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Abstract—With the widespread deployment of WiFi devices,
utilizing beamforming feedback for sensing has become a popular
trend in WiFi systems. However, the singular value decompo-
sition (SVD)-based feedback method adopted in existing WiFi
standards performs poorly in sensing performance since it
only aims at maximizing the communication performance. To
address this, we propose an integrated sensing and communi-
cation (ISAC)-oriented beamforming feedback protocol, which
provides different sensing information based on the sensing
indicator. Accordingly, we develop different ISAC-oriented CSI
compression methods for different sensing applications requiring
different feedback information. Taking the angle of departure
(AoD) as an example, an optimization problem is formulated
to maximize the data rate while preserving the complete AoD
information. To resolve it, we propose an iterative algorithm
to obtain the sub-optimal solution and a heuristic algorithm
to reduce the computational complexity. We further extend the
proposed compression method for the AoD information to the
compression of the angle of arrival (AoA) and time of flight
(ToF). Test results show that our proposal achieves both excellent
communication and sensing performance and can be applied
to various sensing applications, such as localization and action
recognition.

Index Terms—Integrated sensing and communication, beam-
forming feedback, WiFi system, channel state information.

I. INTRODUCTION

Next-generation wireless systems are highly anticipated to
bridge the physical and digital worlds, thereby providing
intelligent services, such as smart transportation [1], [2],
environmental monitoring [3], [4], and mobile healthcare [5],
[6], rather than only pursuing high data rate [7]. To achieve
this goal, wireless communications need to have the capability
of sensing the physical world. To this end, both industry
and academia have recently paid attention to one burgeoning
technology, namely integrated communication and sensing
(ISAC) [8]. Unlike traditional approaches where communica-
tion and sensing systems are separate [9], the ISAC technology
aims to perform the sensing function on the same commu-
nication hardware and frequency bands, thereby offering the
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advantage of low overhead and high spectral efficiency [8],
[10], [11].

Reusing pilot signals in existing communication systems
for sensing is one of the most efficient solutions to realize
ISAC [12]. Pilot signals, usually used for time synchronization
and channel estimation, have low autocorrelation sidelobes,
which is also the characteristic required by the sensing sig-
nals [13]. Thus, the measured channel state information (CSI)
using pilot signals effectively captures information about the
surrounding environment. However, the CSI is measured at
the station (STA) using pilots transmitted by the access point
(AP) and it needs to be further fed back to the AP for
supporting the sensing applications (e.g., localization [14]-
[16] and activity recognition [17], [18]) at the AP. Fully
feeding back the complete CSI over different antennas and
subcarriers to the AP would cause high overhead. To address
this issue, most existing compression schemes [19], [20] focus
solely on reducing the feedback volume from a communication
perspective. However, such approaches may compromise the
sensing information contained in the CSI, leading to a decrease
in sensing precision. This issue is also highlighted in the
ongoing WiFi standards, i.e., IEEE 802.11bf, aiming to explore
the sensing capability in WiFi systems [21]. To this end, we
aim to propose a novel ISAC-oriented feedback method for
WiFi systems in this paper.

A. Related Works

Over the past few decades, WiFi sensing, enabled by
extracting CSI from network interface cards (NICs), has
attracted wide attention due to the widespread deployment
of WiFi facilities, supporting activity recognition [17], [18],
finger gesture recognition [22], breath detection [23], and
localization [16], [24]. Specifically, Qian et al. proposed
WiDance [17], a gesture-based interaction interface that ex-
tracts Doppler shifts and direction information from CSI for
various activity recognition. Jiang et al. proposed EI [18], a
deep-learning framework using convolutional neural networks
(CNNis) to extract environment- and subject-independent CSI
features for improved environmental independence. In ad-
dition to large-scale activity recognition, CSI is also used
for small-scale activities like finger gesture identification and
breath detection. For example, Wifinger [22] extracts CSI
to detect subtle movements, and proposes an environmental
noise removal mechanism to enhance the robustness of gesture
recognition by mitigating signal dynamics. TensorBeat [23]
leverages the CSI phase difference between the receiver and
the transmitter, along with tensor decomposition techniques,



to achieve multi-user breathing rate estimation. Moreover, CSI
can also be used for realizing localization, a crucial sensing
application. For example, Kotaru et al. [16] proposed SpotFi
which jointly estimates the angle of arrival (AoA) and time of
flight (ToF) for improving resolution using CSI across different
subcarriers and antennas. Unlike the previous work, Wang et
al. [24] proposed LiFS, which utilizes the power fading model
and the first Fresnel zone to realize model-based device-free
localization.

However, extracting CSI requires specific NICs and hard-
ware modifications [25], thus hindering the widespread adop-
tion and further development of WiFi sensing. Therefore,
attention has been turned to the clear-text channel feed-
back for beamforming in modern WiFi systems [26]. To
reduce the overhead and ensure communication performance,
existing WiFi standards, i.e., IEEE 802.11ac/ax, adopt the
communication-oriented compression, i.e., singular value de-
composition (SVD), to compress the CSI [19]. The com-
pressed feedback can also be used for sensing [27]-[29].
Li et al. [27] used the Cramer-Rao bound (CRB) to quan-
tify the sensing capability of the SVD-based feedback and
proposed an efficient CRB-based feature selection algorithm.
BeamSense [28] developed an innovative multi-path estima-
tion algorithm that effectively maps compressed feedback
to a multi-path channel using inherent fingerprints, and its
sensing ability was verified with real-world tests. In addition,
MUSE-Fi [29] achieved multi-person sensing applications
such as respiration monitoring, gesture detection, and activity
recognition by leveraging downlink beamforming feedback.
Although existing works have proved that the SVD-based
method can be used for sensing [27], [29], its performance
is quite limited since CSI information is compressed for
reducing the communication overhead, with a significant loss
of sensing information [27]. To address this problem, Jiang
et al. proposed a novel compression method [30], performing
QR decomposition (QRD) on the conjugate transpose of the
CSI matrix. This method ensures that the first column of the
feedback matrix @ retains the complete angle of departure
(AoD) information of the original CSI matrix. However, [30]
only considers the sensing performance, which cannot be
applied to the ISAC system that involves both sensing and
communication performance.

B. Contribution

In this paper, we aim to develop an ISAC-oriented feed-
back method. Specifically, we face the following two issues.
The first one is that different applications generally require
different sensing information (e.g., AoD, AoA, and ToF). The
existing solutions [22], [27], [30] fail to satisfy this require-
ment as they only feed back the same sensing information
for different applications, which may lead to a poor sensing
performance. The second one is how to effectively design
the feedback jointly considering the communication and sens-
ing. The existing SVD-based compression method focuses
on maximizing communication performance and ignores part
of sensing information, failing to support fine-grained WiFi
sensing. On the other hand, the QRD-based method preserves

a significant amount of original sensing information, while
it does not consider the communication performance. The
complete CSI feedback method, on the other hand, suffers
from high overhead, especially with massive antennas.

