixing problem, which enjoys a fast
convergence rate. Prior to introducing this algorithm for solving the blind demixing
problem, we start with some basic concepts of Riemannian manifold optimization,
and readers can refer to Sect. 8.5 in the book [1] for more details.

3.4.3.1 An Example on Riemannian Optimization

In order to optimize a smooth function on a manifold, several geometric concepts
in terms of manifolds are required. To be specific, tangent vectors on manifolds
generalize the notion of a direction, and an inner product of tangent vectors
generalizes a notion of length that applies to these tangent vectors. A Riemannian
manifold, generally denoted as .#, is the manifold of which tangent spaces Ty.#
are endowed with a smoothly varying inner product. The smoothly varying inner
product is called the Riemannian metric, generally denoted as

8x My, &),

where x € .# and 3., §, € Ty.# . Some examples of Riemannian manifold can be
enumerated as: sphere, orthogonal Stiefel manifold, Grassmann manifold, rotation
group, positive definite matrices, fixed-rank matrices, etc.

Consider minimizing a smooth function on the sphere "' = {x e R" : x 'x
=1}

T

mini%lize fx) = —x ' Ax subjectto x x =1, (3.34)
xeR"

where A is a symmetric matrix. As illustrated in Fig. 3.4, the Riemannian optimiza-
tion procedure on the sphere can be separated into three steps:

1. Compute the Euclidean gradient in R”:
Vf(x)=—-2Ax. (3.35)

2. Compute the Riemannian gradient on the sphere S"~! via projecting V f(x) to
the tangent space Ty ./

grad f (x) = Proj, Vf(x) = (I — xxT)Vf(x). (3.36)
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Fig. 3.4 Schematic
viewpoint of Riemannian
optimization on the
Riemannian manifold

<

3. Move along the descent direction § = grad f (x) and retract the directional vector
a1 to the sphere, where « > 0 is the step size. The retraction operator on "~ ! is
given by

P (an) = qf(x + an), (3.37)

where qf(-) denotes the mapping that maps a matrix to the Q factor of its QR
decomposition.

Furthermore, for the ease of implementing the optimization scheme on manifolds, a
powerful Matlab toolbox, namely Manopt [2], has been developed, which contains
a larger library of manifolds (e.g., sphere, orthogonal Stiefel manifold, Grassmann
manifold, rotation group, positive definite matrices, fixed-rank matrices, etc.) and
various Riemannian optimization algorithms (e.g., steepest descent, conjugate
gradient, stochastic gradient descent, trust-regions algorithm, etc.).

3.4.3.2 Riemannian Optimization on Product Manifolds for Blind
Demixing

Due to the multiple rank-one matrices in the blind demixing problem (3.20),
problem (3.20) can be reformulated as minimizing a smooth function on the product
of multiple fixed-rank matrices. The product of multiple fixed-rank matrices is a
product manifold and is also a Riemannian manifold [1]. The example mentioned
above paves the way for dealing with more complicated Riemannian optimization
algorithms on product manifolds for solving the blind demixing problem.

Firstly, a linear map is developed to handle complex asymmetric matrices. The
linear map facilitates to convert the optimization variables to a Hermitian positive
semidefinite matrix. Define a linear map

jj . SS_NJrK) - Cm
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with respect to a Hermitian positive semidefinite (PSD) matrix Y; that obeys
[Zi (YD) =(Jij, Y;) (3.38)

with Y; € SS:VHO and J;; as

Ji = [ONxN Aij } € CNHRIX(N+E) (3.39)
/ Ok xn Ok <k

where A;; = a,-jBJH. Note that based on (3.38), we have
—H
[Zi(M))]; = (Jij, M;) = (A;j, x;h; ), (3.40)

where M; = w;w! with w; = [xH Z?]H e CN*K_ Based on the matrix
factorization, a manifold optimization problem with respect to Hermitian positive

semidefinite (PSD) matrices can be established as:

s 2
minimize f(v) := H Zg jk(wkw,t') — vy, (3.41)
v={wef_, k=1
where v € #° with wy, € A = (Civ‘”( fork =1, ..., s, where the space C is

the complex Euclidean space C" without the origin. According to (3.40), the data
signal estimation X can be represented by the first N rows of the estimation w.

Since the quotient manifold is abstract, the matrix representations in the com-
putational space .#° of the geometric concepts in the quotient space are required.
In particular, to develop the Riemannian optimization algorithm over the product
manifolds, various geometric concepts need to be derived, such as the notion of
length (i.e., Riemannian metric gy, ), set of directional derivatives (i.e., horizontal
space %, ), and motion along geodesics (i.e., retraction %y, ) [1]. The concrete
optimization-related ingredients are shown in Table 3.4. Based on these ingredients,
we develop a Riemannian algorithm to solve the blind demixing problem (3.41).

Based on the geometry of the product manifolds, the Riemannian optimization
algorithm operated on the product manifolds .#* can be elementwisely developed
on the individual manifold .. To be specific, foreach k = 1,2, ..., s, the descent
direction 7 is detected on the horizontal space .73, .# parallelly, and 5 is parallelly
retracted on the individual manifold ./ via the retraction mapping %y, . In addition,
Fig. 3.5 shows the schematic viewpoint of Algorithm 3.2.

Riemannian Gradient Descent with Spectral Initialization In the Riemannian
gradient descent algorithm, i.e., Algorithm 3.3, the search direction is given by

n= _gradwllc”f/gw/l:] (w][cf]’ w]EI])’
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Table 3.4 Elementwise optimization-related ingredients for Problem (3.41)

Minimizey, e ” Yt S ('”ka) - y||2

Computational space:

/A C»1Y+K

Quotient space:

M|~ CN+K/su(n)

Riemannian metric:

Swy 8wy (§Wk7 "wk) = Tr(CwHk'TWk + ﬂwHk§Wk)
Horizontal space:

Ay M N, € CN+K . nﬁkwk = wanwk
Horizontal space projection H,;f;”k///(nwk) =Ny, — aWg,

a= (w,'jnwk — nmkwk)/ZwHw

Riemannian gradient:

grad,, f grad, f = H{;fwk/;(%vwkf(v))
Riemannian Hessian:

Hessw, /[, ] Hessw, /[ = Mo, (3 Vi f @0, 1)
Retraction:

Rw, : Tw, M — M R, (Nyy) = Wi + Ny,

Vi(V) vi(V)

optimization over individual manifolds M
Fig. 3.5 Schematic viewpoint of Riemannian optimization on the product manifolds
where 8yl is the Riemannian metric and
k
gradwm f ey M
k
is the Riemannian gradient. Therefore, the sequence of the iterates is given by

[t+1]
w =% (o),
k Wl (1)
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Algorithm 3.2: Riemannian optimization on product manifolds

Given: Riemannian manifold .#* with Riemannian metric g,, retraction mapping
Ry = {Pw, };_,» objective function f and the step size a.
Output: v = {wy}]_,
1: Initialize: initial point o1 = {w{’}i_ 1 =0
2: while not converged do
3: forallk =1,--- s doin parallel

4 Compute a descent direction 2. (e.g., via implementing trust-region method)
5 Update w,[fHJ =X, (an)
k
6: t=t+1.
7 end for
8: end while

where the step size oy > 0 and
Rw, (E) = wi + &, (3.42)
with § € 4, ./ . Here, the retraction map
Ry, Hy M — M

is an approximation of the exponential map that characterizes the motion of
“moving along geodesics on the Riemannian manifold.” More details on computing
the retraction are available in [1, Section 4.1.2]. The statistical analysis of the
Riemannian gradient descent algorithm will be provided in the sequel, which
demonstrates the linear rate of the proposed algorithm for converging to the ground
truth signals.

Theorem 3.4 Suppose the rows of the encoding matrices, i.e., ¢;;’s, follow the i.i.d.
complex Gaussian distribution, i.e.,

1 1
Cij ~ N <O, 51[\1) +iN <0, EIN>

and the step size obeys a; > 0 and a; = o < 5™\, then the iterates (including the
spectral initialization point) in Algorithm 3.3 satisfy

fol
dist(v’, v%) < C; (1 — i) L (3.43)
16k log2 L

for all t > 0 and some constant C; > 0, with probability at least 1 — c]L™7 —
c1Le=2K if the number of measurements

L > Cu2s2/<4 max {K, N} log8 L

for some constants y, c1, c2 > 0 and sufficiently large constant C > (.
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Algorithm 3.3: Riemannian gradient descent with spectral initialization

Given: Riemannian manifold .#* with optimization-related ingredients, objective function
f.{cij}, {b;}, {y;} and the stepsize a.
Output: v = {wy}]_,
1: Spectral Initialization:
2: foralli =1,---,s doin parallel

<0
3:  Letoy(N;), h; and .i'? be the leading singular value, left singular vector and right

singular vector of matrix N; := Z;ﬂﬂ yjb; c!.j., respectively.
0 <0
4:  Set w}ol = [Zb] where x? = Gl(Ni)i? and h? = o1 (Nph;.
1
5: end for
6: forallt =1,---,T
7: foralli =1,---,s doin parallel
8: =—— o —rerad ¢
g gwﬂrl(wllfj,w}fj)gra "’L]f
9: Update w}/ ! = ZaIC))
k
10: end for
11: end for

Proof Please refer to Sect. 8.6 for details.

Theorem 3.4 demonstrates that the number of measurements & (s2c* max {K, N}
log® L) are sufficient for the Riemannian gradient descent algorithm (with spectral
initialization), i.e., Algorithm 3.3, to linearly converge to the ground truth signals.

Riemannian Trust-Region Algorithm A scalable algorithm that enjoys superlin-
ear convergence rate, i.e., the Riemannian trust-region algorithm, can be developed
on the product manifolds to detect the descent direction 5 [1, Section 7]. In order to
parallelly search the descent direction on the horizontal space J%,.#°, the method
of searching the direction 5,,, on the horizontal space ./, .# is developed. At each
iteration, define the point on the manifold as wy € .#, a trust-region subproblem is
described as follows [1]:

minimize (7, )

Wk

subject o gu, My, » Ny,) < 87, (3.44)

where 3, € M, § is the trust-region radius, and the objective function is
represented as

1
mOw,) = guy (> grady, f) + 3 gy (M, - Hessw, f [N, ]) - (3.45)

and Hessy, f [nwk ] and grad,, f are the matrix representations of Riemannian
Hessian and Riemannian gradient in the quotient space, respectively. In addition,
the iterate being updated or maintained depends on whether the decrease of the
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function m(My,) is satisfied or not [1, Section 7]. If the decrease is sufficient, the
iterate is updated as

R, (Myg) = Wi + Ny - (3.46)

Under the above framework, the Riemannian trust-region algorithm is parallelly
developed on individual manifolds to solve problem (3.41).

3.4.4 Simulation Results

In this section, we compare three algorithms for estimating the blind demixing
model: nuclear norm minimization (NNM) in Sect. 3.3.1, regularized Wirtinger flow
(RGD) in Sect. 3.4.1, and Riemannian trust-region algorithm (RTR) in Sect. 3.4.3.

The ground-truth vectors, i.e., xx € CY and by € CK fork = 1,...,s, are
generated as standard complex Gaussian vectors whose entries are drawn i.i.d.
from the standard normal distribution. In addition, the relative construction error
with respect to the rank-one matrices, i.e., X; = h,-x:.", is adopted to evaluate the
performance of the algorithms, given as

ST X = Kl
Ve Xkl

where {X} are estimated matrices and {f( x} are ground truth matrices. The initial-
ization strategy, i.e., Algorithm 3.1, is adopted for all the nonconvex optimization
algorithms, i.e., RGD and RTR. The RTR algorithm stops when the norm of
Riemannian gradient is less than 10~ or the number of iterations exceeds 500.
The stopping criteria of RGD is adopted from the paper [10].

In the noiseless scenario, two nonconvex algorithms are compared under the
setting of N = K = 50, L = 1250, and s = 5. The convergence rates of nonconvex
algorithms are illustrated in Fig. 3.6. In the noisy scenario, assume the additive noise
term in (3.17) obeys

err(X) = (3.47)

w
e=o |yl - +—, (3.48)
lell

where @ € CF denotes a standard complex Gaussian vector. Three algorithms with
respect to different signal-to-noise ratios (SNR) o are compared under the setting of
L = 1500, N = K = 50, and s = 2. In each circumstance, ten independent trails
are simulated. Figure 3.7 shows the average relative construction error in dB against
the signal-to-noise ratio (SNR). It concludes that the average relative construction
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Fig. 3.6 Convergence rate of nonconvex algorithms

error decreases as SNR increases, which demonstrates that RTR is robust to the
noise.

30 ! 1 L il
oY 0 10 20 30 40 50 60 70

1 |

Average relative construction error (dB)

SNR (dB)

Fig. 3.7 Average relative construction error versus SNR (dB)
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3.5 Summary

This chapter introduced a blind demixing model that facilitates to jointly decode
data and estimate the channel state in IoT networks. The low-overhead communi-
cations can be achieved via the blind demixing model since it excludes the channel
estimation sequence in the metadata. The convex relaxation method is introduced
to solve the blind demixing problem based on its low-rank property. To further
reduce the computational complexity, first-order algorithms, e.g., Wirtinger flow
and regularized Wirtinger flow, have been developed. In addition, a Riemannian
trust-region algorithm that enjoys faster convergence than the first-order algorithm
has also been presented. The summary of both convex and nonconvex approaches
for solving the blind demixing problem in the noiseless scenario is provided in
Table 3.5.! State-of-the-art theoretical analysis is developed under the assumption
of the Gaussian encoding matrices. It is intriguing to explore more general types of
encoding matrices, e.g., sub-Gaussian matrices, in future works.
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Chapter 4 )
Sparse Blind Demixing e

Abstract This chapter extends the models presented in Chaps.2 and 3 to the
scenario involving device activity detection. The new setting induces a sparse
blind demixing model for developing methods for joint device activity detection,
data decoding, and channel estimation in IoT networks. The signal model is first
presented, in the scenario with either a single-antenna or multi-antenna BS. A
convex relaxation approach is first introduced as a basic method to solve the
nonconvex estimation problem. We further present a difference-of-convex-functions
(DC) approach which turns out to be a powerful tool to solve the resulting sparse
and low-rank optimization problem with matrix lifting. Furthermore, a smooth
Riemannian optimization algorithm operating on the product manifold is introduced
for solving the sparse blind demixing problem directly.

4.1 Joint Device Activity Detection, Data Decoding,
and Channel Estimation

In Chap. 2, a sparse linear model has been developed for grant-free random access
to jointly detect device activity and estimate channel state information. Under
this scheme, pilot sequences are needed for activity detection, which lead to
excess overhead for short packet communications. To avoid the transmission of
pilot sequences, more powerful signal processing techniques are needed for data
detection. Assuming the active device set is known, the blind demixing model has
been introduced in Chap. 3 to achieve pilot-free communications in the massive loT
network via joint data decoding and channel estimation. To further account for the
sporadic activity pattern in massive IoT networks, a sparse blind demixing model
was proposed in [4, 6] to reduce the overhead during the transmission via joint
device activity detection, data decoding, and channel estimation in a unified way.

© Springer Nature Singapore Pte Ltd. 2020 59
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Considering an IoT network containing one BS equipped with a single antenna,
where only part (denoted as the set .%) of the devices are active, the sparse blind
demixing model represented in the Fourier domain is given as

=X, Wi, 1<) < @D
where

y=[y1,-~~,ym]T€Cm

is the received signal at the BS represented in the Fourier domain, {b;} are design
vectors that indicate the Fourier transform operation, {ay;} are design vectors
that indicate the encoding procedure, and {h}, {x;} are channel signals and data
signals, respectively. By detecting the active set . and the vectors {h}, {xx} for
k € .7 from the observation y, device activity detection, data decoding, and channel
estimation can be simultaneously achieved. This is a highly challenging problem.

In the sequel, we first introduce the problem formulation of the sparse blind
demixing model. Various approaches for solving the corresponding nonconvex
estimation problem are then introduced: (1) a convex relaxation approach based
on the minimization of nuclear norms and ¢ /£>-norms, (2) a difference-of-convex
(DC) function approach based on the minimization of DC objective functions.
Along the discussion, we also identify theoretical analysis for the sparse blind
demixing model as future research directions.

4.2 Problem Formulation

In this section, we present problem formulation for joint activity detection, data
decoding, and channel estimation for both scenarios of single-antenna and multi-
antenna BSs. Considering an IoT network consisting of one BS and s single-antenna
devices with sporadic traffic, in each coherence block, only an unknown subset of
devices are active, defined as . C {1, 2, ..., s}.

4.2.1 Single-Antenna Scenario

In the single-antenna BS scenario, the problem formulation of the sparse blind
demixing model can be derived from the blind demixing model mentioned in
Sect. 3.2 with an additional consideration of the sparse activity pattern. The data
signal transmitted by the k-th user is denoted as x,t( € CN. Assume that an encoding
matrix over the m time slots is assigned to each device k. Over m time slots, the
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received signals at the BS in the frequency domain are presented as [3, 9]

vi=Y by e 1< j < m, (4.2)
which resembles the blind demixing model defined in (3.13) as presented in
Sect.3.2.3. From the observation y; for 1 < j < m, the active set ., data
information {xj}, and the channel state information {h} can be recovered. Hence,
joint device activity detection, data decoding, and channel estimation can be
achieved.

4.2.2 Multiple-Antenna Scenario

Considering an IoT network consisting of a BS equipped with r antennas and
s single-antenna devices with sporadic traffic. Denote g?. € C™ as the channel
impulse response from the j-th device to the i-th antenna of the BS and recall the
transmitted signal at the j-th device defined in (3.6). Thus, the observations z; € C™
at the i-th antenna of the BS are represented as

zi=Y fixgl+m Yi=1.r (4.3)
jes

where n; € C" is additive white complex Gaussian noise. The sparse blind
demixing model in the single-antenna scenario is the specific case of (4.3) when
r = 1. Given the observations {z;}, our goal is to detect the active device set % and
recover the associated { f 5.} and { g?j} simultaneously.

Similar to the model in the single-antenna scenario, i.e., (4.2), the [-th entry of
y; is given by

H .
yilll =Y bR x e+ &0 I=1....m i=1, (4.4)
jes

The goal is to simultaneously detect active device set . and recover both {xu/.} and

{h?j} from the observations {z;}.

4.3 Convex Relaxation Approach

In this section, we present a convex relaxation approach to solve the sparse blind
demixing problem. Taking the single-antenna scenario as an example, the optimiza-
tion problem is firstly established for the sparse blind demixing model (4.2). Then
a convex relaxation approach is further presented to solve this resulting nonconvex
optimization problem.
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Define a collection of groups as
Y ={%,%,...,%]} (4.5)
with
G ={Nk—-1)+1,..., Nk}
and
YNY =0
fori # j, and denote an aggregative vector as

T T,T N
x=[x;,....,x;] eC",

where the index set is
Vv ={l1,2,...,Ns}.
With the support of the data vector defined as
Supp(x) = {i|x; #0,Vi € 7},

the sparse blind demixing problem can be formulated as

N

minimize I(Supp(x) N % % )
(e}, (i) ]; (Supp(x) N #

m N 2
subject to Z ‘ Z b‘;hkx}jakj —yj| <e (4.6)
j=1 k=1

where parameter € > 0 is known a priori. Denoting x* as a solution of problem (4.6),
the set of active devices is given as

S* = {k : Supp(x) N¥ # @}.

