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Abstract

The convergence of integrated sensing and communication (ISAC) and reconfigurable intel-
ligent surfaces (RISs) offers new opportunities for building adaptive and energy-efficient
6G wireless networks. By jointly exploiting sensing information and programmable wire-
less propagation, these technologies can support intelligent network operation in highly
dynamic environments. However, realizing these benefits in multi-user and multi-cell
networks requires jointly controlling several strongly interconnected variables, including
transmit beamforming, RIS configurations, power allocation, and user association. This
problem becomes increasingly difficult in the presence of user mobility, imperfect channel
state information (CSI), and strong interference among neighboring cells. Existing iterative
optimization algorithms can become computationally demanding for large-scale networks,
whereas conventional flat multi-agent reinforcement learning (MARL) approaches often
struggle with the rapidly growing action space and limited inter-agent coordination. To ad-
dress these limitations, this study develops an HDRL-ISAC framework based on hierarchical
multi-agent learning and centralized training with decentralized execution (CTDE). The
proposed framework assigns different decision-making roles across the hierarchy, allowing
high-level agents to coordinate network-wide cellular decisions while lower-level agents
perform user-specific resource optimization. This hierarchical decomposition improves the
learning efficiency and enables scalable coordination in multi-cell environments. Further-
more, sensing information is incorporated into the learning process through EKF-based
mobility prediction, enabling agents to anticipate user movement and adapt their resource
allocation decisions accordingly. Lightweight information exchange among neighboring
cells is also introduced to facilitate interference-aware coordination under imperfect CSI.
Simulation results demonstrate that the proposed HDRL-ISAC approach improves en-
ergy efficiency by up to 35%, reduces inter-cell interference leakage by up to 6 dB, and
decreases ping-pong handovers by up to 40% compared to benchmark schemes. Crucially,
the proposed architecture achieves approximately 1.8x faster training convergence than
conventional flat MARL approaches while avoiding the prohibitive online computational
delays associated with conventional iterative optimization methods. These findings indicate
that hierarchical and sensing-aware multi-agent learning provides a promising approach
for scalable resource management in future RIS-assisted multi-cell ISAC networks.
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1. Introduction

Sixth-generation (6G) wireless networks are envisioned to transcend the capacity
ceiling of 5G by simultaneously delivering sub-millisecond latency, terabit-per-second peak
throughput, carrier-grade reliability (10~ outage), and massive spatial densification while
operating under energy budgets that are an order of magnitude tighter than their predeces-
sors [1-3]. Beyond raw throughput, 6G must natively support a spectrum of heterogeneous
services, ranging from enhanced mobile broadband (eMBB) to ultra-reliable low-latency
communications (URLLC) and massive machine-type communications (mMTC), each
imposing distinct and often conflicting resource allocation demands [4,5]. Meeting these
requirements in dense urban deployments, where hundreds of base stations (BSs), thou-
sands of user equipment (UEs), and an ever-growing ecosystem of sensing nodes coexist,
demands a fundamental re-architecture of how spectrum, power, and space are jointly
managed [1,6].

Integrated Sensing and Communication (ISAC)has emerged as one of the most im-
pactful enablers of this re-architecture by unifying radar-sensing functionality with data
transmission in a shared spectrum and hardware platform [4,7]. ISAC exploits echoes from
communication waveforms to simultaneously estimate user kinematics (angle-of-arrival,
time-of-arrival, Doppler), enabling environment-aware beam management, proactive han-
dover prediction, and interference coordination without dedicated sensing overhead [2,7,8].
In vehicular and high-mobility scenarios, ISAC-derived state estimates fed into tracking
filters such as the extended Kalman filter (EKF) have been shown to substantially reduce
ping-pong handovers and improve edge-user throughput, thereby validating the cross-
layer benefit of tightly co-designed sensing and communication control [5,7]. However,
the sensing—communication trade-off becomes sharply non-convex in multi-cell, multi-
user regimes, where inter-cell interference couples beamforming vectors across BSs and a
purely per-cell signal-to-interference-plus-noise ratio (SINR) maximization approach fails
to exploit cooperative gains [1,2].

Reconfigurable Intelligent Surfaces (RISs) provide a complementary and cost-efficient
lever for programmable propagation: by electronically tuning the phase (and optionally
amplitude) of a large passive reflective array, an RIS can constructively steer desired signals
toward intended receivers, null interference toward cell-edge neighbors, and even extend
the bistatic sensing aperture at negligible additional power cost [2,6,9]. Recent studies on
RIS-assisted cooperative multi-cell ISAC have characterized multi-user and multi-target
regimes, revealing that ignoring inter-cell reflections can degrade both sensing accuracy and
communication SINR by several decibels, and that symbol-level precoding in coordinated
multi-point (CoMP) architectures can better exploit constructive interference for joint per-
formance albeit at higher coordination overhead [1,2]. Extensions to near-field, circular, and
multi-RIS configurations further demonstrate gains in target indication, three-dimensional
localization, and synchronization while simultaneously highlighting mutual coupling ef-
fects that complicate echo-path interpretation and Fisher information computation [6].
Hardware-aware constraints, including B-bit discrete phase alphabets and non-uniform
quantization grids, impose combinatorial feasibility requirements on RIS optimization,
motivating vector-quantized phase designs and learning-compatible projection layers that
preserve interference suppression even at coarse resolution [9].
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Learning-based optimization has become indispensable for tackling the resulting joint
non-convex, combinatorial, and partially observable design problem at scale. Deep reinforce-
ment learning (DRL) has been successfully applied to RIS-assisted ISAC for beamforming
and phase control, age-of-information (Aol)-aware resource allocation in RIS-aided ve-
hicular networks, and full-duplex quantized-RIS systems, collectively demonstrating that
policy-gradient methods can match or exceed alternating-optimization baselines without
requiring explicit closed-form channel models [4,5,7]. Despite these advances, single-agent
DRL methods do not scale gracefully to multi-cell topologies because the joint state-action
space grows exponentially with the number of BSs and RIS elements, and because the envi-
ronment becomes non-stationary from the perspective of any individual agent as co-located
agents simultaneously update their policies [1,3].

Multi-Agent Reinforcement Learning (MARL) directly addresses this scalability bottle-
neck by distributing decision-making across per-cell or per-user agents [3]. Among MARL
paradigms, centralized training and decentralized execution (CTDE) has established itself
as the dominant architecture for cooperative wireless control: a centralized critic condi-
tions on joint observations during offline training to stabilize value estimation, whereas
decentralized actors execute using only local observations and limited inter-cell messages
at runtime [3,7]. Hierarchical extensions of MARL further decompose temporally and spa-
tially coupled decisions into a master—slave structure, where coarse cell-level coordination
(RIS codebook selection, inter-cell interference budgets) is handled at a slower timescale by
master agents, and fine user-level actuation (per-user power, beam index, association) is
handled at a faster timescale by slave agents [2,3]. Empirical results from adjacent wireless
and cyber-physical domains confirm that hierarchical CTDE achieves faster convergence,
better interference fairness, and lower ping-pong rates than flat MARL with the same action
budgets [3,7].

Research gap and motivation. Despite this encouraging body of literature, several
critical gaps remain unaddressed. First, the existing RIS-assisted ISAC studies predomi-
nantly target single-cell or two-cell scenarios with fixed user association [4,7]; scaling to
C > 3 cells with dynamic handover-aware association and heterogeneous mobility has not
been systematically treated, leaving the inter-cell interference and ping-pong suppression
problem open. Second, multi-cell ISAC precoding works such as [1,2] adopt centralized op-
timization frameworks that assume perfect or near-perfect channel state information (CSI)
and do not incorporate reinforcement learning or EKF-based tracking, making them fragile
under imperfect CSI and non-stationary traffic. Third, the existing MARL frameworks for
wireless networks [3] rarely integrate sensing-derived state information into an agent’s
observation space, discarding the kinematic awareness that ISAC can uniquely provide for
proactive beam management and handover control. Fourth, hardware constraints such as
discrete RIS phase alphabets and quantized BS beams are typically relaxed or handled in
post-processing, whereas practical deployment requires embedding feasibility projections
and codebook-based actions natively within the learning loop. Fifth, joint energy efficiency,
spectral efficiency, sensing accuracy, and handover stability have not been simultaneously
co-optimized within a single hierarchical CTDE framework for multi-cell RIS-ISAC networks,
and existing work optimizes at most two of these objectives and often ignores inter-cell
coordination overhead budgets.