To address the first issue, we first investigate existing sens-
ing solutions and then propose a flexible feedback protocol,
adapting to different sensing information requirements (e.g.,
AoD, AoA, and ToF) using a sensing indicator. To address
the second issue, different from existing solutions, we adopt an
optimization manner that balances communication and sensing
performance, realizing high ISAC performance with minimal
feedback overhead. Specifically, when the AoD information
is required, we formulate an optimization problem aimed at
maximizing the communication performance without compro-
mising the AoD information. A sub-optimal iterative algorithm
and a heuristic low-complexity algorithm are both developed
with the consideration of the varying computation capability
of STAs. This manner is also extended for other sensing
information requirements. In summary, our main contributions
are:

o To satisfy various requirements of different applications
on the sensing information, we propose an ISAC-oriented
flexible beamforming feedback protocol. It aims to pro-
vide necessary sensing information for different sensing
applications and consists of corresponding ISAC-oriented
compression methods that balance communication and
sensing performance with minimal overhead.

o For the AoD information, we formulate an optimization
problem to maximize the data rate while preserving the
complete AoD information, and a sub-optimal iterative
algorithm is developed to solve it. Moreover, a low-
complexity algorithm is also developed with the com-
putational complexity approaching that of the SVD. Our
proposal is extended to other feedback scenarios, such as
AoA and ToF.

o Test results demonstrate that compared with the QRD-
based method, our proposal offers better communica-
tion performance while achieving more accurate distance
estimation. In addition, compared with complete CSI,
our proposal achieves comparable communication and
sensing performance with lower feedback overhead and
is adaptable to various sensing tasks.

C. Organization and Notations

The rest of this paper is organized as follows. Section II
introduces the system model and provides our preliminary
design. In Section III, we formulate the optimization problems
for angle information. Sections IV and V introduce the com-
pression methods for angle information, and the compression
methods for ToF and complete CSI, respectively. Test results
are presented in Section VI, and Section VII provides a
summary of the whole paper.

In this paper, scalars are denoted by lower case, vectors
are denoted by boldface lower case, and matrices are denoted
by boldface upper case. I represents an identity matrix and O
denotes an all-zero vector. (-)7 and (-) denotes transpose and
Hermitian transpose, respectively. For a matrix A, tr(A) is the
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Fig. 1. A WiFi ISAC system where Path 1 represents the light-of-sight (LoS)
path, Path 2 represents the non-LoS (NLoS) path, and the “feedback” describes
the process of feeding the CSI after compression and quantization back to the
AP.

trace of A, Ay, ,, represents the element of A located in the
n-th row and m-th column, and ||A|| denotes the Frobenius
norm of A. For a vector a, ||a|| represents its Euclidean norm.
C™>™ denotes the space of m x n complex matrix.

II. SYSTEM MODEL AND PRELIMINARY DESIGN

In this section, we first introduce the system model and the
channel model for the considered WiFi ISAC system. After
that, we discuss the sensing information required by different
sensing applications and present our preliminary design for
CSI feedback.

A. System Model

As depicted in Figure (Fig.) 1, we consider a WiFi ISAC
system consisting of an AP and a STA. Both the AP and
STA adopt uniform linear array (ULA), and the numbers of
antennas are N for the AP and M for the STA. The total
bandwidth is divided into K subcarriers with the orthogonal
frequency division multiplexing (OFDM) technique used in
the system. The STA demands high-speed communication
service, and the downlink beamforming technique is used
at the AP to satisfy the requirement. Beginning with the
802.11ac standard, a channel sounding protocol has been
adopted to support beamforming. It mainly contains three
parts: pilot transmission, channel estimation, and feedback.
After receiving the CSI feedback, the WiFi AP uses it to
structure a beamforming matrix, denoted by C}j € CNxM,
for each subcarrier. Let x;, € CM*1 denote the transmit data
at the WiFi AP for the k-th subcarrier. Then the received signal
at the STA is

Yy, = H,Crxp, + ny, (1

where Hj, € CM*N g the wireless channel between the AP
and STA and nj, € CM*1 is the additive white Gaussian noise
(AWGN) following Gaussian distribution CA(0, 02I) with o
being the noise power. The received signal is further processed
with an equalizer, denoted by By € CM*M  for recovering
the transmit signal, as

&y = By (HCrxy +ny). 2

Besides providing communication services, the AP also
aims to deliver sensing information to support intelligent
services, such as user localization and gesture recognition for
ambient intelligence and smart environments [31], [32]. To this
end, one possible solution is to transmit a sensing signal and

collect the echo reflected by the sensing target via the full-
duplex mode (like a monostatic radar [33]). However, such a
mode requires expensive hardware and complex algorithms to
realize self-interference cancellation, not practical for afford-
able consumer WiFi APs. As previously mentioned, the STA
also feeds back the estimated CSI between the AP and itself
to the AP, and the CSI also contains the sensing information
as the pilot is reflected by the sensing target before arriving at
the STA. Thus, in this paper, we aim to leverage the channel
sounding protocol to realize WiFi ISAC, which is also urgently
needed by the ongoing 802.11bf standard.

B. Channel Model and Sensing Basics

Following the ongoing 802.11bf standard, we adopt a ray-
tracing-based channel model [34] in this paper. As shown in
Fig. 1, the signal transmitted by the WiFi AP arrives at the
STA through L effective propagation paths, and the AoD at
the Wi-Fi AP, AoA at the STA, and ToF are 6;, ¢;, and 7; for
the [-th path, respectively. Thus, the channel between the n-th
antenna of the Wi-Fi AP and the m-th antenna of the STA for
the k-th subcarrier can be expressed as

L
hm,n,k _ Z Oélefjﬂ((nfl) sin(0;)+(m—1) sin(¢l)+2nfk.)’ (3)
=1
where a; € C is the attenuation of the [-th path and fi is
the frequency of the k-th subcarrier. Note that we assume the
antenna spacing is half a wavelength without loss of generality.
Moreover, hy, .1 over different transmit and receive antennas
makes up the CSI matrix as Hy = [hyni] € CM*N for
each subcarrier.

From the channel model (3), one can clearly observe that
AoD 0, leads to the phase difference 7 sin(6;) over different
transmit antennas. Thus, when AoD information is required
at the WiFi AP for supporting sensing applications, the CSI
Rm,n 1, over different transmit antennas, i.e., one row of the
CSI matrix Hy, should be fed back to the AP via the
channel sounding protocol. Note that scaling h, .  over
different transmit antennas using the same factor does not
influence the AoD information. Similarly, when the AoA/ToF
information is required, the CSI h,, 5 j over different receive
antennas/subcarriers can be fed back to the AP.

