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Abstract

This paper investigates the multi-target tracking
(MTT) problem in a cooperative millimeter-wave
(mmWave) integrated sensing and communica-
tion (ISAC) system, where distributed base sta-
tions (BSs) emit directional beams to probe the
states of associated targets. Owing to the com-
plicated environment and target mobilities, the
target-BS associations need to be dynamically ad-
justed to facilitate stable MTT performance dur-
ing the tracking interval. In this work, we pro-
pose a unified deep reinforcement learning (DRL)-
based framework to perform joint target state es-
timation, target-BS association adjustment, and
beam prediction tasks. Specifically, a dynamic
graph neural network (DGNN) is first developed
to capture the spatio-temporal features among
targets and perform target state estimation. In
particular, an advantage actor-critic (A2C)-based
controller is then proposed for flexible target-BS
association adjustment and beam prediction un-
der a novel auto-regressive policy, which ensures
that the target-BS association constraints can be
strictly satisfied. Numerical results demonstrate
that the proposed scheme can adaptively update
associations in response to target mobility, thereby
significantly reducing the tracking error.

1. Introduction
Integrated sensing and communication (ISAC) has been
identified as one of the six key use cases in the sixth-
generation (6G) cellular network, which aims to seamlessly
incorporate sensing functionalities into communication-
centric cellular systems (Zheng et al., 2019; Liu et al., 2020;
Zhang et al., 2021; Hu et al., 2026a). Due to the suffi-
ciently large bandwidth, the millimeter-wave (mmWave)
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Figure 1. System model for multi-target tracking in the cooper-
ative mmWave ISAC system, where the BSs are associated with
appropriate targets in each time block and emit directional beams
for tracking.

band is promising for 6G networks, as it boosts both high-
throughput communication and high-resolution sensing per-
formance. A fundamental task in ISAC is multi-target track-
ing (MTT), which aims to continuously monitor the kine-
matic states of multiple targets over a long time interval.
Existing studies have investigated the MTT problem in sin-
gle base station (BS) scenarios (Li et al., 2026a;b). However,
relying on a single BS for sensing faces severe challenges
including restricted sensing coverage and limited parameter
estimation accuracy due to severe occlusion and path loss.
To address these issues, recent research turns to focus on
the networked ISAC system, where multiple BSs perform
cooperative signal processing to improve the target sensing
performance (Zhu et al., 2026; Hu et al., 2026b).

This work focuses on investigating the MTT problem in
the cooperative mmWave ISAC system. Due to the large
number of antennas but limited radio-frequency (RF) chains,
each BS can only serve a limited number of targets simul-
taneously (Wang et al., 2022), meaning that the target-BS
associations should be carefully adjusted during the track-
ing process, as shown in Fig. 1. In particular, there are
two important tasks that should be addressed to achieve
high-accuracy MTT in the considered system. Task 1 -
multi-target state estimation (MTSE): Given measure-
ments collected by distributed BSs, the objective is to accu-
rately estimate the state of all targets. Task 2 - target-BS
association and beam prediction (TABP): Given the his-
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torically estimated trajectories of targets, it is necessary to
adaptively associate appropriate targets to each BS and pre-
dict the beam directions in the next time block such that we
can maintain continuous tracking of all targets over a long
time interval.

Recently, deep learning-based approaches have shown the
powerful capability to solve the MTSE and TABP problems
as two independent tasks. For instance, (Lian et al., 2026;
Jiang et al., 2026) employ graph neural networks (GNNs) to
perform cooperative positioning in static environments by
extracting spatial correlations among BSs. Similarly, GNNs
are also utilized in (Chan et al., 2026; Deng et al., 2023;
Zhang et al., 2020) for the target-BS association based on
instantaneous observations, while the association constraints
cannot be guaranteed to be satisfied. In fact, the tasks of state
estimation and target-BS association are highly coupled in
the MTT problem. Specifically, the accuracy of the current
state estimation determines the association strategy in the
subsequent time block, which in turn affects the reliability
of future measurements. However, existing works usually
focus on decoupled approaches, which are inadequate to
ensure reliable tracking performance due to the risk of error
accumulation.