1.1. Related Work

Multi-cell ISAC precoding has advanced from coordinated beamforming (CBF) to
CoMP, balancing communication SINR and sensing accuracy via Cramér-Rao bound (CRB)-
based formulations and robust optimization under CSI uncertainty. Prior studies show that
ignoring inter-cell reflections degrades both sensing and communication, and that symbol-
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level precoding in CoMP can better exploit constructive interference for joint performance,
albeit with higher coordination overhead [1].

RIS-assisted cooperative multi-cell ISAC systems leverage programmable environ-
ments to enhance joint transmission and bistatic/monostatic sensing, with recent work
characterizing multi-user and multi-target regimes and revealing coordination-overhead
trade-offs [2]. Extensions toward near-field and multi-RIS configurations demonstrate gains
in target indication, 3D localization, and synchronization, highlighting the importance of
array geometry and calibration for practical deployment [6,10]. Furthermore, coupling
effects at RIS panels motivate localization methods that account for mutual coupling when
interpreting echo-path structure and Fisher information [11].

Learning-based ISAC with RIS has emerged as a way to tame nonconvex joint design
at scale. Deep RL has been applied to RIS-assisted ISAC for beamforming/phase control,
and Aol-aware resource allocation in RIS-aided vehicular networks underscores the benefit
of policy learning under dynamic traffic [4,5]. Recent DRL formulations also explored joint
beam-phase optimization using SAC-like updates, reporting improved rate-sensing trade-
offs with reduced model dependence compared to alternating optimization baselines [12].

On the control architecture side, hierarchical and MARL provide a scalable path
for decentralized wireless control. CTDE improves sample efficiency by conditioning
centralized critics on joint observations while actors remain local [3]. Empirical HMARL
results in adjacent wireless and cyber-physical domains (e.g., coordinated spatial reuse
and cyber defense) show faster convergence and better interference/fairness management,
motivating hierarchical designs for multi-cell coordination [13,14].

Hardware-aware constraints at RIS further motivate codebook-based actions: vector-
quantized phase design and non-uniform phase quantization improve discrete-phase im-
plementations and guide feasibility projections in learning loops [9,15]. Complementary
ISAC precoding advances for multiple-input multiple-output orthogonal frequency-division
multiplexing (MIMO-OFDM) and symbol-level ISAC underscore the importance of wave-
form/precoder co-design under multi-cell interference but typically assume centralized
optimization without hierarchical CTDE and handover-aware association [16,17].

In contrast to the above, this work develops a CTDE-hierarchical deep reinforcement
learning for ISAC (HDRL-ISAC) tailored for multi-user, multi-cell RIS-assisted networks
that combines master—slave agents, inter-cell message passing, and ISAC/EKF-informed
state representations to jointly coordinate beams, RIS phases, association, and power under
imperfect CSI and mobility, addressing co-channel interference and handover stability at
scale [1-4].

1.2. Contributions

To address the aforementioned research gaps, this paper makes the following
key contributions:

e  We developed a hierarchical CTDE-based multi-agent reinforcement learning frame-
work, called HDRL-ISAC, for collaborative RIS-assisted multi-cell ISAC networks.
Unlike conventional flat MARL architectures, the proposed master—slave framework
decomposes global cell coordination and local user resource optimization, enabling
the joint optimization of collaborative RIS configuration, coordinated beamforming,
user association, and transmit-power allocation under imperfect CSI and dynamic user
mobility while substantially improving scalability and learning stability [1-3,7].

e  We proposed an ISAC-aware hierarchical decision architecture that tightly integrates
communication, sensing, and mobility prediction. The framework combines EKF-based
user-state estimation, ISAC-derived sensing information, and lightweight neighboring-
cell message exchange to provide mobility-aware resource allocation, proactive han-
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dover management, and cooperative inter-cell interference mitigation with a low sig-
naling overhead [18].

o  We designed a practical multi-objective reinforcement learning formulation for multi-
cell ISAC optimization. A normalized entropy-regularized reward jointly optimizes the
energy efficiency, spectral efficiency, inter-cell interference suppression, localization
accuracy, and handover stability while incorporating practical RIS hardware constraints,
finite-resolution phase codebooks, and quality of service (QoS) requirements into the
learning process.

e  We validated the proposed HDRL-ISAC framework through comprehensive simu-
lations under realistic 3GPP-inspired multi-cell scenarios. The proposed method
consistently outperforms conventional optimization methods and flat MARL baselines,
achieving up to 35% higher energy efficiency, reducing inter-cell interference leakage
by up to 6 dB, decreasing ping-pong handovers by 40%, and converging approximately
1.8x faster under imperfect CSI and user mobility [1-3,5-7,9].

1.3. Organization of the Paper

The remainder of this paper is organized as follows. Section 2 presents the system
model, including the RIS codebook, channel and signal models, ISAC-assisted state esti-
mation, mobility model, and the problem formulation. Section 3 introduces the proposed
HDRL-ISAC framework, including the hierarchical CTDE architecture, state and action
design, constraint-aware action enforcement, and reward formulation. Section 4 provides a
theoretical analysis of the proposed framework, including Bellman-operator convergence,
policy improvement, and hierarchical learning stability. Section 5 presents the proposed
HDRL-ISAC algorithm together with the inter-cell message exchange and aggregation
procedures. Section 6 presents an analysis of the computational complexity and commu-
nication overhead. Section 7 describes the simulation setup, performance metrics, and
the benchmark schemes. Section 8 presents and discusses the simulation results under
different network conditions. Finally, Section 9 concludes the study and outlines future
research directions.

2. System Model
Consider a multi-cell RIS-assisted ISAC network with C cells. Each cell, i € {1, ...,C},

contains an M-antenna base station (BS), an N-element reconfigurable intelligent surface
(RIS), and a set of single-antenna users U/;. The active-user set is

u=\1u, u=u. (1)

—n

i=1

The BSs simultaneously support downlink communication and sensing while users
move across neighboring cells, causing time-varying channels, association, interference, and
sensing observations. The proposed framework jointly optimizes communication, sensing,
RIS configuration, power allocation, and mobility-aware coordination subject to the physical
and QoS constraints defined below.

Figure 1 illustrates the architecture considered. During centralized training, global
information is exploited according to the CTDE, whereas decentralized execution uses local
observations and the latest valid neighboring-cell summaries.
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~————> DirectBS-userchannel \ K &e——________
BS-RIS channel
= RIS-user channel

------------- > Intra-cell Interference

............ - Inter-cell Interference
- - + Handover
———————— Backhaul

)))) Sensing signal

Figure 1. Multi-cell RIS-assisted ISAC system architecture. Each cell contains a multi-antenna base
station (BS), a reconfigurable intelligent surface (RIS), and multiple mobile users. The BS performs
simultaneous communication and sensing, while neighboring BSs exchange compact coordination
information through the Xn/backhaul interface. The system includes direct BS-UE, BS-RIS, and
RIS-UE links, intra-cell and inter-cell interference, user mobility and handovers, and cooperative
inter-cell coordination.

2.1. Finite-Resolution RIS Codebook

The RIS associated with BS i comprises N passive reflecting elements with unit-
amplitude and finite-resolution phase shifts.