Due to the nonconvex bilinear constraint and the combinatorial objective function,
problem (4.6) is highly intractable, which motivates to develop efficient algorithms
with good performance.
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A natural way is to lift the bilinear model into the linear model with a low-rank
matrix [9], i.e.,

bthkx,t'akj = b?Wkakj 4.7)
with Wy € CK*N and
rank(Wy) =1,Vk=1,...,s.

The natural idea is to exploit a convex relaxation method to deal with the sparsity
and low-rankness in matrices Wy’s of problem (4.6):

.« . . )\' s W )\’ s W
minimize %1 ) Wil + 2 IWlls

2
subject to Z:;l ‘ 2221 bj"-'Wkakj - yj‘ <k, (4.8)

where A1 > 0 and A, > O are the regularization parameters. The group sparsity
structure in the aggregated data signals x induces a group sparsity structure in the
lifting vector

vec(W) = [vec(WD, ... vee(W)HH e CKNs,

where vec(M) is the vectorization of matrix M. Furthermore, the £ /{>-norm is
adopted to induce the group sparsity in the vector vec(W), i.e.,

)
N
IveeW)lli2 =) lIvee(Wllz = IIWllr-

k=1

4.4 Difference-of-Convex-Functions (DC) Programming
Approach

Although the convex relaxation approach (4.8) provides a natural way to solve
problem (4.6), the results obtained from norm relaxation are usually suboptimal
to the original nonconvex optimization problem [10]. Moreover, two regularization
parameters are introduced by the combination of norms, which are difficult to tune.
Additionally, there is no efficient convex relaxation approach to simultaneously
induce low-rankness and sparsity [2]. To address these issues, the paper [6] devel-
oped a difference-of-convex-functions (DC) representation for the rank function in
order to satisfy the fixed-rank constraint.
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In the sequel, we consider the sparse blind demixing model under the multiple-
antenna BS scenario. Specifically, the sparse blind demixing problem is reformu-
lated as a sparse and low-rank matrix recovery problem via lifting the bilinear
model into the linear model. Based on the linear model, an exact DC formulation
for the rank constraint is further established, followed by developing an efficient DC
algorithm (DCA) for minimizing the DC objective.

4.4.1 Sparse and Low-Rank Optimization

The estimation problem for sparse blind demixing with a multiple-antenna BS can
be established in the similar form of the optimization problem (4.6). To facilitate
the design of the DC algorithm, a sparse and low-rank optimization problem is first
established. Denote

b H
W= [n ] vi=1 s, 4.9)

where hi. € C'*. Define a set of matrices

5 _ b tH
X5 =l x™, (4.10)

where X ?j € Ck*d Here, X ;j is a rank-one matrix when j € ., otherwise a zero
matrix. Define

H
¢t _ [yptH yptH HIP 6 oH
Xj—[le,ij,...,X.] =h'xy, @.11)

where X 5 e Crlxd x 5 is a rank-one matrix when j € .; otherwise it is a zero
matrix. With a matrix defined as E; € Rk>k

H .
E; = [ek(i—1)+la Ck(i—1)+25 -+ +» eki] Vi=1,...,r, (4.12)

where e; denotes the rk-dimensional standard basis vector, a linear map <7; :
Crkxd 5 cmforl<i<r,1<j < s is given by

A (Z) = ((bicy, E;Z))), (4.13)
where Z € C"**4 and E; X 5 =X ,DJ Thus, the model (4.4) can be transformed into

N
yi=y (XD +E.Vi=1,..r. (4.14)
j=1
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The measurements {y;} are the linear combinations of the corresponding entries
of every column block in the lifted matrix X* € C"**9%, which is given by

g _bH .85 _gH g _tH
hélxéH hpx§H héSxEH
hyxi hyxy L. hy X

X = =[X§,...,XE.].

P Mo iH o H
h.xi ho,x, ... hEsxs
Instead of recovering both {h?j} and {xi.}, problem £ is solved with the recovery

of the matrix X". Notice that X® has block-low-rank and column sparse structures.
The goal is to recover X” from the observation y; fori = 1,...,r. Since X" has
block-low-rank and column sparse structures, we can establish a sparse and low-
rank optimization problem as follows:

minimize | [Ivec(X1)lz. ..., Ivee(X )21
{X;} 0

,
subject to Z ‘
i=1

rank(X;) <1, Vj=1,...,s, 4.15)

N
2
y,»—X;%(X,»ste
j=

where {X ;} € Crixd,

4.4.2 A DC Formulation for Rank Constraint

Before giving an exact DC formulation for the rank constraint, we introduce the
definition of Ky Fan k-norm.

Definition 4.1 Ky Fan k-norm [7]: the Ky Fan k-norm of a matrix X € C"*" is
defined as the sum of its largest-k singular values, i.e.,

k
X1 =) 0:(X), (4.16)

i=1

where k < min{m, n}.



66 4 Sparse Blind Demixing

Since the rank of a matrix is equal to the number of its nonzero singular values, for
any matrix X € C™*" whose rank is less than k, it can yield from Definition 4.1
that [7]:

rank(X) < k < || X[« — IX|lly = 0. (4.17)

Instead of using the discontinuous rank function, a continuous DC function || X || —
Xl can be adopted for inducing low-rankness property of a matrix.

4.4.3 DC Algorithm for Minimizing a DC Objective

Based on (4.17), problem (4.15) can be further formulated as the minimization
problem with a DC objective function:

N
minimize > (11X;1. = [[1X,]],)
) o
r N 2
subjectto Y Hyi — Z,d,-j(x,-)ﬂz <e (4.18)
i=1 j=1

To address the nonconvexity of the DC objective function, a DC algorithm based
on majorization-minimization (MM) has been proposed in [12]. At each iteration,
the DC algorithm solves a convex subproblem, given by

N
minimize (||X e — (X, Y’.’l))
{Xj} j; FALES J J

r S
2
subject to Z ‘ yi— ZMJ(XJ)Hz <e, (4.19)
i=1 j=1

where Y71 e C7F%d js g subgradient of |||XJ|||1 at X'j_1 and can be efficiently
derived from the singular value decomposition, given by

amx']ml = {Udiag(g)V" 1 q = [1,0,....0]}. (4.20)

The DC algorithm is illustrated in Algorithm 4.1.
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Algorithm 4.1: DC algorithm for problem (4.18)

Input: {27}, {y;}, upper bound €, a small value n
Output: {X 3.}
Initialisation : {X?}

1 k=1

LOOP Process
cfort=1,2,...do
Select {Y;.—1 € anx;—‘ Ik}
Solve the convex problem (4.19), and obtain the
optimal solution {X".}

it Y (x5 — ||
break

end if

: end for

: return {X’/}

Rl

1) < n then

XD N

4.4.4 Simulations

In this section, we conduct numerical experiments to compare the proposed DC
approach with the convex relaxation methods for empirical recovery performance
and test the robustness against noise.

For j ¢ .7, set the ground truth data signal as xi. = 04, and for j € .7, xi-
is drawn i.i.d. from the standard complex Gaussian distribution. Both the channel
states {hf j} and matrices {C ;} are drawn i.i.d. from the standard complex Gaussian
distribution. To measure the accuracy of estimation, the relative construction error
is defined as

I X - X%
Noaym b et

where the ground truth matrices are denoted as {X i.}, and {X;} are the estimated
matrices.

We compare the empirical recovery and robustness performance of the following
four algorithms:

error(X) = (4.21)

¢ DC algorithm (DCA): The termination criterion is either the iteration number
. s t t -6
exceeding 200 or Zj=1(||Xj||* — H‘Xj ‘l) < 107°.
* mixed norm minimization(MNM): The regularization terms A; and A are
chosen via cross validation.
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Fig. 4.1 Probability of successful recovery with different sample sizes m

* nuclear norm minimization (NNM): The algorithm is similar to MNM except
forAii =1,1, =0.

e ¢1/€>-norm minimization(LNM): The algorithm is similar to MNM except for
A =0,1=1

The empirical recovery performance of the above four algorithms is investigated
in the noiseless scenario under the setting of k = 5,d = 20, s = 10, |.¥| = 4,
and r = 3. For each setting, 20 independent trails are performed and the recovery is
regarded as a success if the error(X) < 1072, Figure 4.1 shows the performance of
recovery with varying the number of measurements.

The robustness of the four algorithms with respect to noise is further investigated.
The noise §; is generated as

Zi

L Vi=1...r, (4.22)
llzil

§i=o-lyl

where z; € C™ is the normalized standard Gaussian vector. Under the setting of
k=5d=20,s =10, || =4,r = 3, and m = 670, 20 independent trails
are performed with respect to different o. Figure 4.2 illustrates the average relative
error in dB against the signal-to-noise-ratio (SNR). It shows that DCA enjoys a
higher accuracy of reconstruction than other algorithms.
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Fig. 4.2 Robustness under different SNR(dB)

4.5 Smoothed Riemannian Optimization on Product
Manifolds

Another line of literatures have developed efficient nonconvex algorithms to solve
the sparse and low-rank optimization problem [8, 13] in the natural vector space
via matrix factorization. For instance, an alternating minimization approach was
developed in [8] for solving the sparse blind deconvolution problem. However, the
additional group sparsity structure of the sparse blind demixing problem (4.6) brings
unique challenges to develop the nonconvex optimization paradigm. To address this
challenge, a smoothed Riemannian optimization approach is introduced to solve
sparse blind demixing problem [4], thereby achieving better performance with
low computational complexity. More details on the manifold optimization can be
referred to Sect. 3.4.3.

4.5.1 Optimization on Product Manifolds

To begin with, problem (4.6) is formulated as a regularized optimization problem
under fixed-rank constraints. Fork =1, ...,s, j =1, ..., m, define

c; =7, 00" e CVE . dy; = (0] a7 e CVTK,
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it yields
MMidyy = b hixflay;, (4.23)
where
Mk = wkw,'j € S1+K (4-24)
is a Hermitian positive semidefinite matrix with
w = [, xH1™ e VK. (4.25)

Hence, problem (4.6) can be represented as the optimization problem on the product
of Hermitian positive semidefinite matrices:

m N 2
L H
minimize E 1 ‘kg 1 c;Mydyj —yj| +Arf(M)
]= =

subjectto rank(My) =1, k=1,...,s, (4.26)

where M = {M k}izl with M}, € ST’K , A > 0 is the regularization parameter, and
f (M) is the function to induce the sparsity structure. Here, M is in the space of
the manifold encoded by complex symmetric rank-one matrices, i.e., My € .#} [5].
It yields that M € .#°, where

M= M X My X X M (4.27)
represents the product of manifolds .#;. By exploiting the quotient manifold
geometry of the product of complex symmetric rank-one matrices, computationally

efficient Riemannian optimization algorithms can be developed on product mani-
folds.

4.5.2 Smoothed Riemannian Optimization

The smooth objective function is normally required [1, 11] in order to develop
Riemannian optimization algorithm for solving problem (4.26). To achieve this goal,
the smoothed ¢ /£;-norm is introduced, represented as

fon =Y (1miy ) (428)
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with € > 0 as the smoothing parameter with a small value. This can be used for
inducing the group sparsity structure in vector

vec(M) = [vec(M )", ..., vec(M)MM. (4.29)

Therefore, the proposed smoothed Riemannian optimization approach over the
product manifold .#* for sparse blind demixing problem (4.6) is given by

m N 2
o« . . H
minimize Z} | ;cj Mydij — y;| +7fo(M), (4.30)
j: =

where the objective function is smooth and the constraint is a manifold.

Due to the geometry of the product manifolds, the Riemannian optimization
algorithms developed on the product manifold .#* can be elementwisely operated
over the individual manifolds .#} [5]. For individual manifold .#}, the descent
direction is detected on the horizontal space of the manifold and then retract it on
the manifold via retraction operation. Therein, the detection of the descent direction
can be achieved by the Riemannian optimization algorithms, e.g., conjugate gradient
descent algorithm [1].

4.5.3 Simulation Results

In this section, to illustrate the advantages of the smoothed Riemannian optimization
for solving the sparse blind demixing problem (4.30), the Riemannian conjugate-
gradient descent algorithm (RCGD) is compared with the other three algorithms
mentioned in Sect.4.4.4, i.e., nuclear norm minimization (NNM), £/€>-norm
minimization (LNM), and mixed norm minimization (MNM). Here, the RCGD
algorithm adopts the initialization strategy in [5] and stops when the norm of
Riemannian gradient falls below 10~8 or the number of iterations exceeds 500.

The empirical recovery performance of the above four algorithms, i.e., RCGD,
NNM, LMN, and MNM, are investigated under the settingof N = K = 10, s = 10,
|</| = 3. For each setting, 30 independent trails are performed and the recovery
is considered as a success if err(x) < 1072. Figure 4.3 illustrates the probability
of successful recovery with respect to different sample sizes m. It shows that the
smoothed Riemannian optimization algorithm achieves much better performance
than other algorithms. That is, it exactly recovers the ground truth signals with less
samples.
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Fig. 4.4 Average relative construction error vs. SNR (dB)

The average relative construction error of the four algorithms is further investi-
gated to explore the robustness of the proposed smoothed Riemannian optimization
algorithm against additive noise. The four algorithms for each level of signal-to-
noise ratio (SNR) 1/0 are compared in the setting of m = 550, N = K = 10,
s = 10, |./| = 3. For each setting, 20 independent trails are performed. The average
relative construction error in dB against the SNR is showed in Fig.4.4, which
demonstrates that RCGD is robust to the noise and can achieve better performance
than other algorithms.
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4.6 Summary

This chapter introduced a sparse blind demixing model with both single-antenna and
multi-antenna BSs for joint device activity detection, data decoding, and channel
estimation in IoT networks with the grant-free random access scheme. It enjoys
attractive advantages by removing the overhead caused by channel estimation
sequence and device activity information. According to the simultaneous group
sparse and low-rank variables in the sparse blind demixing model, the convex
relaxation approach based on the norm minimization was first introduced. To
further pursue higher accuracy of signal reconstruction compared to the convex
relaxation approach, the approach that minimizes the difference-of-convex (DC)
objective functions was developed. Another line of works has been focused on
establishing Riemannian manifold to characterize the structured variables in the
sparse blind demixing model. It is also interesting to further investigate the geometry
property, i.e., group sparsity and low-rankness, of the sparse blind demixing model,
thereby facilitating to design efficient algorithms with satisfactory performance,
i.e., low sample complexity or high accuracy of estimation. A rigorous theoretical
analysis on the sparse blind demixing problem is also of interest for future study, to
characterize the number of measurements required for exact recovery.
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Chapter 5 ®
Shuffled Linear Regression Qe

Abstract In this chapter, we shall introduce a shuffled linear regression model for
joint data decoding and device identification in IoT networks. It is first formulated as
a maximum likelihood estimation (MLE) problem. To solve this MLE problem, two
algorithms are presented: one is based on sorting, and the other algorithm returns an
approximate solution to the MLE problem. Next, theoretical analysis on the shuffled
linear regression based on the algebraic-geometric theory is presented. Based on
the analysis, an algebraically initialized expectation-maximization algorithm is
introduced to solve the problem.

5.1 Joint Data Decoding and Device Identification

In the massive IoT scenario, the device identity information plays a vital role in
differential updates, spatial correlation [12], and multi-stage collection [11], for
which sensors are used to reconstruct the spatial field. It would take excess time
if the identity information has to be collected regularly. Hence, a significant gain
in the efficiency of communication procedure can be obtained by excluding the
identification information in the header of the packet structure. This yields a joint
data decoding and device identification problem at the BS, which may also act as a
data fusion center. To achieve this goal, a shuffled linear regression has been recently
investigated in a line of literature [9, 10, 14, 15] that can be exploited to remove
the metadata used for device identification. The shuffled linear regression for
identification-free communication is illustrated in Fig.5.1. Considering a massive
sensor network that contains m sensor nodes to capture the parameter data x € R”
generated from n devices, a shuffled linear regression can be represented as

y=1IAx, 5.1)

where y € R™ is the permuted signal received at the BS, A € R™*”" is an
encoding matrix, and IT is an unknown m X m permutation matrix whose i-th
row is the canonical vector el(l.) of all zeros except a 1 at position 7 (i). The
recovery of the shuffled linear regression (5.1) enables the BS to decode the signal
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[ x™ Source Vector ]
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Unknown Permutation IT*

l

[ Y+ () ] [ Yo ] ... Yt (m)

Fig. 5.1 An example to illustrate the shuffled linear regression for identification-free
communication

x = [x1,...,x,]" corresponding to each device from subsampled and permuted
measurements y. A simple linear shuffled model is illustrated in Example 5.1.

Example 5.1 Consider a senor network with three sensor nodes and two devices.
Assume that the parameter data x and the encoding matrix are given by

1 2

A=1|-2 4 and x = [i] 5.2)
0 -5
Based on a permutation matrix I1, i.e.,
001
nmI=1100 (5.3)
010
it yields a shuffled linear model:
001 11 -20
y=HO-Ax=]100 10 [=| 11 |. (5.4)
010] [—20 10

Recently, important theoretical advances have been made to understand this
problem, which can be mainly separated into three types: statistical approaches,
algebraic geometry approaches, and alternating minimization approaches. For
statistical approaches, the works [2, 4, 13] have developed algorithms based on



5.2 Problem Formulation 77

the maximum likelihood estimator xj, given by

(I, xm1) = argmin ||y — H*Ax*||2.
IT* x*

In addition, the conditions when the estimator recovers the ground truth in (5.1),
i.e., Iy, = IT, have been established in the works [9, 13].

When the ratio of shuffled entries to all of the data entries is small, one may apply
alternating minimization or multi-start gradient descent to solve (5.9) [2], which is
an NP-hard problem for n > 1 [15]. Due to high nonconvexity, such methods are
very sensitive to initialization. This issue is addressed by the algebraically initialized
expectation-maximization method proposed in [15], which uses the solution to
the polynomial system of equations mentioned above to obtain a high-quality
initialization. This approach is robust to small levels of noise, efficient for n < 5,
and is able to handle fully shuffled data.

In the following, we will first demonstrate that the shuffled linear regression
provides a way to achieve joint data decoding and device identification. Further-
more, two types of methods for solving the estimation problem in the shuffled
linear regression will be introduced along with theoretical analysis, which include
a maximum likelihood estimation based approach and an algebraic-geometric
approach.

5.2 Problem Formulation

Consider a massive sensor network that contains m sensor nodes. Based on the
correspondence pairs {u;, y; }. [P the aim is to find the parameter vector
x=[x1,..., %] €eR"

that characterizes the environment information, e.g., temperature, humidity, and
pressure. The measurements are given by

vi=ajx, Vj=1,...m, (5.5)
aj :=lai(;),...,anp]’, (5.6)

where a; : R® — R are known functions. The shuffled linear regression (5.5) can
be considered as a special type of data corruption where the correspondences are
missing. It can support identification-free communications, where the identification
information, i.e., correspondences in the model (5.5), is excluded from the packet
structure.
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Given functions of the input samples represented in (5.6), i.e.,

A=lay,...,a,] eR™", (5.7)
and a shuffled signal y = [y}, ...,y jm]T € R™ with the unknown shuffling indices
J1s+-+» jm, We have

y=U)"TAx +w e R", (5.8)

where x € R”, Il is an m x m permutation matrix, and the vector
w~ N0,0°1,,)

represents the additive Gaussian noise. The goal of the shuffled linear regression is
to efficiently estimate both the signal x and the permutation matrix IT from y. Thus,
joint data decoding and device identification in the IoT network is achieved.

