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Abstract Multi-static integrated sensing and communication (ISAC) technology, which can achieve a wider coverage range
and avoid self-interference, is an important trend for the future development of ISAC. Existing multi-static ISAC designs are
unable to support the asymmetric uplink (UL)/downlink (DL) communication requirements in the scenario while simultane-
ously achieving optimal sensing performance. This paper proposes a design for multi-static ISAC based on network-assisted
full-duplex (NAFD) cell-free networks that can well solve the above problems. Under this design, closed-form expressions for
the individual communication rate and localization error rate are derived under imperfect channel state information, which
are respectively utilized to assess the communication and sensing performances. Then, we propose a deep Q-network-based
access point (AP) duplex mode optimization algorithm to obtain the trade-off between communication and sensing from the
UL and DL perspectives of the APs. Simulation results demonstrate that the NAFD-based ISAC system proposed in this
paper can achieve significantly better communication performance than other ISAC systems while ensuring minimal impact
on sensing performance. Then, we validate the accuracy of the derived closed-form expressions. Furthermore, the proposed
optimization algorithm achieves performance comparable to that of the Pareto optimal solutions with low complexity.
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1 Introduction

Integrated sensing and communication (ISAC) has received increasing attention as one of the six typical
application scenarios of 6G [1,2]. In recent years, most of the research has stayed on the single-cell ISAC,
such as integrated waveform design [3], joint transmission beamforming [4], and joint signal reception [5].

Multi-static ISAC has more advantages than single-cell ISAC. In multi-static ISAC system, some
access points (APs) send sensing signals while others receive echoes, which can avoid the problem of
self-interference and achieve a wider coverage range. Multi-static sensing can also obtain distance and
Doppler-related information from different angles of the target, which can obtain more accurate informa-
tion and effectively improve the accuracy and reliability of sensing. In addition, the multi-static ISAC
system can also perform interference coordination. It can schedule some nodes as receiving/transmitting
nodes according to the actual needs and conditions of the network, which can better adapt to different
environments and task requirements. Therefore, the research in this paper is mainly based on multi-static
ISAC.

Rahman et al. [6] developed a new perceptual mobile network framework, which includes the architec-
ture of multi-static ISAC. Huang et al. [7] proposed a coordinated power control design for multi-static
ISAC systems aimed at maximizing the signal to interference plus noise ratio (SINR) at the user equip-
ments (UEs) and the target position estimation Cramer-Rao lower bound (CRLB). However, the previous
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studies are based on cellular network implementation of multi-static ISAC. In multi-static ISAC system,
the cross-link interference (CLI) within the system is exacerbated due to the increased number of sensing
links. In traditional cellular-based ISAC, inter-cell link interference is complicated. In contrast, in the
cell-free (CF) systems, signal transmission and reception have a larger DoF, which enables more flexible
communication and sensing cooperation and various interference avoidance [8,9]. Therefore, there have
been an increasing number of recent studies to integrate multi-static ISAC into CF networks.

Sakhnini et al. [10] were the first to propose a communication and sensing architecture combining CF
networks and ISAC. In this architecture, a group of APs transmit downlink (DL) sensing signals and the
remaining APs receive echo signals for sensing. All signal processing is performed in the central processing
unit (CPU). However, the APs in this architecture only support either sensing or communication. Behdad
et al. [11] and Demirhan et al. [12] proposed power allocation strategies and beamforming strategies for
CF-ISAC systems, respectively. These systems allow APs to communicate and sense simultaneously.
However, these studies were conducted based on perfect channel state information (CSI) and did not
consider the case of imperfect CSI. Mao et al. [13] derived a closed-form expression for the spectral
efficiency (SE) of the CF-ISAC system, taking into account the uncertainty of the target location and
the imperfect CSI information. However, in the previous study, only the case where uplink (UL) or
DL communication coexists with sensing is considered, which constrains the system to serve only a
subset of UEs at a time. For instance, in [10], only UL UEs are considered to share resources with
sensing. Conversely, in [11-13], only DL communications are considered. However, in real systems, the
communication demands of UEs often present an asymmetry between UL and DL. The studies of Wei et
al. [14] and Soret et al. [15] demonstrate that supporting only UL or DL on a piece of resource cannot
respond quickly to such demands. In fact, in a multi-static ISAC system, some APs send DL sensing
signals and others receive UL echoes and the system already has the capability of simultaneous UL and
DL communication, i.e., it can send and receive signals at the same time. Nevertheless, to the best
of our knowledge, there has been no research on multi-static ISAC systems for coexisting UL and DL
communication.

However, when UL and DL communication and sensing are performed simultaneously in the system, it
will exacerbate the CLI in the system, which will seriously affect the performance of the system [16,17].
Therefore, it is essential to suppress the CLI. Sit et al. [18] proposed to reconstruct the interfering
signal and perform the suppression of the CLI between sensing and communication using the pilot signal
to enhance the dynamic range of the radar. Wang et al. [19] proposed the network-assisted full-duplex
(NAFD) technology for the CLI suppression in the systems that only consider UL and DL communication.
The NAFD is based on the CF network in which each AP can perform UL reception or DL transmission
with joint signal processing at the CPU side. Once the channels between the DL APs and the UL APs
have been estimated using the DL pilot signals, the CPU can obtain the DL precoded signals of all
UEs in advance. Consequently, the CLI suppression can be achieved in the digital domain. In [19], the
case of perfect CSI is considered. Li et al. [20] derived a closed-form expression for the SE of NAFD
systems under imperfect CSI. However, similar interference cancellation has not been investigated for
ISAC systems in which UL and DL communication coexist.

Furthermore, the majority of existing multi-static ISAC studies are based on the assumption of fixed
AP duplex modes [21-23]. In fact, the optimization of AP duplex mode represents a further management
of the CLI within the system. By adjusting the AP duplex mode to meet the communication and
sensing requirements of the system, the interference situation of the system can be further adjusted, thus
improving the system performance. In previous studies, some of the literature has investigated the AP
duplex mode optimization (ADMO) strategies in systems that only consider UL and DL communication
without sensing [24-26]. Zhu et al. [24] investigated the ADMO for NAFD CF networks with the objective
of maximizing the sum of SE, and proposed a parallel successive convex approximation-based algorithm
and a reinforcement learning (RL) algorithm based on augmented Q-learning to solve this problem.
Mohammadi et al. [25] proposed a joint optimization method to improve the sum of SE and energy
efficiency of NAFD CF systems by jointly optimizing the AP duplex mode assignment, power control, and
massive fading weights. Sun et al. [26] proposed a pre-allocation mechanism for AP mode optimization in
the NAFD CF networks, aiming to achieve a balance between SE and resource utilization. Liu et al. [27]
proposed three low-complexity heuristic algorithms to solve the ADMO problem in CF-ISAC networks,
but each AP in their research architecture only supports sensing or communication. Elfiatoure et al. [28]
proposed a greedy algorithm based on long term statistics for the ADMO in the CF-ISAC network.
However, this study only considered the case of the coexistence of DL communication and sensing within
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the system.

Therefore, this paper focuses on the performance analysis and ADMO of a multi-static ISAC system
with UL and DL communication coexistence based on NAFD for CLI suppression. The main contributions
of this paper are summarized as below.

(1) This paper considers a multi-static ISAC system with UL and DL communications coexisting and
is able to respond rapidly to the UL and DL communication needs of UEs. To the best of the authors’
knowledge, no previous studies have investigated this kind of system.

(2) The CLI in the system is partially eliminated by using NAFD architecture. Then, we derive
the closed-form expressions for the communication rate and location error rate (LER) to evaluate the
performance of the communication and sensing operation, respectively. Based on the derived expres-
sions, we establish a multi-objective optimization problem (MOOP) for getting the trade-off between
communication and sensing.

(3) A deep Q-network (DQN)-based algorithm for ADMO is proposed, which enables the CPU to
autonomously learn the near-optimal strategy for communication and sensing performance under different
weights in this MOOP.

(4) The simulation results have verified the accuracy of the closed-form expression. By comparing the
NAFD-based ISAC system with existing ISAC systems, the superiority of the NAFD-based ISAC system
in terms of communication performance and sensing performance has been demonstrated. Furthermore,
the proposed ADMO algorithm can achieve performance close to that of the exhaustive method with
extremely low complexity.