©,, = diag(e/®, ..., el%n1). (2)
where the feasible phase set is

2tm

QBRIS = { 2Bris

Thus, each element supports 25xs phase levels; in the numerical evaluation, Bgg = 3

m :0,...,2Bms—1}. (3)

provides eight levels.
Element-wise optimization would yield

2BusN (4)

possible phase configurations. To reduce this control space, a finite set of precomputed RIS
configurations is used:

C@ = {G)(l),...,@(B@)}, B@ = |C®| (5)

where each codeword satisfies 8" € Op,,- The codebook is constructed offline and stored
at the BS, whereas the policy directly selects its codeword index cg during execution:

@
O = o, (6)

Hence, the RIS control is formulated as a discrete codeword selection rather than an
element-wise continuous phase optimization.

https://doi.org/10.3390/526216887
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2.2. Channel Model

For cell i, let G;, € CN*M denote the BS-RIS channel, h; ; , € CN*! the RIS-UE channel,
and d;; ; € CM*! the direct BS-UE channel. Under the adopted column-vector convention,
the equivalent BS-to-user channel is

ff HoH
h?,k,t - di,k,t + Gi,t®i,thi,k,t' (7)

which incorporates both direct and RIS-assisted propagation.
For user (i, k) served by BS i, the effective channel from an interfering BSj # i is

heff

_ HgoH
ikt = dinike T GjLO; bk (8)

Jt7

where d;_; ., € CM™T and h;_;,, € CN*! denote the direct BS-UE and RIS-UE channels
associated with BS j. Thus, (8) captures both the direct and RIS-reflected inter-cell interference.

2.3. Rician Propagation Model

All the wireless links follow distance-dependent Rician fading. The Rician factor is
denoted by Ky, where K, denotes the number of active users per cell. The generic channel
vector is modeled as follows:

— KR LoS 1 NLoS
h(d) = ,/ﬁ(d)(\ Tt "KR+ ChNLS |, (9)

where B(d) is the large-scale path-loss coefficient, and ht°S and hNtS denote the LoS and
NLoS components, respectively. The path-loss model is

B(d) = Cyd™%m, hNLeS ~ CN(0, D). (10)

where C is the reference channel-power coefficient, and ap is the path-loss exponent.
For a ULA, the normalized LoS steering vector is

1 o . .
aM(¢) — _[Le]nsmzp’“.’ejn(M—l)suup]T' (11)

where ¢ is the corresponding departure or arrival angle. The simulation values of Ky are
specified in Table 1.

2.4. Received Signal Model

Let p, ;. , denote the transmit power allocated to user k by BS i, and let w;, , € CM*1
denote the corresponding normalized beamforming vector. The transmitted signal from
BSiis

Xit = Z Pik,t Wik t5ik,t- (12)
kel;(t)
where s; ; ; are the normalized information symbols satisfying E[ls, ; ] = 1.
For user (i, k), the received baseband signal is
_ eff H
Yikt = Pikt hi,k,t Wik, 151kt
Desired signal
eff, H
+ Z VPi e NG Wi sSi

el (t)
£k

Intra-cell interference

eff H
+ Z Z \/Pj,m,t h]'_,i,k,twj,m,tsj,m,t +nz‘,k,t' (13)

J#FE mell(t)

Inter-cell interference
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The receiver noise is modeled as circularly symmetric complex Gaussian noise,

Tli/k/t ~ CN(O,N()W). (14)
where N, is the noise power spectral density, and W is the system bandwidth.
2.5. SINR and Achievable Rate
The instantaneous SINR of user (i, k) is

2

eff, H
;e Pt G Wit
Vit = [intra | rinter L A7 A7 : (15)
ikt ikt 0
where the intra-cell interference is
intra _ eff,H 2
o = N ag Wl (16)
el (t)
0k
and the inter-cell interference is
inter eff H 2
i = Z Z A m tPj,m,t hj—»,i,k,twj,m,t . (17)
J#F mell(t)
The achievable downlink rate is then
Ri,k,t = W ].ng ( 1 + 7i,k,t ) . (18)

The association indicators in (15)—(17) ensure that only active serving links contribute
to the desired signal and intra-/inter-cell transmission terms.

2.6. Association and Resource Constraints

Leta;; , € {0,1} denote the association indicator, where a, ;. , = 1 indicates that user k
is served by BS i. Each active user is associated with exactly one BS:

C
Yaye=1 Vkel, vt (19)
i=1

The transmit power satisfies

PPN < N @iy SPPY, iy 20, Vit (20)
kel;(t)

while the communication QoS and inter-cell interference constraints are
R = R, Vk, t witha;, , = 1. (21)

[inter(ty <T,, Vit (22)

where I'; denotes the prescribed interference threshold. These constraints define the feasible-
action region enforced by the deterministic feasibility layer described in Section 3.3.

2.7. Energy Efficiency
The user-level energy efficiency is defined as

A it Rt

_ CiktTikt (23)
A Pijt + Py

EEz’,k,t =

https://doi.org/10.3390/s26216887
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where Pf, , are the effective circuit power contributions of user k. When BS circuit power P{
is equally distributed among its associated users,

C
C

Pi,k,t = W, k S Ul(t) (24:)

The corresponding network-level energy efficiency is

C
Z Z B g iRt

i=1 kel (t)

= .
Z( Z A jetPijke + P?)

i=1 \kell;(t)

EE (1) = (25)

2.8. ISAC-Assisted State Estimation

To support mobility-aware resource optimization, each BS periodically transmits an
ISAC probing waveform while serving the communication users [19,20]. The received
sensing signal is modeled as follows:

Y3 () = hil (HO; Xt — Ty ) + My i (). (26)

where x((f) is the sensing waveform, hi,tgt(t) is the effective BS-RIS-target channel, ©, ; is
the RIS reflection matrix, and 7; ; is the round-trip delay, with

Ny i (F) ~ CNA(O, 02). (27)

From the sensing observations, the AoA, ToA, and Doppler measurements were ex-
tracted and fused using an EKF. The two-dimensional mobility state of user (i, k) is

T
Xijt = [xi,k,t Yikt Uxikt vy,i,k,t]‘ (28)

with position (x; 4, i) and velocity (v, ;s vy,ix:)- The constant-velocity prediction
model is

Xijt = FXjppo1 + Wikt Wik ~ N(0,Q). (29)
where
1 0 At O
e ] (30)
00 1 O
00 0 1

where At denotes the EKF update interval. This constant-velocity model provides the local
predictor, whereas the Gauss—-Markov model in Section 2.9 generates temporally correlated
trajectories for simulation.

The nonlinear ISAC measurement model is [21,22]

ey
Zijr = N X r) + Vigrs Zigr = | Tigr |- (31)

D, i k,t

where the measurement vector contains the AoA, ToA, and Doppler frequency, k; . (-), maps
the mobility state to these measurements, and v; ; , denotes the measurement noise. The
sensing-resource-dependent covariance is modeled as

RS, = o? exp(—ksus )T, us, € [0,1]. (32)

https://doi.org/10.3390/s26216887
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where 072 is the reference measurement-noise variance, and k, controls the sensitivity to the
allocated sensing resource. Hence, a larger u;, corresponds to lower measurement uncertainty.
The EKF prediction is [23]

< _ e _ T
Xi e i1 = FXj g p—10-1/ Yieni—1 = P FF + Q. (33)

and the measurement Jacobian is

oh; j (X)
ikt = —18x (34)
X=X; k11
The corresponding Kalman gain is [23]
-1
Koot = ZipnrotHo (oo o e H, + RS ) (35)
The measurement update is

Xinne = Xigonr—1 + Koo e = Mije(Rijere—r) |- (36)
Zi,k,t\t = (I - Ki,k,tHi,k,t)Zi,k,tlt—l‘ (37)

The Joseph covariance form may alternatively be used when required for numerical
robustness.
The position-estimation error is

X; X;
1 _ ~ _ ikt ~ _ ik, t|t
&% = ikt = Pikely — Pike= [ ] Pikt = [A } (38)
Yij,t Yikut
while the covariance trace
et = Tr(Z k) (39)

served as an uncertainty metric in the reward. The estimated state X; ; ,, and covariance
%, k¢ are subsequently included in the HDRL-ISAC observations, enabling mobility- and
uncertainty-aware beamforming, RIS configuration, association, power allocation, and
sensing-resource control.