In this work, we propose a unified deep reinforcement learn-
ing framework to jointly solve the MTSE and TABP tasks
of the MTT problem in the cooperative mmWave ISAC sys-
tem. The proposed framework consists of a feature extractor
and a decision controller, which jointly address the MTSE
and TABP tasks in dynamic environments. Specifically, the
feature extractor employs a dynamic graph neural network
(DGNN) to capture the time-varying interactions among tar-
gets and BSs. Based on the extracted features, the controller
then leverages the advantage actor-critic (A2C) scheme to
determine strategies for target-BS association adjustment
and beam prediction. In particular, an auto-regressive policy
is developed to decompose the construction of the associa-
tion matrix into a sequence of sub-actions, thereby handling
the hard constraint imposed by the limited number of RF
chains. Numerical results demonstrate that the proposed
scheme achieves high-accuracy state estimation and adap-
tive association over a long interval under the target-BS
association constraint.

2. System Model and Problem Formulation
2.1. System Model
This work considers a mmWave cell-free orthogonal fre-
quency division multiplexing (OFDM) ISAC system in
which M BSs communicate with U users and track I mov-
ing targets using the echo signals simultaneously. Each BS
is equipped with a transmit uniform linear array (ULA) of
NT antennas and a receive ULA of NR antennas. We as-
sume that the transmit and receive antenna arrays are both

equipped with NRF RF chains, where I ≤ MNRF. We con-
sider a two-dimensional (2D) system, and the location of BS
m ∈ M = {1, . . . ,M} is denoted as pm = [pm,x, pm,y]

T .
Moreover, the mobility of each target i ∈ {1, . . . , I} is char-
acterized by a “stop-and-go” model (Potter et al., 2010),
where the location of each target is assumed to be fixed in
one time block, but varying at different blocks. Let Q de-
note the number of time blocks to track the targets, and ∆T
s denote the duration of each block. In the q-th block, the lo-
cation of the target i is denoted as ui,q = [xi,q, yi,q]

T , q =
1, . . . , Q, while the range and azimuth angle of the target i
relative to the BS m are denoted by dm,i,q = ∥ui,q − pm∥2
and θm,i,q = arctan

(
yi,q−pm,y

xi,q−pm,x

)
, respectively.

Let K̄ denote the number of OFDM symbols within a block.
We divide each block into two phases - tracking phase that
consists of K < K̄ OFDM symbols and communication
phase that consists of K̄ −K OFDM symbols. In this work,
we focus on the multi-target tracking problem by leveraging
the signals in the tracking phase. Due to the limited number
of RF chains, each BS allocates at most KNRF beams over
the K OFDM symbols to track targets in each time block
q. The set of targets that are assigned to BS m at block q is
denoted as Sm,q . Moreover, let L denote the number of sub-
carriers. We assume that the BSs operate at non-overlapping
frequency bands to avoid inter-cell interference, where the
sub-carrier set for BS m at block q is defined as Lm,q .

Let aT(θ) = [1, · · · , ej2π
ds
λ (NT−1) cos θ]T ∈ CNT×1 and

aR(θ) = [1, · · · , ej2π
ds
λ (NR−1) cos θ]T ∈ CNR×1 denote the

steering vectors of the transmit and receive ULAs of the
BS towards the azimuth angle θ, respectively, with ds being
the antenna spacing and λ being the carrier wavelength.
Therefore, the channel matrix between BS m and target i on
the l-th sub-carrier during the k-th symbol in the q-th block,
denoted by Hk,l

m,i,q ∈ CNR×NT , can be modeled as

Hk,l
m,i,q = αm,i,qe

j2πνm,i,qkT0e−j2πl∆fτm,i,q

× aR(θm,i,q)a
H
T (θm,i,q), ∀m, q, k, l ∈ Lm,q, (1)

where αm,i,q is the complex channel gain between BS m
and target i, which depends on the radar cross-section (RCS)
and the propagation path loss, τm,i,q and νm,i,q denote the
time delay and Doppler frequency between BS m and target
i, respectively, T0 denotes the OFDM symbol duration, and
∆f denotes the sub-carrier spacing.