Notations. Bold letters denote vectors or matrices. Ip; denotes an M-dimensional identity matrix.
The conjugate transpose and transpose are denoted by (-)! and (-)T, respectively. || and || - || represent
the absolute value and spectral norm, respectively. E[-] and cov[-] denote expectation and covariance
operators, respectively. tr(-) denotes the trace of a matrix. The Kronecker product is denoted by ®. For
a matrix X, the nth element on the diagonal of X is represented by [X],. Matrix inequality X = Y
denotes that X — Y is positive semidefinite. The estimation of = is denoted by z, and the estimation
error is denoted by e. A circularly symmetric complex Gaussian random variable & with mean zero and
variance o2 is denoted as x ~ CN(0,02). T'(k,0) denotes the Gamma distribution with parameters k
and 6.

2 System model

Figure 1 illustrates the schematic of an NAFD-based ISAC system that enables simultaneous UL and
DL communication and sensing. The system consists of a CPU, M uniformly distributed ISAC-APs, K
UEs, and T passive sensing targets. All ISAC-APs are equipped with both communication and sensing
capabilities. In this paper, we refer to these ISAC-APs as APs. Kg4 UEs perform DL reception and
K perform UL transmission, and K = Kg + K. M is the set of all APs. Kgq = {1, .. .,Kdl} and
Ka = {1, ey Kul} denote the set of all DL and UL UEs, respectively, and K = Kq; + Ky denotes the
set of all UEs [29]. Each AP has N antennas, and the UEs have single antennas. The APs can perform
either UL reception or DL transmission, and this decision is made by the CPU. In the NAFD-based
ISAC system, within a coherent block, the length of the coherent block is denoted as 7, and the first 7,
symbols are used for UL pilot training for the channel estimation of UEs. The next 74, symbols are used
for DL pilot training. In the DL training phase, the channel between the DL APs and DL UEs and the
channel between the DL APs and UL APs can be estimated [30]. Finally, the DL APs use coherent joint
transmission to transmit the communication data and orthogonal sensing signal according to the specific
beamforming and resource allocation algorithms designed by the CPU [31].

2.1 Channel modeling

A quasi-static, flat-fading channel model is used in this study, where the channel remains static within each
coherence interval and is flat in frequency. The channel is modeled as an aggregated channel containing a
random scattering channel and the target-reflected channel. For instance, the random scattering channel
between the m AP and the kth UE is denoted as

hAm-,Uk = AAmyquAmyUk € CNle (1)
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Figure 1 (Color online) Schematic of the NAFD-based ISAC system.

where Aa,, U, = dy" 15, denotes the large-scale decay, dy  y, is the distance between the mth AP and
the kth UE, « is the path loss exponent, ga,, u, € CN*! ~ CN(0, Iy) is the small scale Rayleigh decay.
For the target-reflected channel, it can be expressed mathematically as the product of the channel from
AP to the targets and the channel from the targets to the UE. The target-reflected channel between the
mth AP and the tth target can be modeled as

ha,. T, = Aa,, T.4A,,1, € CV*, (2)

where A\a,, T, 2 da® 1, dy, T, is the distance between the mth AP and the {th target. Since the CPU
knows the approximate position of the target but not the exact position, the position of the target can
be expressed as dy p, ~ CN(dy 1,04, 1,)s a1, ~ CN(qa,, 1, X%, v, In) is the steering vector
between the mth AP and the tth target, where ga,, T, is denoted as

1, ejzﬂkatfml

_ jQT[M Nx1
qun yTt = € 8 € C ? (3)

where k,,; = [cos(0pmt),sin(0,,¢)]T denotes the wave vector, and 6, is the direction of arrival (DOA)
of the mth AP to the tth target, P, = [Zmi, Ymi|  denotes the position of the ith antenna of the mth
AP, and X denotes the signal wavelength. The channel between the tth target and the kth UE can be
expressed as

h’Tthk = AThquthUk € (CIXla (4)

where At, U, = dp,'y,» dr,,u, is the distance between between the tth target and the kth UE. Similarly
the exact location of the target is unknown, dy, , ~ CN(dy, v,), ¢r,.u, ~ CN(0,1) € C**! is the small
scale decay. Therefore, the aggregation channel between the mth AP and the kth UE can be expressed
as follows:
[ ha,, v, + Z atha,, T,ht, U, (5)
teT

which consists of a target-independent channel and T non-line-of-sight (NLOS) paths reflecting off the
target, where «ay is the reflection coefficient of the target t. The aggregation channel between APs can be
represented as

A
hamn = ha,, A, + Z atha,, e, A (6)
teT
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where ha, A, = Aa, A, GqA,,.A, € CV*Ndenotes the random scattering channel between the mth AP
and the nth AP, hr, A, = A1, A, g, A, denotes the channel between the tth target and the nth UL AP,
AT, A, = A, ,T,denotes the large-scale decay, gr, A, denotes the steering vector between the tth target

o kL Py o kb Py
and the nth AP satisfying qr, o, ~ CN(qr,.A,, X7, 4, IN) where gr, A, = [1, N NPT Ci s ]
CYN | Ky, = [cos(pnt), sin(dne)]T denotes the wave vector, ¢y, is the direction of departure (DOD) from

the tth target and the nth AP. The aggregation channel between UEs can be represented as

A
htug = hu,u, + Z athr, v, hr, Uy, (7)
teT

where hy, u, = Au, U, qu, U, € C'*! denotes the random scattering channel between UE u and UE k.
2.2 Channel estimation

In this subsection, we perform the channel estimation for the UL and DL pilot training phase. In the
UL pilot training phase, we estimate the channel between all UEs and APs for beamforming and data
decoding. In the DL training phase, the channel between the DL APs and DL UEs and the channel
between the DL APs and UL APs are estimated. Since all APs are connected to the CPU, the UL AP
knows the signal sent by the DL AP. At the same time, it is assumed that the sensing signals sent by
the DL APs are known to the DL UEs. Therefore, the CLI between the DL APs and UL APs and the
CLI caused by the sensing signal to DL UEs can be partially eliminated by reconstructing the interfering
signal when the channel is estimated in the DL pilot training phase.

2.2.1  Autocorrelation matriz/coefficient

The aggregation channel differs from the conventional channel in that it considers the presence of the
target to be sensed in the scene, resulting in changes to the correlation matrix or correlation coeflicient
of the channel. To facilitate the subsequent channel estimation, the following theorem provides the
autocorrelation matrix/coefficient for each aggregated channel in the system.

Theorem 1. The autocorrelation matrix/coefficient of all channels present in the NAFD-based system
can be expressed as

E[hmkhgﬂc] = )‘QAm,UkIN + Z a?CAwn)Tt’yThUk = d)mlv (8)
teT
E[h‘A,mnhE,mn] = )‘im,AnIN + Z a?CAnuTtCThAn = d)gn? (9)
teT
2 u
E [|h1,u,l‘ :| = )\%u,Uz + Z a?’YUu7Tt’YTt1Ul = (bula (10)
teT

where (., = (ngia + U?Lb) ((jmbng + Xz,bIN)7 Ya,b = J;%O‘ + og)b, a and b represent the corresponding
subscript types respectively.
Proof.  Please refer to Appendix B.

ir

To facilitate subsequent notation, we define ¢Ji' as the autocorrelation matrix of the channel from AP
a to user b in the dir direction (DL/UL). Specifically, for the DL, ¢3i* £ 4 ,,,¢b,1, and an analogous
expression applies to the UL.