2.9. Mobility Model

To generate temporally correlated user trajectories, we adopt a Gauss—-Markov mobility
model [24,25]. The model provides smooth trajectories while retaining stochastic variations
in user speed and movement direction, which is appropriate for evaluating mobility-aware
RIS-assisted ISAC systems.

Let v, and 6,, denote the speed and direction of movement of a user at time slot #,
respectively. Their evolution is modeled as follows:

v, =00, 1+ (1 =)0+ V1 — 4204, (40)
971 = “anl + (- “)g +Vv1l-— a? Grand,n' (41)

where « € [0, 1] is the temporal correlation coefficient, o and 0 are the mean speed and mean
direction, respectively, and v, , and 6,,,q ,, are zero-mean Gaussian random variables.
The corresponding two-dimensional position is updated according to

X, = X,_1 + 70, cos(0,)At, (42)
Yn = Yu_1 + 0, sin(0,)AtL. (43)

A larger value of a produces trajectories with a stronger temporal correlation and
smoother motion [26,27], whereas smaller values result in more rapidly varying movement.

https://doi.org/10.3390/s26216887
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Unless otherwise specified, the simulations use « = 0.75 and user speeds in the range of
5-50 km/h.

The Gauss-Markov model was used to generate the ground-truth mobility trajectories,
whereas the constant-velocity state model in (29) was used by the EKF as a computationally
tractable local prediction model. This distinction allows the evaluation to capture the model
mismatch between the actual user motion and the estimator while maintaining a lightweight
state-tracking mechanism.

2.10. Problem Formulation

The objective is to jointly optimize the BS beamforming configuration, RIS phase con-
figuration, user association, transmit-power allocation, and sensing-resource allocation
to improve communication, energy efficiency, interference management, and localization
performance while satisfying the practical network constraints defined in Section 2. Ac-
cordingly, the underlying resource optimization problem is formulated as a multi-objective
optimization problem:

C
Z EE,»/k/t, %Z Z ai,k,tRi,k,t'

kell;(t) i=1 kell;(t)

cl-

max
W,0,A,p,us :

1 & ‘ 1 &
— ; Z ai,k,tl;f;(fir, _UZ Z ai,kltTr(Zi,k,tt)}, (44)

kell;(t) i=1 kell;(t)

C
=1

<l

The optimization is subject to the following constraints:

Z A tPikr < PP, Vi t, (45a)
kell;(t)
Oint € OBy Vi, n,t, (45b)
R, > RN, Viktiag, =1, (45¢)
Inter(f) < T, Vi, t, (45d)
C
Y =1, vk, t, (45e)
i=1
2kt €1{0,1}, Vi k, t, (45f)
PEIN < py gy < PR, Vi k,t, (45g)
0<us, <1, Vi, t. (45h)

Constraint (45a) limits the aggregate transmit power of each BS. Constraint (45b)
enforces the finite-resolution RIS hardware constraint defined by the phase set Op . Con-
straint (45c) guarantees the minimum QoS requirement for every associated user.

The inter-cell interference constraint is expressed through (45d), where Ili.“ter(t) denotes
the aggregate inter-cell interference affecting the protected receivers in cell i and I’; is the
corresponding interference threshold. The association constraints in (45e,45f) ensure that
every active user has one serving BS. The transmit power bounds in (45g) restrict each
power-control variable to its feasible operating range, while (45h) restricts the cell-level
sensing-resource allocation to the normalized interval [0, 1].

The sensing-resource variable u; ; affects the measurement quality through the sensing-
noise model in (32) and consequently influences the EKF posterior covariance X, ; ;. There-
fore, the formulation captures the communication-sensing trade-off by jointly optimizing
communication resources and sensing allocation.

In the proposed hierarchical architecture, the cell-level sensing decision is generated
by the master agent together with the RIS and beamforming configuration:

aM = (cg, cPF, us,, &), (46)
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where cf) denotes the selected RIS codeword index, c}{ denotes the beamforming configura-
tion index, us , is the sensing-resource allocation factor, and 67}" represents the neighboring-
cell coordination variable. The user-level association and transmit-power decisions are
generated by the corresponding slave agents as

s _ UE
Agr = (ai,k,t' pi,k,t'ci,k,t)' (47)
UE

where ¢; ", represents the user-level control variable defined in Section 3.2.

The multi-objective formulation in (44) is not directly optimized as a single weighted
objective by the physical system. Instead, it defines the competing performance criteria
that the learning framework seeks to balance. During policy optimization, the objectives
were normalized and incorporated into the scalar reward defined in Section 3.4. The
corresponding interference constraint is additionally handled through the constraint-aware
execution mechanism and, where enabled, the adaptive Lagrangian multiplier.

The resulting problem is a mixed discrete-continuous and non-convex optimization
problem. The discrete variables include user association and finite-resolution RIS/beam-
forming configuration indices, whereas the continuous variables include transmit powers,
beamforming parameters, and sensing-resource allocation. Moreover, the objective and
constraints are coupled through time-varying wireless channels, imperfect CSI, user mo-
bility, inter-cell interference, and EKF localization uncertainty. The resulting optimization
must therefore be solved repeatedly under dynamically changing network states.

These characteristics make direct exhaustive or conventional iterative optimization
computationally demanding for real-time multi-cell operation. The proposed hierarchical
CTDE-based multi-agent reinforcement learning framework therefore learns decentralized
policies that approximate the solution of the above constrained multi-objective problem
while enforcing the physical feasibility conditions during execution.

3. Proposed HDRL-ISAC Framework

This section presents the proposed HDRL-ISAC framework for coordinated resource
optimization in multi-cell RIS-assisted ISAC networks. The framework adopts a centralized-
training-and-decentralized-execution (CTDE) paradigm with a hierarchical master—slave
multi-agent architecture. The master agents perform cell-level coordination of RIS configu-
ration, beamforming, sensing resources, and neighboring-cell coordination, whereas the
slave agents perform user-level association, power allocation, and fine beam selection. This
hierarchical decomposition reduces the dimensionality of the joint decision space while
retaining inter-cell coordination during centralized training. During deployment, only
decentralized actors and compact neighboring-cell information are used, enabling local
decision-making under dynamic user mobility and imperfect CSL

3.1. Hierarchical CTDE Architecture

Let C denote the number of coordinated cells and let U; denote the set of active users
associated with cell i. A master agent is deployed at each BS, while a slave agent is associated
with each active user. The master agents perform cell-level coordination, whereas the slave
agents perform user-level resource allocation.

During centralized training, the critics have access to the global observations and joint
actions of the participating agents. This additional information allows the critics to account
for inter-cell coupling and reduces the non-stationarity encountered by independently
trained agents. However, the actors retain decentralized information during execution.
Specifically, a master actor uses the local cell observation together with the latest valid
neighboring-cell summary, whereas a slave actor uses its local user observation and the
decision provided by its corresponding master.
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The hierarchical decision process is therefore decomposed into two levels. At the cell
level, the master determines the coarse coordination variables that influence the feasible
operating region of the corresponding slave agents. At the user level, the slave agents
select the association, transmit power, and fine beamforming actions conditioned on the
master decision. The actor—critic network architecture used in the proposed HDRL-ISAC
framework, including the hidden-layer configuration and output activations, is summarized
in Appendix A (Table A1). The resulting hierarchical policy reduces direct coupling among
user-level decisions while retaining the global coordination capability provided by CTDE.