5.3 Maximum Likelihood Estimation Based Approaches

Several methods have recently been developed to solve the shuffled linear regression
problem. Specifically, the estimation of shuffled linear regression can be achieved
via the maximum likelihood estimator (MLE) [2, 9, 13]:

(ﬁML, XML) = argmin ||H*y — Ax*™ ||2 . (5.9)
T, x*

Based on this estimator, several algorithms have been developed and the theoretical
analyses have been established, e.g., [2, 4, 16]. It shows that I ML is divergent from
IT in (5.8) with high probability if the SNR is not large enough [4]. The detailed
guarantees will be discussed in Theorems 5.1 and 5.2. Furthermore, [16] shows that
if the SNR approaches infinity, Xy approaches x in (5.8). Moreover, advanced
algorithms based on algebraic-geometric approaches proposed recently to address
the computational issue will also be introduced.

5.3.1 Sorting Based Algorithms

The paper [9] analyzed the shuffled linear regression problem under the assumption
that the entries of the matrix A are drawn i.i.d. from a standard Gaussian distribution.
The paper [9] established sharp conditions on the sample size m, dimension n, and
SNR, under which IT is exactly recoverable. From the computational point of view,
the paper [9] demonstrated that the maximum likelihood estimate of IT is NP-hard
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to compute, and it proposed a polynomial-time algorithm based on sorting, which is
introduced in the sequel.

Theorems 5.1 and 5.2 in the following provide the statistical properties of the
MLE (5.9). Based on the maximum likelihood estimator (5.9), an upper bound on
the probability of error of n ML is provided in the following theorem given by [9]
with c¢1, ¢ > 0.

Theorem 5.1 Foranyn < mand e < /m, if

2
log (@) > (clL + 6) logm, (5.10)
o m-—n

then ]P’{ﬁML £ M) < com™%.

Furthermore, the lower bound on the probability of error of n ML is provided as
follows.

Theorem 5.2 Forany s € (0, 2), if

2
2+ log (l—l—@) < (2 —46)logm, (5.11)
o

then P{ﬁ £ I} > 1 — cze~ " for any estimator 1.

We can conclude from Theorem 5.2 that if condition (5.11) is satisfied, the
recovery probability approaches 1 when m tends to infinity.

Since Eq.(5.9) requires a combinatorial minimization over n! permutations,
advanced algorithms are needed to compute n mL efficiently. To begin with, the
maximum likelihood estimate of the permutation is represented as [9]

My = argmin || Py 15, (5.12)
where
Pr=I1-MAATA)\(TA)".

When n = 1 and representing the design vector as a, Eq. (5.12) can be represented
as

71 T 112
My = argmax [lay
= arg max max {agy, —agy}
n

= argminmax { lan = y13. llam + y13}. (5.13)
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The polynomial-time algorithm illustrated in Algorithm 5.1 is developed based
on (5.13). This is achieved based on the fact that for fixed vectors x and y,

lxm =yl

can be minimized for IT by sorting x according to the order of y. The theoretical
analysis of Algorithm 5.1 from the computational points of view is illustrated in
Theorem 5.3.

Algorithm 5.1: Exact algorithm for implementing Eq. (5.12)

Input: design vector a, observation vector y
1 II| < permutation that sorts @ according to y
2 Il < permutation that sorts —a according to y

3 Oy < argmax{lag, yl, lag, yI}
Output: IT g,

Theorem 5.3 For n = 1, the MLE estimator II ML can be computed via Algo-
rithm 5.1 in time O (mlogm) for any choice of the measurement matrix A. In
contrast, if n > 1, then Il is NP-hard to compute.

Theorem 5.3 shows that the algorithmic advantages enjoyed in the case of n = 1
cannot extend to general cases of n > 1. For n > 1 a natural method is brute force
search: for each permutation IT of the m! permutations, check whether the linear
system

HHy = Ax

is consistent, followed by solving it if it is consistent. This algorithm endows with
the complexity of &(n?(m + 1)!). An approximate algorithm that is more efficient
than the brute force has been proposed in [4], which makes progress on both
computational and statistical aspects. It is introduced in the next section.

5.3.2 Approximation Algorithm

Considering the least squares problem (5.9), an approximation approach [4] is
proposed that for any € € (0, 1), it returns an (1 4 €)-approximation in time
O(m/e)").

The approximation algorithm, shown as Algorithm 5.3, uses a careful enumer-
ation to beat the naive brute force running time of §2(n!). The “Row Sampling”
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algorithm [3] is exploited in the beginning of Algorithm 5.3 in order to narrow the
search space. The details of the “Row Sampling” algorithm [3] is presented in the
following. The “Row Sampling” is illustrated in Algorithm 5.2 with the following
notations:

e Foreachi € [n], e; is the i-th coordinate basis vector in R”.

xT(A—(+8)I)%x
o L(x,8.,A,¢ = — 0 + s)Ip)! h
(00, 4,0 ot A —o@ A T x where

oL, A) _Zl 1A(A) 7 and (% (A)) _ are the eigenvalues of A.
T l 2
(B —ul,)” T 17 -1
e U(x,$,B, - B—u'l ,
o B = gy F BT
where u’ = u+6,¢'(u, B) := >
of B.

=1 7= kl B and ()»,-(B))f?:1 are the eigenvalues

Algorithm 5.2: “Row Sampling” algorithm [3]

input Matrix A = [A --- AT e R™" suchthat ATA = I,; integer r > n.
output Matrix § = (Si.j)(i.j)ex[m] e R"™m,
1: Set Qo = 0,xn> Bo = 0y S = 0,50, 8 = (1 +m/r)(1—/n/r)~ " and 8, =1.
2: fort=0tor — 1do
3:  Letly =1 —+/rk and u; = 8(t + /mr).
4 Select i; € [m] and numbcr t; > 0 such that
Ulei,, 8, Br,ur) < & < L(Ay,, 81, @y, o).

5: Set Q.1 =0, +trAer, B.i 1 =B, +t,e,re and
Settiy, =/ r Y1 = /nfr)/Jtr.

6: end for

7: return S.

The theoretical guarantee of Algorithm 5.3 is given in the following Theorem 5.4

(4].
Theorem 5.4 Algorithm 5.3 returns X € R" and n satisfying

|y — A%|l; < (1+e)min |y — Ax|3.

It shows that Algorithm 5.3 enjoys recovery guarantees for x and II when the data
come from the Gaussian measurement model (5.8). Moreover, the overall running
time is &((m /€)®) which is remarkably lower than that of naive brute force search,
ie., 2(n!).
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Algorithm 5.3: Approximation algorithm for least squares problem (5.9)

Input Sample matrix A € R™*"; observation y € R™; approximation parameter € € (0, 1).
Assume ATA = I,.
Output Parameter vector X € R” and permutation matrix .
1: Run Algorithm 5.2 with input matrix A to obtain a matrix § € R"*" with r = 4n.
2: Let 2 be the set of vectors b = (by, by, ..., b,)" € R" satistying the following: for each
i €[n],

e if the i-th column of S is all zeros, then b; = 0;
 otherwise, b; € {y1, y2,.--, Yn}-

3: Letc:= 1 +4(1 + /m/(@n))>.

4: foreach b € £ do

5:  Compute ¥p € argmin, g [|S(b — Ax)|3, and let rp := ming [Ty — A% |3

6: Construct a \/erp /c-net 44 for the Euclidean ball of radius /crp around X3, so that
for each v € R¥ with |[v — %32 < Jcrp, there exists v’ € .43 such that
lv—v'll2 < Verp/c.

7: end for

8: return X € argmin min [Ty — Ax||% and IT € argmin |y — Afcll%.

x€Upew b n

However, the approximation guarantee is not robust to even mild levels of
noise. Thus, it motivates other advanced algorithms, e.g., alternative minimization
approaches [1] and algebraic geometric approaches [15].

5.4 Algebraic-Geometric Approach

Recently, the paper [1] proposed a practical algorithm for solving shuffled linear
regression (5.9) via alternating minimization: estimating IT* via sorting an estimate
&* and estimating £* via least-squares given an estimate IT*. Nevertheless, this
approach is very sensitive to initialization and generally works only when the
observation data is partially shuffled. To address the limitations of alternating
minimization approach, the paper [15] proposed an algebraic geometric approach,
which uses symmetric polynomials and leads to a polynomial system of n equations
in n unknowns, containing x in its root locus.

Based on algebraic geometry theory, the paper [15] proved that this polynomial
system is consistent with at most n! complex roots as long as the independent
samples are generic. This fact implies that this polynomial system can always be
solved, and its most suitable root can be used as initialization to the expectation
maximization (EM) algorithm.
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5.4.1 Eliminating II via Symmetric Polynomials

Prior to introducing the algebraically initialized expectation-maximization, we first
describe the main idea of the algebraic-geometric approach to solve the shuffled
linear regression estimation problem (5.8). Denote the ring of polynomials with real
coefficients over variables

z:=121, s 2ml
as
R[z] := Rlz1, ..., Zm]-

A symmetric polynomial! p € R[z] means that it is invariant to any permutation of
the variables z, given by

p) = p(z1,..., Zm) = pQ@r(lys - - Znm)) =: p(Iz), (5.14)

where 7 is a permutation on {1, ..., m} and II is an m X m permutation matrix.
Recall the shuffled linear regression problem (5.8) in the noiseless scenario and
let (IT*, x*) with

x* = [)ci*,...,x;f]—r

being a solution. Based on a symmetric polynomial p € R[z], we get

M*y = Ax* "8 b (y) = p(IT*y) = p(Ax™). (5.15)

In (5.15), the symmetric polynomial p plays a vital role in eliminating the unknown
permutation IT* and providing a constraint that only be relative with the known
Ay,

p(x) == p(Ax) — p(y) = 0. (5.16)

We aim to find the solution x* that satisfies (5.16), thereby finding all solutions to
the estimation problem (5.8).

To achieve this goal, we first introduce the concept of algebraic variety which is
used to characterize the solutions of (5.16). Recall that the polynomial p in (5.16) is
an element of the polynomial ring R[x] in n variables x := [x, ..., x,17, and the
set of its roots, denoted as

V(p)={x eR": p(x) =0},

'We do not distinguish between p and p(z).
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is called an algebraic variety. In particular, ¥ (p) defines a hypersurface of R". Geo-
metrically, the solutions to (5.16) are the intersection points of the corresponding n
hypersurfaces

/y(ﬁl)’ U] Af/(ﬁn):

which include all solutions to problem (5.8), as well as potentially irrelevant points.
Theorems provided in Sect. 5.4.2 investigate a system of n equations in n unknowns
and the method of filtering its roots of interest is introduced in Sect. 5.4.3.

In addition, an example is provided in the following to illustrate the symmetric
polynomial.

Example 5.2 Consider the data

1 2 —20
A=|-2 4 |,y=]| 11 |. (5.17)
0 -5 10

It is simple to find that there is a unique permutation

010
m =001 (5.18)
100

that results in a consistent linear system of equations
010]]—-20 1 2 »
001 11 |=|-2 4 [ 1} (5.19)
100] | 10 0 -5 "

with solution £ = 3, £}’ = 4. Now consider the symmetric polynomial

p1(z1,22,23) = 21 + 22 + 23, (5.20)

and based on (5.16) it yields the constraint

(x1 +2x2) + (4xy — 2x1) — S5xp = =20+ 11 + 10, (5.21)
S xp—x1 =1, (5.22)
& p1(x) :== p1(Ax) — p1(y) =0. (5.23)

Indeed, we see that the solution §* = [3, 4]T satisfies (5.23).
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5.4.2 Theoretical Analysis

The theoretical analysis on symmetric polynomials for both exact and corrupted
data are provided in the following.

5.4.2.1 ExactData

As Example 5.2 suggests, a natural choice for n symmetric polynomials are the first
n power sums

pi(2) € Rzl :=Rlz1,...,zml, k € [n]:={1,...,n},
denoted as
pr(@) =25+ 42K (5.24)

Based on (5.16), we conclude that any solution £* of (5.8) in the noiseless scenario
must obey the polynomial constraints

pr(x) =0, k e[n], where (5.25)

Pr(x) == pe(Ax) — pr(p) = D (@] 0)F =Yy, (5.26)
i=1 j=1

and alT presents the ith row of A. The following theorem provides a theoretical
guarantee that the number of other irrelevant solutions must be finite.

Theorem 5.5 ([15]) Assuming A is generic and y is some permutation of a vector.
The algebraic variety

,V(ﬁla ‘--,ﬁn)
consists of all

E],...., &l eR"
such that there exists permutations
my,....mO;
with
I’y = AE}, Vi € [€],

while it may include at most n! — € other points of C".
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Theorem 5.5 demonstrates that the system of polynomial equations
pi(x) == pu(x) =0, (5.27)

always has a finite number of solutions in C" (at most n!), which contain all possible
solutions £7, ..., &, € R" of problem (5.8).

5.4.2.2 Corrupted Data

The following theorem addresses the issue of corrupted data which is common in
practical applications. Considering the corrupted data which is denoted as A, y, the
linear system can be represented as

My = Ax. (5.28)

There exists a permutation IT = IT" such that (5.28) is approximately consistent, if
the degree of corruption is sufficiently small. In order to get an approximate solution
of (5.28), a corrupted power-sum polynomial is defined as

Pr(x) = pr(Ax) — pe(3), k € [n], (5.29)

and the polynomial system 2 is considered, given by

pr=--=py=0. (5.30)

These are n equations of degrees 1,2, ...,n with n unknowns. The system of
polynomial equations (5.30) with respect to corrupted data is investigated in the
following theorem.

Theorem 5.6 ([15)) If A is generic and § € R™ is any vector, then ¥ (p1, . .., pn)
is non-empty containing at most n! points of C".

Theorem 5.6 demonstrates that the system of polynomial equations (5.30) always
has at least one solution. We can conclude that an approximate solution to the
shuffled linear system (5.28) lies in a finite number of solutions of the system (5.30).
Theorems 5.5 and 5.6 provide theoretical guarantees for developing algebraical
method to solve the shuffled linear regression problem. The algorithm, called
algebraically initialized expectation-maximization, is introduced in the next section.

5.4.3 Algebraically Initialized Expectation-Maximization

If there is a unique solution &§* to the shuffled linear regression problem (5.8),
Theorem 5.5 ensures that £ is one of the finitely many complex roots of the
polynomial system (5.25) of n equations in n unknowns. Moreover, in the case of
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corrupted data, Theorem 5.6 ensures that the system is consistent with L < n!
complex roots, and if the corruption degree is modest, one of the roots can be a
good approximation to the maximum likelihood estimator (MLE) é ML (5.9). Thus,
the goal is to filter that root and refine it.

Particularly, several state-of-the-art polynomial system solvers [5] can be
exploited to solve the polynomial system of equations (5.25). With the computed
roots

~

Sl,...,éLECn,LSVZ!,

of the polynomial system, only their real parts

EDr, - EDR

are retained, which can be used for obtaining an approximation to the ML estimator

é mL- This is achieved by selecting the root that yields the smallest £, error among
all possible permutations IT:

éAI = all%g‘l%n {rrll%n HHy—A(éi)RHZ}. (5.31)

Furthermore, the algebraic initialization é a1 1s utilized as an initialization to the
expectation maximization algorithm [1] which implements alternating minimiza-
tion to solve (5.9). This method is called Algebraically Initialized Expectation-
Maximization (AI-EM) [15] illustrated in Algorithm 5.4.

Algorithm 5.4: Algebraically initialized expectation-maximization

procedure AI-FEM(y e R, A e R™", T e N,e e R})
I pe(@ = X pk = pk(Ax) = pr(y), k € [n;
: Compute roots {’;‘ i cc of{ pr =0, k € [n]};
. Extract the real parts (§ )R ~, of {§ } -, cCy
: {EO’ HO} <~ argm]nEE{(E[)R}iprn ”Hy Ag”Zs
10,47 < oo, f < Moy — A&
whilet <Tand A ¢ >¢_¢ do
t<—1t+1;
§, < argmingcpn [HTr—1y — A&|2;
I, < argming [Ty — A&, ||2;
10 AfZ « 7 —|Hy— A |2
1: 7 < |y — A&;ll2;
12: end while
13: Return &,, I1,.
end procedure

RN WD
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5.4.4 Simulation Results

To further illustrate the advantage of Algorithm 5.4, we compare it with two
variations of EM algorithms that were proposed in [1]: (1) LS-EM that computes
the MLE via alternating minimization with the initialization satisfying

§o,1s = argmin ||y — A§|2; (5.32)
Eenn
(2) Soft-EM that uses the same initialization as LS-EM, but exploits a dynamic
empirical average of permutation matrices drawn from a suitable Markov chain to
optimize the permutation operation.
All methods are evaluated by measuring the relative estimation error between the
estimator é and the ground truth £*, given by

100w%. (5.33)

€12

For AI-EM, the estimation error between the best root &, of the polynomial system
is defined as

g%, == argmin [|£* — &)wll2, (5.34)
& ie[L]

and the estimator é A1 1s computed as in (5.31).
Figure 5.2 illustrates the estimation error of the three methods with fully shuffled
data under the setting of n = 3, 0 = 0:0.01:0.1 and m = 500. The simulation

1.2
1
S
5 0.8 —— ¢ :
5 —— AL-EM
S 06 ——
£ LS-EM
@ 0.4 —s— Soft-EM
0.2
0
0 0.02 0.04 0.06 0.08 0.1

Fig. 5.2 Estimation error for fully shuffled data
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results are averaged over 100 independent trials. It shows LS-EM and Soft-EM
fail. It can be explained that when the data are fully shuffled, the least-squares
initialization (5.32) exploited by both LS-EM and Soft-EM rather deviates from
the ground truth &*.

5.5 Summary

This chapter summarized a shuffled linear regression model to support joint data
decoding and device identification, thereby reducing the overhead in massive con-
nectivity systems. The methods developed for solving the shuffled linear regression
estimation problem are presented in this chapter from the numerical and theoretical
points of view. The methods can be mainly categorized into two types: maximum
likelihood estimation based approach and algebraic geometric approach. Besides
the application introduced in this chapter, the shuffled linear regression method
and its variations arise in many applications, e.g., image processing [6], user de-
anonymization [8], and correspondence estimation [7]. Recently, an abstraction of
shuffled linear problems which is called homomorphic sensing has been studied
in [14], and an algebraic theory for homomorphic sensing has been developed. The
paper [14] provides the first working solutions for the unlabeled sensing problem for
small dimensions. It is still a principle direction of study to develop more efficient
algorithms and corresponding theoretical guarantees for homomorphic sensing.
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Chapter 6 ®
Learning Augmented Methods Gk

Abstract In this chapter, we introduce some cutting-edge learning augmented
techniques to enhance the performance of structured signal processing. We start
with compressed sensing under a generative prior, which can better capture the
underlying signal structure than the traditional sparse prior. We then present
learning augmented techniques for the joint design of measurement matrix and
sparse support recovery for the sparse linear model (e.g., compressed sensing).
Furthermore, several deep-learning-based AMP methods for the sparse linear model
are introduced, including learned AMP, learned Vector-AMP, and learned ISTA for
group row sparsity.