2.2.2  Uplink pilot training

First, in the UL pilot training phase, the UE sends UL pilot to APs, the pilot sent by the UE k is denoted
as \/TpPr € C™*! and Hcpk||2 =1, the pilot signal received at the mth AP is denoted as

Yup,m — Z \/ppTuphwzk(PIl;I + Nup,m- (11)
kek

The received signal can be projected on ¢ as

A
Yup,mk = \/ppTuphmk + Nup,msok € CNXl- (12)
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The MMSE channel estimation technique is employed for direct estimation of the aggregation channel,
the estimated channel is denoted as h,,i, and the channel estimation error is denoted as e;,;, which

satisfies Ay = Rk + €mi. Then the autocorrelation matrix of the estimated channel is expressed as

A ~ A A
E[hmkhgk} = \/pprka¢mk =R, (13)
where C),, = VPeTo®mk T facilitate subsequent notation, we define RIr a5 the autocorrelation
pprd)mk+Ip ab

matrix of the estimated channel from AP a to user b in the dir direction (DL/UL). Specifically, for the
DL, R%l £ Td,m~/PpTpCmi®mi, And the autocorrelation matrix of the estimation error is expressed as

E[emke,},ﬂk} = Omk — R, 2 0,,k. Similarly, we define 02}; as the autocorrelation matrix of the channel
estimation error in the dir direction (DL/UL).

2.2.3  Downlink pilot training

During the DL pilot training phase, the AP sends the DL pilots. All the DL UEs can estimate the channel
between the DL APs and DL UEs. The estimation method is similar to the UL pilot transmission stage,
so it will not be described here. In addition, the UL APs can estimate the channel between the APs to
eliminate the CLI. The UL APs transmit the received signal to the CPU through the backhaul link. The
pilot sent by the DL AP m is denoted as ,/Tp¢om € C™>*N | and the signal received by the CPU can be
expressed as

de = Z Z \/pppogA,mnSDEz + Ndpa (14)

meM neM

where ga mn 2 Zd,mTu,nh A, mn indicates the channel between DL AP m and UL AP n, Ng, ~ CN (0, ogpI)
€ CNV*N_ Similarly, the estimated channel between the APs can be expressed as ga mn, satisfying

gA,mn = GA,mn + €A,mn, Where €a ., denotes the channel estimation error. Then the autocorre-
. . . . N N A A
lation matrix of the estimated channel is expressed as ]E[gA,mnggymn} = /PrCinn®mn = RS,
A
where C’ﬁm = 177%‘%’ and the autocorrelation matrix of the estimation error is expressed as
P'PY¥Ymn P
H _ HA A A gA
E[eAxmneA,mn] - Ymn T Rmk - emk'

2.3 Communication signal model

To determine the operating modes of the APs, two binary assignment vectors, @, xq € {O, 1}MX1, are

used to formulate the mode selection signal model. Specifically, if AP i(j) is used for UL reception (DL
transmission), @y, (zq,;) is assigned a value of 1, otherwise it is set to 0. In this paper, it is assumed
that all antennas belonging to the same AP operate in the same mode and that each AP can only be
designated as either UL or DL, i.e., zy; + x4, = 1.

2.3.1  Downlink signal model

For DL transmission, in each time slot, the DL AP sends a signal to the DL UE. The DL signal sent by
the mth AP is denoted as

o c s Nx1
m — , s , )
T E VPALEWnSaL, + E VPstWryypm,t € C (15)

kea teT

communication signal sensing signal

where pq1,;. denotes the communication power of the kth DL UE, wy, ;. denotes the beamforming vector of
the communication signal, and sqj ;, is the communication signal transmitted to the kth DL UE satisfying
E[sglyksdl_’k] = 1, ps+ denotes the power of the sensed signal assigned to the tth sensing target, w},,
denotes the beamforming vector of the sensed signal, and ¢, ; denotes the sensing signal sent by the mth
AP to perceive the tth target, satisfying E[‘P%,t‘ﬂm,t] = 1. Then the signal received by the /th DL UE
can be expressed as

yiﬂ = Z iCd,mh%lme + Z \/pul,uhl,u,lsul_’u + nai, (16)

meM uE 1
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where s, , denotes the UL data signal of the UL UE, py,,, denotes the data transmission power of the uth
UL UE, and ngq; ~ CN(0,03)) is the DL additive white Gaussian noise (AWGN). For DL communication,
the CLI includes the interference of sensing signals sent by the DL AP to the DL UE, i.e., sensing-to-
communication CLI and the interference of UL data signals to the DL UEs, i.e., UL-to-DL CLI. The
received signal can be further expressed as

_ Dl _|_Md1 +Mcrror +MCLI—C +MCLI—S +nd1; (17)

where D, 2 Y omeM A /pdl)lﬁglﬁmlwgllsdl)l denotes the desired effective DL signal, izdl’ml 2 xd7mﬁml denotes
. A -

the DL estimated channel between AP m and UE [, NI = El’elCdl\{l} > mem /Pl l/h(}fl WS Sa1 de-

notes the communication interference from other DL UEs, N = Zke/Cdl Y mem VL, kedl WS Sl

denotes the interference generated by the DL channel estimation error, eq m; 2 Zd,memi denotes the DL

channel estimation error of the channel between AP and UE, MCLI'C = Zuelcul /Pul,uh1,u,15u1,. denotes

the UL-to-DL CLI, MCLI‘S 2 D omeM DoteT 1 /psythghmlwfntgpmyt denotes the sensing-to-communication
CLI

Assuming the sensing signal is known to the DL UEs, since the channel estimation has been performed
during the pilot training phase, the sensing-to-communication CLI can be partially mitigated by recon-
structing the sensing signal. Following the implementation of interference suppression (IS) techniques,
the residual received signal can be expressed as

~dl Dl +Nd1 _|_Ncrror _|_NCLI s +NCLIC +nd1; (18)

A . . i
where NCMS =57 S e /ps,tefi{lymlwfntgomt denotes the residual sensing-to-communication CLI.

2.3.2  Uplink signal model

For UL transmission, each UL UE sends a signal, while the DL APs send communication and sensing
signals, so the signal received by the nth AP is denoted as

1
Yu Z T, m mkSul,k + Z gA mnTm + Nul,n, (19)
ke a meM

where s, denotes the UL data, and 1,5, ~ CN(0, oﬁlI) denotes the UL AWGN. For UL communication,
the CLI includes the interference of the sensing and communication signals sent by the DL APs to the
UL APs, i.e., DL-to-UL CLI. The signals received from the APs are processed centrally at the CPU by
a specific receiver and they can be given by

= Dy + N+ Nor 4 NELEs  ACLIe | prmoise (20)

where D, 2 Zne/\/l vnuhul mu~/Pul uSul,u denotes the desired signal of the uth UE, ﬁul,mu 2 Zu,nPmu

denotes the UL estimated channel between the nth AP n and the uth UE, v}, denotes the receiver vector,
N 2 Eu’eKul\{u} D oneM DteT U,I;Iuilul,mu\/msul,u/ denotes the UL-interference caused by the other
UL UEs, Ngrrer 2 Zkelcul Y oneM DteT xu,nvgueul,nk\/msum denotes the interference term due to
the UL channel estimation error, ey nk 2 Zu,nenk denotes the UL channel estimation error between
the nth AP and the kth UL UE, NS 2 > et Donemt 2oteT UnuPA mnWi,\/Dst¥m,t denotes the

sensing term of the DL-to-UL CLI, the communication term of the DL-to-UL CLI is denoted as NS¢ =

A
Y omem DoneM EgeKdl VL RA mn /Pl Wi 8d1 Npoise = > nem Tu 20 il denotes the product of UL

Gaussian noise and receiver vector.

Since signals transmitted by the DL APs are familiar to the UL APs, and the channels between the
DL APs and the UL APs are estimated during the DL pilot training phase, it is possible to reconstruct
the signals transmitted by the DL APs. Therefore, the DL-to-UL CLI can be partially mitigated. After
the application of IS, the signal of UE u at the CPU can be mathematically represented as

~u1 D +Nu1 +Ncrror +NCLI s +NCLIC +Nn01sc (21)
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where VM- 2 S meM Domem 2oteT Vi PA mn Wi\ /Pst¢m., denotes the residual DL-to-UL CLI term

L ~ A .
of the sensing signal, NCM-¢ = D omeM DoneM Zjelcdl v RA Pd1j Wi, ;41,5 denotes the residual DL-

to-UL CLI term of the communication signal.
2.4 Sensing signal model

Analyzing from the sensing point of view, all DL APs send the communication signals together with the
sensing signals. Typically, the orientation of the sensing beams is different from that of the communication
beams to satisfy the sensing field of view, and the independent communication and sensing sequences
provide a high correlation gain to differentiate the radar module whose goal is to estimate the position
of the target. Moreover, in a CF network, the APs serving a UE all transmit the data signals of that
UE which leads to simultaneous same-frequency interference [32]. This will seriously limit the sensing
performance if the communication signals are reused for sensing. Therefore, in this paper, we use the
reflected echoes of the sensing beams to sense the unknown target. Therefore, the communication signals
interfere with sensing.