During the k-th OFDM symbol in the tracking phase of the
q-th block, the echo signal received by the BS m on the l-th
sub-carrier is given as

υk,l
m,q =

√
P (FRF,k

m,q )
H

I∑
i=1

Hk,l
m,i,qW

RF,k
m,q s

k,l
m,q + (FRF,k

m,q )
H
nk,l
m,q,

∀m, q, k, l ∈ Lm,q, (2)

where sk,lm,q ∈ CNRF×1 denotes the m-th BS’s transmit
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symbol vector on the l-th sub-carrier of the k-th OFDM
symbol in the q-th block, P denotes the transmit power,
and WRF,k

m,q ∈ CNT×NRF
and FRF,k

m,q ∈ CNR×NRF
denote

the frequency-flat phase shifter-based analog beamform-
ing matrices of the k-th symbol in the q-th block. Here,
WRF,k

m,q and FRF,k
m,q are designed by selecting NRF beams

from codebook WT =
{
w

(m)
T ∈ CNT×1,m = 1, . . . ,MT

}
and WR =

{
w

(m)
R ∈ CNR×1,m = 1, . . . ,MR

}
, respec-

tively, where each beam w
(m)
T (w(m)

R ) is a pencil-like beam
towards some pre-designed azimuth angle θ̄m. In addition,
nk,l
m,q ∼ CN (0, σ2INR) denotes the additive white Gaussian

noise (AWGN) vector at BS m with σ2 being the power.

2.2. Problem Formulation
The MTT procedure in the considered system is performed
as follows. In each time block q, each BS first locally esti-
mates the sensing parameters of its assigned targets using
the received signals in (2) by classical parameter estima-
tion techniques (Stoica & Sharman, 1990; Schmidt, 1986).
Specifically, the estimate at BS m for target i ∈ Sm,q in
the q-th block is denoted by ẑm,i,q = [d̂m,i,q, θ̂m,i,q]

T with
d̂m,i,q and θ̂m,i,q being the estimated range and angle of
target i from BS m, respectively. Subsequently, the BSs
forward their local estimates to the central processing unit
(CPU) via fronthaul links. Then, the CPU performs tracking
in two phases. Phase 1 - multi-target state estimation:
The CPU jointly updates the kinematic state of each target i
for the current block q, denoted by ûi,q = [x̂i,q, ŷi,q]

T with
x̂i,q and ŷi,q being the estimated coordinates of target i in
the q-th block, and predicts the state of each target i for the
next time block q+1, denoted by ũi,q+1 = [x̃i,q+1, ỹi,q+1]

T

with x̃i,q+1 and ỹi,q+1 being the predicted coordinates of tar-
get i in the q+1-th block. Phase 2 - target-BS association
and beam prediction: Due to target mobility, the alloca-
tion of mmWave beams of each BS should be dynamically
updated during the tracking process. Given the predicted
target states for the next time block q + 1 and the locations
of the BSs, the CPU determines: i) the target-BS association
matrix in the q+1-th block, denoted by Aq+1 ∈ {0, 1}M×I ,
where its (m, i)-th element αm,i,q+1 = 1 denotes that BS
m is assigned to track target i in the q + 1-th block, and
αm,i,q+1 = 0 otherwise. ii) the analog beamforming matri-
ces for each BS used in the tracking phase of the q + 1-th
block, i.e., {WRF,k

m,q+1,F
RF,k
m,q+1}

K,M
k=1,m=1.

In general, the tracking process in the CPU can be formu-
lated as

{ûi,q, ũi,q+1}Ii=1 = F(Zq), (3)

{Aq+1,{WRF,k
m,q+1,F

RF,k
m,q+1}

K,M
k=1,m=1}

= H({ũi,q+1}Ii=1, {pm}Mm=1),
(4)

where Zq ≜ {ẑm,i,τ | i ∈ Sm,τ ,m ∈ M, τ ∈ {1, . . . , q}}

denotes the set of all historical measurements up to block
q, F(·) and H(·) denote the mapping functions for Phase
1 and Phase 2, respectively. Finally, the CPU transmits the
determined strategy to each BS for emitting signals in the
tracking phase of the q + 1-th block.