C. The Overview of Our Design

The existing channel sounding protocol adopted in the
802.11ac/ax standard aims to realize maximum communi-
cation performance with minimal feedback. Thus, after es-
timating the channel at the STA, SVD [47] is adopted as
H;, = U,Zp(V)" and only the right unitary matrix
Vi € CV*M i fed back to the AP after Givens rotation [48].
Then, Vi, is directly used as the beamforming matrix at the
AP as it is the optimal one for communication [49], [50]. This
scheme only considers the communication performance while
ignoring the sensing demand, and the sensing information
contained in the CSI might be lost after applying the SVD.
For example, the phase difference 7 sin(6;) caused by AoD
is destroyed since the SVD is not a simple scaling operation,



TABLE I
SUMMARY OF APPLICATIONS AND PROPOSED COMPRESSION METHODS FOR SENSING INFORMATION

Information Sensing Applications Compression methods
Localization [14], [35], [36], human pose Using two algorithms (the iterative algorithm and the
AoA/AoD recognition [37], human mesh construc- low-complexity algorithm) in Section IV to obtain the

tion [38]. matrix CYy,.
o . Using SVD to obtain beamforming matrix C';. Using
ToF ;OCE[‘ZT]“‘“OD (391, 140, multipath ~profil- 1, \\\1p o1 G-AMP in Section V-A to feed back the
& ’ complete range information.

Using the compressed method for angle in Section IV
AoA/AoD + L to obtain the matrix C. Using D-AMP or G-AMP in
ToF Localization [15], [42] Section V-A to feed back the complete range informa-

tion.

Activity recognition [43], [44], finger gesture
recognition [22], human breath detection [45],
talking detection [46], localization [16], [24].

Complete CSI

Using D-CSI or G-CSI in Section V-B to obtain the
complete CSIL.

and the accuracy of localization using V', would be lower than
that using the original CSI H . To address this issue, Jiang et
al. [30] applied QRD as H} = Q, Ry, where Q,, € CN*M
is a unity matrix and R;, € CM*M is an upper right-triangular
matrix. Then, Q,, is fed back to the AP, which is later used
as the beamforming matrix. Thanks to the characteristics of
QRD, the first column of Q,, is the first column of H kH after
normalization. Thus, the AoD information can be preserved
and fed back to the AP without performance degradation.
However, the QRD scheme only considers parts of sensing
information, and the AoA information is still affected, which
is not suitable for some sensing applications. Moreover, the
communication performance has not been fully considered in
the QRD scheme.

To address the aforementioned two issues, we propose a
novel channel compression and feedback scheme for high-
performance communication and sensing simultaneously. Dif-
ferent from the QRD scheme that mainly focuses on the
AoD information, we consider the requirements of different
sensing applications. We summarize the sensing information
required for various tasks and corresponding compression
methods in Table (Tab.) I. From the table, it is clear that
some applications only require angle information (AoD or
AoA). In such a case, we aim to use optimization to obtain
the beamforming matrix that includes the complete angle
information, as elaborated in Section IV. For applications that
only require range information, i.e., ToF, we opt to feed back
the beamforming matrix obtained through SVD, along with the
CSI between the first transmit and receive antennas at different
subcarriers, i.e., {h1,1,%, Vk}, compressed using D-AMP or G-
AMP methods, which are detailed in Section V-A. Some ap-
plications require both angle and range information, in which
case the beamforming matrix is obtained via optimization,
and {hy1,Vk} are compressed using D-AMP or G-AMP
methods. Additionally, some complex sensing applications
demand the complete CSI matrix, for which we choose to
feed back the entire CSI, compressed using D-CSI or G-CSI
methods, as described in Section V-B.
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______

AP
@ LA [

. . . \
NDP announcemenll(sensmg indicator) f Channel !
I o '
NDP : estimation :
) i ¥
NDP (reflection) H !
I CSI H
I " H
Estimation 1 ey !
and | A 4 H
~ ! 1
compression
Feedback 1 Csl ) |
! |_compression |1
'
'
. ' W 1
Beamforming ! '
. '
matrix L K antizati 1
Communication dat H lsruzaien !
N

Sensing
algorithm
1 1

Demodulation

Fig. 2. The proposed ISAC-oriented channel sounding protocol.

We further develop a novel ISAC-oriented channel sounding
protocol to overcome the limitation of existing works, as
shown in Fig. 2. It is started by a null data packet (NDP)
announcement transmitted by the AP. Different from the
existing NDP announcement, it contains a sensing indicator
for the required sensing information, listed in Table I.! A pilot,
i.e., NDP, is transmitted after the NDP announcement, and the
STA measures the CSI using the received NDP. The CSI matrix
is compressed and quantified according to the received sensing
indicator. The compressed CSI is further fed back to the
AP. The AP performs sensing and communication functions
based on the received information. For the multi-user scenario,
our proposed methods can be easily extended following the
existing multi-user beamforming feedback protocol [51].

In the next section, we will formulate the optimization prob-
lems for AoA/AoD information and solve them in Section IV.
Moreover, the compression methods for ToF are detailed in
Section V-A, and the compression methods for complete CSI
are detailed in Section V-B.

'The indicator could be vacant for compatible with the existing protocol,
i.e., requiring the compressed feedback using SVD for communication.



ITII. PROBLEM FORMULATION FOR ANGLE INFORMATION

In this section, we focus on the angle information (AoD and
Ao0A) and formulate mathematical problems for optimizing the
beamforming matrix C'.

Firstly, we formulate the optimization problem for AoD
information. According to the channel model mentioned in
Section II-B, to keep the AoD information, we need to fully
retain the first row of H in the beamforming matrix C/.
Meanwhile, to ensure compatibility with existing WiFi sys-
tems, C'; should be unity, i.e., CkH C = I, and the exisitng
Givens rotation [48] can still be applied. Consequently, the
first column of C'; should be equal to the normalized first
row of H based on the data transmission expression in (1),
as

1
Hil ), )

Chri1 =
”Hk[ yll

where A[H 1) is the first column of A" We aim to improve
the communication performance while maintaining the sens-
ing performance. Meanwhile, we adopt the data rate as the
metric for communication. Considering that WiFi standard is
backward-compatible and most existing WiFi devices adopt
zero-forcing (ZF) equalizer [52] for demodulation due to its
low complexity and high performance, we also assume that

STA uses the ZF equalizer, i.e., By = (Hk.C’k)_l. Then, the
signal after the equalizer can be expressed as
&y =z + (HpCr) 'my
-1
=z + (VICL) =0y 5)

The signal-to-noise ratio (SNR) for each data stream at the
k-th subcarrier can be expressed as

D
1222(VkHC’k)‘H)[ |

where pj is the transmit power for each data stream. The
overall data rate at the k-th subcarrier is
M
Ry =w Y logy(1+ SNRym), (7)

m=1

SNRy m = ©6)

o? <(VkHCk)_

where w is the bandwidth occupied by each subcarrier.