In the NAFD-based ISAC, all APs are connected to the CPU. As a result, the DL, communication
signals can be reconstructed by estimating the channels between the APs. This enables the signal received
by the UL APs to be subtracted from the DL communication signals, while a similar operation can be
performed for the UL communication signals. Assuming the UL communication data can be decoded
correctly. Once the UL communication signals are extracted, their effect can be subtracted from the
received signal. Therefore, following the above signal interference cancellation, the remaining signal at
the AP n can be expressed as

Yn= D D /PoiGamn WP + Yl + Guin + T, (22)
meMteT

where Yain = D, m 2 jekcy €amny/Pdl Wy, denotes the DL communication interference cancellation
residual term, gy, = Y ki V/Pulk€ulnk denotes the UL communication interference cancellation resid-
ual term, ns ~ CN(0,02) denotes the sensing AWGN. Expanding the aggregated channel of the above
equation yields the NLOS radial component reflected by the target and the target-independent multipath
component, commonly known as clutter. Clutter is typically caused by scattering from permanent objects
and temporary obstacles [33]. The accurate modeling of clutter can be achieved through the long-term
observation of the environment [6]. Therefore, we assume that the clutter signal can be perfectly canceled,
and the remaining received signal is denoted as

Yn = Z Z \/ZT-,I‘«QA,mnwfnt(pm,t + z, (23)

meM teT

where A mn 2 ZieT i Td,mTunha,, T, AT, A, indicates the channel that the DL AP m reflects through
the targets to the UL AP n, z is the combination of sensing AWGN and residual UL and DL interference,
modeled as a complex Gaussian distribution with covariance [34], and is denoted as

COV[Z] = [||gdl,n||2 + ||gul,n||2 +US2]IN><1- (24)

The remaining signals are individually mapped to their corresponding sensing symbols, and are denoted
as
Ym,n,t = \/ps-,tathAmyTt hTt-,Anwfnt + z‘/)gm,t' (25)

The sensing processing is performed based on the above formula.

3 Closed-form expression derivation

In this section, we derive the closed-form expressions for the communication rate and sensing performance
of the system. We utilize the maximum ratio transmission (MRT) beamforming, i.e., w¢,, = slizml, the
maximal ratio combining (MRC) receiver, i.e., vy, = Euilnu, and conjugate-aware sensing beamforming
[12], i.e., wS V1/Nga,, r, in the system, where ¢, and ¢, are the normalization coefficient.

mt —
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3.1 Downlink communication rate

The DL communication rate of UE [ can be expressed as
dl Tdp + Tup di
Rt = (1= 22250 ) Bfiog,(1 4 41, (26)

where ”yldl represents the SINR of the signal received by the DL UE, which can be expressed as

2
dl D]

Adl = - - . (27)
! ’_N’ldl’2 + ’N'lcrror‘? + ‘A/ICLI-s’Q + ‘_/\/’ZCLI—C‘2 + o2

As indicated by (26), the DL communication rate formula involves an expectation, which can be resolved
by incorporating the expectation into v; and solving for each expectation separately. The derivation
result is presented in Theorem 2.

Theorem 2. Considering the interference cancellation mechanism, the DL communication rate for the
NAFD-based ISAC system with MRT beamforming and MRC receiver can be derived as a closed-form
expression, given by

Tdp + Tu
Rt = (1 PR g, (1 4 B ), (28)

where ; represents the SINR of the signal received by the DL UE, which can be expressed as

]

~ ~ ~ N 2
E[’Y[dl} _ pdl,lE% [ZmGM xdvmkmlegnl + (ZmeM xd,mkmleml)

inter error CLI-s CLI-c 2
o+ I +1qg " +1ay ©+og

; (29)

inter __ 2 Hdl pHdl error __ 2 dl dl
where Tay" = Zl'elcdl\{l} Zme./\/l pdlyl’adl,l’tr(lele’)v gy = Zkelcdl Zme./\/l pdl,kadl,ktr(Rmkeml)a
CLI-s _ Ps.t dl pdl CLI-c _ u
Idl,l = ZteT ZmEM N tr(95,:0pm1) Idl,z = EuEICul Pul,u®y-
Proof.  Please refer to Appendix C.

From the derived theorem, it is evident that the influence of downlink power and AP duplex mode on
DL communication performance exhibits a nonlinear characteristic. This nonlinearity is evident in both
the numerator and denominator of the derived expressions. Specifically, channel estimation errors have
a pronounced impact on the DL communication rate. When channel estimation errors and the power of
sensing and UL communication signals increase, the performance of CLI cancellation deteriorates, leading
to a reduction in the DL communication rate.

3.2 Uplink communication rate

The communication rate of UL UE u is as follows:
ul Tdp + Tup ul
R = (1= 0 ) g1+ 411, (30)
where ~,, is the SINR of the UL UE wu, expressed as

.
N+ WP+ e+ [N+ Vg

T = (31)

Similarly, by incorporating the expectation into ' and solving each expectation separately, we can derive
the closed-form expression for the UL communication rate of the system. The results of the derivation
are given in Theorem 3.

Theorem 3. Considering the interference cancellation mechanism, the UL communication rate for the
NAFD-based ISAC system with MRT beamforming and MRC receiver can be derived as a closed-form
expression, given by

u Tdp + Tu u
R = (1- B0 Y oy, 1 4 B (32)
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where ~,, is the SINR of the UL UE wu, expressed as

E[ ul} _ pul,’u«gz [ZnEM xu,nknueiu—’—(zne/\/[ xu7nknu9nu)2] (33)
Tu Iinter 4 IS] N 4 ICLI—C + II(JJILUI—S + Illlll . )

ul,u ul,u

int _ 2 Hpul Hul CLI-c _ A
where Iﬂ,sr - Zu’elcm\{u} ZnGM puhu‘gul,utr(RzuRgu’)? ul,u ‘= ZmGM ZnEM ZjGKIdl pCv’U«jtr(emn
2
Hpul Hdl CLI-s __ ul, A pul _ 2
R;lzuRm])7 Iul,u S = ZmEM ZnEM ZtGTpuL’U« l}{fu tr(emnR;lzu’lnbmt)? ]—elir;)l‘ - ZkGKIul ZnGMPUI7kEu1,u
Hul gul ise _ 2 .2 Hul
tr(R;lzuezk)’ Sl?i:e - UulEul,u Zne./\/l tr(RFlu)

Proof.  Please refer to Appendix D.

Similarly, the impact of uplink power and AP duplex mode on UL communication rate is also non-
linear. Channel estimation errors and the power of sensing and DL communication signals influence the
effectiveness of CLI cancellation, thereby indirectly affecting UL communication performance.