Therefore, the objective of the MTT problem is to jointly
optimize the mapping functions F(·) and H(·) to minimize
the overall tracking error of all targets during the tracking
process, which can be formulated as

min
F(·),H(·)

1

Q

Q∑
q=1

E

[
I∑

i=1

∥ui,q − ûi,q∥2
]

(5a)

s.t. (3), (4), (5b)
I∑

i=1

αm,i,q ≤ NRF, ∀m, q, (5c)

M∑
m=1

αm,i,q ≥ 1, ∀i, q, (5d)

αm,i,q ∈ {0, 1}, ∀m, i, q, (5e)

WRF,k
m,q [:, n] ∈ WT ,F

RF,k
m,q [:, n] ∈ WR,

∀m, k, q, n ∈ {1, . . . , NRF}. (5f)

Here, Constraint (5c) denotes the target-BS association con-
straint that the number of targets tracked by each BS should
not exceed its available RF chains. Constraint (5d) guar-
antees that each target can be tracked by at least one BS.
Constraint (5e) enforces the binary nature of the assignment
variables, and (5f) enforces the analog beamforming vectors
to predefined codebooks.

Due to the non-convex and combinatorial characteristics, it
is challenging to derive the globally optimal solution for (5)
via conventional optimization-based schemes. Moreover,
(5) induces a Markov decision process (MDP) for MTT,
wherein the existing GNN-based schemes are myopic and
fail to capture the long-term impact of instantaneous deci-
sions on future tracking accuracy. To solve this challenging
sequential decision-making problem in complicated environ-
ments, we propose a tailored deep reinforcement learning
(DRL) scheme to jointly learn the mapping functions F(·)
and H(·) for optimizing long-term performance in the MTT
problem.

3. DRL-based Method
In this section, we introduce a DRL framework for MTT
in cooperative mmWave ISAC systems. The proposed ap-
proach consists of a DGNN-based feature extractor and an
A2C-based decision controller, as shown in Fig. 2. Specifi-
cally, we first construct a dynamic bipartite graph to model
the time-varying topology between targets and BSs, where
nodes correspond to BSs and targets, while the edges rep-
resent the dynamic target-BS associations. Based on the
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Figure 2. Diagram of the proposed DRL-based MTT framework.

graph, the extractor employs a spatio-temporal attention
architecture to capture the spatial correlations within the net-
work topology and the temporal dynamics of target mobility.
Then, the controller leverages the A2C framework to proac-
tively determine the target-BS association matrix and the
selected beam indices for the upcoming time block. Within
the controller, we design an auto-regressive policy that it-
eratively allocates each available RF chain to one selected
target-BS pair to satisfy the target-BS association constraint.
In the following, we introduce the proposed extractor and
controller in detail, as well as the policy for training the
network.

3.1. Feature Extractor
The extractor aims to capture the spatio-temporal features
within the network topology and target dynamics. Specifi-
cally, we define the cell-free network in the q-th block as a
bipartite graph G(q) = (VBS,VTG, E(q)), where VBS and VTG
represents the set of BS nodes and target nodes, respectively,
which remain consistent during the tracking process, and
E(q) is the set of edges defined by the target-BS associa-
tion in the q-th block. Specifically, the node feature of BS
m ∈ VBS, denoted by xm, is defined as its physical coor-
dinates pm, i.e., xm = pm. The node feature of target
i ∈ VTG is initialized as a zero vector, which will be up-
dated in the DGNN. The edge feature from BS m to target
i in bock q, denoted by em,i,q, is defined as the local dis-
tance and angular measurement to target i from BS m, i.e.,
em,i,q = ẑm,i,q . The proposed DGNN consists of a Spatial
Attention Module (SAM) and a Temporal Attention Module
(TAM), which will be introduced as follows.