Now, we can formulate the optimization problem for the
beamforming matrix C', as

M
mCax w Z logs(1+ SN Ry m), (8a)
m=1
1 H
S.t. Ck[:71] = g ), (8b)
|H
clic, -1 (8¢)

Since different subcarriers are independent in the OFDM
system, we only focus on one single subcarrier, and other
subcarriers can be dealt with in the same manner.

For AoA information, we only need to modify con-
straint (8b) in Problem (8) to Cly. 1.0 = Hyy.,1), ensuring
that the feedback contains complete AoA information.

In Problem (8), the objective function (8a) is non-convex.
The first constraint is linear and thus is convex. The second
constraint is quadratic but is an equality constraint, which is
apparently non-convex. As a result, solving Problem (8) is not
easy due to the non-convex unitary constraint. In what follows,
we will develop two algorithms to address the formulated
optimization problem.

IV. COMPRESSION METHODS FOR ANGLE INFORMATION

In this section, we first propose two algorithms (the iterative
algorithm and the low-complexity algorithm) for Problem (8)
and then extend the two algorithms for AoA information.

A. Iterative Algorithm for Problem (8)

First of all, we need to deal with the objective func-
tion since the relationship between the data rate and the
beamforming matrix C'; are complex according to the SNR
expression in (6). The total received signal power at the STA
is prtr{CH{ Hf H).C}.} according to equation (1) and we
first opt to maximize the received power. Thus, we have the
following lemma for C'.

Lemma 1. For maximizing the received power, C, should be
Cr =V,Ayg, (€))

where Ay € CM>*M s g unitary matrix.
Proof: Please refer to Appendix A. ]

With Lemma 1, the SNR expression can be simplified as

SNRym = p—k,

10)
— (
azakH)mEk ak.m

where ay,, € CM*! is the m-th column vector of Ay.
Meanwhile, constraint (8b) can be rewritten as

Chl (11)

Thus, a1 can be directly derived, and we only need to focus
on optimizing aym,, m = 2,---,M. To this end, we can
easily derive the gradient of the data rate Ry on ag,,, (m =

2, M), ie.,

in each iteration.
However, due to unitary constraint (8c) in Problem (8),
directly employing the gradient descent method would lead

=Viag.

OR
90 k , and use it for updating the variable
Ak m

to an infeasible solution that violates the unitary constraint.
To solve it, we aim to project the updated Ag in the [-th

iteration into the set constructed by the unitary constraint with
minimal modification on A{". Let X" € CM*M denote the
updated Ag), and it can be obtained via solving the following
problem:

min [|A) - X7, (122)
k

st. (xExW =, (12b)

X\ =a. (12¢)

This problem aims to minimize the difference between the
unitary matrix X ;Cl) and A,(gl), whose optimal solution is given
in the following theorem.



Theorem 1. Given A,(f) = Ag[): 2M] akvlaﬁlAgBQ:M] and

its SVD being A,(fl) = U?’(l)zﬁ’(l)(VA’(l))H, the optimal
solution to Problem (12), denoted by Xkl)’*, is

b, A1) v A
X\ = U (Vi) (13)
Proof: Please refer to Appendix B. [ |

Until now, we can summarize the whole iterative algorithm
in Algorithm 1. First of all, we determine the first column
of Ay using (11) with the computational complexity being
O(NM). After that, we perform iteration for the remained
columns of Aj. Specifically, in each iteration, we first need

k
Ak,m
putational complexity is O(M 3). Then, we employ the Armijo
rule to determine the step y with the computational complexity
being O((log —)M? + M?3) [53]. The Armijo rule applied is
a commonly used line search criterion, primarily employed in
optimization algorithms to ensure that each iteration results in
a sufficient decrease in the objective function value. After that,
we update Ag) except for the first column and further project

to calculate gradient form = 2,---, M, and the com-

itto X ,(Cl) using Theorem 1 for satisfying the unitary constraint,
with the computational complexity being O(M?) and O(M?3),
respectively. Let I denote the number of iterations, and the
overall computational complexity of the proposed iterative
algorithm is

o <I(M3 + M?log 1)) . (14)
Now, we analyze the convergence of Algorithm 1. Since we
update the variable using the gradient descent method and the
step is determined using the Armijo rule, the increase in each
iteration, i.e., R/t > R(M | can be guaranteed. Meanwhile,
the data rate has an upper bound since both the total transmit
power and noise power are given. Consequently, Algorithm 1
converges to a sub-optimal solution to Problem (8).

Algorithm 1: Iterative Algorithm for Problem (8).

1 Initialize the maximal error tolerance ¢, step v, and the
maximal number of iterations I. Set the iteration
index [ as O;

2 Initialize CECU) under the constraints (8b) and (8c);
3 Calculate the first column of Ay, i.e., a.1;

4 repeat
OR
5 Calculate gradient k ;
8ak,m
6 Utilize the Armijo rule to determine the step -y;
OR
7 Update Ag) using gradient 3 ¥ and step v;
Q. m

8 Obtain X ,(Cl) using updated A,(f) with Theorem 1;
o | Al _ X0,

10 =141,

1 until the norm of gradient is less than € or | > 1.
Output: Cj, = VA

-
(5]

B. Low-Complexity Algorithm for Problem (8)

For some STAs with low computation capacity, the iterative
algorithm with high computational complexity would cause
a large delay, and the cost mainly comes from the iteration.
To address this issue, we aim to propose a low-complexity
algorithm that does not need iteration in the following.