3.3 Sensing localization estimation rate

To standardize the performance evaluation of the ISAC system, we adopt the LER to evaluate the sensing
performance of the system. The LER quantifies the mutual information between radar echoes and target
parameters [35], analogous to communication rate in information theory. This similarity allows LER
and communication metrics to be jointly optimized, avoiding the complexity of introducing incompatible
evaluation standards. Assuming that the sensing targets are spatially separated, the LER of the system
can be expressed as the sum of the LER of each target [36]. Specifically, the LER of the target ¢ can be
obtained by solving the following:

. —+ 7 o2
Rost — (1 Tdp " Tup |\ |y 14 - Jloc 34
! ( T %52 \ ' " CRLBuo, )| (34)

where 0120C is the uncertainty of the target location and CRLBj.; is the CRLB for location estimation.
Typically, the estimation of location is decomposed into the estimation of the angle of the direction of
arrival 0, .+, the angle of the direction of departure ¢y, +,, and the distance d, respectively. Thus, the
CRLB is also decomposed into

2 2
ot T O t 0G0 in

2
9d O, mt
CRLBiocy = 3. > T , (35)
meMg nEMy dl ul

Elm,n,t denotes the distance CRLB of target ¢ sensing based on ¢, ¢ in (25), Ugn’mt denotes the

CRLB of DOA between DL AP m and target ¢ sensing based on Y, ¢, oim ., denotes the CRLB of
DOD between target ¢t and UL AP n sensing based on y,,, »+. The CRLB closed-form expression for each
estimated parameter is given by Theorem 4.

where o

Theorem 4. In the case of large antenna arrays, the CRLB closed-form expression for each estimated
parameter in the NAFD-based ISAC system is given by

2 2 2
o — Udl,7l+gu1,n+gs (36)
dmont " arpe s (Af/e)?n7, L, N2[lw), 17

2, 2 2 2
A (oqntountosd)

o = 37
O me 4atps,twd,m1u,n”27772n,n,t(NBm,t—Agn,t)”'wfn,t”2’ ( )
2, 2 2 2
o2 _ A (gar,ntou,,105) (38)
bmotn T Aaeps tBd mTun TN, o (NBen—A7 ) |ws, (177

where Apy = SN [Ymi €08(0mi) — Tmi S (Omt)], B = S0 [Ymi c08(Omt) — T Sin(0nt)]%, Ay and
B, ,, are related to the antenna array on the transmitter, 4; , = sz\il (Yni co8(Pin) — Tni Sin(Pen)), Brn =
Zij\il (Yni €08(Ptn) — Tni sin(¢tn))2, At and By, are related to the antenna array on the transmitter,
ogl)n = D ieM 2jeka dejsﬁl)jtr(BﬁnR?;) denotes the DL communication signal interference residual

power at the UL AP n, aﬁhn =D keku pulyktr(Rzlk) denotes the UL communication signal interference
residual term power at the UL AP n.

Proof.  Please refer to Appendix E.
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Figure 2 (Color online) Changes of system communication and sensing performance in different scenarios (M = 10, K = 10).
(a) Changes in system communication performance; (b) changes in system sensing performance.

The derived theorem reveals that sensing performance is influenced by the residual noise that remains
after CLI cancellation. The effectiveness of CLI cancellation is closely related to channel estimation
errors. Larger channel estimation errors result in poorer sensing performance. Additionally, the power
of the sensing signal has a direct impact on sensing performance; higher sensing signal power generally
leads to improved sensing capabilities.

4 AP duplex mode optimization

4.1 Problem formulation

Figure 2 shows the simulation results for communication and sensing performance with a fixed total
number of APs and varying numbers of sensing UEs and targets, as well as different UL and DL ratios of
the APs. The results demonstrate that the duplex mode selection of APs has a significant impact on both
the communication and sensing performance of the system. Based on the communication performance
expression derived, it is evident that the communication rates of both DL and UL are impacted by the
CLI between the AP and the UEs. To mitigate the CLI, the CPU can operate APs with different duplex
modes by spatially isolating them. However, it should be noted that the sensing performance is also
linked to the distance from the DL APs to the UL APs, as revealed by the derived CRLB expression
in Appendix E. The use of spatially isolated duplex modes may lead to lower sensing signal energy
received by the UL APs, which in turn affects the LER. Thus, it is imperative to strike a balance between
communication performance and sensing performance.

In this subsection, we use the theory of multi-objective optimization to propose the following MOOP.
The first optimization objective is to maximize the sum communication rate, denoted as

. _ dl ul
Proomax fi= ) Ri'+ Y R, (39)
leLar €
st. xy +xqg =1y (40)
Each AP can be either UL or DL at any time, so the duplex mode selection vector satisfies the constraint
in (40).
Mathematically, the optimization problem for maximizing LER can be expressed as

P2 max fo = > R (41)

e teT
s.t. (40). (42)

Building on the previous analysis, given the conflict between the two objectives, we propose a MOOP to
investigate the trade-off between them. This optimization problem can be mathematically formulated as

Pg: max f = [fl,fg

T
Ly, Ld ]

: (43)
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Algorithm 1 Pareto optimal solutions and boundary of ADMO.

1: Initialization: Channel and precoding vectors hy,, b1 v, hﬁ’Pmn; the number of APs M;
2: Initialize a list to store all possible AP duplex modes A = 0;

3: Generate all possible AP duplex modes by iterating through all 2™ combinations;

4: for each a € {0,1}™ do

5: Compute the sensing performance S(a) and communication performance C(a) based on the given system model;
6: Add the tuple (a, S(a),C(a)) to a list of all solutions S;

7: end for

8: Initialize the Pareto boundary P = 0;

9: for each solution s; € S do

10: Dominated < false;

11: for each solution s; € S\ {s;} do

12: if S(s;) > S(s;) and C(s;) > C(s;) and (S(s;) > S(s;) or C(s;) > C(s;)) then
13: Dominated < true;

14: break

15: end if

16: end for
17: if Dominated == false then

18: Add s; to the Pareto boundary P;
19: end if
20: end for

21: Output: Pareto optimal AP duplex modes P;
22: Output: Fitting the Pareto optimal solutions to generate the Pareto boundary.

s.t. (40). (44)

The objective of Ps is to optimize the combined performance of communication and sensing. To tackle
this MOOP, the concept of Pareto optimality can be utilized. An allocation policy is considered Pareto
optimal if no other policy exists that can enhance one objective without compromising others. Therefore,
a MOOP may have multiple Pareto optimal solutions. While these solutions are selected based on their
dominance relationships, a closer examination of these optimal solutions reveals that they correspond to
distinct multi-objective weights. By adjusting these weights, it is feasible to regulate the tradeoff between
different objectives and investigate various regions of the Pareto boundary. The pseudocode snippet of
the Pareto-optimal solutions and boundary of ADMO can be found in Algorithm 1. We aim to develop
an algorithm that can efficiently identify a Pareto optimal solution for Ps.

4.2 DQN-based solution

The optimization problem discussed above is classified as NP-hard, indicating its high computational
complexity. To address this challenge, RL has emerged as a promising approach that involves an intelligent
agent perceiving the state of the environment and making decisions based on feedback to maximize
rewards. The DQN algorithm is a type of RL that combines deep learning and Q-learning [37]. DQN
utilizes a neural network to learn QQ-value functions, enabling it to handle complex environments.

Subsequently, we shall present the implementation of the DQN algorithm in the context of ADMO
within the NAFD-based ISAC system. This approach involves four key components.

(1) Agent. A centralized agent was established on the CPU side to facilitate the selection of duplex
mode for each AP by monitoring the current state of the environment.

(2) State. The current state of the agent includes a set of M APs, denoted as {x1,22,...,2}. The
state of each AP is represented in binary format, where x,, of 0(1) indicates that the AP m is operating
in the UL(DL) mode.

(3) Action. As there are only two operating modes for each AP, the system can take actions to change
the original operating mode, either from UL to DL or from DL to UL. Consequently, these actions can
be represented as a Markov action space denoted as A = {ay, as,...,an } where a; represents the action
of switching the operating mode of AP m from its original mode to the other mode.

(4) Reward. Define the reward as

re £ wefi + wsfo, (45)

where w,. and ws denote the weights of the two targets respectively. The working mode of each AP can
be switched between UL mode and DL mode by the policy adopted by the agent.

The DQN algorithm enhances its efficiency and applicability by adopting a value function-based ap-
proach instead of directly storing Q-values. To improve the training stability, the double DQN structure
is utilized in this section, which consists of two deep neural networks (DNNs): a Q-evaluate network
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Figure 3 (Color online) Diagram of the DQN algorithm.

and a @-target network. The @-evaluate network is responsible for selecting actions, while the Q-target
network computes the @-value of the target. To minimize the correlation between the estimate of the
Q-value of the target and the actual value, and to mitigate the over-estimation caused by the correlation,
the parameters of the Q-target network are periodically copied from the Q-evaluate network. The Q-value
update strategy for DQN is

Q(st,a450) =1y + v ¥ max Q(st41,at41;0), (46)

where Q(s¢, at; 0) is the @ value corresponding to taking action a; in state s; when the Q-evaluate network
parameter is #. The DQN algorithm framework is shown in Figure 3.