3.2. State and Action Design

The proposed HDRL-ISAC framework employs a hierarchical state representation that
contains communication, sensing, mobility, load, and neighboring-cell information. During
centralized training, the global state is represented as

S = [{)A(z‘,k,t/ Gy by, didip 20, 4, a, ] (48)

where the individual components provide complementary information for coordinated
communication and sensing control.

The mobility state of user k in cell 7 is obtained from the EKF described in Section 2.8
and is given by

Xijt = [fz‘,k,t Uikt Oxikr 6y,i,k,t]T' (49)

The normalized BS-RIS channel matrix is denoted by G, while Fli/k represents the
normalized RIS-user cascaded-channel features derived from the equivalent communication
channel in (7). The direct BS—user channel estimated from the pilot transmission is denoted
by d, .

The neighboring-cell summary zI®" contains compact coordination information re-
ceived from adjacent cells, including border-user mobility estimates, uncertainty informa-
tion, cell load, and predicted inter-cell interference. The construction, delay handling, and
fusion of these messages are described with the neighboring-cell communication procedures
described in Section 4.8. This avoids the requirement of decentralized actors to exchange
full CSI during execution.

The local load vector qi° summarizes the current traffic and resource state of the
serving cell, including the number of active users, queue occupancy, and normalized
resource utilization. The previous action a,_; provides a temporal context and helps the
policy maintain consistency across consecutive decision intervals.

During centralized training, the critic observes the complete global state in (48). During
decentralized execution, the master actor observes only its local cell information and the
latest valid neighboring-cell summary. Each slave actor uses its local mobility and channel
information together with the serving-cell indicators and the coordination decision received
from its master.

The master actor performs cell-level coordination through

al = (¢, cPr, us,, 67er). (50)
where ci/®t are the indices of the finite-resolution RIS phase-shift codebook defined in (5),
c?f is the coordinated beamforming codebook index, u;, €[0,1]is the sensing-resource
allocation factor, and 67" denotes the neighboring-cell coordination variables, including the
interference budget and compact coordination information exchanged with adjacent cells.

The corresponding master policy is

a = ngf(o% ) (51)
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Based on the master decision, the slave agent allocates user-level resources according to

S _ ue
Akt = (”i,k,t/ PijtrCik ¢ ) (52)

where a; ., € {0,1} denotes the association decision, p; ; ; is the transmit power, and ¢} , is
the fine beamforming codebook index. The slave policy is given by

aik,f = T[;/SJi,k (oislkrf’ ag\r/l‘[) : (53)

The discrete components are represented using a differentiable Gumbel-Softmax
relaxation during training and are converted to a discrete codebook or association selections
during execution. Continuous power and sensing variables are generated using the bounded
continuous policy parameterizations described in Section 3.4.

3.3. Constraint-Aware Decentralized Action Enforcement

The proposed HDRL-ISAC framework does not rely solely on neural actors to satisfy
the hard physical and resource constraints. Instead, actors generate candidate actions
that are subsequently processed by a deterministic feasibility layer before being applied
to the environment. The feasibility layer is executed locally at each BS using its local
observations, the current policy output, and the latest valid neighboring-cell summary. This
design separates policy generation from constraint enforcement and enables decentralized
execution under imperfect CSI and time-varying inter-cell information.

The enforcement mechanism consists of four main operations: (i) one association by
construction; (ii) decentralized inter-cell interference control through link-budget decompo-
sition; (iii) local verification and repair of power, QoS, beamforming, and sensing decisions;
and (iv) a deterministic fallback when no fully feasible configuration is available. The RIS
phase action was directly selected from the predefined finite-resolution codebook.

3.3.1. Exactly-One Association by Construction

Each user k was controlled by a single slave agent. Hence, this association is not
independently generated by multiple BS-side agents. For user k, the reachable candidate
serving-cell set is defined as

oo = {iserv (ki t = DY U {j € N(igery (k= 1)) 1k € By} (54)

where i, (k,t — 1) denotes the serving BS of user k in the previous slot, N(i) is the
neighboring-cell set of BS 7, and B;.,; denotes the set of border users for which inter-cell
coordination between BSs i and j is available. Thus, a user can remain with their current
serving BS or be considered for a reachable neighboring cell.

The slave agent produces one association-score vector
Zyp = (Zi,k,t)ie(:k't' (55)

During training, the discrete association decision is relaxed using the Gumbel-Softmax
operation as follows:

i exp[ (Zigr + Qikr)/ Tg] ;
Bijt = ' FE Cor >
SN [ERET Y '

JECk

where g; . , are independently sampled Gumbel variables, and 7, > 0is the Gumbel-Softmax
temperature. Consequently,

Y dg, =1, (57)
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Therefore, the relaxed association remains on the probability simplex.

During execution, the candidate cells are first evaluated by the deterministic feasibil-
ity layer described below. Let J4 , C ( ; denote the set of candidate cells for which an
admissible configuration can be constructed while satisfying applicable power, QoS, and
interference conditions. If Ik,t + @, the serving cell is selected as follows:

i; =argmaxz;,, ag = 1(i = if). (58)
ek, "

If J4 , = @, the previous serving cell iy, (k, t — 1) is retained according to the fallback
mechanism in Section 3.3.5. Therefore, exactly one serving cell is maintained for every user
and time slot:

C
Y aye=1,  Vkt. (59)
i=1

The handover follows a deterministic proposal-admit-commit procedure. The user first
proposes the highest-ranked feasible candidate. The target BS evaluates the corresponding
configuration using its local state and the latest valid neighboring-cell information. The
association is committed only when the candidate satisfies the required feasibility conditions;
otherwise, the next-ranked candidate is examined. The source BS releases the user only
after the target configuration has been admitted. Thus, a user is never simultaneously
served by two BSs, and association changes cannot be independently committed by multiple
BS-side agents.

3.3.2. Decentralized Interference Enforcement via Budget Decomposition
The aggregate inter-cell interference observed by cell i is written as
ver(r) = 3 L) (60)
J#
where the interference contribution from neighboring BS j to the users served by cell i is

Lt = Z Aj ket Z At Pjm b

kell;(t) mell;(t)

2
ff,H
h;—»i,k,twj,m,t : (61)

where U, (t) is the set of users associated with cell 7, hjeff i 1 18 the effective channel from BSj
to user k in cell i, and w; ,, , is the beamforming vector used by BS j for user m.
To enable decentralized enforcement of the aggregate interference constraint

Inter() < T (62)
The threshold I'; is decomposed into non-negative pairwise interference budgets. Specifically,

Oinip = TiwjLip wiLip 20, Z Wiy = 1. (63)
JjEN()

Therefore,

Y b =Ts (64)
JEN()

The allocation weights w;_,; ; are generated by the master agent of cell i through a nor-
malized output, such as a softmax layer, and form part of the neighboring-cell coordination
variable &% in the master action. The resulting interference grants are exchanged between
neighboring BSs through the Xn-like interface as compact coordination information.

If a received interference grant is older than the maximum permitted information
age A, or fails the associated validity check, the receiving BS uses a conservative equal-

share budget
T.
[ p—_— 65
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Thus, the budget decomposition remains well-defined even when the latest coordina-
tion message is temporarily unavailable.

Each BS then verifies its outgoing interference contribution against the corresponding
neighbor budgets. Specifically, BS j accepts its configuration only when

L <A—epbi;,  Vie N(). (66)

where Tjﬁi (1) is the execution-time estimate of the interference generated by BS j toward cell
i,and €; € [0, 1) is a safety margin.
Summing the local conditions over all neighboring BSs gives

fl@nter(t) — Z Tj—»i(t)

JEN ()
<(-ep Z Ojit
jEN()

Hence, local compliance is sufficient to satisfy the aggregate inter-cell interference
constraint with respect to the execution-time interference estimates, without requiring
per-slot centralized negotiation among BSs.