6.1 Structured Signal Processing Under a Generative Prior

Recall the sparse linear model defined in (2.3). The sparse signal x can be recovered
via solving a convex optimization problem known as Lasso [21]:

A .
& =argmin ||y — Ax||3 + Allxlli, (6.1)

where the parameter A > 0 controls the sparsity level. Instead of focusing on
the sparsity of x in (2.3), the paper [3] has recently estimated X based on the
structure derived from a generative model. It demonstrates that the data distribution
can be identified by neural network based generative models, e.g., variational auto-
encoders (VAEs) [12] and generative adversarial networks (GANSs) [8]. The neural
network based generative model learns a generator G(z) : z € R¥ — G(z) € R”
that maps a low dimensional space z to the high-dimensional sample space. This
generator is trained to generate vectors that approximate the vectors in the training
dataset. Here, the generator characterizes a probability distribution over vectors
in the sample space, and based on the training dataset, the generator is trained to
allocate higher probabilities to more likely vectors. Thus, the notion of a vector in
certain space can be generally captured by a pre-trained generator. It was shown in
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Fig. 6.1 The performance of compressed sensing under generative models

[3] that a vector in the space of a given system setting is close to some point in the
range of G.

The paper [3] also proposed an algorithm that exploits generative models to solve
the compressed sensing problem. This algorithm optimizes the variable z € R¥
via gradient descent such that the corresponding generator G(z) yields a small
measurement error, i.e.,

IAG(z) — yli3. (6.2)

Even though the objective function (6.2) is nonconvex, it was empirically demon-
strated in [3] that gradient descent works well, and can yield significantly better
performance than Lasso with relatively few measurements. Figure 6.1 illustrates
the comparison of signal reconstruction from compressed linear measurements with
the sparse linear model and a generative model, i.e., VAE. The experiment is run
on the MNIST dataset, a classic 10-class hand-written digit classification dataset.
Each pixel value of an image is either 0 (background) or 1 (foreground), so the
digit images are reasonably sparse in the pixel space. Three different algorithms
are considered: the classic Lasso algorithm for the sparse linear model in the pixel
space, and two algorithms, “VAE” and “VAE+Reg,” for the generative model with
loss functions

IAG(z) — ylI3,
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and
IAG(z) — ylI3 + * Izl ,

where G (z) is the generative model trained on the MNIST dataset. This result shows
that signal reconstruction with generative models requires 10x fewer measurements
than a conventional sparse linear model to achieve 10% error.

The paper [3] provided the theoretical performance guarantee. Specifically, it
was demonstrated that, as long as a good approximate solution to the objective (6.2)
is found by gradient descent, the generator G(z), which yields the closest possible
point in the range of G, will be sufficiently close to the ground truth x*. The proof
provided in [3] relies on the set-restricted eigenvalue condition which is a general-
ization of the restricted eigenvalue condition (R EC). Moreover, [3] shows that for
some generators, e.g., VAEs and GANs, random Gaussian measurement matrices
can satisfy the set-restricted eigenvalue condition with high probability. That is, for
d-layer neural networks, O (kd log n) Gaussian measurements sufficiently guarantee
high-accuracy reconstruction with high probability. Specifically, the result states as
below.

Theorem 6.1 ([3]) Assuming that G : R¥ — R is an L-Lipschitz function, and
A € R™" is a random Gaussian matrix for m = O (klog %), obeying A;j ~
N(0, 1/m). For any x* € R" and observation y = Ax* + ), let the estimator Z
minimize (6.2) to within additive ¢ of the optimum over vectors with ||Z||2 < r. Then
with 1 — e~ probability, there is

IG(Z) —x*l2 <6 min 1G(z*) — x*[l2 + 3linll2 + 2& + 26. (6.3)
z*eR
llz*lla<r

The first two terms on the right-hand side of (6.3) identify the minimum error of
any vector in the range of the generator and the norm of the noise, respectively.
The third term & comes from the distance between the global optimum and the
convergence result generated by gradient descent.

The results of [3] have inspired lots of follow-up studies. Recently, the paper [23]
proposed a novel framework that significantly improves both the performance and
speed of signal recovery by jointly training a generator and the optimization process
for reconstruction via meta-learning. The paper explored training the measurements
with different objectives, and derived a family of models based on minimizing
measurement errors. We will provide an overview of this work in Sect. 6.2.

Besides the compressed sensing problem, the generative prior has also been
applied to the blind image deconvolution problem [1]. It can also provide some
insights on applying the generative prior in the blind demixing problem introduced
in Chap. 3 and the sparse blind demixing problem introduced in Chap. 4.
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6.2 Joint Design of Measurement Matrix and Sparse Support
Recovery

The design of the measurement matrix in compressed sensing is of critical impor-
tance for both practical implementation and performance enhancement (e.g., achiev-
ing a better compression or allowing a higher signal reconstruction quality). Thus, it
has received intensive attentions, and good progresses have been made. Learning
augmented techniques have recently exploited in joint design of measurement
matrix and sparse support recovery. This section first introduces basic methods for
solving this problem, followed by the learning augmented methods.

Sample Scheduling The paper [10] proposed an adaptive CS based sample
scheduling mechanism (ACS) with respect to different per-sampling-window bases
for wireless sensor networks. For each basis, given a sensing quality, ACS estimates
the minimum required sample rate, thereby correspondingly adjusting sensors’
sample rates.

Sensing Matrix Optimization To optimize sensing matrices, some techniques
known as mutual coherence minimization [6, 7, 14, 24] are developed, without
additional assumption on the class of acquired signals. Another line of research
shows that better results can be achieved with some priors on the input signal. For
instance, when the energy of the signals to be acquired is not evenly distributed,
i.e., when they are both sparse and localized. Mathematically, for the sparse signal
x in compressed sensing (1.5), it holds that E(xx ) is not a multiplier of the
n x n identity matrix I,. To characterize this property, the paper [14] introduced
a design criterion, which is called rakeness, to identify the amount of energy that
the measurements seize from the acquired signal. The proposed rakeness approach
[14] aligns statistical properties of the compressed sensing stage with that of the
input signal x, while simultaneously preserving conditions for a correct signal
reconstruction required by the standard compressed sensing theory.

Following the idea proposed in [14], the paper [15] proposed sensing matrix
optimization techniques that exploit statistical properties of the process generating
X in compressed sensing (1.5). One method is nearly orthogonal CS, which is based
on a geometric constraint enforcing diversity between different compressed mea-
surements. Another method, named, maximum-energy CS, is a heuristic screening
of candidate measurements that relies on a self-adapted optimization procedure.

Learning Augmented Methods Recent works [13, 17, 18, 22, 23] consider joint
design of signal compression and recovery methods using auto-encoder [13, 17,
18, 22] and generative adversarial networks (GAN) [23] in deep learning. In
particular, linear compression for real signals was considered in [18, 22]; nonlinear
compression for real signals was considered in [17, 23]. The paper [13] studied
linear compression for complex signals.
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The fundamental idea of joint design of signal compression and recovery
methods using auto-encoder [13, 17, 18] can be summarized as follows.

* Collect an input signal x ) from a training set Zirain = {x V}_,.

* Reconstruct input’s components and reduce its dimensionality via d layer
operations such as convolutional layer [17], linear reduction mapping [18], etc.
Denote the set of parameters at d layers as 2 = {W;, b j}i‘:l-

¢ Take undersampled measurements.

¢ Increase measurements dimensionality via operations such as convolutional
layers [17], nonlinear inverse mapping [18], etc.

* Convert the output to a reconstructed signal. Denote this mapping from original
signals to reconstructed signals as ¥ = % (x, £2).

The mean-squared error (MSE) can be adopted as a loss function over the training
set Prain

L@ = %i”ﬁ*(x,g)—x“)’z. (6.4)
i=1

The stochastic gradient descent (SGD) or ADMM optimizer [11] can be applied for
minimizing .’ (£2) (6.4) and learning parameters. Recently, the work [13] extended
the methods in [17, 18] to joint linear compression and recovery methods for
complex signal estimation, which is more challenging. The proposed architecture
includes two components, an auto-encoder and a hard thresholding module. The
proposed auto-encoder successfully deals with complex signals via exploiting
standard auto-encoder for real numbers. The key technique is to establish the
encoder which mimics the noisy linear measurement process. The model for
complex numbers in compressed sensing, i.e.,

y=Ax+z,

can be equivalently expressed via the following two expressions of real numbers:

R(y) = RARE) — I(A)I(x) + R(2), (6.5)
3(y) = J(AN(x) + RAI(x) + 3(z). (6.6)

Besides the decoders mentioned above, a recent paper [22] presented a ¢4
decoder to learn linear encoders that adjust to data. The convex and non-smooth ¢4
decoder cannot be trained via standard gradient-based, i.e., gradient propagation. To
address this issue, the paper [22] relies on the idea of unrolling the convex decoder
into T projected subgradient steps. Denote the £;-minimization as:

L(A,y) :=arg min ||x||; s.t. Ax =y. 6.7)
xeRd
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Mathematically, given a training set Zin, the problem of finding the best A can be
formulated as

N
min A) = x® L A, Ax D)3
min_f(4) ; I ( )3

Here L(-, -) is the £1 decoder defined in (6.7). Unfortunately, it is difficult to com-
pute the gradient of f(A) with respect to A, due to the optimization problem defined
in (6.7). The paper [22] addressed this issue by replacing the £1-minimization with
the iterations of T'-step projected subgradient, which approximately computes the
gradients. Define an approximate function f(A) : R"*? - R, and this procedure
can be represented as

S
f@y= > Ix@ —32D13,  where
i=1

. (6.8)
2@ = T -step projected subgradient of

L(A, Ax(i)), fori=1,...,s,

which is called unrolling.

Another type of data-driven approaches is using learning augmented generative
adversarial networks (GAN) [23] for joint design of signal compression and recov-
ery methods. The paper [23] generalized the measurement matrix A in compressed
sensing under a generative prior G4(-), i.e., (6.2). To achieve this, the paper [23]
defines a measurement function y < Fy(x) where x = G¢(z), thus both Fy and
G can be trained via deep neural networks. The key point of this generalized setting
is recovering the signal x from inverting the measurement function x <« F o I y)
via minimizing the measurement error:

Eg(y,2) = |y — Fy (G4 (D) 3. (6.9)

6.3 Deep-Learning-Based AMP

Deep learning recently has achieved great successes in many applications, which
has inspired recent developments of deep-learning-based methods for structured
signal processing. In this section, we introduce two neural network architectures
proposed in [4]. Similar to the approximate message passing (AMP) algorithms that
decouple prediction errors across iterations, the deep-learning-based AMP in [4]
decouples prediction errors across layers. In [4], the proposed methods were applied
to solve the compressive random access and massive-MIMO channel estimation in
5G networks. These methods also bring some insights on developing deep-learning-
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based AMP to solve the joint device activity detection and channel estimation
problem in massive IoT networks.

We first introduce the “learned AMP” network proposed in [4], followed by
the “learned VAMP” network [4] that offers increased robustness to deviations in
the i.i.d. Gaussian measurement matrix. In both cases, the linear transforms and
scalar nonlinearities of the network are simultaneously learned. An straightforward
interpretation of learned VAMP is demonstrated in [4] that with i.i.d. measurements,
the linear transforms and scalar nonlinearities established by the VAMP algorithm
follow the values learned through back-propagation. Furthermore, we introduce a
learned-based algorithm for group row sparsity (LISTA-GS) to estimate the sparse
linear model (2.8) in the multiple-antenna scenario in Sect. 6.3.3.

Y=00+N. (6.10)
Besides the approaches introduced in this section, the authors in [9, 16, 20, 25]
exploited properties of sparsity patterns of real signals [9, 16, 25] and complex

signals [20] from training samples using data-driven approaches based on deep
learning, which also brings some insights for future study.

6.3.1 Learned AMP

For compressed sensing (2.3), i.e.,
y=Ax+n,
where y € CL, x e CV,
neCl~%N 0,061 (6.11)

is the additive white Gaussian noise, the sparse signal x can be estimated by
Lasso (6.1) given by

. .
¥ =argmin Z|ly — Ax|3 + Al

It can be solved by the approximate message passing algorithm (2.27) introduced in
Sect.2.4.1:

. [
re=y—Ax; + M”xtnort—l (6.12a)

Xril =Ny (J?z +ATr; Ilrz||2> , (6.12b)

VM
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where the initial points are setas xo = 0,r_; = 0,7 € {0, 1,2, ...}, and ng (-; A) :
RN — RV is the “soft thresholding” shrinkage function, component wisely defined
as

[0 (r; 2)]; = sgn(r;) max{|r;| — A, O}. (6.13)

In (6.12b), « is a tuning parameter that correlates with A in (6.1). The AMP-inspired
deep networks for solving sparse linear problems have been proposed in [4], which
are introduced in the sequel.

The paper [4] established a neural network via unfolding the iterations of AMP-
£1 from (6.12), followed by learning the MSE-minimal values of the network
parameters, which is called “LAMP-£,.” The ¢-th layer of the LAMP-£; network
is represented by

X1 = Binst (32, + B;ry; j—ﬁllnlh) (6.14a)
Fepl =y — AR eer + Bz llory, (6.14b)

where the first-layer inputs are set as Xo = 0 and r¢o = y. The paper [4] refers to
networks that use fixed B over all layers ¢ as “tied,” where the LAMP-£ parameters
are 2 = {B, {a, f;}/'}. Those that depend on t, i.e., B;, are named as “untied,”
where the LAMP-£; parameters are £ = {B;, o, ﬂ,}lT:_Ol. The parameters £2 of
“tied” case and “untied” case can be further learned by minimizing the MSE on the
training data, which are illustrated in Algorithms 6.1 and 6.2, respectively. In [4], it
was demonstrated that LAMP-¢; yields a faster convergence rate than AMP from
both empirical and theoretical points of view.

Algorithm 6.1: Tied LAMP-£; parameter learning [4]
InputB=1I,00=1,8)=1
: Learn Slb‘e‘i = {B, ao}
cfort=1toT — 1do
Initialize oy = a;—1, Br = Br—1
Learn {a, 8} with fixed £
Re-learn £21¢d = {B, {og, BiYiy, ao}
end for
: Return .Q‘}efl
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Algorithm 6.2: Untied LAMP-{; parameter learning [4]

1: Learn {24} ! via Algorithm 6.1

2: Initialize Bo = I, 0 =1, Bo = 1

3: Learn 8 = (B, oo}

4: fort =1to T — 1do

5: Initialize B; = B;_1, 0, = o;—1, Br = Pr—1

6:  Learn {B,, o, B} with fixed £nied

7: SetQuicd — (B, o;, B }i_o \ Bo (“\” denotes the set difference operation)
8:  if 29 enjoys better performance than 2" then
9: Replace £2!"1¢d with £tied
10: end if
11:  Re-learn @uied
12: end for
13: Return £2yntied

6.3.2 Learned Vector-AMP

The VAMP algorithm illustrated in Algorithm 6.3 has been recently proposed in [19]
to address AMP’s fragility concerning the matrix A. Compared to the original AMP,
the VAMP algorithm enjoys lower per-iteration complexity and fewer iterations
required to convergence. The procedure of the VAMP algorithm is elaborated in
the following.

We begin with the definition of the right-rotationally invariant matrices. For the
matrix A € RE*V in compressed sensing (2.3), suppose that

A=UAVT (6.15)

satisfies that s € R’ where r £ rank(A) contains the positive singular values
of A, then A = diag(s) € R'", U'U = I,, and V'V = I,. The matrix
A is right-rotationally invariant if V consists of the first » columns of a random
matrix uniformly distributed on the group of n x n orthogonal matrices. With any
random orthogonal U and a particular distribution on s, i.i.d. Gaussian matrices
are right-rotationally invariant. The paper [19] demonstrates that with large enough
dimensions m, n, VAMP behaves well when the sensing matrix A in compressed
sensing is an i.i.d. Gaussian matrix.

The VAMP algorithm consists of two stages which endow with different
estimators: LMMSE stage with the estimator

T N : 2,0 e L
n(r,, oy, 6) =V | diag(s)” + ~_le diag(s)U 'y + ~—2V r, (6.16)
oy o

where o is the standard deviation, and the parameter 6 is given by

6:={U,s,V,ol, 6.17)
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Algorithm 6.3: Vector-AMP [19]

Require: LMMSE estimator #(-; &, é) (6.16), shrinkage 3(-; o, ®) (6.18), max iteration 7,
parameters {(u,}lT:l and 6.
1: Setinitial 7| and 6 > 0.
2: fort=1,2,..., T do

3:  // LMMSE stage:

4 % =7q(F 6, é) // estimation

50 =i (Fi; 61, é)) // divergence computation

6: re =, —ur)/(1—uay) // Onsager correction
7 of =6k /(1 — i) /1 variance computation

8:  // Shrinkage stage:

9: X =n(r:; 00, 0p) // estimation

10: u, = (n'(rs, 00, w;)) // divergence computation
11: Fro1 = (X —uer)/(1 —uy) // Onsager correction
12: 6&_1 = Utzu, /(1 —uy) // variance computation
13: end for

14: Return X7.

and a shrinkage stage with the estimator
N(re; o, o) = 15(rs; €0y), (6.18)

where 5,(-,-) is given by (6.12b). Lines 5 and 10 in Algorithm 6.3 compute
the average of the diagonal entries of the Jacobian of #(-; oy, é) and 5(-; o7, @),
respectively, which can be referred to [4] for detailed representation.

Based on VAMP illustrated in Algorithm 6.3, we move to the learned VAMP
(LVAMP) algorithm proposed in [4]. The ¢-th layer of the learned VAMP (LVAMP)
network consists of four stages: (1) LMMSE optimization, (2) decoupling, (3)
shrinkage, and (4) decoupling. The learnable parameters in the ¢-th layer are
the LMMSE stage parameters o, = {U;,s;, V;, atz} (6.17) and the shrinkage
parameters ;. Similar to VAMP, the network parameters of LVAMP are concerned
in two cases: “tied” and “untied.” In the tied case, the network parameters are
{é, {o:}7_,}, while in the untied case, it is {ét, wt},Tzl- Algorithms 6.1 and 6.2 can
be exploited to learn the LVAMP parameters for the tied case and the untied case,
respectively (with 6, replacing B, and with 0; replacing {o;, B;}).

6.3.3 Learned ISTA for Group Row Sparsity

Recall the sparse linear model (2.8) in the multiple-antenna scenario discussed in
Sect. 2.2.2, represented by

Y =SX+2Z, (6.19)

where Y € CL*M | X € CN*M endowed with group row sparsity.
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Algorithm 6.4: ISTA-GS

Require: § l~/,~ A,}te{ations.
ISTA-GS(S, Y, X, A, Iterations):

1: Initialize: X < 0, C < largest eigenvalue of S TS‘
2: fori = 1 to Iterations (%0

3 X=mnycX+ L5 (¥ - 8X))

4: end for _

5: return X.