First, the agent observes the current state s; and inputs s; into the Q-evaluate network. The Q-
evaluate network outputs Q(s¢, anm;0) for all possible actions a,, in s;. The action with the highest @
value, a; = max Q(s¢, am;0) is selected as the next action. After obtaining the action a;, the reward
ry can be calculated using (45). During training, the current action a;, the state sy, the reward ry,
and the next state s;11 are stored as a set of experiences e = {ay, ¢, 4, St+1} in the experience replay
buffer Dieplay. After a sufficient number of experiences have been stored, a set of experience values
Dinin is randomly sampled from Dieplay for updating the parameters 6 in the -evaluate network. The
DQN algorithm adopts experience replay to prevent sample correlation and overfitting issues caused by
selecting a specific set of experiences. The network parameters are updated using the gradient descent
method

0=0—axVgL(0), (47)
where « is the learning rate and L(6) is the loss function, which is calculated by
L(0) = Ee,~p[(yi — Q(si, i3 0))?], (48)

where y; = 7 +v xmaxa, , Q(Sit1,qi+1;Orarget), Orarget refers to the parameters of the Q-target network.
When selecting actions, DQN typically employs a e-greedy strategy, which selects a random action with
a certain probability € to explore the environment, and selects the action with the highest predicted @
value with a probability of 1 — ¢ to exploit existing information. In the context of the DQN algorithm,
two important concepts are introduced, namely the episode and the time step ty,ax. An episode is a
sequence of actions and state transitions that start from the initial state of the environment and continue
until the intelligent agent reaches the termination state. The behaviors of the agent between episodes are
considered independent, and the agent can learn and improve its behaviors through each episode. ty,ax is
typically used to represent the number of time steps accumulated before a gradient update is performed.
It is used to control the length of the experience sequence stored and sampled in the experience replay,
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Algorithm 2 DQN-based ADMO algorithm.

1: Initialization: Channel and precoding vectors h,k, R1, w1, hﬁ’me network parameters 6 and Ogarget;
2: while episode < Epyax do

3: Initialization environment and get state so;

4 while t < tyax do

5 e-greedy algorithm to select action a;;

6: Stores {st, g, T, st+1} into Dreplay;

7 Sample a min-batch Dmnin from Dieplay;

8 for each experience sample {si, a;,Ti, si+1} do

9: Calculate Q-value by (46);
10: Update 6 by (48);

11: end for

12: if t mod typdate == 0 then
13: Update €, Otarget;

14: end if

15: end while
16: end while
17: Output: The action corresponds to the optimal state as well as the reward.

as well as to determine when to update the Q-target network. The pseudocode of the algorithm can be
found in Algorithm 2.

4.3 Algorithm complexity analysis

The computational complexity of the Algorithm 1 for obtaining Pareto-optimal solutions grows expo-
nentially, denoted as O(22M). In contrast, the computational complexity of DQN mainly arises from
matrix multiplication in the forward and backward propagation of the DNN and the number of training
iterations. It can be approximated as O(2EmaxtmaXDmin(Mno+ZZ_l2 niniy1+2Mn,,)), where M is the
number of AP, the input layer of the neural network is M, the output layer is 2M, D i, represents the
size of the min-batch, ¢,,,x represents the number of iterations, and m represents the number of hidden
layers in the neural network, with n; denoting the number of neurons in the corresponding hidden layer.

The space complexity of the Algorithm 1, denoted as O(2M), also grows exponentially. The space
complexity of DQN depends mainly on the neural network model storage and the experience replay buffer,
which can be denoted as O(2M? []!", n; + Dpin). Compared with the space complexity of Algorithm 1,
the space complexity of DQN scales polynomially with M and the size of the neural network. By using
neural networks to approximate the Q-value function, DQN avoids explicitly storing all state-action pairs.
This design drastically reduces memory consumption, especially for large state and action spaces.

Notably, the complexity of the DQN is linearly related to M, resulting in lower complexity and better
scalability.

5 Simulation result

In this section, we present a comparative analysis of the proposed NAFD-based ISAC system with the
existing ISAC system design. Furthermore, the accuracy of the closed-form expression derived in the pre-
vious section is verified via Monte Carlo simulation. Finally, based on the closed-form expression results,
a comparative evaluation of the proposed DQN-based algorithm with four commonly used algorithms in
ADMO is presented.

We consider a scenario, where all UEs and targets are assumed to be randomly distributed in a
300 m x 300 m square area with a total of M = 8 APs, and consider each AP configured with N = 20
antennas. There are 8 active UEs in the system, Kq = K, = 4. Consider the channel to be quasi-static
and the path loss exponent of the channel « = 3.7 [38]. All UL UEs send the same data power i.e.,
{pul,i}vl»eﬁul = pu = 0.1 W. For DLL APs, the power is allocated equally based on the number of UEs and

the number of targets to be sensed i.e., {pdlvi}\ﬁe/cdl = {psvt}VteT = 0.5 W. The reflection coefficient is
set as {at bvie = 0.8 [13]. The signal bandwidth is set as Af = 10 MHz and the coherent block length

is set as 7 = 100 [39]. The AWGN power for DL and UL communication is set to 03, = 02, = 02 =
—113 dB [20].
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Figure 4 (Color online) Comparison of sensing performance between single-station independent sensing and multi-static cooper-
ative sensing. (a) Sensing performance of single-station independent sensing; (b) sensing performance of multi-static cooperative
sensing.

5.1 Results of system performance comparison

In this part, we will compare the performance of the NAFD-based ISAC system proposed in this paper
with two existing ISAC systems. The specific system design is as follows.

(1) Time-division duplex (TDD)-based ISAC. In a TDD-based ISAC system, the coherent time block
is divided into three separate modes: sensing, UL communication, and DL communication, which are
carried out using the TDD mode [40]. Symbol lengths for each mode are denoted as 75, 7y and 7,
respectively.

(2) Co-frequency co-time full duplex (CCFD)-based ISAC. CCFD-based ISAC system employs a single
base station to achieve both sensing and simultaneous UL and DL communication [36].

To ensure a fair comparison, the AP deployment location for TDD-based ISAC is consistent with
NAFD-based ISAC and is uniformly distributed on a circular area with a radius of 200 m. Specifically,
half of the APs are set to UL mode and the other half are set to DL, mode. Conversely, for CCFD-based
ISAC, a single base station is deployed at the center of the circular. The self-interference cancellation
technique is employed in the CCFD-based ISAC system to achieve a self-interference power o2 =
—85 dB [41].

Figure 4 presents a comparison and analysis of the sensing performance between single-station indepen-
dent sensing (CCEFD-based ISAC) and multi-static cooperative sensing when only one target is present in
the sensing scene. The color scale indicates the LER, with darker colors indicating poorer performance
and brighter colors indicating better performance. The results show that single-station independent
sensing performs well only near the base station, while multi-static cooperative sensing exhibits better
performance in regions near each AP. This highlights the advantage of decentralized AP in achieving
larger sensing ranges. Therefore, multi-static cooperative sensing is expected to become a major trend
in future developments.

Figure 5 presents the changes in communication and sensing performance with varying numbers of
antennas for three different types of ISAC systems. The sensing symbol length of the TDD-based ISAC
system is set to 74 = 20 and 7, = 50. Figure 5 illustrates the communication performance, where the
NAFD-based ISAC system outperforms the CCFD-based and TDD-based ISAC systems. Although the
communication performance of the CCFD-based ISAC system improves with the increase in the number
of antennas, it still lags behind the NAFD-based ISAC system. The longer the sensing symbol length for
the TDD-based ISAC system, the shorter the relative communication symbols, leading to poorer com-
munication performance, whereas the NAFD-based ISAC system is not affected by this issue. Figure 5
also illustrates the sensing performance, where the TDD-based ISAC system’s sensing capability depends
only on the length of the sensing symbols, as its sensing is carried out individually. The overall sensing
performance of all systems increases with an increase in the number of antennas, as it enhances the
signal energy and improves the directivity of the sensed beam. Nevertheless, the sensing performance of
the CCFD-based ISAC system is impaired by self-interference. The communication and sensing perfor-
mance of the NAFD-based ISAC system are mutually interfering, resulting in a degradation of sensing
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Figure 5 (Color online) Comparison of system performance with the number of antennas. (a) Comparison of system communi-
cation and rate variation with antenna number; (b) comparison of system LER with antenna number.
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Figure 6 (Color online) Closed-form expression verification. (a) The closed-form and simulated values of the communication rate
vary with the number of antennas; (b) the closed-form and simulated values of the LER vary with the number of antennas.

performance that is proportional to the number of antennas. However, the NAFD-based ISAC system
without IS exhibits poor communication and sensing performance, which demonstrates the necessity of
IS. The simulation results demonstrate that the NAFD-based ISAC system with interference cancellation
significantly improves communication performance compared to other systems and can outperform them
in terms of sensing performance with the appropriate number of antennas. The sensing performance
of the NAFD-based ISAC system can also be improved by using appropriate interference management
strategies.