The interference estimates are obtained from locally available transmit decisions to-
gether with the latest accepted neighboring-cell summary. Thus, the mechanism preserves
decentralized execution while providing a deterministic safety margin against estimation
and coordination uncertainty.

3.3.3. Local Verification and Repair

After association selection, each BS evaluates the corresponding candidate configu-
ration using its local state, policy outputs, and neighboring-cell coordination information.
The transmit power of each associated user is first projected onto its admissible interval:

Pijt = Il pmin pmaxy (pi,k,t)' (68)

where I pmin pmax) (+) denotes Euclidean projection onto the specified interval.

Because multiple slave agents associated with the same BS may act independently, their
individual power decisions can collectively exceed the BS-level power budget. Therefore, a
cell-level scaling operation is applied as follows:

Dixe =P in{1 ot 69
Pikt = Pig 1, - (69)
Z i tPije
¢
which guarantees
Y g iPig S PPN (70)
k

If the scaling operation reduces the power of an admitted user to below P™", that can-
didate configuration is not accepted directly. Instead, alternative feasible power allocations
and fine-beam configurations were examined during the admission test.

For a candidate serving cell, i, the configuration is admitted only if an admissible
combination of transmit power and fine-beam index exists such that the following conditions
hold simultaneously:
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(power) PN < ey S PN, agg B S PR, (71)
]
(QoS) /Ri,k,t = Wlog2(1 + /’?i,k,t) > R,
Ry = Rn, Vee U, (72)
(interference) Ti_,j(t) <(1- 61)51'—»]‘,1‘/ Vj e N(@). (73)

Condition (72) includes both the candidate user and the users already served by cell i.
Consequently, admitting a new user is not permitted to degrade the estimated QoS of the
existing users below their required thresholds.

If the QoS condition is violated, feasible power and fine-beam configurations are
searched. If the interference condition is violated, lower-power or alternative-beam configu-
rations are examined provided that the QoS conditions remain satisfied. A candidate cell
for which no admissible configuration can be constructed is removed from Jy ;.

The sensing-resource allocation is generated by the master agent and is directly pro-
jected onto its feasible interval:

i3y = Tl 0y (u5,)- (74)

which guarantees
0<ig, <1 (75)

it =

The resulting sensing allocation determines the fraction of resources assigned to sens-
ing and consequently affects the quality of the measurements used by the EKF-based
tracking process.

The overall execution operation can therefore be represented by a deterministic feasi-
bility operator:

aPee = Fy,(all,s,, zivr). (76)

where aRl denotes the joint candidate action generated by the decentralized actors, §,
contains the locally estimated system quantities, and z!'™" is the latest accepted neighboring-
cell summary. Unlike a conventional Euclidean projection, the operator J, may perform
candidate selection, power scaling, codebook selection, and discrete repair; hence, it is
referred to as a feasibility operator rather than a purely geometric projection.

3.3.4. RIS and Beamforming Codebook Enforcement

The master agent selects the RIS phase configuration using the predefined finite-
resolution RIS codebook. If cg denotes the selected codeword index, the executed RIS
configuration is

©, =0, @WeQ; . (77)

where Q”Bms is the predefined Bys-bit RIS phase codebook. Thus, the executed RIS config-
uration automatically satisfies the prescribed finite phase resolution without requiring a
continuous-to-discrete projection.

Similarly, the master agent selects the coarse coordinated beamforming codeword,
while the slave agent selects the corresponding user-specific fine-beam index. The feasibility
layer rejects or replaces a fine-beam choice when it violates the QoS or interference conditions
in (72) and (73). Therefore, beam selection remains consistent with the hierarchical master—
slave action decomposition.
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3.3.5. Fallback When No Feasible Configuration Exists

If
j:k,t = @, (78)

the user retains its previous serving cell i..., (k,t — 1), thereby preserving the exactly-one as-
sociation property. The serving BS then attempts a conservative fallback configuration using
the lowest-interference available beam and the minimum admissible transmission power.

If this configuration still violates the applicable execution-time interference or QoS
conditions, transmission to user k is deferred for the current slot:

Pige =0 (79)

The association is retained, but the deferred transmission is counted as a QoS outage
event. In this exceptional case, the per-user lower power bound is relaxed only for the
deferred slot because no admissible transmission configuration exists. The event is explicitly
recorded and included in the QoS-outage statistics.

Accordingly, the feasibility layer distinguishes between an admitted transmission, for
which the applicable power, QoS, interference, RIS, and association constraints are enforced,
and a deferred transmission, which is explicitly identified as an infeasible service event
rather than being treated as a successful constraint-satisfying transmission.

3.3.6. Scope of the Enforcement Guarantee

The deterministic guarantees of the feasibility layer hold with respect to the quanti-
ties available at execution time, including the estimated CSI, EKF-predicted border-user
states, local transmit decisions, and the latest accepted neighboring-cell summaries. Under
imperfect CSI, user mobility, and stale neighboring-cell information, the actual physical
interference and achievable rate can deviate from their execution-time estimates.

To reduce the resulting mismatch, interference enforcement uses the safety margin €;,
while the measured interference is incorporated into the adaptive Lagrangian mechanism
through A; in (85). Thus, the deterministic feasibility layer provides instantaneous protec-
tion with respect to the available execution information, whereas the adaptive interference
penalty provides additional learning-time pressure against persistent constraint violations.

The effect of the information age and imperfect neighboring-cell information was eval-
uated in the corresponding theoretical and simulation analyses. Therefore, the constraint-
enforcement mechanism should not be interpreted as guaranteeing the exact physical
constraints under arbitrary CSI or communication errors; rather, it provides deterministic
feasibility with respect to the information available at the execution time.

Overall, the feasibility layer separates policy generation from hard constraint enforce-
ment. Neural actors generate candidate hierarchical actions, whereas deterministic local
operations select, repair, or reject configurations according to applicable constraints. This de-
sign preserves decentralized execution while enforcing exactly-one association, BS transmit-
power limits, finite-resolution RIS operation, sensing-resource bounds, QoS requirements,
and inter-cell interference budgets whenever an admissible configuration exists.

3.4. Reward Function and Policy Optimization

The HDRL-ISAC framework jointly optimizes communication and sensing objectives
using a normalized scalar reward with adaptive interference constraint guidance. The four
primary objectives, namely energy efficiency, achievable rate, inter-cell interference sup-
pression, and localization accuracy, are scalarized using nonnegative weights. The objective
components are normalized before scalarization, whereas the hard physical constraints
are enforced separately by the deterministic feasibility layer described in Section 3.3. The
normalization operator is defined as follows:
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N(x) = clip<& 0,1). (80)

a
Xmax ~ Xmin + €

where ¢ > 0 is a small constant introduced for numerical stability. The normalization
statistics were obtained offline from representative training scenarios and remained fixed
during training and evaluation.

The scalar objective reward is defined as

1 1
=1y Y N(EE;) + e Y N
K ix

1 .
e 1= 3 YN
ik
1 08 1
+ 1= aZk‘N(Tr(ZEkrt))} —AHoa;}ﬁk(t). (81)

where 7, ..., 14 = 0 are the scalarization weights associated with energy efficiency, achiev-
able rate, inter-cell interference suppression, and localization accuracy, respectively. The
term Ay > 0 penalizes association changes through the handover indicator Hj (t), where
IP", denotes the position-error covariance obtained using the EKF.

The scalarization weights satisfy

7 =0, Y =1 (82)

which fixes the scale of the four-objective scalarization while allowing their relative impor-
tance to vary. Therefore, the selected weight vector represents a design preference rather
than a universally optimal weighting.