From the SNR expression in (10), the m-th data stream
is only related to the m-th column vector ay,,, of Ay, and
{ak,m,Vm} are only coupled in the unitary constraint (8c).
This drives us to successively optimize ay ,, for maximizing
the corresponding m-th data stream’s SNR, and the problem
for optimizing ay.,, can be formulated as

Pk

max SNRg,=———5—, 15a
kom k:’ UzakHTTL2];2ak7m ( )
st. lagmll =1, (15b)
akH,mak-,m/ =0,m <m. (15¢)

The objective function of the above problem is further equiv-
alent to minimize aﬂmEEQak,m. The difficulty of solving
problem (15) still comes from unitary constraint (15c). To
address it, we can derive the following feasible solution:

ak’,m = Yk,mdk,ma vm7 (16)

where Yy, ,, € CM>(M=m+1) jq o unitary matrix that lies in
the null space of {a ./, m’ < m} and ay,,, € CM—m+1)x1
is treated as the optimization variable. Note that Yy,
can be obtained using the Gram-Schmidt orthonormalization
method [54]. With (16), it is readily to prove that aﬁ m @h,m =
0 for m’ < m using recursion, and then we successively
optimize @y .. The objective function can be rewritten as

. “H H =2 N
min ak,mkamEk Y mQkm. a7n

Ar m
Problem (17) can be easily solved using eigenvalue decom-
position on YkH)mE,;ZYkM. Let vy, € CM=m+1Dx1 denote
the eigenvector corresponding to the minimum eigenvalue of
YﬁmEngkm. The optimal solution, denoted by d;m, to
Problem (17) is
(18)

A Kx _
ak,’m — 'Uk;’m.

Note that the corresponding ai,m obtained using (16) satisfies
the constraint (15b).

The overall low-complexity algorithm can be summarized
in Algorithm 2. It contains a loop for sequentially optimizing
aj,m. For ay ., we first calculate Yy, ,,, with the computa-
tional complexity being O(M (M —m+1)?), and the next step
is to obtain vy, ,,,. Since we only need to obtain the eigenvector
of the minimum eigenvalue, it is not necessary to perform
the whole eigenvalue decomposition. Instead, we can utilize
the Lanczos algorithm [55], which can be used to efficiently
find the external eigenvalues (maximum and minimum) and
the corresponding eigenvector of a symmetric matrix, and its
computational complexity for vy, ,,, is only O(t(M —m+1)?),
where t < (M — m + 1) denotes the number of iterations of
Lanczos algorithm. After that, we use (16) to calculate a;m.
Thus, the overall computational complexity of the Algorithm 2

1
is O(EMQ(M —1)(2M —1)). This complexity can be further



Algorithm 2: Low-Complexity Algorithm for Prob-
lem (15).

1 Fix a1, and set column index m as 2;

2 repeat
3 Calculate Y, 1,3
4 Use the Lanczos algorithm to obtain the

eigenvector vy, ., corresponding to the smallest
eigenvalue of YﬁmEngk,m;

&Znn = Vk,m>

a‘z,m = kamd;;,m;

m=m-+1;

until m > M.

9 & W

reduced since the requirement on Y, ,,, is that it contains all
basis vectors in the null space of {a ./,m' < m}, and the
requirement of being unitary is unnecessary. Thus, we can
randomly generate a matrix Y5, ; before the loop. In the m-
th iteration, we first select the last (M — m + 1) columns of
Y1 m—1 to construct Yy, ,,, and then apply orthogonalization
to ensure that aﬁm_lyk’m, = 0, ¥m' with y, ., being the
m/-th column vector of Y, ,,,. Finally, normalize each column
of matrix Y, ,,. Consequently, the computational complexity
for Y ,, in the m-th iteration is O((M — m + 1)M). Thus,
the total computational complexity of Algorithm 2 is

0 (é(M— 1)M((2t+3)M—t)), (19)

approaching that of the SVD-based method.

C. Compression for AoA Information

In this section, we focus on AoA information. Similar
to the compression for AoD information, we formulate an
optimization problem and the difference is that the constraint
on the first column of Cy, i.e., Cy[. 1). Specifically, the first
M elements of Cj. 1) should be equal to the first column
of Hyp. 1y, i.e., Cipiivy) = Hypp). To further apply the
proposed Algorithms 1 and 2, C, still needs to satisfy equa-
tion (11). However, it is worth worrying whether equation (11)
can be ensured with C1.p7,1) = Hy[.,1) or not since the size
of Vi is only N x M. To address this issue, we give the
following lemma.

Lemma 2. 7o satisfy equation (11), we can structure remain-
ing (N — M) elements of Cy,. 1) with given first M elements
of Ci[.1), as

Crinrr1:8,1) = Vir1:n, (Vi) Crpiaaryy- - (20)
Proof: Please refer to Appendix C. ]

With Lemma 2, we obtain Cy. ;) and further normalize it
to satisfy the unitary constraint. Until now, we can directly ex-
tend the proposed iterative algorithm and the low-complexity
algorithm for AoA information.

V. COMPRESSION METHODS FOR TOF AND COMPLETE
CSI

In this section, we will introduce compression methods for
ToF and complete CSI.

A. Compression for ToF Information

For some sensing applications, distance information is im-
portant. The estimation of distance d; relies on the ToF 7,
and the relationship between them is d; = 7;¢ where c is the
speed of light. Recall that ToF leads to the phase difference
27 (7, fi.) over different subcarriers in (3). Thus, CSI between
the first transmit antenna and the first receive antenna at
different subcarriers, i.e., {h1,1, Vk}, should be fed back to
the AP for ToF. To maximize the communication performance,
we adopt the SVD-based beamforming compression solution,
and {h11,Vk} are directly fed back to the AP. To this
end, there are two different solutions. The first one, named
D-AMP, is to directly quantify {h; 1, Vk} individually and
then feed them back to the AP. The second one, named G-
AMP, is to use the Givens rotation [48] to compress the vector
[h1,1,1,- -+ ,h1,1,K] into a series of angles and then feed the
quantified angle back to the AP.

When the sensing application requires both angle and dis-
tance information, a compression method that jointly incorpo-
rates angle and distance information is required. Meanwhile,
note that the compression method for angle does not conflict
with that for distance, and thus we can directly combine
the compression method for angle and that for distance.
Taking AoD and ToF information as an example, we can
feed C; obtained using Algorithm 1 or 2 back to the AP for
AoD. Meanwhile, we also need to feed back the compressed
{h11,k, Yk} using G-AMP or D-AMP method for ToF.

B. Compression for Complete CSI

As shown in Tab. I, there are also many sensing applications
that require complete CSI. At this point, the compression
methods for only angle and range information are no longer
enough to support sensing applications. Thus, it is necessary
to feed back the complete CSI matrix to the AP. Unlike the
previous cases, each element of the feedback matrix is already
determined in this case, and thus there is no optimization
involved. The main issue we need to consider is how to
compress the complete CSI matrix with minimal error. Similar
to the method of ToF feedback in Section V-A, we propose
two compression methods here.

o D-CSI method: Directly quantify the real and imaginary
parts of each element in the CSI matrix and feed them
back to the AP.

¢ G-CSI method: First, use SVD to obtain two unitary
matrices U, € CM*M and V;, € CV*M  and a diagonal
matrix ¥, € CM*M_ Next, the Givens rotation is
adopted to further compress the unitary matrices U, and
Vi, converting them into a series of angles. Moreover,
the appropriate number of quantization bits is selected
to quantify these angles and diagonal elements of 3.
Finally, all of them are fed back to the AP.