Spatial Attention Module: The SAM consists of L mes-
sage passing layers that aim to fuse the position-related
measurements from each assigned BS to achieve networked
localization. We define the message bm,i,q from BS node

m to target node i in block q as

bm,i,q ≜ (MLP(xm) ∥ MLP(em,i,q)) , (6)

where ∥ denotes the concatenation operation, MLP(·) de-
notes the multi-layer perceptron (MLP). In the l-th layer
(l = 1, . . . , L), the hidden feature of each target node i, de-
noted as h(l)

i,q ∈ RD×1 with D being the feature dimension,
is iteratively updated by message passing and aggregation.
Specifically, we first compute the attention weights between
the current hidden state of the target and the incoming mes-
sages from neighboring BS nodes, which quantify the rela-
tive contribution of each BS measurement. These incoming
messages are then aggregated via a weighted combination
and added to the previous hidden state via a residual con-
nection. The complete message passing process can be
expressed as

h
(l)
i,q = LayerNorm

GELU

h
(l−1)
i,q +

∑
m∈N (i)

α
(l)
m,i,qbm,i,q

 ,

(7)
where

α
(l)
m,i,q ≜

exp
(

ATTN(l)
(
h
(l−1)
i,q ∥ bm,i,q

))
∑

k∈N (i) exp
(

ATTN(l)
(
h
(l−1)
i,q ∥ bk,i,q

)) (8)

with N (i) denoting the set of neighboring BS nodes con-
nected to the i-th target node, and ATTN(l)(·) denoting the
attention module in the l-th layer.

After L message passing updates, the final hidden
features of targets are concatenated to form h̃q =

[(h
(L)
1,q )

T , . . . , (h
(L)
I,q )

T ]T ∈ RID×1. This vector serves as
the latent representation of the spatial topology in the q-th
time block. Subsequently, the TAM is employed to cap-
ture the temporal dynamics of the graph across successive
blocks.

Temporal Attention Module: To model temporal depen-
dencies, we construct an input sequence utilizing a sliding
window of historical spatial representations over the past
W time blocks, coupled with a positional encoding matrix
P ∈ RID×W to preserve the sequential order. The initial
temporal embedding sequence Z ∈ RID×W is given by

Z = [h̃q−W+1, . . . , h̃q] +P. (9)
The temporal feature extraction is then performed by a
Transformer encoder composed of two stacked multi-head
Self-Attention (MHSA) layers. Specifically, the first layer is
used to estimate the current states for all targets for the q-th
block, i.e., {ûi,q}Ii=1. The second layer then predicts the tar-
get states for the upcoming q+1-th block, i.e., {ũi,q+1}Ii=1.

3.2. Decision Controller
Following the extraction of spatio-temporal dependencies,
the controller in the CPU adaptively determines the target-
BS associations and selected emitting beams in the subse-
quent time block to maintain high-accuracy tracking. Within
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the MDP framework, the CPU acts as the agent, interacting
with the dynamic environment through the distributed BSs
according to a learned policy and receiving rewards based
on the resultant tracking performance.

However, due to the target-BS association constraint in (5c),
generating a feasible association matrix in a single step is
intractable. To overcome this challenge, we propose an
auto-regressive policy to sequentially construct the target-
BS associations. Specifically, given that each of the M BSs
is equipped with NRF RF chains, the overall association
strategy is decomposed into J = M ×NRF iterations. At
each iteration, all valid target-BS pairs are scored based
on the extracted spatio-temporal features and the real-time
available resources. The target-BS pair yielding the highest
selection probability is then selected as the action for that
step. In the following, we first introduce the formulated
MDP problem, and then introduce the proposed policy.

MDP Formulation: In the q + 1-th time block, we
define the state sq+1 ∈ S by the extracted latent fea-
ture of all targets from the extractor, i.e., sq+1 =
[ũT

1,q+1, ũ
T
2,q+1, . . . , ũ

T
I,q+1]

T . The complete association
action is defined as the set of sub-actions, denoted by
aq+1 = {a(1)q+1, . . . , a

(J)
q+1}, where each sub-action a

(j)
q+1 =

(m∗(j), i∗(j)) ∈ {M × I} represents the association be-
tween BS m∗(j) and target i∗(j) at the j-th iteration. Ac-
cordingly, the relationship between the association variable
αm,i,q+1 and the action set aq+1 can be expressed as

αm∗,i∗,q+1 =

{
1, if (m∗, i∗) ∈ aq+1,

0, otherwise.
(10)

The per-step reward rq+1 is evaluated after the action selec-
tion of the q + 1-th block. In our networked tracking task,
the immediate reward in the q + 1-th block is defined as
the negative summation of the localization errors across all
targets, i.e., rq+1 = −

∑I
i=1 ∥ui,q+1 − ûi,q+1∥2. There-

fore, the cumulative discounted reward can be defined as
R =

∑Q−1
q=0 γqrq+1, where γ ∈ (0, 1] is the discount fac-

tor. Note that a larger γ emphasizes long-term rewards
and thus promotes policies that optimize long-term tracking
performance, whereas a smaller γ leads to more myopic
decision-making that prioritizes immediate performance.