3.4.1. Reward-Weight Sensitivity Analysis

The influence of the scalarization weights is evaluated by varying one weight at a time
while jointly renormalizing the complete four-dimensional weight vector to preserve (82).
Specifically, for a varied component, m, with test value v, the unnormalized weights are

defined as
m@ =v, @ =1n, j#m (83)
and the actual weights used during training are
f1;(©) .
W) = ———, j=1,..4 (84)

Yo i@

Thus, each sensitivity experiment preserves Z;.lzl 17; = 1 while varying the relative

empbhasis of the selected objective. The handover penalty Ay is treated separately and is
not included in this four-term normalization. The resulting configurations were evaluated
using the same network, channel, mobility, and training settings, and the corresponding
results are reported in Appendix B.

3.4.2. Adaptive Interference Constraint

To provide adaptive constraint guidance during policy optimization, an interference
Lagrange multiplier A; was introduced. The Lagrangian-augmented reward is defined as

rk=r,— Ag(Iinter —T). (85)

where [I"**r denotes the measured average inter-cell interference, and T is the prescribed
interference threshold.
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The multiplier is updated using
Ti Amax
)LI - [/\I + 77/\ (Imter - r)]o . (86)

where 7, is the multiplier learning rate [28], I™ is the estimated interference level over the
current update window, and [-]3"‘“ denotes projection onto [0, A, ]. When the estimated
interference exceeds the prescribed threshold, A; increases and strengthens the correspond-
ing penalty. Conversely, when the interference remains below the threshold, the multiplier
decreases toward zero.

The adaptive Lagrangian term provides constraint guidance during policy optimization,
whereas the deterministic feasibility layer in Section 3.3 remains responsible for execution-
time enforcement of the applicable hard physical constraints. The handover penalty provides
a dense learning signal for association changes. The resulting ping-pong handover rate is
instead evaluated explicitly using the PPHR metric defined in Equation (101).

3.4.3. Centralized Observation, Joint Action, and Policy

Within the CTDE, the centralized critic has access to global observations and joint
actions during training, whereas decentralized actors operate using their local observations
and the latest valid neighboring-cell information during execution:

— [oM oS — [aM 55
O, = {Oi,t’oi,k,t}i,k’ A= {ai,t’ai,k,t}i,k' (87)
The joint hierarchical policy is factorized as

7o, (AO;) = 1_[ ngf(a%‘oﬁ\f) n ﬂii,k(afk,t‘of’k,t, a%). (88)
i ik

3.4.4. Hybrid Action Parameterization

Gumbel-Softmax reparameterization [29] was used during training for the discrete
RIS codeword, beamforming codeword, and association decisions. For logits z, the relaxed
sample is

B z
7= softmax(

+g). (89)

Tg
where g is ani.i.d. Gumbel noise vector, and 7, is the Gumbel-Softmax temperature. During
decentralized execution, the corresponding discrete candidate is selected deterministically
and then processed by the feasibility layer.

For continuous transmit-power allocation [30], a squashed Gaussian policy [31] is used:

max __ Pmin

Pigs = Pmn + 3 [1+ tanh(p;p, + 055 €) |, e ~ N(0,1). (90)
which guarantees P™™" < p, , ; < P™@, Similarly, the sensing-resource allocation is gener-
ated as .

us, = E[l + tanh (15, + 07,€) . (91)

which satisfies 0 < u;, < 1. The sensing allocation affects the measurement quality accord-
ing to

RS, = o7 exp(—k,u,)L. (92)
where k, controls the sensitivity of the modeled measurement uncertainty to the allocated
sensing resource.
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3.4.5. Entropy-Regularized Actor—Critic
The entropy-regularized objective used for policy optimization [32,33] is
7o =1k + TH(7(-loy)), H(rt(lop) = E, . [—log 7w (aslop)]. (93)
where T > 0 denotes the entropy-temperature coefficient.
The centralized critic is trained using the entropy-regularized target
Ye =1+ ')/EAH1~7I[Q4_>(OH1/AH1> — Tlog (A | Ot+l)]' (94)
where Qg denotes the target centralized critic. The critic and actor objectives are
2
Lo= ]E[(Q¢(Ot,At) ~y) ] (95)
J= = E[Qy(Oy, A — Tlog (A0 ]. (96)

Because the dual variables are updated more slowly than the actor parameters, the
replay transitions retain the objective reward and constraint costs separately. Therefore, the
Lagrangian reward in (85) is recomputed using the current multipliers when a mini-batch
is sampled.

Polyak averaging is employed to stabilize the target networks:

0, 0. +(1-00,, b < 0o+ (1—0)b,. (97)

where ¢ € (0,1) denotes the Polyak coefficient. The update was applied to the correspond-
ing master and slave target networks.
The entropy temperature is automatically adapted using

L, = Eﬂlw[—r(log mT(ao,) + R)], Te—1T—4,V.L,. (98)

where J{ is the target entropy, and 7, is the temperature learning rate.

The resulting HDRL-ISAC framework combines hierarchical CTDE, constraint-aware
decentralized execution, adaptive constraint guidance, and entropy-regularized policy op-
timization. The actors generate decentralized candidate actions, whereas the centralized
critic accounts for inter-agent coupling during training. During execution, the feasibility
layer enforces the applicable association, QoS, power, RIS, and interference constraints,
whereas compact neighboring-cell summaries provide inter-cell coordination information.
Therefore, the resulting hierarchical policy provides an approximate solution to the se-
quential counterpart of Problem (44). The complete learning and execution procedure is
summarized in Algorithm 1, while the neighboring-cell message exchange procedures are
presented separately in Algorithms 2 and 3.

3.4.6. Ping-Pong Handover Definition and Evaluation Metric

The handover term in the original reward function, 1(a;; # a;, ), identifies any
change in the serving BS. However, an association change does not necessarily represent a
ping-pong handover, since a legitimate handover caused by user mobility may also change
the serving cell only once. Therefore, we distinguish a general handover from a short-term
back-and-forth handover and explicitly define the ping-pong event used in the evaluation.

A handover event for user k at slot ¢ is defined as

HO,, = 1(‘1k,t F ak,t—l)' (99)

where 4, ;, denotes the serving BS of user k at slot t.
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Algorithm 1 CTDE-Based Hierarchical HDRL-ISAC

Require: Discount factor 7, entropy temperature 7, Gumbel-Softmax temperature 7,

8
target-network coefficient ¢, replay buffer J), centralized critic learning rate 7, master

actor learning rate «, slave actor learning rate 8, and mini-batch size B

Ensure: Trained master and slave policies

1:
2: Initialize slave actors {7ty };x

3:

4: Initialize replay buffer 1, target networks, EKF states, RIS/beamforming codebooks,

© X N > x

16:
17:

19:
20:
21:
22:
23:

24:
25:

26:
27:
28:
29:
30:
31:
32:
33:

Initialize master actors {7}1}<,
Initialize centralized critic Q(,,(Ot, A,) and target critic Q(,;(Ot, A)

and neighbor-information buffers

: forepisodee =1,...,E do

Reset user mobility, channel realizations, RIS configurations, and EKF states
for timeslott=1,...,T do
Acquire ISAC observations and update {X; ;, X, ; ;} using the EKF
Generate and receive neighboring-cell information using Algorithms 2 and 3
Construct local master and slave observations o)} and o‘f,k, ;
Generate master actions according to (50)
Generate slave actions conditioned on the corresponding master decisions ac-
cording to (52)
Construct the joint action A, from all master and slave actions
Apply the deterministic feasibility layer to obtain the executable joint action A7
Execute A7 and obtain throughput, energy efficiency, interference, localization
covariance, and reward measurements
Construct the centralized observation O, using the global training information
Store the transition (O,, A7, r,, 0,,1) in D
if the replay buffer contains at least B transitions then
Sample a mini-batch of B transitions from 0
Construct the next joint actions A}, ; using the target master and slave policies
Compute the entropy-regularized centralized Bellman target according to (94)
Update the centralized critic by minimizing the temporal-difference loss in (95)
Update all slave actors using the fixed learning rate § and the centralized
critic according to (96)
if t mod 3 = 0 then
Update all master actors using the fixed learning rate « and the centralized
critic according to (96)
end if
Soft-update the target actor and critic networks according to (97)
Update the entropy temperature according to (98)
Update the interference Lagrange multiplier according to (85)
end if
end for
end for
return Trained master policies {7{1(;1[} and slave policies {ﬂiu«}
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Algorithm 2 Inter-Cell Message Packing and Transmission