TABLE II
SIMULATION PARAMETERS.

Parameter Value
Number of transmit antennas, [N 4
Number of receive antennas, M 3
Bandwidth 20 MHz
Carrier frequency, f€ 5.18 GHz
Number of subcarriers, K 256
Distance of path 1, d; 10 m
Distance of path 2, dy 15m
Angles of path 1, (01, ¢1) (0°,0°)
Angles of path 2, (02, p2) (40°,—-30°)
SNR 20 dB
MCS index 5

In practice, we can choose one of the quantization methods
according to the requirement on the sensing performance.
Taking the action recognition task as an example, we can
determine the relationship between the number of quantization
bits and the sensing accuracy for both methods during the
training phase. During the application phase, the AP can select
the number of quantization bits and the method according to
the required sensing accuracy.

VI. TEST RESULTS

In this section, we use simulations to verify the communica-
tion and sensing performance of the proposed methods. After
that, a realistic experiment is conducted to further verify the
sensing performance of the proposed methods.

A. Simulation Parameters

The simulation settings are outlined below unless stated
otherwise. We adopt WiFi 6 standard with the carrier fre-
quency being 5.18 GHz, i.e., f¢ = 5.18 GHz. The AP and
STA work under a bandwidth of 20 MHz, and the number of
subcarriers is 256, i.e., K = 256. The numbers of antennas
at the AP and STA are 4 and 3, respectively, i.e., N = 4
and M = 3. For the wireless channel between the AP and
STA, we adopt the ray-tracing-based channel model mentioned
in Section II-B, consisting of multiple paths. Among these
paths, the attenuation of two paths is observably weaker than
others. Path 1 corresponds to the LoS path with a distance of
10 meters, i.e., d; = 10 m, and both AoD and AoA are 0°,
i.e., (01, ¢1) = (0°,0°). It can be used for active localization.
Path 2 corresponds to the NLoS path with a distance of 15
meters, i.e., do = 15 m. The AoD and AoA are 40° and
—30°, respectively, i.e., (f2,¢2) = (40°,—30°). It can be
used for passive localization. The SNR is set as 20 dB and
the modulation coding scheme (MCS) index is set as 5. The
major simulation parameters are summarized in Tab. II.

B. Communication Performance

We first focus on the communication performance and
compare the proposed methods with the existing SVD-based
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Fig. 3. Communication performance under different SNRs, where (a) and (b)
show the performance of the proposal when AoD is required, and (c) and (d)
show the performance of the proposal when AoA is required.

method and QRD-based method [30]. Fig. 3 shows the com-
munication performance under different SNRs between the AP
and STA with the metrics being throughput and packet error
rate (PER). First of all, the communication performance of all
methods increases with the SNR since the increase of the trans-
mit power is beneficial for correct demodulation. Then, one
can clearly observe that the SVD-based method offers the best
communication performance i.e., the highest throughput and
the lowest PER, because the beamforming feedback generated
by the SVD is solely designed for communication. When the
AP requires AoD information, the proposed methods (both
the iterative and low-complexity algorithms) outperform the
QRD-based method in terms of communication performance,
verifying the superiority of our proposals. Although the first
column of the feedback matrix in the proposed methods is
the same as that in the QRD-based method, the remaining
columns are optimized for maximizing the communication
performance. As a result, the proposed methods could real-
ize better communication performance than the QRD-based
method. Additionally, in the proposed methods, the perfor-
mance of the low-complexity algorithm is slightly worse
than the iterative algorithm, which indicates that the low-
complexity algorithm trades a slight performance degradation
for a significant reduction in complexity. Moreover, when the
AP requires AoA information, although the performance of
our proposals fluctuates, we still can observe that the proposed
methods outperform the QRD-based method, further confirm-
ing the effectiveness and stability of the proposals. Besides, it
is noted that our proposals are more suitable for devices with
low communication demands, such as smart speakers. They
only need to maintain basic communication functionality and
have high demands for sensing the surrounding environment.
If the device has higher communication requirements, the SVD
method can still be chosen.

We show the running time of the proposed methods and the
two baselines in Tab. III. All methods are implemented on a



50

0.6

_ J QRD
245 i SVD
<40 ~4— + Iterative (AoD)
% 0.4 —4—Low-complexity (AoD)
=35 %
=%
<30 A
2s QRD 02
g SVD ‘
ﬁ 20 Iterative (AoD)
15 [ —4—Low-complexity (AoD) 0 ‘
2 4 6 8 10 12 14 2 4 6 8 10 12 14

Number of quantization bits Number of quantization bits

(a) Throughput. (b) Packet error rate.

Fig. 4. Communication performance under different numbers of quantization
bits.

2

—~ QRD

Z50 0g|~—SVD

o . Iterative (AoD)

540 —4—Low-complexity (AoD)

= x 0.6

230 m

< A4

=0 .

=20 QRD

=1 SVD 02

£ 10 |—o—Iterative (AoD) -

0 —4—Low-complexity (AoD) | 0 | |
2 3 4 5 6 7 8 2 3 4 5 6 7 8

MCS index MCS index

(a) Throughput. (b) Packet error rate.

Fig. 5. Communication performance under different MCS indices.

TABLE III
RUNNING TIME COMPARISON.

Compression methods Running time (s)

SVD 3.71x 1073

QRD 2.02x 1073

Iterative algorithm (AoD) 8.08 x 10~ T
Low-complexity algorithm (AoD) 5.32 x 1073

personal computer equipped with an Intel i5-8265U CPU and
8 GB RAM. It can be observed that the running time of the
low-complexity algorithm is significantly lower than that of
the iterative algorithm and is close to that of the SVD method
and QRD method. Thus, the low-complexity algorithm can be
used in the real-time communication scenario.

Fig. 4 shows the communication performance under differ-
ent numbers of quantization bits for the proposed methods and
the two baselines. It can be observed that the communication
performance for all methods improves as the number of
quantization bits increases. This is because the increase in the
number of quantization bits enhances precision, allowing the
AP to recover more accurate feedback matrices. When the
number of quantization bits is higher than 6, the improvement
in the communication performance for each method becomes
quite limited. Therefore, in practice, setting the number of
quantization bits to 6 in WiFi systems can achieve high com-
munication performance while reducing feedback overhead,
which is a suitable choice. Besides, we can observe that the
proposed methods outperform the QRD-based method under
the same number of quantization bits. This result indicates that
the proposed methods can achieve the same communication
performance with less number of quantization bits, reducing
the overhead.

Fig. 5 shows the communication performance under differ-
ent MCS indices for four schemes. It can be found that the
performance of both proposed iterative and low-complexity
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Fig. 7. Performance comparison on distance estimation.