Recall the real-valued counterpart (2.13), and the real-valued counterpart
of (6.19) can be represented as

Y=SX+7Z
_ [ﬂi{i} —%{S}} [m{)}}] [m{z}} (6.20)
ERGRIGEIR R

The following problem can be established to estimate the group sparse X:

minimize |¥ — §X |3 4+ 12 (X). 6.21)

XeR2NxM

To solve problem (6.21), we start with the ISTA for group row sparse (ISTA-GS)
illustrated in Algorithm 6.4. Specifically, in the k-th iteration, the update rule is
represented as

~ ~ 1 ~7 ~ -~ ~
= e (Xk + EST(Y _ SXk)> , (6.22)

~T ~
where C is the largest eigenvalue of matrix S° S, and 1y (x™) denotes the group soft-
thresholding function for the n-th row in matrix X (i.e., x™) [2]. Specifically, ng (x™)
is defined as

(6.23)

-0
N (x") = max {0, M}x”.

llx1l2

Such an iterative algorithm takes a large number of iterations to converge. To address
this issue, we present the LISTA-GS method, which parameterizes the iterative
method. . -

Inspired by [5, 9] and by denoting W1 = éS, Wo=1-— éS S,and 6 =
rewrite (6.22) as

, we

al>

X = Wi ¥ + woX. (6.24)
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The key idea of the proposed LISTA-GS method is to view matrix Wy, matrix W,
and scalar 6 in (6.24) as trainable parameters. As a result, (6.24) can be modeled
as a one-layer RNN. Moreover, the unrolled RNN with K iterations for group row
sparse can be expressed as

X o W+ WERS k=01, K — 1, (6.25)

where all parameters @ = {Wk, W’;, 9"} 1{(:—01 are trainable. This is a main difference
from the problem formulation in (6.22).

6.3.3.1 Simulations Results

In this section, we present the simulation results of the LISTA-GS method for the
joint device activity detection and channel estimation, and compare the results with
that of the ISTA-GS method.

In simulations, we generate the signature matrix according to the complex
Gaussian distribution, i.e., S ~ € .47(0, I). The channels are assumed to suffer from
independent Rayleigh fading, i.e., H ~ ¥.4(0, I). In addition, we set the length
of the signature sequence (L), the total number of devices (), and the number of
antennas at the BS (M) as 100, 200, and 2, respectively. Each entry of the activity
sequence {ay, ..., ay} follows the Bernoulli distribution with mean p = 0.1, i.e.,
P(a, = 1) = 0.1 and P(a, = 0) = 0.9, Vrn € 4. After normalizing S,
we transform all these complex-valued matrices into real-value matrices according
to (6.20). Hence, we obtain the training data set {f( ;k, 17,-}{\’: |- In the training stage,
the batch size is set to be 64 and the validation set contains 1000 samples. The
learning rate is set to be 1073, In the testing stage, 1000 samples are generated
to test the trained LISTA-GS model. As for ISTA-GS, we set A = 0.2, 0.1, and
0.05. We choose K = 16 layers for the LISTA-GS method in all the simulations.

~ ~T ~
Furthermore, we initialize the parameters as WP = %S, W2O =1 — %S S, and
g =01
=%
We adopt the normalized mean square error (NMSE) to evaluate the performance
of LISTA-GS and ISTA-GS in recovering the real-valued X, defined as

Eni—i*n%)

= (6.26)
EIX"3

NMSE(X, X*) = 10log,, (

where X~ represents the ground truth and X is the estimate obtained by the ISTA-
GS and LISTA-GS methods.

As suggested in [5], we train the LISTA-GS model by adopting the layer-
wise training strategy, which has been widely used in the previous ISTA models.
To stabilize the training process, we add two decayed learning rates, i.e., f; =
0.280 and B, = 0.028,, where fo is the initial learning rate. Note that @ =
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(W, Wzk , 0k }}'{:0 are all the weights from layer O to layer i and m(-) is the learning
multiplier. We train the RNN layer by layer and the training process of each layer is
described as follows:

* Suppose that @'~! is pre-trained for layer i. Initialize the learning multipliers
m(W), m(W}), m@©®") = 1.

* Train {W}, W}, 60'} with .

+ Multiply the learning multiplier to their weights and train @ = @'~! U
(Wi, Wi, 60} with B; and B,.

e Multiply a decay rate to each learning multiplier.

* Move to train the next layer.

Figure 6.2a shows the NMSE of the proposed LISTA-GS and the baseline ISTA-
GS methods over iterations in a noiseless scenario. For the baseline ISTA-GS
method, there exists an inherent tradeoff between the convergence rate and the
NMSE. In particular, a smaller value of A results in a more accurate solution but
leads to a lower convergence rate, and vice versa. Besides, we observe that LISTA-
GS method achieves a much faster convergence rate as well as a much lower NMSE
than ISTA-GS for different values of A. This is because LISTA-GS treats A as a
weight in the training process, yielding a good solution that balances the tradeoff.

Figure 6.2b illustrates the NMSE of the proposed LISTA-GS method over
iterations in a noisy scenario with different values of signal-to-noise-ratio (SNR). It
can be observed that LISTA-GS can also reach convergence in a few iterations (e.g.,
less than 16) in the noisy case. As the value of SNR increases, the received power
of the pilot sequence increases, which in turn decreases the achievable NMSE.

Figure 6.2c plots the impact of SNR on the NMSE of LISTA-GS and ISTA-GS.
The proposed LISTA-GS method achieves a much lower NMSE than ISTA-GS for
different values of SNR. In addition, the NMSEs of both methods decrease as the
value of SNR increases.

6.4 Summary

In this chapter, we introduced some cutting-edge learning augmented techniques
for both structured signal modeling (e.g., structured signal processing under a
generative prior [1, 3]) and algorithm design (e.g., learning augmented algorithms
[4]). We also introduced Learned ISTA for group row sparsity to solve the sparse
linear model in the multiple-antenna scenario. These techniques are summarized
in Table 6.1. We hope that this basic idea on learning augmented techniques will
provide an intriguing direction for future investigations.



104

Fig. 6.2 Performance
comparison between the
proposed LISTA-GS and
baseline ISTA-GS in terms of
NMSE
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Table 6.1 Summary of learning augmented techniques, methods, application, and corresponding

references
Techniques Methods Application/Reference
Structured signal processing Learning a generator Compressed sensing [3],
under a generative prior G(z):z € R¥ - G(z) e R* | sparse linear model (2.3),
Blind deconvolution [1]
Joint design of measurement | Sample scheduling Compressed sensing [10]
matrix and sparse support
recovery
Sensing matrix optimization Compressed sensing
[6,7, 14, 15, 24]
Learning augmented Linear compression for real
methods: learning an signals [18, 22], nonlinear
auto-encoder or generative compression for real signals
adversarial networks was considered in [17, 23],
linear compression for
complex signals [13]
Deep-learning-based AMP Learned AMP Compressed sensing [4],
sparse linear
model (2.3), (2.8)
Learned Vector-AMP
Learned ISTA for group
sparsity
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Chapter 7 ®
Conclusions and Discussions Check for

Abstract This chapter concludes the monograph. A summary is first provided
for the main results of each chapter, and two reference tables are provided
that contain the main analytical results and algorithms. Furthermore, we provide
discussions on the future research directions of low-overhead communications and
the corresponding structured signal processing approaches.

7.1 Summary

This monograph investigated different structured signal processing approaches
to support low-overhead communications in IoT networks. Chapter 1 provided
some background for low-overhead communications in IoT networks, introducing
three main techniques that exclude particular parts of the metadata: grant-free
random access, pilot-free communications, and identification-free communications.
Furthermore, four general structured signal processing models, i.e., a sparse linear
model, blind demixing, and sparse blind demixing, a shuffled linear regression,
were introduced. Chapters 2—5 formed the core of this monograph, where four
general structured signal processing models with corresponding applications in
low-overhead communications were presented. For each chapter, the corresponding
analysis results and algorithms were provided, which are summarized in Tables 7.1
and 7.2. More details on the proof of analysis results can be referred to Chap. 8.
In Chap. 6, some cutting-edge learning augmented based techniques for structured
signal processing were introduced, which represent an interesting direction for
future research.
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Table 7.1 Analytical results in Chaps. 2—-6

Result
Theorem 2.1

Proposition 2.1
Theorem 3.1
Theorem 3.2

Theorem 3.3
Theorem 3.4
Theorem 5.4

Theorem 5.5

Theorem 5.6

Description

Approximate kinematic formula captures a phase transition on whether the
two randomly rotated cones share a ray

Statistical dimension bound for the smoothed regularizer %3@ (2.22)

The least value of sample size required for exact recovery of problem (3.21)
The convergence analysis of the regularized Wirtinger flow algorithm with
spectral initialization for solving the blind demixing problem (3.22)

The convergence analysis of the regularization-free Wirtinger flow algorithm
with spectral initialization for solving the blind demixing problem (3.28)
The convergence analysis of the Riemannian gradient with spectral
initialization for solving the blind demixing problem (3.41)

The recovery guarantees of Algorithm 5.3 when the shuffled data come from
the Gaussian measurement model (5.8)

Demonstrate that the system of polynomial equation (5.27) for exact data has
a finite number of solutions, providing theoretical guarantees for developing
algebraical method to solving the shuffled linear regression problem
Demonstrate that the system of polynomial equation (5.28) for corrupted data
has a finite number of solutions, providing theoretical guarantees for
developing algebraical method to solving the shuffled linear regression

Table 7.2 Algorithms in Chaps. 2-6

Algorithm

Algorithm 2.1
Algorithm 3.1
Algorithm 3.2
Algorithm 3.3
Algorithm 4.1
Algorithm 5.1

Algorithm 5.2
Algorithm 5.3
Algorithm 5.4

Algorithm 6.1
Algorithm 6.2
Algorithm 6.3
Algorithm 6.4

Description

Lan, Lu, and Monteiro’s

Initialization via spectral method and projection
Riemannian optimization on product manifolds
Riemannian gradient descent with spectral initialization
DC algorithm for the sparse blind demixing problem (4.18)

Exact algorithm for calculating the maximum likelihood estimate of the
permutation, i.e., (5.12)

“Row Sampling” algorithm that is exploited as the initialization of
Algorithm 5.3

Approximation algorithm for computing the maximum likelihood
estimator (5.9) for shuffled linear regression

Algebraically-initialized expectation-maximization for shuffled linear
regression

Tied LAMP-¢| parameter learning for solving lasso (6.1)
Untied LAMP-¢; parameter learning for solving lasso (6.1)
Vector AMP for solving lasso (6.1)

Learned ISTA for the sparse linear model endowed with group row sparsity,
ie., (6.19)
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7.2 Discussions

From Fig. 1.1 which illustrates an exemplary packet structure, we observe other
opportunities to further reduce the overhead of the packet. For instance, for device
activity detection or blind demixing, a smaller pilot length is preferred. According to
recent studies [2, 3], generative models can yield a much more precise representation
of the sparse signals. That is, much fewer measurements are required for the
recovery of structural signal processing under a generative prior, compared with
traditional analytical models. These methods are known as learning augmented
methods, some of which were introduced in Chap. 6. They provide a promising
direction for future study. Moreover, from the structured signal processing point
of view, more sophisticated models are expected to be proposed via exploiting the
sporadic activity pattern in massive connectivity networks, by exploiting spatial
and temporal correlation of device activities. Furthermore, both convex methods
and nonconvex methods with theoretical guarantees have been evoking researcher’s
interests. For instance, the rigorous statistical analysis for sparse blind demixing is
called for further investigation. This is more challenging than the state-of-the-art
model [1, 5] which assumes that {x;} in

N

i=1

are sparse. From the algorithmic perspective, more efficient and robust algorithms
are expected to be developed. For example, the learning argument methods have
been exploited to solve the sparse linear model, e.g., Learned Vector-AMP, Learned
AMP [4], and Learned ISTA for group sparsity, as introduced in Sect. 6.3.3.

Overall, given the promising results in applying structured signal processing
for low-overhead communications reported in this monograph, we expect these
methods will find abundant applications in practical IoT networks. We also hope
the methods introduced in the monograph will lead to more effective algorithms,
and inspire innovative approaches to exploit various structures in IoT systems, thus
enable more application scenarios.
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Chapter 8 ®
Appendix Chechie

8.1 Conic Integral Geometry

In this section, several basic concepts of conic integral geometry theory are
introduced. We begin with the kinematic formula for cones which is the probability
that a randomly rotated convex cone shares a ray with a fixed convex cone. This
formula plays a vital role in characterizing the success or failure probability of an
estimation problem. The following introduction is based on [3].

8.1.1 The Kinematic Formula for Convex Cones

In the area of conic integral geometry, it is critical to identify the probability that a
randomly rotated convex cone shares a ray with a fixed convex cone. Considering
convex cones C and S in RY, and a random orthogonal basis A € R4%4 we aim to
find an effective expression for the probability

P{CNAS # {0}}. (8.1)

Studying this probability enables to understand the phase transition phenomena in
convex optimization problems with random data.

We start with the simple case of two dimensions where the solution to the
problem can be quickly computed. Consider two convex cones C and S in R?, and
assume that neither cone is a linear subspace. Then

P{CNAS # {0}} = min {v2(C) + v2(S), 1}, (8.2)

where v, (-) returns the portion of the unit circle united by a convex cone in R2.
If one of the cones is a subspace, a similar formula can be derived. In spaces with
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higher dimensions, the representation of convex cones becomes more complicated.
In three dimensions, it might be troublesome to find a reasonable solution in general.
To address this issue, an extraordinary tool called the conic kinematic formula [19,
Thm. 6.5.6] has been developed. It shows that there exists an exact formula to
identify the probability that a randomly rotated convex cone shares a ray with a
fixed convex cone. Moreover, only d + 1 numbers are needed to summarize each
cone in d dimensions.

Fact 8.1 (The Kinematic Formula for Cones) Let C and S be closed convex

cones in R", one of which is not a subspace. Assuming a random orthogonal basis
A € R"™ " then

n n
P{CNAS #{0}} = (1+(—1)"+1)Zu,-(c:).unH,j(S). (8.3)
i=0 j=i
For each k = 0,1,2,...,n, the operation vy maps a closed convex cone to a

nonnegative number, called the k-th intrinsic volume of the cone.

Even though the conic kinematic formula is beneficial for studying random
instances of convex optimization problems [2, 15], this approach suffers a strenuous
computation of expressions for the intrinsic volumes of a cone, except in the
simplest cases. To address this issue, the paper [3] provided a novel method that
makes the kinematic formula effective, which is elaborated in the following.

8.1.2 Intrinsic Volumes and the Statistical Dimension

The conic intrinsic volumes, illustrated in Fact 8.1, are the elemental geometric
invariants of a closed convex cone. That is, the conic intrinsic volumes do not depend
on the orientation of the cone within the space in which the cone is embedded, nor
on the dimension of that space. This quantity is similar to some quantity defined for
compact convex sets in Euclidean geometry, such as the usual volume, the surface
area, the mean width, and the Euler characteristic [18].

The intrinsic volume of a closed convex cone C in R” consists of a sequel of

probability distributions on {0, 1, 2, ..., n}, represented as
n
Zui(C)zl and v;(C)>0 fori=0,1,2,...,n. (8.4)
i=0

The work [3] established an extraordinary fact about conic geometry: for each
closed convex cone, the distribution of conic intrinsic volumes sharply concentrates
around its mean value. The precise statement on the concentration of intrinsic is
illustrated in Theorem 8.1. To begin with, we introduce several definitions that
contribute to Theorem 8.1.
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Definition 8.1 (Tail Functionals) Let C be a closed convex cone in R”. For every
k=0,1,2,...,n, the k-th tail functional is defined as

n

4(C) = Uk(C) + U1 (O) - = 3 0 (C). (8.5)
j=k

The k-th half-tail functional is given by

n

(€)= v (C) + U2 (€) + - = ) v;(C). (8.6)
j=k
Jj —keven

Definition 8.2 (Statistical Dimension) Let C be a closed convex cone in R". The
statistical dimension 6(C) of the cone is given by

8(C) == Zkuk(C). (8.7)

k=0

As Definition 8.1 shows, the statistical dimension indicates the dimensionality of a
convex cone. In particular, the statistical dimension is a canonical extension of the
dimension of a linear subspace to the class of convex cones.

Based on the aforementioned definition, we arrive at the theorem that demon-
strates the concentration of intrinsic volumes.

Theorem 8.1 (Concentration of Intrinsic Volumes [3]) Assuming that C is a
closed convex cone, the transition width is given by

p(C) :=/8(C°) A S(C).

Define a function

(y):=4 (Lz/g> >0 (8.8)
pey =iy 1y ) =0 ‘
Then
ke <8(C)—y+1 = _(C)=1-pcy); (8.9)
ky >8(C)+y = 1, (C) < pc(y), (8.10)

where t; (8.5) is the tail functional, and A is the operator that returns the minimum
of two numbers.
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8.1.3 The Approximate Kinematic Formula

Based on the concentration of intrinsic volumes provided in Theorem 8.1 and the
conic kinematic formula illustrated in Fact 8.1, we can arrive at the following
approximate kinematic formula.

Theorem 8.2 (Approximate Kinematic Formula [3]) Define a fix parameter a €
(0, 1). Let C and S be convex cones in R", and assume a random orthogonal basis
A € R"™ " Then

8(C)+68(S) <n—+/n8log(d/a) = P{CNAS#{0}} <u;
8(C)+8(S) = n+y/n8logd/a) = P{CNAS#{0}}>=1—a.

Theorem 8.2 demonstrates that two rotated cones are prone to share a ray in
the case that the total statistical dimension of the two cones exceeds the ambient
dimension. For problems in conic integral geometry, the cone is analogous to a
subspace with approximate dimension §(C). In the paper [3], a large class of random
convex optimization problems have been proved to exhibit a phase transition,
and the statistical dimension corresponding to each convex optimization problem
characterizes the location of the phase transition.

8.1.4 Computing the Statistical Dimension

The statistical dimension plays a vital role in conic integral geometry, which can
be used to identify that phase transitions occur in random convex optimization
problems. To efficiently compute the statistical dimension, the method proposed in
[3] is presented in the follows. We begin with several basic definitions. For a closed
convex cone C, the projection Proj (x) that maps a point x onto a point on the cone
C which is nearest to x:

Hc(x) := argmin{|x — y| : y € C}. (8.11)

For a general cone C C R”, the polar cone C° is defined as the set of outward
normals of C:

C° .= {yeR”:(y, x)<0 forallxeC}. (8.12)

Proposition 8.1 (Statistical Dimension (Recall Definition 2.2)) The statistical
dimension §(C) of a closed convex cone C in R" satisfies

3(C) =E[IHc (g, ], (8.13)

where g € R? is a standard Gaussian vector, and I ¢ is defined in (8.11).
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The metric characterization of the statistical dimension illustrated in Proposition 8.1
enables to connect the approach based on integral geometry and to the approach
based on Gaussian process theory. The results can be obtained by a classic
argument called the spherical Steiner formula [19, Thm. 6.5.1]. Furthermore, the
formula (8.13) is related to another definition of parameter for convex cones called
the Gaussian width, i.e., for a convex cone C C R”, the width is defined as

w(C) :=E[supyecrgrt (v )],

where g € R? is a standard Gaussian vector. This relation enables us to compute
the statistical dimension by exploiting methods [4, 17] developed for the Gaussian
width.