5.2 Result of closed-form expression validation

In this subsection, we conduct a validation study of the closed-form expressions for the communication
rate and LER through Monte Carlo simulations. Specifically, we analyze the variations of the UL and
DL communication rates and position LER obtained from the Monte Carlo simulation with different
numbers of antennas. As shown in Figure 6, the results of the closed-form expressions are consistent
with the Monte Carlo simulation results, and the outcomes are not affected by changes in the number of
antennas. These findings confirm the accuracy of the derived closed-form expressions.

5.3 Result of duplex mode selection

To determine the optimal network structure for DQN, we conduct a study on the effect of different DNN
hyperparameters on the convergence performance of the neural network. The reward results of every 20
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Figure 7 (Color online) DQN performance under different DNN parameters.

episodes are averaged and recorded as a convergence curve during the training process. We compare the
convergence of neural networks with four network structures using different hyperparameters in Figure
7. Our results show that the single hidden layer consisting of only 10 neurouns, i.e., neure = [10], does
not converge as well as the other network structures. A double hidden layer with 20 neurons, i.e.,
neure = [20, 20], is found to be more effective. Therefore, we use this network structure in subsequent
simulations. Furthermore, we study the impact of two key hyperparameters, namely t,.x and learning
rate [r on the convergence performance of the neural network. ¢,,,x denotes the number of steps during
each episode, and a larger one leads to faster convergence but also consumes more training time. On the
other hand, the learning rate of the neural network parameters determines the magnitude of the weights
along the gradient in the process of updating the network parameters. We find that a smaller learning
rate could avoid instability during the training process, resulting in better convergence and avoidance
of local optima. However, it may also lead to slower convergence and require more iterations to achieve
the desired performance. After simulation comparisons, we select the network with the best convergence
performance, i.e., a double hidden layer of 20 neurons, with t,,x = 10 and Ir = 0.01 for subsequent
simulations.

In this section, we introduce four baseline algorithms to compare the performance of the proposed
DQN-based ADMO algorithm.

(1) Random selection (RANDOM). The RANDOM method is employed to randomly select APs for
allocation, which serves as a baseline for system performance without any ADMO.

(2) Average selection (AVG). The AVG method is utilized to assign equal numbers of UL APs and DL
APs, which demonstrates system performance when the UL and DL modes of the APs are fixed.

(3) Exhaustion (EXU). The EXU method is employed to conduct an exhaustive search, which aims
to find the optimal solution by exploring all possible combinations of AP allocation. However, the time
complexity of the exhaustive method is typically exponential, which can significantly reduce its efficiency
in solving large-scale problems and increase with the size of the problem.

(4) Q-learning [42]. The @Q-learning method is a table-based RL approach that utilizes a Q-table to
store the QQ-value of each state-action pair. In the Q-learning-based ADMO algorithm, the agent, states,
actions, and rewards are consistent with those in DQN.

Figure 8 presents the simulated cumulative probability distribution (CDF) of the objective function
values for the proposed algorithm and other baseline algorithms. The objective function is calculated
using (45), while the communication and sensing performance weights in (45) are set to w. = 0.5 and
ws = 0.5 for algorithm comparison. The performance gap between the RANDOM algorithm and the
EXU is analyzed as a benchmark. The results show that, at 0.5 CDF, the algorithm with an average
allocation of APs outperforms the RANDOM algorithm by about 38%. This is because the simulation
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Figure 8 (Color online) Performance comparison of ADMO Figure 9 (Color online) Trade-off between communication
algorithms. and sensing in ADMO.

assumes an equal number of UL and DL UEs, resulting in similar communication needs. Therefore,
using the average allocation of APs for UL and DL communication can better match UE needs and
improve performance. However, the performance gap between the algorithm with the AVG and the EXU
algorithm is still significant. Hence, there is room for performance improvement under the fixed AP
duplex mode, and dynamic ADMO is necessary. At 0.5 CDF, the @Q-learning-based ADMO algorithm
improves performance by about 70% compared to the RANDOM algorithm, and the gap with the EXU
algorithm is about 25%. The result of the DQN algorithm is almost identical to the result of the EXU
algorithm, with a performance gap narrowed down to 4%. Therefore, compared with other algorithms,
the DQN-based ADMO algorithm demonstrates superior performance.

Figure 9 demonstrates the communication and sensing performance corresponding to all the AP duplex
modes obtained using the EXU method, which is represented by the blue circles in the figure. According
to Algorithm 1, a Pareto solution can be found among the ordinary solutions, as indicated by the black
dots in the figure. Through the exhaustive method, we verified that only three configurations strictly
satisfy the Pareto-optimality criterion. By fitting a curve to the discrete Pareto-optimal points identified
via exhaustive search result, we get the Pareto boundary by the blue line. While the fitted curve visually
resembles a continuous boundary, the physical meaning remains a discrete set of solutions. The red squares
in the figure depict the output solutions of DQN when considering different weights of the objectives in
(45), and all the solutions of DQN are either Pareto solutions or approximate Pareto solutions.

6 Conclusion

In this paper, we propose a NAFD-based ISAC design that supports simultaneous UL and DL commu-
nication in multi-static ISAC system. The design employs the NAFD technique, which can partially
eliminate CLI. Subsequently, we derive closed-form expressions for the communication rate and LER un-
der imperfect CSI for evaluating the communication performance and sensing performance, respectively.
In terms of optimization, we establish a MOOP for communication and sensing ADMO to obtain a trade-
off between communication and sensing. Subsequently, we propose a DQN-based ADMO algorithm that
sums multiple objective values with different weights as rewards to solve the MOOP. We compare the
proposed design with existing TDD-based ISAC and CCFD-based ISAC as benchmark design. The sim-
ulation results show that the NAFD-based ISAC system is able to significantly outperform the other
ISAC systems in terms of communication performance with essentially no loss of sensing performance.
The simulation results verify that the derived closed-form expressions can fit the Monte Carlo simulated
values better. Finally, the DQN-based ADMO algorithm can achieve a performance effect close to that
of the EXH method with low complexity, and by adopting different target weights, the DQN algorithm
can quickly achieve an effect close to the Pareto boundary. In this paper, we acknowledge that beam-
forming optimization could further improve system performance from the derived theorems. In future
work, we plan to optimize transmit beamforming alongside the current methods to explore its potential
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for improving system performance.
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Appendix A Preliminary results
We first give two lemmas on gamma distribution and projection properties.

Lemma Al. If a random vector @ obeys the distribution & ~ CA(0,02Iy), then x satisfies & @ ~ ['(N,0?). If the
random vector y obeys the distribution y ~ I'(a, b), then E{y} = ab and var{y} = ab?V.

Lemma A2. If a set of independent random vectors {x;} and each vector is distributed as I'(k;,6;), then >, zfa; ~

K 0; k07
T'(k,0), where k = (gi kz’@?) 0= %4 k0, 2.