(a) The proposed method.

algorithms is higher than that of the QRD-based method,
further confirming the effectiveness of the proposal. Moreover,
the PER increases with the MCS index since the received
signal is easier to be misjudged with higher MCS under
the same SNR. Consequently, when the MCS index is low,
the increase in the MCS index leads to an increase in the
throughput since a higher MCS index allows more data to be
transmitted, with only a slight increase in the PER. However,
when the MCS index becomes high, the increase in the MCS
index leads to a decrease in the throughput since the increase
in the PER is remarkable, and most of the data cannot be
correctly decoded.

C. Sensing Performance

To measure the sensing performance of the proposed meth-
ods, we consider the sensing application of localization in
this part. The feedback matrix at the AP is further used for
determining the AoD/AoA and ToF using the multiple signal
classification (MUSIC) algorithm [56]. First of all, we focus
on the individual parameter estimation. Fig. 6 shows the esti-
mation results of AoD and AoA using the proposed method.
From it, one can clearly observe that both of them can be
accurately estimated since the CSI at the first transmit/receive
antenna is fed back to the AP without any modification. For
the estimation of ToF, we compare our proposed method with
the QRD-based method, and the corresponding result is plotted
in Fig. 7. The main difference between the two methods is that
our method feeds {h1 1 x, Vk} back to the AP while the QRD-
based method does not. We observe that the proposed method
is more accurate for distance estimation than the QRD-based
method, and the QRD-based method shows a significant peak
shift. This result is reasonable since the QRD-based method
loses part of the distance information. Moreover, we also plot
the estimation results in Fig. 8 when the distance difference
between the two paths becomes more obvious, i.e., d; = 15m
and d2 = 40 m. It can be seen that the performance of the
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QRD-based method is still lower than that of our proposed
method. This result further verifies the effectiveness of the
proposed method.

To further demonstrate the superiority of the proposed
method in distance estimation, we generate 1,000 random
channels and plot the cumulative distribution function (CDF)
of the estimation error for both the LoS path and NLoS path
in Fig. 9. From the figure, one can clearly observe that the
estimation error of the proposed method is mainly less than
0.2 meter for the LoS path. In contrast, the estimation error of
the QRD-based method would be more than one meter with
the probability of 4.6%. Moreover, for the NLoS path, the
superiority of the proposed method in the distance estimation
is more pronounced, because the signal in the NLoS path is
weaker than that in the LoS path and thus {hy ; x,Vk} has a
greater impact on the estimation. All the above results verify
the effectiveness of our proposed method.

Based on the above discussion, we conclude that the feed-
back of {h11x, Vk} is necessary for distance estimation. Now,
we aim to explore the performance of the proposed two
quantization methods in Section V-A for {hq 1k, Vk}. Tab. IV
presents the total feedback amount and sensing performance
(measured by the median distance deviation) with different
numbers of quantization bits for both feedback methods. For
example, in the first line, the D-AMP method uses 5 bit to
quantify the real/imaginary part of h;;y, and the G-AMP
method uses 4 bit and 6 bit to quantify the two types of
angles after applying Givens rotation [48], respectively. We
can observe that the total feedback amount for D-AMP and
G-AMP is similar, with G-AMP being slightly smaller than
D-AMP. When the number of quantization bits is small, G-
AMP’s distance deviation is less than that of D-AMP for both
the LoS and NLoS paths. As the number of quantization bits
increases, the distance deviation for both methods gradually
decreases, and the performance difference diminishes. There-
fore, with a small number of quantization bits, we can adopt
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Fig. 10. CDFs of localization estimation error.

TABLE IV
COMPARISON OF THE PROPOSED TWO METHODS FOR TOF.

Schemes Feedback Median deviation (m)

(bits) LOS NLOS
D-AMP: 5 bit 2,560 1.61 x 1072  4.68 x 1072
G-AMP: 4 bit and 6 bit 2,550 830 x 1073 2.87 x 1072
D-AMP: 6 bit 3,072 2.40 x 1073 2.08 x 1072
G-AMP: 5 bit and 7 bit 3,060 7.61x107* 1.70 x 1073
D-AMP: 7 bit 3,584 974 x107% 340x 1073
G-AMP: 6bit and 8 bit 3,570 7.61x107% 1.70 x 1073
D-AMP: 8 bit 4,096 7.68 x 107* 9.54 x 10~*
G-AMP: 7 bit and 9 bit 4,080  7.60x107* 7.93x107%
D-AMP: 9 bit 4,608 6.75 x 10°*  6.89 x 10~*
G-AMP: 8bit and 10bit 4,590  6.75 x 10~* 6.89 x 104

G-AMP to compress {h1 1k, Vk} for achieving higher sensing
performance.

After studying the estimation performance for each param-
eter individually, we now show the localization performance.
Here, we aim to estimate the location of the STA and a target
using the LoS path and the NLoS path, respectively. To show
the average performance, we generate 1,000 random channels
using the channel model in (3). Specifically, the AP’s location
is fixed, but the locations of the STA and the target are varying,
leading to the varying LoS path and NLoS path. To estimate
the location of STA, we adopt the compression method that
jointly considers AoD and ToF introduced in Section V-A
and then apply the MUSIC algorithm to obtain the AoD and
ToF of the LoS path. We compare the proposed method with
the QRD-based method and the scheme using complete CSI
without compression, and the results are shown in Fig. 10(a).
It can be seen that the performance of the proposed method
approaches that of using complete CSI, demonstrating its high
sensing capability. Moreover, the QRD-based method shows
a much lower performance than the other two methods since
it only feeds part of the distance information back to the AP,
causing inaccurate estimation of distance.

Next, we aim to estimate the location of the target. To
this end, we need both AoA and AoD information of the
NLoS path, and it can be realized via double feedback. The
first one uses the method for AoD feedback introduced in
Section IV and the second one uses the method for AoA
feedback introduced in Section IV-C. Meanwhile, we adopt
the aforementioned two baselines. Note that the QRD-based
method also needs double feedback. The estimation results
for three different methods are shown in Fig. 10(b). It can
be observed that the performance of the QRD-based method
is similar to the proposed method, as the target’s location



100 (2753, 86.58) 80
~ 90 —~
S _” ®70
o 80 o 2
g & 060
§ 70 —e—Proposal (D-CSI) § —e—Proposal (D-CSI)
< 60 Proposal (G-CSI) < 50 Proposal (G-CSI)
Proposal (AoD) Proposal (AoD)
50 QRD 40 | QRD
800 1600 2400 3200 4000 10 12 14 16 18 20
Number of quantization bits SNR (dB)
(a) Number of quantization bits. (b) SNR.