8.2 Proof of Proposition 2.1

Without loss of generality, define that

O) = |:<9(1))T s (ag)T y OMX(N_S):|T S (CNXM,
where 06 are nonzero. Hence, (2.21) is reformulated as
5 (@ (@G; éo)) < inf E [dist2 (G, 0 0R: (éo))] , (8.14)

where G € R2N*M 5 3 standard Gaussian matrix. Since 0% ((*‘50) = 0%¢ (50) +
£311©¢]1%., we have

U € 0% <é0)
— U'Vf:<é°)v,/H<é°>v_,- FW(éO)% #j=L....5 (8.15)

IUyllF <1 ifj=S+1,...,N,

where éy//. = 0 for j # i for some @ € R2V*M _defined in (2.23). Hence,

N
dis?(G, 1 - 0%6(00)) = Y_ 1G5 — n((©0)%/1(00) %I F + 11(©0) 7)1

i=1

N
+ Y max{[|Gyll2 — n. 0} (8.16)
i=S+1
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Taking the expectation over the Gaussian matrix G, it arrives
E [dist2 (G, n- 0% (éo))] =S (2M 2 (1 +2ua + M;;))

217M oo W2
/ (u— n)2u2M_le_7du,
n

+(N — S)F(M)

whered = + 30 (@0)yllF andb = + 38 | (@0)#]|%. Letting p = S/N and
taking the infimum over n > 0 completes the proof of (2.24).

8.3 Proof of Theorem 3.3

Theorem 3.3 can be justified via trajectory analysis for blind demixing via the
Wirtinger flow algorithm. This is achieved by proving that iterates of Wirtinger flow
sustain in the region of incoherence and contraction by exploiting the local geometry
of blind demixing. The steps of proving Theorem 3.3 are summarized as follows.

e Identifying local geometry in the region of incoherence and contraction
(RIC). First identify a region Z%, i.e., RIC, where the objective function
enjoys restricted strong convexity and smoothness near the ground truth z°.
Furthermore, any point z € Z obeys the ¢> error contraction and the incoherence
conditions. Please refer to Lemma 8.1 for details. Hence, the convergence rate of
the algorithm can be established according to Lemma 8.2, if and only if all the
iterates of Wirtinger flow with spectral initialization are in the region Z.

* Establishing the auxiliary sequences via the leave-one-out approach. To
justify that the Wirtinger Flow algorithm enforces the iterates to stay within the
RIC, we introduce the leave-one-out sequences. Specifically, the leave-one-out
sequences are denoted by {hf’(l),xﬁ’(l)},zo foreachl <i <s,1 <[] <m
obtained by removing the /-th measurement from the objective function f(h, x).
Hence, {h?’(l)} and {x;’(l)} are independent with {b;} and {a;;}, respectively.

» Establishing the incoherence condition via induction. In this step, we employ
the auxiliary sequences to establish the incoherence condition via induction. For
brief, with 70 = [Z}*, ..., Z4*]* where 7} = [zf* X!*]*, the set of induction
hypotheses of local geometry is listed as follows:

1

dist (z', 2%) < C1——, (8.17a)
log=m
2K1 9
dist(z”“),’z‘f) <SR pRoem (8.17b)
Jm m
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1

ma aj; (35’- _x?)‘ <CG—55—. 8.17¢

15i5s,1§j5m‘ g\t T )| = 3ﬁ10g3/2m ( )
~ wo

b*ht-’ < C4—=log”m, 8.17d

lsisrsr}?éjsm‘ 1| = S 0B (8.17d)

where Ci, C3z are some sufficiently small constants, while C», C4 are some
sufficiently large constants. That is, as long as the current iterate stays within
the RIC, the next iterate remains in the RIC.

Concentration between original and auxiliary sequences. The gap between
{z'} and {z""} can be established via employing the restricted strong
convexity of the objective function in RIC.

Incoherence condition of auxiliary sequences. Based on the fact that {7’}
and {z"(®} are sufficiently close, we can instead bound the incoherence of
hltf(l) (resp. xﬁ’(l)) in terms of {b;} (resp. {@;;}), which turns out to be much
easier due to the statistical independence between {h;’(l)} (resp. {xﬁ’(l)}) and
{bj} (resp.{a;;}).

Establishing iterates in RIC. By combining the above bounds together, we
arrive at |af;(x! — x))| < llaijllz - |x! — %7 Do + Jlag, 7O — x| via
the triangle inequality. Based on the similar arguments, the other incoherence
condition can be established in Lemma 8.3.

Establishing initial point in RIC. Lemmas 8.6-8.8 are integrated to justify
that the spectral initialization point is in RIC.

Lemma 8.1 (Restricted Strong Convexity and Smoothness for Blind Demixing
Problem &) Let § > O be a sufficiently small constant. If the number of
measurements satisfies m > ;/.2S2K2K10g5 m, then with probability at least
1-— O(m_lo), the Wirtinger Hessian szclean (z) obeys

1
u* I:szfclean(z) + vzfclean(Z)D:I u= E”u”% and

H V? fetean(2) H <2+ (8.18)
simultaneously for all
/
ui h; — h5
. Xi — X
u=| : | withu; = L,
- " hi— B
s X; — X,

and D = diag ({W;}_,)

with W; = diag ([B“IK Birlx Byl BQIK]*) .
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Here 7 satisfies

ol .k 8
lr;lla;max”)h, h"‘z’ X —X; 2} < K\/E’ (8.19a)
-1 2C
Y 3
151-;;],?;5"1 i (xl xi)‘ ‘x’ 2 = \/Elog3/2m’ (8.19b)
-1 2C
max |b}fh,-|~‘hf) < 4 1002 m, (8.19¢)
1<i<s,1<j<m 2 m

where (h;, x;) is aligned with (h},x)), and one has max{||lh; — h5||2, |k, —

h?”z, llx; — x?”z, llx; — x;||2} < 8/(ks/s), fori =1,...,s and W;’s satisfy that

Jor Bir, Biz € R, fori =1,...,5 maXlgigsmaX{lﬂil — 1,182 - %I} < LY

K
Therein, C3, C4 > 0 are numerical constants.

Based on the local geometry in the region of incoherence and contraction, we
further establish contraction of the error measured by the distance function.

Lemma 8.2 Suppose the number of measurements satisfies m > u>s*c>K log5 m
and the step size obeys 1 > 0 and n < s~'. Then with probability at least 1 —
0 (m™19), we have

dist (21,2°) = (1 = n/(166))dist (2", %) + 3e /5 max | (@),
1<k<s

provided that
dist (z, z) < &, (8.20a)
2C
s (=t _ O\ a1 3
8l (B =) [ Wei0E = (8.20)
~ -1 2C
Pl y 41 2
lfifrg?éjsm bjhi )hi 5 < Tt log“ m, (8.20¢)

. 7t
for some constants C3, C4 > 0 and a sufficiently small constant § > 0. Here, h;

~ ~t ~ .

and X! are defined as h; = %hf and X! = alx! fori =1,...,s.
A

1
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Proof From the definition of a,’(H, k=1,...,s,one has

2 S 2
dist (21, 2%) " = > dist (24, 25
k=1

2
O] 1 2
<s hf(“ - h,u( +s ‘a,’(“xi“ - xiH
ol 2
k 2
1 ? 2
<s | =h'*' — B! H !yt —qu : 8.21
=5 = k| TS| %Xk k||, (8.21)
k 2
where £ in the step (i) satisfies that k = arg max; <; < dis.t(szrl , z?)z.
By denoting ii,i = ihi X, = apxl, it\?_l = ﬁhf‘l and ,’x‘zﬂ — a,’(xffl, we
have
~r+1 i ~t u
hy T hy hy — hluc Vi, f (@)
o b ~
ALl X —x Va S @) )
by =1 = c Wk | o= |- (8.22)
hk _hk hk_hk thf(z)
A I Vaf @)
where
) ~t (=2 ~ || =2 ~t =2 ~t |72
e (S P AR P A P A R | )

(8.23)

The Wirtinger Hessian without noise of fcjean(z) in terms of z; can be written as

V2 fuem = | G o (8.24)
z; Jclean -= E* E s .
. * *

where C = % 3’;“%) and E := %(%’%) . The Wirtinger Hessian of

felean(2) in terms of z is thus represented as

2 ~ 2 s
V2 fotean(2) 1= diag ({ V2 fuean} ) (8.25)
1=

where the operation diag({A;};_,) generates a block diagonal matrix with the diag-
onal elements being matrices Ay, ..., As. According to the fundamental theorem
of calculus provided in [13], together with the definition of the noiseless objective
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function flean and the noiseless Wirtinger Hessian szk Selean, We get szk Seleans

thf(zt) Vi, Selean(@") %k(e)xfc
ka f(zt) _ ka fclean(zt) + Jka*(e)h;(
thf(zt) th fc]ean(zt) fsafk(e)xfc
inf(ft) kafclean(ft) %k*(e)hfc
z;c - h/Ec < (e)x),
f;c —x; 7 (e)h,
=H | == | (8.26
“| Bl e(e)x! )
X, — x,t{ A (e)hy,

where Hy = [ V2 flean (2(7)) dT with 2(z) = 2% + 7 (7' — 2¥) and i (e) =
Z';’:l ejbjay; and ;37,(*(?) = > i ejay;bj. Since z(7) lies between Z' and 77, we
derive from the assumption (8.20) that for all = € [0, 1],

dist(z(1),z%) < € < 8,

max ‘ (x (1) — t)‘ .G
I<i<s<j<m | " = Sslogd2m’

Cap 2
* .
1 3 00| 7
for some constants C3, C4 > 0 and the constant £ > 0 being sufficiently small.

For simplicity, denote zZ A"H [hl‘+1>I< x! +1*]* Substituting (8.26) to (8.22), one
has

/z~t+1 _ zu
[H} = o} + Vi, (8.27)
Ty T %
where

< (e)x),
>t 1 * t
! Zk — 2 ' A (e)hy
= (I — nWHy) , = | &k
Dy nwi ity |:’Zf(—zi:| '/’k %(e)x;(
PROC

Take the Euclidean norm of both sides of (8.27) to arrive

[0k +vil, < [0kl + i, - (8:28)
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We first control the second Euclidean norm at the right-hand side of Eq. (8.28):
12 2ot |12 * 2001002 2
[villy =2 (||m<e>|l Ixt]5 + | @ ||hk||2) <16llA@)?, (829

where we use the fact that max{||x||2, ||h«]l2} < 2 for 1 < k < s. Based on the
paper [13, Section C.2], the squared Euclidean norm of ¢} is bounded by

loil3 =20 -/ 7 - <[ (8.30)
under the assumption (8.20). We thus conclude that
ok +¥ill, = V2 —0/9)'2 |7 — |+l @l (8.31)
and hence
2], < [ -], = V2 lel + wil,
7 - H 43 A @l - (8.32)
Integrate the above inequality (8.32) fori =1, ..., s, we further get
dist (2, 2°) < (1 = n/16)dist (2", 2°) + 35 max |l (@) (8.33)

Lemma 8.3 Suppose the induction hypotheses hold true for t-th iteration and the
number of measurements obeys m > (u* + 02)s2K log8 m. Then with probability
at least 1 — O(m™?),

- max

si=ss,lsj=m

by

t-H‘ f
A, || < C4—10g m, (8.34)
2 'm

provided that Cy is sufficiently large and the step size obeys n > 0 and n =< s~ .
Proof Similar to the strategy used in [13, Section C.4], it suffices to control
|b;‘%h;+1| to finish the proof, since

o

i

* 1 t+1 Olf * 1 t+1
max bj—h,"" | < |—/—= max b =h;
l<i<s,1<l<m 141 ol TH i<issi<i<m| * of
Oll. i i
* 1 t+1
< (1+9) | =,hi (8.35)
1
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for some small § < 1/log? m, where the last step bases on

ol
-l S —5— <4 (8.36)
o; log=m
The gradient update rule for hﬁ“ is written as

I - .
e ZZb by (I = By ) agja® + g, Ze,b al%,
q; j=1k=1 j=1

(8.37)

where & = HN,HZ andh =1 h[ andx =q; x fori =1, ...,s. Theformula (8.37)

can be further decomposed 1nt0 the following terms:

h“’l h; — n&i ZZb b hkxk ayja};X; + & ZZb b hkxk ayja;x;
af

i j=1k=1 j=1k=1
m
+U§iz ibjaj;%;
j=1
J 2
=Ty —ni YW |xi || - néivis = ngivia + ngivis + ngivia, (838)
k=1

where

Vi1 = ZZb b hk (xk akJal] ; xk akJal] f)

j=1k=1
Vi) = ZZb b hk (xk ak/al] l — ||xk||2>
j=1k=1
x7,0
vi3_Zbehxkak, ajix;
j=1k=1

Vig = Zejb al]xl,

which bases on the fact that ZT:] b; bjf = I ¢. In what follows, we bound the above
four terms, respectively.
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1. We start with |b] v;1]| via the operation that

s

m
* _ *p Pk 7t x [~t ] w =t )"
bfvinl = | b b.,bj[th(aij (¥ —x}) (a,%)
=1 k=1
% m
b - b ~t
+a’~“-x7(a*~(xt —x’)) <s bib; max b*h ‘ .
ijvi kj k k — Zl| ! J| I<k<s,1<j<m j"%k
J:
* >t g * <t *x 0
max a,.(x, —x a,. x +a~x>. 8.39
{ISkSS,]ijm kJ( k k)‘( kj™k | kj k’ } ( )

Based on the inductive hypothesis (8.17c) and the concentration inequality [13]

aj;x;| = 5/logm, (8.40)

max

* >t * ~t
max a,.x,| < max ‘a »(x - X )‘
lfkfs,lfjfm) kj~k 1<k<s,1<j<m ki k k
!
+ max ‘aijk) < 6+/logm, (8.41)

as long as m is sufficiently large. We further derive that

S * =t s ol
1<kzeizj<m |k (xk xk)‘ ( @ ¥e| + akkaD
< ——— - 11{/logm < 11C3 . (8.42)
Jslog3?m 5 logm

Substituting (8.42) into (8.39) and combining lemma [13, Lemma 48] such that

m
> Ibfb;| < 4logm, (8.43)
j=1

we get

7t
|bjvi1| < slogm - max ‘b"fhk - C3
I<k<s,1<j<m | 7 logm

>t
bk,

<sCs max
1<k<s,1<j<m

<0.ls max , (8.44)

SRS 1=

7t
bk,

as long as C3 is sufficiently small.
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2. Regarding to |b; v;3|, one has

m N
|bjvis| < |Y_ byb;b’ (Z hixzuc*akj> afjx;

j=1 k=1
Zb,b b* (XS: WXL ak])a <x —xu> . (8.45)
k=1

Lemma 8.4 Suppose m > s*>K logm for some sufficiently large constant C > 0.
Then with probability at least 1 — O (m~'9), there is

(8.46)

Zb,b b (Z h x! akj> alxi —bih| <

3

Proof See Appendix 8.3.1.

Regarding to the second term in (8.45), we exploit the same technical method as in
controlling |b;‘v,-1 |, which yields

Zb,b b <thxk akj> (% - x))

m
b x [(~t b
<s E bib; max ‘b*fh ‘ . max a -(x —x )‘ .
-4 1|l ]| 1<k<s,1<j<m J7k I1<k<s,1<j<m kj k k
]:

max ‘a X ‘
{l<k<v 1<j<m ki k}

SRS, 1=

1
<4slogm - -5{/logm
& Jm flog m &
<G Vi (8.47)
m

where the second step arises from the incoherence, the induction hypothesis (8.17c¢)
and the condition (8.40) and [13, Lemma 48]. Combining the above inequalities and
the incoherence, one achieves

0 Vsp %
NG i S+ C3\/§)ﬁ’ (3.48)

as long as picking up sufficiently small C3 > 0.

b7
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3. We further move to control |} v;>|. The idea of proof is based on the strategy in
[13, Section C.4], which groups {b;}|< ;< into bins each containing z adjacent
vectors. Similarly to the paper [13], we assume m /7T to be an integer. For 0 <
| <m — 7, one has

T N T s
by Z by ;b ; ( Z z;{Zijkl) =b] Z bi1by, ( Z ;i;zz'jkl)
j=1 k=1 j=1 k=1
+ b} Z (bl+jb7+j —b1+1b7+1) (Z Z;(Zijkl)
k=1

j=1
= Pit1 + Pitw2 + Pir3, (8.49)

where

2

b
X;

9

2

SES * s
Tijkl = Xp Qe j 14 j X —

N

T
Pirl = Z <Zzly/k1)b’1‘bz+1bﬂ1h;{,

k=1 N j=1

T s
pira =b7 Y (brsj — b)) by Y hyziju.
=1 k=1

T s
>t
pic3 = by Zbl+1(bl+j —bi)" Z hyziji-
Jj=1 k=1

We will control three terms in (8.49), respectively.

(a) According to [13, Section C.4], with probability at least 1 — O(m~10),

ﬂ

T 2 2
max | laF,, .x° at, x| b —
ki+j%e| o |Fii+%i

2
2)’ < {/tlogm.

T
Z Zijkl| < X
j=1 j=1
(8.50)
Combining above bound, we control the first term in (8.49) as
(piet] S sy/Tlogmibibial _ max [bf). 8.51)
1<k<s,1<j<m
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The summation over all bins is given as

m
Tl

~t
}E: zz:Zﬁkah)bdez+1bzz+1hk
d=0 | j=1

m_y

<sy/tlogm Z b1 |, Jnax
d=0

SRS, 1=

bih,|. (8.52)

Substituting the bound

m_p

3 [Bibacs| < —+0 (k’gm> , (8.53)
ot m T

provided in [13, Section C.4], into the inequality (8.52) yields

m
Tt

7t
D12 zikanbibac bl by
d=0 |j=1

21003 _
< sK ./t logm n s<log” m max ‘b;‘h;(
m

T 1<k<s,1<j<m

<0.1 max ‘b;‘fzz

, (8.54)

as long as m > Ks./tlogm and 7 >> s2log> m.
(b) The second term of (8.49), pi2, is controlled by

T

> BB — b

j=1

~t
| < max ‘b*h
|pical = 1<k<s,1<l<m [Tk

2

T s 2 2 2
* f * f f

E E <|max{‘ak’l+jxk ey X }— kaH2>

j=1k=1

T

S |Bi i — b, (855

i=1

Tt
<WsT max ‘b}"hk
1<k<s,1<l<m

where the first inequality is due to Cauchy—Schwarz and the second step
holds because of the following lemma.
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©

Lemma 8.5 Supposet > C log4 m for some sufficiently large constant C >
0, with probability at least 1 — O(m’lo), one has

T N 2
Z Z <| max ““Z,zﬂxi

j=1k=1

* s

@ii+jXi

’

2} - Hxi”j)z < st (8.56)

Proof This claim can be identified easily from [13, Appendix D.3.1].
We further sum over all bins of size 7 to obtain

m_|
T

T S
by Z Z (bar+j — bdrﬂ)bzrﬂ thzijk(dr)
k=1

d=0 j—1
-1« 5
~t
< 14/sT Z Z b (Bar+j — bar+D| ¢ - o AR bih,
d=0 \| i=1 shssisi=m
< 015 max b, (8.57)

1<k<s,1<l<m

Here, the last line arises from [13, Lemma 51] such that for any small
constant ¢ > 0,

%_1 T

1
Z Z b} (bartj — bdm)!2 <c—, (8.58)
d=0 \] j=1 VT

as long as m > tK logm.
The third term of (8.49), pi.3, obeys that

2

T s 2
2 2
f f f
|pi3] ilb’sz+1|{ > > (ImaX{ ’a;’;lﬂxk NS 2 }— ”kaZ) }
j=1k=1

(bryj — bi41)*hy,

ma.
I<k<s,1<l<m—rt,1<j<t

S slbthiy | max (brrj — bip)hy . (8.59)

1<k<s,I<l<m—t,1<j<t

where the last line relies on the inequality (8.56) and the Cauchy—Schwarz
inequality.
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The summation over all bins is given as

-1 T 5
-t
D BT barri(bart — bari))* Y IiZijkian
d=0 | j=1 k=1
< bibiri - biyj— biy1)*h,
S TS Z| 1bar+1l 15k5s,15§2?nx—r,15j5r (bi+j — by 1) hy,
< sl biy; — b))k,
~ S Ogmlgkfs,lglfm—r,lfjsr B+ 1) By
Sy 2
< ¢Cs4—=log" m, 8.60
S cCamlog (8.60)
where the last relation makes use of (8.53) and the claim
max |(b; — by)*h}| < cCy——logm, (8.61)
l<j<t - Jm

for some sufficiently small constant ¢ > 0, provided that m > 7K log* m.
(d) Combining the above results together, we get

|bivin] <(0.14+0.14/5)  max

1<k<s,1<l<m

~T su 2
BT ‘ 0 (ccs 2t .
[y |+ <C 4ﬁ og m)
(8.62)

4. We end the proof with controlling |b] v;4]:

m m
=t
|bjvis| = Zblb ej aljxl Z |byb;| - { max ‘azjxk } “lejl
— o Usksslsjs

<4logm - 6y/logm - ”—, (8.63)
m

where the last step arises from the inequality (8.41), (8.43) and the assumption
lejl < o?/m < 1.1t thus yields

log3/2
b vial S o>~ < logm, (8.64)
m

as long as m > o2./Togm
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5. Putting the above results together, there exists some constant Cg > 0 such that

— né; Z

‘h

t+l‘

<(1+5){ b'h

hk‘+(l+01f+01s)

~ I
1<k<r§12]1)i]<m ‘bj‘h;‘ + Cg(1+ C3«/E)Tléiﬁ

+ CscC4nSz J_ log® m + Csné; logm}

0} 1 n 5
<140 1—0.7sn&)Cs—=1log"“m

yn
+ Cg(1 + C3x/_)77$z NG + CgcCynéi —= NG log” m + Csné; logm}

(i)
< C4% log? m. (8.65)

Here, step (i) arises from the induction hypothesis (8.17d), step (ii) holds as log
as ¢ > 0 is sufficiently small, i.e., (1 + 8§)Cgnéic > 1, and n > 0 is some
sufficiently small constant, i.e., 7 < s~'. In order for the proof to go through, we
need to pick the sample size that

m> (U + o)tk log*m, (8.66)

where T = ¢19s2 log* m with some sufficiently large constant cjg > 0.