Auto-Regressive Policy Design: To solve the formulated
MDP, we develop the controller based on the Advantage
Actor-Critic (A2C) architecture (Mnih et al., 2016), where
an actor network learns a policy π(aq+1 | sq+1) that can
select the action aq+1 based on sq+1 to maximize the reward
R, and a critic network evaluates the state value of the action
for updating the policy.

Specifically, we can decouple the policy according to the
chain rule (Bello et al., 2017):

π(aq+1 | sq+1) =

J∏
j=1

π(j)(a
(j)
q+1 | sq+1, a

(1:j−1)
q+1 ), (11)

where a
(1:j−1)
q+1 denotes the previously selected BS-target

pairs up to iteration j − 1. Therefore, the actor network is
designed by a MLP that operates J times in a block. During
the j-th iteration (j ∈ {1, . . . , J}), the input to the network
consists of two components: i) the state sq+1, which remains
static in each iteration, and ii) a dynamic context vector
v
(j)
q+1 = [v

(j)
q+1,1, . . . , v

(j)
q+1,M ]T ∈ {0, . . . , NRF}M , where

the m-th element v(j)q+1,m = NRF −
∑j−1

k=1 I
(
m∗(k) = m

)
.

This vector encodes the remaining resources for each BS at
the j-th iteration and is updated at each iteration to make
the network aware of the prior selections. Accordingly, the
MLP outputs a probability vector c(j)q+1 ∈ RMI×1, where

the k-th element c(j)k,q+1 with index k = (m−1)I+i denotes
the probability for assigning BS m to target i. Moreover,
a binary mask m

(j)
q+1 ∈ {0, 1}MI×1 is introduced to mask

out the invalid BS-target pairs based on the remaining RF
chains of each BS and the existing connections. As a result,
the final output of the actor network in the j-th iteration is a
stochastic policy given by π(j)(· | sq+1) = c

(j)
q+1 ⊙m

(j)
q+1,

followed by normalization. The sub-action a
(j)
q+1 is then

sampled from this masked distribution, i.e., a(j)q+1 ∼ π(j)(· |
sq+1). After completing J-th iteration, the critic network is
utilized to evaluate the current policy by estimating the state
value function V (sq+1) and update the model parameters
accordingly.

After the complete Aq+1 is determined, the beam prediction
decision is executed by jointly considering Aq+1 and the
predicted state ũq+1. Specifically, for each assigned BS-
target pair, the state representations are concatenated and
fed into an auxiliary beam prediction head to output the
selected beam indices for the transmitter and receiver of
each BS, denoted by B(tx)

m,q+1 ∈ {1, . . . ,MT } and B(rx)
m,q+1 ∈

{1, . . . ,MR}, respectively. The beam prediction head for
BS m can be expressed as
{B(tx)

m,q+1,B
(rx)
m,q+1} = Top-K(Softmax

(
MLP([pm; ũi,q+1])

))
.

(12)
Accordingly, in the q + 1-th block, the analog beamforming
matrix {WRF,k

m,q+1}Kk=1 ({F
RF,k
m,q+1}Kk=1) can be constructed

by grouping the selected beams in B(tx)
m,q+1(B

(rx)
m,q+1) into K

groups, each consisting of NRF beams.