Appendix B Proof of the Theorem 1

In the aggregation channel, the multipath channel and NLOS paths reflected from the target are statistically independent,
and NLOS paths reflected from different targets are also independent. Therefore, the autocorrelation matrix for the channel
h,ni between the kth UE and AP m is denoted as

E[hm’vhg’bk] = ]E[hAmyUkh‘Am Uk + Z atE !hTt,Uk| hAm,TthEm,Tf] (B1)
teT

. . H — )2 2
Acgordlng to the definition of the channel, we Can2 calculate that E[hAm,UkhA Uk] = AL, u N, ]E[”hTtkaH ]
dr, U, 40, v, = 10U Bl mobl 1 ] = A3, + 0% ) (@80, 10GR,,, m, + XA, 1 IN) = G,y s substituting
the result into (B1) gives E[h,thl,] = ¢,,;. A similar argument can be made to demonstrate that E[h mnhlli ) =

d)ﬁm and ]E[|h1’u7l{2] = ¢,,;- This completes the proof.

Appendix C Proof of Theorem 2
Put expectations into 'yldl. First, we calculate the molecular part

2

EHDZ|2] = pa1,1€a1,1 B Z RE haym| | - (C1)
meM
According to (13), E[ﬁdl,mlﬁglyml] = R%l' Actually, ﬁglymlﬁdl,ml = Zﬁ:’ 1;15{1 mi nfldl mil,n, Where fldl mi,n denotes
the estimated channel from the nth antenna of the AP m to the UE [. It is known that hdl mi ~ CN(0, le)
ildl,'ml,n ~ CN(O, [R%l]n). According to Lemma Al, ﬁgl,ml,nﬁdlv”nl;n ~ (17 [Rﬂil]n) Combined with Lemma A2, we can
get ’tl,gly,ml’:bdl’ml ~ F(kdl,mlv édl,ml) obeying gamma distribution, where

(=hy[A],)°

kdl,mi = SR ]"2 ; (C2)
A n= [Rdl ]2
Oar,mi = W (C3)
tn
As previously stated in Lemma A2, the distrbution of ZmeMdl ﬁ(lfl mlﬁdl,ml can be derived. Combining Lemma Al, we
can get
2 2
E > A ham| | = D0 kamib3m+ | D Eavmifa | - (C4)
meM meM meM

By substituting the aforementioned equation into (C1), we can derive the numerator term. Next, the procedure involves
the identification of individual components in the denominator. Since the channels are orthogonal between different UEs,
the DL interference from other UEs can be expressed as

]E[|Md1|2] = > > pdl,l’ail,L’E[|ﬁc}111,mlildl,ml’|2]7 (C5)
VeKq\{l} memM

1) Heath Jr R W, Wu T, Kwon Y H, et al. Multiuser MIMO in distributed antenna systems with out-of-cell interference. IEEE
Trans Signal Process, 2011, 59: 4885-4899.

2) Zhu H. Performance comparison between distributed antenna and microcellular systems. IEEE J Sel Areas Commun, 2011,
29: 1151-1163.
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where E !hgll midl, ml’! ] = E[hgll mlel h‘dl ml] = ]E[ZN hgll mi n[Ril/]nhdl,ml,n] Using an approach similar to

ml’

(C4) yields, we can deduce that ]E[hdl mlR hdl mi] = tr(Rdl Rdl

, ,) So the first term of the denominator is
'ml ml

E[!Mdl|2] = > > parenrtr(RoyRy). (C6)
Vekq \{l} meM

The second term in the denominator is similarly obtained through a similar approach, which can be expressed as

E[NF P = ST ST pakedptr(RE09). (©7)

keKq meMy;

It can be demonstrated that the DL channel estimation error and sensing beamforming are independent for different APs.
The third term in the denominator can be expressed as

EHNLCLLSF] = Z EHegl,mlqulm,Tt(z]- (C8)

meM
Following the definition of the steering vector in (3), we can derive that
E(qa,, 1.4},, 7,) = GAn 11 AA,, T, + XA, 1, IN = Pme (C9)

Subsequently, Eq. (C8) can be expressed as E[Zn 1 egl min ["pmt] edl,ml,n]~ Using a derivation process similar to the

above, it can be obtained
!NCLI s Z Z Dot tr (tmeOar,mi)- (C10)
teT meM

The final term is the CLI term, which, due to the orthogonality of the channels utilized by different UL UEs, can be
expressed as

HNCLI ¢ Z Pul,uE |hI u l! Z pul,u(bﬁy (C11)

uelkl ) uek )

Combining all results completes the proof.

Appendix D Proof of Theorem 3
Put expectations into y}!. The derivations of ]E[|Du{2], E[{N;l{2], ]EH./\/'E”MF] and E[|NELI‘S|2] in (33) equation with
those in the Appendix C, and will not be repeated here. The third term of the denominator is expressed as

2

HNCLIC Z Z pdl,]E Z vgueA,mnwfr:n,j . (Dl)

meM neM JERKQ

¢ . are not correlated with each other, each of the terms in the above equation can be calculated

; H
Since ea mn and vy, wy,

individually. ]E[HeA,mn||2] = E[{eg,mneA,mnH = tr(Gﬁm). Combining Lemmas Al and A2, we can get
2

E Z ”Euwfn,j = Z aﬁl,ua?il,j]EHﬁﬁ,muﬁdl,m,j!2 Z ’3u1 uadljtr(RUI Rdl ) (D2)
JERa JERa JERa

By substituting the aforementioned equation into (D1), we can derive the third term of the denominator. The last term in
the denominator can be expressed as

E[JNEose)?] = o2 > E (I 7] = o2 > (R (D3)

nem nem

Combining all results completes the proof.

Appendix E Proof of Theorem 4

The received signals are separately mapped onto distinct sensing symbols, enabling accurate identification of the corre-
sponding signals ym,n,t. Concerning the active MIMO radar signal model, the detailed modeling of ym n,+ is represented
as follows: Ay

Ym,n,t = Z \/Imainm,n,iami ® bniwintcijzanm‘"‘i + z, (El)

€T

where ami = qa,,,T,; bin = @1, A,s Mm,n,i = AA,,,T;AT;,A,, represents large-scale fading. First, we derive the closed-form
expression for the noise z. The terms of (24) are obtained through a method analogous to that used in Appendix C. These
terms can be expressed as

Ellgan]?]= >0 3 payed (05, RY) = o3 El|gunl’] = Y pastr(RE) =02, (E2)
meM jEKq ke 41
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Based on the above equation the CRLB of the estimated parameters can be obtained. The CRLB is obtained by computing
the inverse of the Bayesian Fisher information matrix (FIM). The FIM reflects the amount of information about the
parameters that are contained in the observed data. The CRLB of the estimated parameters can be represented as

E[(Sm.nt = Ymmt) St = Ymmt) ] = Tl s (E3)
where Ym n,t = [dm,nyt,Omt,qﬁm]T is the true value of the estimated parameter of target ¢, dm n,t = da,, T, +d1, A,

Ym,n,t = [dm,n,t7 O, ng]T is the estimated value of the parameter of target ¢ based on (E1), Tt € R3%3 i the FIM
for the unknown matrix ym n,t. The FIM can be computed through

H
1 (d d
A - < y?:;m,t) < y’;’b,n,t) 7 (E4)
gz d’ym,n,t d’ym,n,t
where 02 =02 +02  +02, and M is expressed as
’ ’ m,n,t
d A da db
% = Cm,n,t X |:_j27'[_falmt ® bt?’u —mt ® btn7 amt ® tn:| ) (E5)
AVnt c dOmt doin
NN
where Cm,n,t _ OC%||'l‘vin’tH2e—J27TTdm,n,t7 and
da t .27’(
demt =Y [pg;lkmtamt,l, e 7P£Nkmta'mt,1\7]7 (E6)
m
db 27
i (z;" = =i [Pitkinbin, o PayKinbin, ], (E7)
n
where kmi = [— sin(Gmt),cos(Gmt)}T, and kn¢ = [— sin(qu),cos((t)m)}T. In the context of large antenna arrays, the

orthogonal nature of multiple paths from distinct directions allows for the asymptotic approximation of the non-diagonal
sub-matrix of the FIM as the zero matrix. This results in an FIM approximation matrix of a block diagonal structure. The
block diagonal FIM matrix enables the calculation of the closed-form expression for the CRLB of each estimated parameter.
Inverting (E4) and taking out the block for dm,n,t, Omt and ¢y yields Theorem 4.

This completes the proof.
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