Fig. 11. The effect of the number of quantization bits and SNR on the
recognition accuracy.

estimation uses angle information (AoD and AoA) and the
accuracy of angle estimation is similar between the QRD-
based method and the proposed method. The localization
accuracy of using complete CSI is higher than the proposed
method, because it contains complete sensing information.
However, using complete CSI for localization requires high
overhead and thus may not be adopted in practical systems.

D. Experiments for Sensing

In this section, we focus on the sensing application of
action recognition. To this end, we utilize a sensing dataset
collected using two USRP B210 [57]. The dataset includes
eight different behaviors, i.e., standing still, kicking, raising
a hand, waving, bending down, walking, sitting down, and
standing up, with eight volunteers. The total number of CSI
time series in the dataset is 3,200 with 2,560 CSI time series
used for training and 640 time series used for testing. We apply
the proposed methods and the QRD-based method in each CSI
matrix contained in the time series for simulating the com-
pression. Moreover, the ResNet is adopted for realizing action
recognition. Note that the recognition accuracy is influenced
by both the complexity of the dataset and the network used
for recognition, and we focus on presenting the performance
improvement of our proposed method in comparison to the
baseline.

Here, we consider four methods: the D-CSI method, the
G-CSI method, the proposed method for AoD in Section IV,
and the QRD-based method. The first two methods proposed
in Section V-B aim to feed back the complete CSI to the AP,
the third one mainly feeds back the AoD-related sensing infor-
mation, and the last one is used as a baseline. The recognition
accuracy of the four methods under different numbers of quan-
tization bits is depicted in Fig. 11(a). Notably, when the total
number of quantization bits is small, using complete CSI (i.e.,
the D-CSI and G-CSI methods) for action recognition results
in lower accuracy compared to the compressed methods for
AoD information (i.e., the proposed and QRD-based methods).
The main reason is that the CSI received at the AP is severely
distorted with a small number of quantization bits, resulting in
the loss of sensing information and low recognition accuracy.
The advantages of feeding back complete CSI appear under
a large number of quantization bits. Besides, by comparing
the D-CSI with G-CSI methods, it can be seen that the D-CSI
method outperforms the G-CSI method when the total number
of quantization bits is less than 2,753. This value can be
regarded as the threshold for choosing the appropriate method.

Additionally, the performance of the proposed method and
QRD-based methods for AoD almost keeps a constant when
the number of quantization bits is higher than 1,500, and their
performance upper limit is lower than those of the D-CSI and
G-CSI methods since the former two methods abandon part
of sensing information. Given the number of quantization bits
being 1,024, we plot the recognition accuracy under different
SNRs in Fig. 11(b). It can be seen that the accuracy of all four
methods increases with the SNR since the CSI can recover the
sensing target’s information more accurately with higher SNR,
thus improving the accuracy. Moreover, the performance of the
proposed compression method for AoD is higher than that of
the QRD-based method, further verifying the superiority.

VII. CONCLUSION

In this paper, we have proposed an ISAC-oriented beam-
forming feedback compression mechanism that simultaneously
considers both sensing and communication performance. De-
pending on the requirements of different sensing applications,
we first proposed an ISAC-oriented channel sounding protocol
with a sensing indicator for different required information and
further developed the corresponding compression methods.
To be specific, for the AoD information, we formulated a
throughput maximization problem under the constraint of
sensing information. Both an iterative algorithm and a low-
complexity algorithm were proposed to solve it for realiz-
ing compression. Furthermore, the compression method was
extended for obtaining other sensing information. Extensive
test results verified the excellent performance of the proposed
method in both communication and sensing by comparing it
with several existing methods.

APPENDIX A
PROOF OF LEMMA 1

C;; can be divided into two parts. The first part is in
the space constructed by Vi with the coefficient matrix
A, € CM*M_ and the second part is the null space of
Vi, denoted by V;, € CNX(N=M) with the coefficient
matrix A, € CN=M)xM_ Thys ), can be expressed as
C, =V,A, + VLA, Since CkHCk = I, we have

APA, +ATAL =T 1)
Meanwhile, tr{C+ H} H;C}} can be rewritten as
tr{CEV,22VIC,.P:}
() &
=tr{ZF A A} < > 07 el (22)

m=1

where oy ., is the m-th diagonal element of X, A ., is
the m-th eigenvalue of Ay, and (a) is derived based on Von
Neumann’s inequality [58]. According to (21), the norm of
each eigenvalue for Ay is no more than 1. Therefore, the total
received power is no more than 2%21 J%m. We note that the
upper limit can be achieved when AkAkI.{ =TI and A}, should
be zero, which ends the proof.



APPENDIX B
PROOF OF THEOREM 1

First of all, A — XV||2 can be rewritten as
! !
A = X2
! I I ! ! I
—tr{(A)" AP L rer{ (X)X} 2 { (x )7 AL}

—tr{ ()P M2t {(x () A0}, 23)

Thus, minimizing ||A§Cl) - X,(CZ)H2 is equal to maximizing
tre (X ,(Cl))H A,(cl) . As the first column of X ,(Cl) is given,
1 ny . ! l
tr (X;C))HA,(C) is equal to tr{(X,(C[)HQ:M])HA,(C[):’Q:M]}

~ (1
and it can be further rewritten as tr {(X 0 VA Al,(C )} with

k[:,2: M)
A (l) l l . l 1
A, = A;(C[):,ZM] *ak,1akH)1A§€[):’2:M] since (X]g))HXIg) =1.

Given that the SVD of A\ is UMOSAO W AOH e
have
l A (D
tr{(Xl(v[):,2:M])HAk }
! A1) A (1) 4, A
—tr {(ch[)QM])HUk ()2k ()(Vk ( ))H}

Al Al 1 A,
—tr {Ek ( )(Vk ( ))H(ch[):z:M])HUk ( )} - @

Since E’;’(l) is a diagonal matrix with the diagonal elements
no less than zero, (Vi )H (X" YHUHY should be

k[:,2: M)
~ (1
an identity matrix to maximize tr {(X ,(cl[): . M])H Afc) } Thus,

Cg)’* = U?’(l)(V?’(l))H, which ends the proof.
APPENDIX C
PROOF OF LEMMA 2

Assuming that the first column of C'; can be represented as
a linear combination of the columns of V';, with the coefficient
vector being a1, which can be expressed as

[ Chru ]_[ Ve, }akl_
Crm+1:N1] ViM41:n,] ’

It is noted that the rank of V', is M, s0 V(1.5 is invertible.
Thus, we have

(25)

ary = (Vi) Chritna- (26)

Then, C k[M+1:N,1] can be calculated as

Cinr1:n1) = Vw18 (Vi) ' Crparag,  27)
which ends the proof.
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