3.3. Training Policy
The training process of the proposed deep reinforcement
learning architecture is executed in two sequential phases:
a supervised pre-training phase and a Proximal Policy Op-
timization (PPO) training phase. In Phase 1, we employ
supervised learning to pre-train the extractor and the beam
prediction head of the controller. The training is guided by
a joint loss function that combines the mean squared error

5
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(MSE) loss (Zhu et al., 2021) for the state estimation task
and the cross-entropy (CE) loss for the beam prediction task.
In Phase 2, we fix the parameters of the extractor, focus-
ing solely on optimizing the actor and critic networks in
the controller. At each block q, the actor network samples
the action aq based on the current policy π(·|sq) and ob-
serves the reward rq. A transition tuple {sq, aq, rq, sq+1}
is then stored in the replay buffer. After collecting a tra-
jectory of Q∆ blocks, the stored data is utilized to update
the networks. Due to space limitations, we refer readers to
(Schulman et al., 2017) for the details of the PPO training.

4. Numerical Experiments
We consider an area of 300× 100m2 with M = 6 BSs and
I ∈ {4, 6, 8} targets. The BSs are located at p1 = [0, 0]T ,
p2 = [150, 0]T , p3 = [300, 0]T , p4 = [0, 100]T , p5 =
[150, 100]T , and p6 = [300, 100]T , respectively. All BSs
are equipped with ULAs of NT = NR = 32 antennas and
NRF = 2 RF chains. Each analog beam has to be selected
from a discrete Fourier transform (DFT) codebook (He et al.,
2018) of size 32. The mobility of each target i is modeled
as ui,q+1 = ui,q + vi,q∆T , where vi,q = [vxi,q, v

y
i,q]

T

denotes the velocity vector of target i in the q-th block, and
∆T = 0.1 s. We assume that vxi,q = v cos(βi,q) and vyi,q =
v sin(βi,q), where the target speed is fixed as v = 10 m/s.
The moving direction in the horizontal plane βi,q follows
a dynamic model over time, given by βi,q+1 = βi,q +∆β,

Table 1. Tracking RMSE (m) over number of targets

METHOD I = 4 I = 6 I = 8

PROPOSED 0.2639 0.2984 0.4994
BENCHMARK I 0.9747 1.1764 1.5975
BENCHMARK II 1.1138 1.1346 1.1942
BENCHMARK III 0.2352 0.2502 OOM1

where ∆β ∼ U(−15◦, 15◦).

We provide three benchmark schemes. In Benchmark I,
we adopt a traditional optimization-based approach that em-
ploys the Kalman Filter for state estimation and the standard
convex optimization techniques for target-BS association.
In Benchmark II, we adopt a “learn-to-optimize” approach,
where the DGNN is trained using the optimal solutions as
ground-truth labels to predict target-BS associations and
beam selections. In Benchmark III, we adopt the DGNN
as the extractor, coupled with the exhaustive search over all
possible combinations to determine the optimal association
and beam prediction results.

In Fig. 3, we illustrate the simulated cooperative ISAC sys-
tem with I = 6 and Q = 100. A snapshot of the target-BS
association at block q = 55 demonstrates the flexible re-
source allocation capability of the proposed scheme. In Fig.
4, we evaluate the average tracking root mean square error
(RMSE) of all targets during the tracking procedure. It is ob-
served that the proposed scheme significantly outperforms
the optimization-based approach (Benchmark I) and the
“learn-to-optimize” approach (Benchmark II), while achiev-
ing comparable performance to the exhaustive search-based
scheme (Benchmark III). This result validates the capability
of the proposed scheme to find near-optimal strategy for
target-BS associations and beam predictions. In Table 1,
we evaluate the tracking error versus the number of targets.
It is observed that the tracking performance degrades as
the number of targets increases, as the RF-chain constraint
reduce the average number of beams available per target.
Nevertheless, the proposed scheme achieves a low tracking
error compared to the benchmarks.

5. Conclusion
This work investigated the MTT problem in the coopera-
tive mmWave ISAC system. We designed a DRL-based
framework that comprises a DGNN-based extractor and an
A2C-based controller to jointly perform target state estima-
tion, target-BS association adjustment and beam prediction
tasks, in which a novel auto-regressive policy was employed
to address the target-BS association constraint. Simulation
results demonstrated that the proposed scheme achieves
high-accuracy tracking performance over a long time inter-
val.

1This scheme suffers from out-of-memory (OOM) errors due
to the extremely large combinatorial search space.
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