8.3.1 Proof of Lemma 8.4

Denote

N

wij = bjb;bj; (Z hixi*ak,> al]xlt (8.67)
k=1

Combining the fact that E[aija;kj] = Ig, E[akja ] = 0 for k # i and

> i—1bjb; = Ik, we can represent the Ob_]eCtIVC quantity as the sum of

independent random variables,

m

Zblb b (thxk ak]> ajixi —bihi =Y (wi; — E(wy))). (8.68)

j=1
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Based on the definition of sub-exponential norm [21], i.e., denoted as | - ||, , we get

(i)
lwij — Elwijllly, < 2llwijlly,

] s [

4Z|blb | |b%h 11;1;1; AN (8.69)
(iii) S

|bib;| —. (8.70)
~ ﬁ

where (i) uses the centering property of the sub-exponential norm [21, Remark
5.18], (ii) arises from the relationship between the sub-exponential norm and
the sub-Gaussian norm [21, Lemma 5.14], and (iii) occurs since the incoherence
condition and the fact that ||azjx,u(||1/,z < 1. According to [13, Section C.4.1], one
has

W= Z Jwij — Elwi1]}, = j_“/_ @.71)

/ 1

It can further invoke [10, Corollary 1] to obtain

— Em 2
P ’:lj:l (wij_E[wij]) >t Sexp(l——’g min{%’(%) })
(8.72)

By taking t = 2e¢W for ¢ € (0, 1), we obtain with probability at least 1 — exp(l —
2
me~/8),

m

nw
Z(wij —E[w;;]) <2eWm < esﬁﬁ. (8.73)

j=1

Thus, choosing & =< 1/s+/K, we conclude that with probability at least 1 — exp(1 —
cm/s?K) for some constant ¢ > 0,

m

3 (wij - EfwyD)| < 2= (8.74)

j=1

B

We finished the proof by observing that m > s*K logm as claimed in the
assumption.
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Lemma 8.6 With probability at least 1 — O (m ™), there exists some constant C > 0
such that

- 0_ g8 0_ .1 §
aieg}?&:l {‘aihi —h; H + Hotixi —x; H} < m and (8.75)
i 10O h?H H x>0 _ “H} <5 8.76
m$ﬁwﬂ%‘ At (leix; x; S e (8.76)

and ||a?| — 1| < 1/4, foreach 1 <i <s,1 <1 < m, provided that
m > C(u? + az)sszlogm/Sz.

Lemma 8.7 Suppose that m > (u* + 02)s?k*K log3 m. Then with probability at
least 1 — O(m™%),

25K log®
dist (zo’(”,io) <R JEEE 8 M and 8.77)
A m m

1 wlog?m
4.

biT Hh <cC 8.78

1Sig LR, =T 878

Proof With a similar strategy as in [13, Section C.6], we first show that the
normalized singular vectors of M; and M §l), i =1,...,s are close enough. We

further extend this inequality to the scaled singular vectors, thereby converting the
£, metric to the distance function defined in (3.30). We finally prove the incoherence
in terms of {bj}'}'=1-

-0 . . . .
Recall that k; and x? are the leading left and right singular vectors of M;, i =

v 0,( . . . .
1,...,s,and h; ® and x?’(l) are the leading left and right singular vectors of M IQ),

i =1,...,s. By exploiting a variant of Wedin’s sin® theorem [8, Therorem 2.1],
we derive that

cq H (Mi — Mg”) .i'?'(l) H + ¢
< 2

ﬁ?’(l)* (Mi _ Mlgl))H

o1 (M,@> —02(M;)

z (8.79)

fori = 1,...,s with some constant ¢; > 0. According to [13, Section C.6], for
i=1,...,s, wehave

o (MP) =My = 34— [ MP —EMP| - 1M; — BIMAI = 172,
(8.80)
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where the last step comes from [12, Lemma 6.16] provided that m > (u? +
O’z)SK logm. As aresult, we obtain that fori =1, ..., s

0,030 50,0 0.)x0  +0.()
A T Y e e T A

vO[
<2 {| (o - w?) 2O+ [ (or - m2) L} s

where

1
/30 g argmin ” h - ho()H + H —Jvc?’(l) H2 (8.82)

l
aeC,lal=1

It thus suffices to control the two terms on the right-hand side of (8.81). Therein,

N
M; — M =bb}y hix[ ayaj + eibiaj;. (8.83)
k=1

1. To bound the first term, we observe that
(w27,

bib; thxk akla,,xo D 4 eibjalx O ®

2

IA

a;x

*v0<l>)

b i + 0,
max slbll> - by | - [afixf] - aqzl |+ Ibilz - el
1<k<s

Klog m 50 Klogm
< 30_ (8.84)

where we use the fact that ||b;|, = +/K/m, the incoherence condition, the

bound (8.40), the assumption |e;| < fn—z, and the condition that with probability
—10
),

exceeding 1 — O(m

% »0,(D)
a;x;

< 5,/logm, (8.85)

max
1<i<m

due to the independence between X x D and a;; [13, Section C.6].
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2. To control the second term, we observe that

~ 0,
i (),

1

~0,()
" bbr thxk awa’; + ety bt

k=1 5
b 0 O] () )
<s max [af], - )b}"hk( : ‘ bih, ‘ +|as ], - el - [B7h; ’

R : 0 ~ ¥0 ~0.1
§<w/&i_1§ﬁ+g¢gi>_<mh m—hﬁﬁ\)

m m 2

(8.86)

where |&@;| = 1. Here, the last step easily arises from the similar strategy used

in (8.84) and [13, Section C.6]. Substitution of the bounds (8.84) and (8.86)
into (8.81) yields

0 (O h 0 (l) H ’

[ 2
<2C1 30 Klog m 50 Klogm
202K 1 2
Nl BN S L Wl
m m

u2s2K logm

0, (1)xo vo 0) H

alit —hO(”H } (8.87)

Since the inequality (8.87) holds for any |&;| = 1, we can pick up &; = %@
and reformulate (8.87) as

252K 1 K 2 0 0.0
R S LUV ) Y P A
m m m 2

0,() »x0 ~ 0,
st -2

56061L- 52K log’> m N 10ci0? [Klogm
Jm m m m

202K 1 2

+ [ 306, | 222 4 6o VK

m m

(8.88)
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With the assumption that m > (u + o2)sKlog!/?m, it yields 1 —
30cy M# . \/g— 6\/?%2 < % Hence,

0,00 0.0 0,)x0 0.
max O8] 050 - 500

I<i<s,1<j<m

2 2
< 120C1L Klog m n 20c10° | K logm
Jm m m
252K 1o o2 .0
+ [ 6061 2R e VRS ) - max b
m m 1<i<s,1<j<m

(8.89)
<0
It thus suffices to control maxi<j<g,1<j<m |b1 h |. Denote M; 70 = = o1(M;)h;
and
m
Wi=> b [ Y bihixiai +e; | aj;. (8.90)
j=1 ki
which further leads to
%30 1 .
“hy | = ——— |bf M XY
I(Ml)
i m
<) > (b}b)) bihix] ajalx) | + 2 by Wik)
j=l
m
K * a ﬂ v0
Zlblbj| lrsnjagm[ b l/ i auxz ]
j=l1
+201bll2 - 1l - 11%7 112
(iii)
=< \/ |IW;ll 4 8logm - —— (5\/@)
+0,()) 0,(/)x0  ~0.,(j)
e, {32+ vt Hﬁ,- 2=V, |
(iv) K 2K 1 3
1§v —+200&+120 poR logtm
\ mlogm Jm V m
. 0.()x0 _ +0.(
max H,Bi ¥ -0 (8.91)
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where ,8? *U) s defined in (8.82). Here, (i) arises from the low bound o (M;) > %
and the triangle inequality. (ii) uses the Cauchy—Schwarz inequality. The step
(iii) comes from combining the incoherence condition, the bound (8.40), the
triangle inequality, the estimate: Z'}':l |bjb;| < 4logm [13, Lemma 48],

b = ~/K/m and IIJVC?IIZ = 1. The last step (iv) exploits the inequality (8.85)
to yield that with probability 1 — O (m~°) [12],

1
Wil = 57— 8.92
Wil < > Jioem (8.92)
if m > (1% + 0?)sK log? m. The bound (8.91) further leads to
y0 K log? 2K log3
max |bfh; 5F+200“ ok +1zo\/@.
l=izs mlogm Jm P
0,()x0 _ ~0,(j)
lsislg?éjgm ‘ B X =X H2 (8.93)

Combining the bound (8.89) and (8.93) gives

1

L0 -0,
max 187 O =0+

1<i<s,1<l<m

512061L~ s2K10g2m+200102 /K logm
Jm m m m
252K 1 2
+ | 60c; w+12c1\/§6—
m m
K log? 2K log?
( | K apptloEm |y [H2KI0gm
mlogm Jm m

max g% & ) (8.94)

I<i<s,1<j<m

0,)x0  ~0,¢
prOF0 i ()H2

As long as m > (u? 4 0%)s2K log® m, we have

22K1 2 22K1 3
60cy,| LR 08T o VR | 120 /KR 08T
m m m

(8.95)
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Reformulating the inequality (8.94), we have

max ’
1<i<s,1<l<m

252K log’
< a%,/w, (8.96)
m m

for some constant C4 > 0. Taking the bound (8.96) together with (8.93), it yields

-0 K log? 2K log?
max  |brh; | < +200828 2 ypp 202
1<i<s,1<l<m mlogm Jm m

W us’K log5 m
max Cp——y| ———
I<i<s,I<j<m . /m m

; X

0,00 y0.0) 0,)x0  +0,()
B "h; —h , T B X —X; 5

A

wlog?m

=< CZT, (8.97)

for some constant ¢ > 0, as long as m > (u* +o%)sk 1og2 m.

We further scale the preceding bounds to the final version. Based on [13, Section
C.6], one has

o =100+ o =520

<0 +0,( . .
< (o= )& of iy =+ et -2 |
(8.98)
Taking the bounds (8.84), (8.96), and (8.98) collectively yields
w 22K log® m

Jm m ’
(8.99)

min ‘

a,-h? — h?’(l) ” + Haix? — x?’(l) ” < ¢s
O{,‘E(C,‘G{H:l 2 2

for some constant ¢5 > 0, as long as m > (;1,2 + 0’2)S2K log2 m.
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Furthermore, by exploiting the technical methods provided in [13, Section C.6],
we have

N

dist (zo’(l), zo) = min E
(07} eC i—1
1=

1

2
ého,(l) — =" +|aix0® —aPx0 ”;
o a? 2

N

® .
< min E
o E(C,|Dti|=1 i—1
1=

(i)
< 2.5 min‘ 1”

a;€C,|o;

2

‘ + a0x0 — aradx0.0 |
2

—h0 — ZLp00)
d o

I

0 _ 0.0
o) -0}

25K log®
<20 2 [ 1K g, (8.100)

m m

where a? is defined in (3.30) and satisfies

<l <2. (8.101)

N =

Here, the step (i) occurs since the feasible set for the latter optimization problem
is smaller, and (ii) follows directly from [13, Lemma 19], [13, Lemma 52]. This
accomplishes the proof for the claim (8.77). We further move to the proof for the
claim (8.78).

~0
In terms of b} h; |, one has

- 1 1 . log?
by | = b =0 < |=|[B7?] = 2 |V Mty | < 202,222
a) o) Jm
(8.102)
based on fact that
1
3 <o1(M;) <2. (8.103)

Lemma 8.8 Suppose the sample complexity m > (u*> + 0%)s3/>K log> m. Then
with probability at least 1 — O (m™?),

* [(~0 s
o (8- |

max ?
I<i<s,1<j<m

X

, :
(8.104)

<C3————.
2 Vslog?m
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Proof Recall several alignment parameters defined before:

1 2
al(-) : = argmin :h? — hlD + Hax? — x? s

aeC o

1
alo D= = argmin _h?’(l) hn + Haxo 0 x? ,
aeC (24 2
o0 . _ Lo _ 10 0.0 _ 0,07
a; mutual argr?:m ghz - :O i + Hle o X
aE o

1

Combining (8.17a) and (8.100) with the triangle inequality yields that

o 1ol om0 _ 0.0
h — =h; otl.xiH

_n. + ‘ x
H 0.0) i 0 zmutual
i, mutual ®; 2
2K log? 1
<20s L JEROEM o
Jm m /s log®m
1
52C1m, (8.105)

where the last step holds as long as m > (u? + 02)s+/sK log”/?
According to [13, Section C.7 ], [13, Lemma 55 ], and the bound (8.100), it
implies that

2
1 1 2
WO — —pd| + ‘a?,u)x?,a) — a0x?
0,0
¢; iz
2
1 1
0 0,() 0y 0, 0,()
H e [ EEE R
i i,mutual 2

< SK uK log m

~Y J_
Based on the above estimate, we can show that with high probability,
a (aoxo _ xu)‘

)
ay (P00 — 27+

(8.106)

<
— i

* 0,0 0, ..0,(1)
ail( iXi — X; )‘
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(u)

0,( 0,() .0,
10g (aO,(l)xi o _ )H +||all||2 ( zox?_ai ()xi ())H2
(E) logm - +\/—s,u —,uzKlog n
~ flog m Jm
(IV) ! (8.107)
¥ Uslogm '

where (i) arises from the triangle inequality, (ii) uses Cauchy—Schwarz inequality
and the 1ndependence between x; %O anda i1, (ii1) holds since (8.106), and (iv) occurs
as long as m > (u? + 0’2)53/2K log* m.

8.4 Theoretical Analysis of Wirtinger Flow with Random
Initialization for Blind Demixing

Based on the notations for blind demixing introduced in Sect.3.4.2, we present
the theoretical analysis of Wirtinger flow with random initialization in this section,
which is based on [6]. It demonstrates that random initialization which enjoys a
model-agnostic and natural initialization implementation for practitioners is good
enough to guarantee Wirtinger flow to linearly converge to the optimal solution.
To present the theorem, we begin with introducing some notations. Let Zf and ¥!

be

7t [ ~t It

h; = =thi and X; = w;x;, (8.108)

;i

for i = 1,...,s, respectively, where alignment parameters are denoted as w;.
Without loss of the generality, we assume that the ground truth x? = g,e; for
i=1,...,s,where 0 < ¢g; < 1,i = 1,...,s are some constants and define a

— max;g ol : P
parameter k = - e For simplification, fori = 1, ..., s, the first entry and the

rest entries of xf are denoted as

t . t
X and X = [xu

: ]]ZSjSN , (8.109)

respectively. Hence, (8.113) and (8.114) can be reformulated as

ar, =% and By, = ¥, |,. (8.110)
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Define the norm of signal component and the perpendicular component in terms of
h;fori=1,...,s, as

ap, = <h?,ﬁ§>/‘h? J: @.111)
ot

B, = |h; — @h : (8.112)
‘hi 2

respectively. Likewise, the norms of the signal component and the perpendicular

component in terms of x; fori = 1, ..., s are given by
Y b
oy, = <xi,xi>/‘xi . (8.113)
<xE”~C§> :
Bx; == || X} — x| (8.114)
J+]
p) 2
respectively.

Theorem 8.3 ([6]) Assuming that the initial points are randomly generated
as (3.33), and the stepsize n > 0 obeys n =< s~\. Suppose that the sample size
satisfies

m > C,u,252/<4 max{K, N} loglzm

for some sufficiently large constant C > 0. Then with probability at least 1 —
cym™" — cyme=2N with some constants v, ci,cy > 0, for a sufficiently small

constant 0 <y < land T, < slog(max {K, N}), it holds that

1. The randomly initialized Wirtinger flow linearly converges to 7%, i.e.,

N

T,
f

PV Z 29 t 2 T 5

16/() 1"l

dist(z', z%) <y (1 -
2. The magnitude ratios of the signal component to the perpendicular component
in terms of hi; and x! obey

Oyt
hi
max

1
—L > —— (1 +cn), 8.115a
L o S (8.1159)

C(x;

(14 can)’, (8.115b)

max

1
>
I<izs Bt 7 /Nlog N

respectively, wheret = 0, 1, - - - for some constant c3, c4 > O.
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The precise statistical analysis on the computational efficiency of Wirtinger flow
with random initialization is illustrated in Theorem 8.3. In Stage 1, it takes randomly
initialized Wirtinger flow T, = O'(slog(max {K, N})) iterations to reach a local
region near the ground truth that enjoys strong convexity and strong smoothness.
In Stage II, it takes &'(s log(1/¢)) iterations to linearly converge e-accurate point.
Hence, the randomly initialized Wirtinger flow is guaranteed to converge to the
ground truth with the iteration complexity &' (s log(max {K, N})+s log(1/¢)) where
the sample size is m > s%> max {K, N}poly log m.

The proof of Theorem 8.3 is briefly summarized in the following. The key
idea is to investigate the dynamics of the iterates of Wirtinger flow with random
initialization.

1. Stage I:

* Dynamics of population-level state evolution. Establish the population-level
state evolution of ay; (8.116a) and By, (8.116b), oy, (8.117a), By, (8.117b),

respectively:
(1 Yo + el (8.116a)
o =1 -na — .116a
xlt_+1 n xlt. 770{,211. + ﬁi,
ﬁx{ﬂ = (1 - n)ﬁxlr_. (8] ]6b)
Similarly, the population-level state evolution for both oy, and Bj,::
(1= ey + (8.117)
Qpeet = (L =m)ap + 1 ) 117a
hl ! ait + ﬁit
Bp+1 = (1= m) By, (8.117b)

where the sample size approaches infinity. The approximate state evolution
(8.118) is then established, which is significantly close to the population-level
state evolution:

L T +1 (1 i, (8.118a)
o = | 1=t o a0 (1) 5 118a
’ % P %t P
NqgiPpt
Byt =|1-n+ | Bu. (8.118b)

2 2
Yo+ Py
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Q1+l = —n ———— | &, 7]( —Ut_)—,
X; Oluhfz +,Big X; X; aif +ﬂh§
(8.118¢)
N4i Px!

where the perturbation terms are denoted as {yy:}, {vyxr ), {ope ), {0}, {vpe ),
and {v,}. ’ ’ ’ ’ ’

. Dynamlics of approximate state evolution. Show that if «jp, (8.111),
Bn; (8.112), oy, (8.113), and By, (8.114) obey the approximate state
evolution (8.118), it has some T, = O'(slog(max{K, N})) such that
dist(zTr, 7% < y. Furthermore, the ratio oy, /Bp, and ay;/Bx; enjoys
exponential growth.

* Leave-one-out arguments. Identify the conditions where ap;, Bp;, ox;,
and By, obey the approximate state evolution (8.118) with high probability,
followed by demonstrating the iterates of randomly initialized Wirtinger flow
that solve the blind demixing problem satisfy the conditions.

2. Stage II: Local geometry in the region of incoherence and contraction.
Invoke the prior theory provided in [5] to show local convergence of the random
initialized Wirtinger flow in Stage II.

8.5 The Basic Concepts on Riemannian Optimization

As a supplementary of Sect. 3.4.3, we introduce some basic concepts on Riemannian
optimization via some examples. More details can be referred to the book [1].

Embedded Submanifolds Denote .4 as a subset of a manifold .#, which .4
admits at most one differentiable structure [1, Section 3.3]. Some examples of
embedded submanifold are provided in the following.

Example 8.1 (The Stiefel Manifold) The Stiefel manifold is an embedded subman-
ifold of R™*" For n < m, a Stiefel manifold can be denoted as

St(n, m) := [X e R XTXZIn}, (8.119)

which is the set of all m x n orthonormal matrices, where I,, denotes the n x n
identity matrix. For n = 1, the Stiefel manifold St(n, m) reduces to the unit sphere
sm-1,
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Tangent Vectors and Tangent Spaces Denote §y (.#) as the set of smooth real-
valued functions. A tangent vector &, to a manifold .# at a point x is a mapping
from Fy () to R. For f € §x(A), there exists a curve ¢ on .# with ¢ (0) = x,
such that

d(f(¢(@)))

. 8.120
el I (8.120)

§xf =

Based on the curve ¢, it yields a straightforward identification of the tangent space
Ty .# with the set

{¢'(0) : ¢ curve in 4, $(0) = x}. (8.121)

An example of tangent space for sphere is presented in the following.

Example 8.2 (Tangent Space to a Sphere) Define a curve in the unit sphere §"~! as
t — y(t), and there is yp att = 0. Since y(¢) € $"=1 for all ¢, it holds that

y Ty =1 (8.122)
for all t. Equation (8.122) is differentiated in terms of ¢, yielding
T T
y @y@+y @y@) =0. (8.123)

Thus x(0) is an entry of the set
{x ER":ygx = 0} . (8.124)

Furthermore, let x belong to the set (8.124). Then the curve

t— (t)‘_—yothx
T e+ oxl

is on $”~! and it holds y (0) = x. Hence (8.124) is a subset of T),OS"’l, and
7,5"" = |xeR":yTx =0) (8.125)

is the set of vectors orthogonal to the curve y in R".

Riemannian Metric As mentioned above, the notion of a directional derivative
can be generalized by tangent vectors. To further identify which direction of act
from x yields the steepest decrease in f, a notion of length with respect to tangent
vectors is required. This can be achieved by assigning an inner product (-, )y, i.e.,
a symmetric positive-definite or bilinear operator, to each tangent space Ty.# . The
inner product (-, -) for the point x € .# is called the Riemannian metric, which
can be represented as gy.
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Product Manifolds The differentiable structure defined by two compact manifold
M) and Ao, M1 x M is called the product of the manifolds .#| and .#;. Its
manifold topology is equivalent to the product topology [1, Section 3.1.6], which
means that the geometry concepts on the product manifolds can be represented
by the set of elementwise geometry concepts on individual manifold. An example
of product manifolds in the blind demixing problem (3.41) is introduced in the
following.

Example 8.3 (Product Manifolds in the Blind Demixing Problem (3.41)) Taking
the individual manifold .# as an example, a smoothly varying inner product
8x (& x,ny), where ¢ x, ny € Tx.#, characterizes the notion of length that applies
to each tangent space Tx.#. With a smoothly varying inner product gy, the
manifold .# is called the Riemannian manifold, and the inner product is called
the Riemannian metric. Denote .# as the Riemannian manifold endowed with
the Riemannian metric gx,, where k € [s] with [s] = {1,2,...,s}. The set of

matrices (Xq,..., X5) where Xy € .#,k = 1,2...,s is denoted as .Z* =

M XM XX ///, and is called product manifold.

N
Based on the Riemannian geometry concepts, the notion of length on the product
manifold can be characterized via endowing tangent space Ty .#° with the smoothly
varying inner product, given by

gvQv.mv) = ZS

g 8% Cx My, (8.126)

where ¢y, ny € Ty.#° and {x,,nx, € Tx,.#. Since .# is the Riemannian
manifold endowed with the Riemannian metric gx, for Yk € [s], the product
manifold .#* is also a Riemannian manifold, endowed with the Riemannian metric

8v.

Quotient Manifolds Computations related to subspaces are generally operated via
representing the subspace by the span of corresponding matrices’ columns. For a
given subspace, to represent the subspace with a unique matrix, it is beneficial to
divide the set of matrices into classes of “equivalent” elements that serve as the
same object. This operation yields the geometry concept of quotient spaces, which is
called quotient manifolds when concerning the Riemannian manifold optimization.
We first present the general theory of quotient manifolds, then we introduce the
corresponding representations of the blind demixing problem.

Denote a manifold endowed with an equivalence relation as ~.# . Then the
equivalence class containing x can be represented by the set

x]:={ye A :y~x} (8.127)

which contains all elements that are equivalent to a point x. The quotient of .# by
~ is defined as

M| ~={[x]:x € A}, (8.128)
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which contains all equivalence classes of ~ in .#. Thus, the points of .#/ ~ are
subsets of ./, and the set ./ is called the total space of the quotient .Z/ ~ .
Furthermore, a natural projection that maps the elements in the manifold .# to
the quotient manifold .#/ ~ is defined as w : . # — .4/ ~.If and only if x ~ y,
it holds that 7 (x) = 7 (y) such that [x] = 7~ (7 (x)).
An example of quotient manifold in the blind demixing problem (3.41) is
provided in the following.

Example 8.4 (Quotient Manifold in the Blind Demixing Problem) According to the
blind demixing problem given by (3.20):

find rank(W;) =1, for Wq,..., W,
. s
subject to H Zi:l i (W;) — y”2 <e,

this problem is a rank-constrained optimization problem. The key idea of Rieman-
nian optimization for rank-constrained problem is based on matrix factorization
[16,23]. Specifically, the factorization My = wy wkH in problem (3.41) is established
to identify rank-one Hermitian positive semidefinite matrices [22, 23]. Nevertheless,
the factorization M = wkw,';' is not unique since the transformation wy — a;wg

with a; € {ay € C : ara; = afa;r = 1} makes the matrix wkwkH unchanged. To
address this indeterminacy, the transformation wy +— aywy where k = 1,2, ..., s,

is embedded in an abstract search space, which constructs the equivalence class:
[Mi] = {arwi : axaf = ajar =1, a; € C}. (8.129)
The product of [M]’s yields the equivalence class
(V] ={[Mil}h—;. (8.130)

which is denoted as .#Z°/ ~, called the quotient space. Since the quotient manifold
A° | ~ is an abstract space, the matrix representations defined in the computational
space are needed to represent corresponding abstract geometric objects in the
abstract space [1], thereby implementing the optimization algorithms. Denote an
element of the quotient space .#°/ ~ as V and its matrix representation in

the computational space .#* as V. Hence, there exists V = 7(V) and [V] =
771 (7 (V)), where the mapping 7 : .#* — .#*/ ~ is the natural projection.

Riemannian Submanifolds Denote an embedded submanifold of a Riemannian
manifold ./ as .# . Note that each tangent space Ty.# can be termed as a subspace
of Tx%. Hence, the Riemannian metric g on .# can be derived by a Riemannian
metric g of .# given by

gx(.8) =8x(. &), n. ¢ eTed. (8.131)
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This implies that .# is a Riemannian manifold. The manifold .# with the
Riemannian metric g, is called a Riemannian submanifold of .#. The orthogonal
complement of the tangent space Ty.# in Ty.# is called the normal space to ./ at
x, which is denoted by (Te M)

(Tetl): = {n € Todl - gx(n, &) = Oforall ¢ € Txl///} . (8.132)

Thus, the sum i an element of Ty.# and an element of (T.# )l can yield an
element n € Ty A -

n = P+ P, (8.133)

where PxJ- is the orthogonal projection onto (Ty.#)* and Py is the orthogonal
projection onto Ty.# . We first present a simple example, i.e., sphere $”~! which is
a Riemannian submanifold of R". Based on the Riemannian submanifold of product
manifolds, we further introduce the decomposition of the tangent space Ty .#* of
the product manifold .#* in the blind demixing problem.

Example 8.5 (Sphere) On the unit sphere $”~! which is a Riemannian submanifold
of R", the inner product derived from the Euclidean inner product on R” is
represented as

(&, 0)=&T¢. (8.134)

The normal space is
N+
(sz"* ) —(x6:6 €R), (8.135)

and the projections are given by P& = (I - xxT) &, Pj-é =xx"gforx e "1,

Example 8.6 (Product Manifolds in Problem (3.41)) Considering the product man-
ifold .#* endowed with the Riemannian metric (8.126), the tangent space Ty .Z*
can be decomposed into two complementary vector spaces, given by Absil et al. [1]

Ty M = Vy H° & Ay M°, (8.136)

where @ is the direct sum operator. Particularly, the set of vectors which are tangent
to the set of equivalence class (8.130) is denoted as the vertical space, i.e., Vy H*.
While the set of vectors which are orthogonal to the equivalence class (8.130) is
denoted as the horizontal space, i.e., #y ./ . Hence the tangent space Ty, (.#° /~)
at the point V € .#°/~ can be represented by the horizontal space 4, .#° at
point V € .Z°. Hence, the matrix representation of ny, € Ty (.#*/ ~) [1, Section
3.5.8] can be represented by a unique element 5y € Sy .#°. Additionally, for each
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&y.ny € Tv.#*, by exploiting the Riemannian metric gy ({v, nv) (8.126),

gy &y my) =gv(&y,.ny) (8.137)

defines a Rimannian metric on the quotient space .#°/ ~ [1, Section 3.6.2], where
Cy.ny € T;,/// *. With the Riemannian metric (8.137), the natural projection
T M — M°] ~ is a mapping from the quotient manifold .#Z*/ ~ to the
computational space, which is also called Riemannian submersion .#* [1, Section
3.6.2]. According to the Riemannian submersion theory, the objects on the quotient
manifold can be represented by corresponding objects in the computational space,
which facilitates to develop Riemannian optimization algorithm on the Riemannian
manifold.

8.6 Proof of Theorem 3.4

Based on the notions mentioned in Sect. 3.4.3.2, the Euclidean gradient of f(v) in
problem (3.41) with respect to wy, is given by

Vi, f(0) =2- Z; (Ci-]ki +c?‘J,'j',~) S wg, (8.138)

where ¢; = Z,i: 12k (wi w',;')]i — y;i. According to the definition of the horizontal
space given in Table 3.4, it yields that Vy, f(v) is in the horizontal space due to

Vu, f (v) wy = wk Vwk f(v). Thus, the update rule in the Riemannian gradient
descent algorithm, i.e., Algorithm 3.3, can be reformulated as

Oy
wit =l - — v, JOIN! (8.139)
2wl

according to the definition of the Riemannian metric gy, and the retraction %y, in
Table 3.4. The update rule can be reformulated as

3f
l[ct_H] [l] ot f’w w;! 8.140
w1 [z] - 112 | ’ (8.140)
Wi Wy Hwk ) awH i

according to the fact that Vy, f(v) = 2%.

The proof of Theorem 3.4 is summarized as follows.

e Lemma 8.9 characterizes the local geometry in the region of incoherence and
contraction (RIC) illustrated in Definition 8.3, where the objective function
f(v) (3.41) enjoys restricted strong convexity and smoothness near the ground
truth v°.
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* Based on the property of the local geometry, Lemma 8.10 establishes the error
contraction, i.e., convergence analysis.

e Lemma 8.11 demonstrates that the iterates of Algorithm 3.3, including the
spectral initialization point, stay within the RIC. This is achieved by exploiting
the induction arguments.

Definition 8.3 ((¢, 8, y, v") — Z the Region of Incoherence and Contraction)
Define v; = [x! RMH e C¥* K and v = M- 0P € VR For v €
(9,0, v, v") — Z, there exists

dist (v', v%) < ¢, (8.141a)
Ho(~ 0 g
omax (7 -] x| =, (8.141b)
1<i<s,1<j<m J g L2
max  |BHE] ’h””q <cC (8.141¢)
1<i<s,I<j<m Jr iy — 37 ’

where some constants C>, C3 > 0 and some sufficiently small constants ¢, 6, y >
0. Additionally, hf and X! are defined as hf =Lpland¥ =yixifori=1,....s,
1[/; 1 l 1 1

with the alignment parameter wi’ .
The Riemannian Hessian is denoted as Hess f (v) := diag({Hessy,f};_,).

Lemma 8.9 ([7]) Assuming a sufficiently small constant § > 0. If the number
of measurements satisfies m > p*s*c?>max {N, K} log5 m, then with probability
exceeding 1 — 0(m~10), Hess f (v) satisfies

1
z7 [DHess f (v) + Hess f (v)D] z > T ||Z||%
and |Hessf(v)|| <2+ (8.142)

simultaneously for all

H H
z=[af ot | wihz= [ (g —x) (he— B =) (- )T ]

1

and D = diag ({Wi}le) with

W, = diag ([B“IK Biadn Bitlk EiZIN]*) :

Here v is in the region (8, m, JL;Z 10g2 m, v%) — #, and one has

h; — h; h;, — k' )x,' —x! X, —x

’

2

J= 8/(k+/s),

max{‘ 2’ )

o
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fori=1,...,s and W;’s satisfy that for Bi1, Bio € R, fori =1,...,s

' 1' - 8
Pl = o7

1
max max{ Bi1 — —',
K

1<i<s

Therein, Co, C3 > 0 are numerical constants.

Lemma 8.10 ([7]) Assuming that the step size satisfies oy > Qand oy = a < 57,
then with probability exceeding 1 — €(m~19),

. a .
dist (vf“, v”) < (1 — E) dist (v', v7), (8.143)

provided that the number of measurements follows m > p?s%c* max {N, K} log> m

and v is in the region (8, m, JL% log® m, v%) — &, which is denoted as Zpq.

Lemma 8.11 ([7]1) Assuming the number of measurements
m > Mzszkz max {K, N} log6 m,
then the spectral initialization point v° is in the region %pq with probability
exceeding 1 — O(m™°).
Assuming that t-th iteration v' is in the region %pq and the number of measure-
ments satisfy

m > Mzssz max {K, N} logsm,

then with probability exceeding 1 — O(m™2), the (t + 1)-th iteration v' 1! is also in
the region Xpq, which the step size satisfies a; > 0 and a; = a < s—L

8.7 Basic Concepts in Algebraic—Geometric Theory

In this section, we will introduce some basic concepts in algebraic—geometry theory,
which contribute to the proof of Theorems 5.5 and 5.6. The content in this section
is based on the paper [20].

8.7.1 Geometric Characterization of Dimension

Denote polynomials in R[x] = R[xy,...,x,] as fi,..., fs, their common root
position Ygn (f1, ..., fs), called an algebraic variety, is defined as

Yan(fi,.... f) ={¢ eR": f;(£) =0, Vi € [s]}. (8.144)
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Considering the dimension of gn(f1, ..., fs), for the case of a single equation,
i.e, s = 1, Yrn(f1) is a hypersurface of R” endowed with dimension n — 1; this is
similar to the situation where a single linear equation identifies a linear subspace of
dimension one less than the ambient dimension. There are other more complicated
cases where Y (f1) consists of a single point or no points, which is similar to
algebra where a linear subspace has zero dimension only if it contains a single point
or the origin point. In these cases, the common root position of the polynomials in
the algebraic closure C of R is considered:

Yen(fi,.... f)={¢ eC": fi(&) =0, Vi € [s]}. (8.145)

The dimension of (8.145) ¥cn(f1, ..., fs) € C" can be characterized by a well-
developed theory [9, 11, 14]. The geometric characterization of dim ¥¢n (f1, ..., f5)
is presented by the following definition.

Definition 8.4 If # = ¥ (g1, ..., g-) for some polynomials g1, ..., g € C[x],
% C C" is defined to be closed. If = ¥ (g1, ..., g ) is not the union of two
proper closed subsets, % is defined to be irreducible. The dimension of geometric
object Ycn (f1, ..., fs) is defined to be the largest non-negative integer d such that
there is a chain of the form

VoSt DN 290 2% 2 2 %, (8.146)

where &%; forany i € {1, ..., d} is a closed irreducible subset of Y¢n (f1, ..., fs)-

Definition 8.4 can be termed as a generalization of the notion of dimension in
linear algebra. For instance, considering that % is a linear subspace of C", dim %
is the same as the maximal length of a descending chain of linear subspaces. The
descending chain can be derived by removing a single basis vector of % at each
step. Please refer to Example 8.7 for details.

Example 8.7 Define a unit vector e; with the value of 1 at position i zeros and zeros
at the rest positions. Then % = Span(ey, . .., €,—;), C" admits a chain

C'=% 2N 2% 22 %12 % =0 (8.147)

Furthermore, the following propositions present several structural property about
algebraic varieties.

Proposition 8.2 Define % = Ycn(f1, ..., fs) for some f; € Clx]. With irre-
ducible closed sets of C" defined in Definition 8.4, i.e., %, % can be represented
as % = U ---U %, for some positive integer d. The set & is minimal, that is,
removing one of the %; would yield a union that is a strictly smaller set than %'. The
%; fori € {1,...,d} are called the irreducible components of % .
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Definition 8.4 along with Proposition 8.2 demonstrate that the dimension of
Yeon (f1, - - -, fs) is zero if and only if the algebraic varieties ¥cn (f1, ..., fs) consist
of a finite number of points. These varieties are concerned in the paper [20].

Proposition 8.3 Define % = ¥cn(f1, ..., fs). Then the dimension of % is 0 if and
only if % consists of a finite number of points of C".
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