Require: Neighbor set N (i), border-user sets {Bl-‘_,]-}, EKF estimates {X,, ;, L ;}, edge-load

pzige’ predicted interference 7,";, quantizer O, rate limiter RL,

1: for each neighboring BSj € N (i) do

2 for each border user b € B;.,; do

3 Construct m,, ; according to (158)

4 Quantize M, ; — O(my, ;)

5: if keyframe transmission is due then

6 Set Py < Compress(my, ;)

7 Mark packet as keyframe

8 else

9: Set p, , < Compress (M, — ﬁgjse)
10: Mark packet as delta update

11: end if

12: Generate crc; ; and optional tag,,

13: Form pkt, , according to (160)

14: if RL; permits transmission then

15: Transmit pkt, , to BS j

16: Update the acknowledged /baseline state when the corresponding transmis-

sion is accepted

17: else

18: Merge or defer the low-priority update
19: end if
20: end for
21: end for

Let t,g") denote the slot at which the n-th handover of user k occurs, and let c;(”)

denote the BS selected after that handover. A ping-pong event is defined as a return to the BS

=4a, ,in)
k.t

occupied two handovers earlier within a predefined short-term window Tpp. Accordingly,
PP = 1(cf” = ¢ At — " < Tpp). (100)

where Tpp denotes the maximum intermediate residence time used to classify the A - B —
A transition as a ping-pong event.
Thus, for a sequence
A->B-A,

the second handover is classified as a ping-pong event only when the user returns to cell A
within Tpp. In contrast, an isolated handover caused by sustained user mobility is counted
as a handover but not as a ping-pong event.

Ping-Pong Rate
The ping-pong rate reported in Figure 7 is defined as the fraction of observed handover
events that are classified as ping-pong events:

u

Z Z PP
n

PPHR = —*=1 x 100%. (101)

Z Z 1[tl<cn) < Teval]
k=1 7

where U is the number of active users and T, is the evaluation interval.
Hence, PPHR measures the proportion of handovers that result in a short-term return

<

to a previously serving cell rather than measuring the overall frequency of association
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changes. This distinction prevents legitimate mobility-driven handovers from being directly
treated as ping-pong events.

For the simulations, the ping-pong classification window was set to Tpp = 5 scheduling
intervals. The same value is used for all compared methods to ensure consistent evaluation.

Algorithm 3 Inter-Cell Message Reception and Staleness-Aware Aggregation

Require: Neighbor set N (i), maximum information age A,,,,, staleness coefficient x
1: Initialize neighbor buffer Z/'¥* « @
2: for each neighboring BS j € N (i) do

3: while a packet from j is available do
4: Parse payload, CRC/HMAC fields, timestamp, sequence number, and packet type
5: if CRC or optional HMAC verification fails then
6: Discard packet
7: else
8: Check the sequence number against the latest accepted sequence number
9: if packet is out of order then
10: Discard packet
11: else
12: Reconstruct the quantized message from the keyframe or acknowledged
delta baseline
13: Compute
to— 8"
A= T
It At
14: if A, > Apay then
15: Discard the packet as stale
16: else
17: Dequantize X;;, &, ;, p; -, and 17, ,
18: Propagate x; ; and L; ; using the EKF prediction model for the elapsed
information age
19: Store the valid neighboring estimate and update the latest accepted
sequence number
20: end if
21: end if
22: end if
23: end while
24: end for
25: for each border user b do
26 Compute
27: Normalize
“u t = /\M,t
’ Zv Av t

28: Compute f(Zig using (166)

29: Compute ZZig using (167)

30: end for

31: Construct z’gtt’r according to (168)
32: return zgtt’r

https://doi.org/10.3390/s26216887


https://doi.org/10.3390/s26216887

Sensors 2026, 26, 6887

25 of 57

4. Theoretical Analysis

This section establishes the theoretical properties of the proposed HDRL-ISAC frame-
work under the explicit boundedness, regularity, feasibility, and stochastic approximation
assumptions. The analysis considers the entropy-regularized Bellman operator over the
feasible hybrid action space, finite-resolution RIS implementation, delayed neighboring-cell
information, hierarchical action decomposition, imperfect CSI, exact entropy-regularized
policy improvement, and two-timescale master—slave learning dynamics.

The results provide operator-level convergence and conditional sensitivity guarantees
for the constrained decision process. They do not imply global convergence or global
optimality of the parameterized neural actor—critic implementation, which additionally
depends on function approximation, stochastic optimization, exploration, replay sampling,
and finite-sample effects. Practical convergence and performance are therefore evaluated
empirically in Section 8.

4.1. Contraction of the Entropy-Regularized Bellman Operator over the Feasible Hybrid
Action Space

The proposed HDRL-ISAC framework operates over a hybrid action space containing
discrete RIS codebook and user-association decisions and continuous beamforming and
transmit-power variables. Let the implementable action space at state s be

Ap(s) = IL(A). (102)

where Il (-) maps the original action space onto actions satisfying the finite-resolution RIS,
transmit-power, interference, association, and QoS constraints. The analysis is performed
directly over Ap(s); the convexity and differentiability of I, (-) are not required, but the
feasible set is assumed measurable and nonempty for every admissible state.

For a stationary feasible policy, 7t (als), the hybrid action measure is

dy(a) = dup(ap)dpc(ac). (103)

where pp, is the counting measure, and jic is the Lebesgue measure. The entropy-regularized
policy-evaluation operator is [34]

(J7°Q)(s,a) = r(s,a) + 7E5'~P<-\s,a)[Ea'~n<~\s'>[Q(S',a') — Tlog 7T(11'|S')]]' (104)
where 7 > 0 and 0 < 7y < 1. Assume that
Ir(s,a)| < Rypaxs B i) [log 7T (als) ]| < co. (105)

and that P(s’|s, a) is stationary.

Theorem 1 (Contraction of the Entropy-Regularized Bellman Operator). Under the above
assumptions, I, is a y-contraction under the Supremum norm:

HI”Ql - IHanoo <7Q1 — Qall.- (106)
Consequently, it has a unique fixed point, Q7 , and the exact Bellman evaluation converges to

this fixed point [35].

Proof. For any feasible (s,4), the reward and entropy terms cancel each other when the two
operator evaluations are subtracted. Therefore,

|(T7Q1)(s,0) = (J77Qy) (5,@)| < VB o [1Q1(s',a") — Qy(s,a)]]
<7101 — Qallo- (107)
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Taking the supremum and applying the Banach fixed-point theorem proves the result.
In particular,

Q(n+1) — IFTEQ(VZ) — Q(n) — Q¥ (108)

The result directly applies to the implementable feasible action space and does not
require the convexity of that space. It concerns exact fixed-policy evaluation and not the
convergence of the parameterized neural critic. [

4.2. Conditional Performance Bound Under Finite-Resolution RIS Quantization

Let ®* denote an ideal continuous RIS configuration, and let ® denote its finite-
resolution codebook projection:
0 =1Ig(0"). (109)

Assume that the one-step reward is Lipschitz-continuous with respect to the RIS
reflection matrix [36]:

Ir(s,a,01) —1(s,a,0,)| < Lgll®; — O, (110)
And define the maximum quantization error as

b = sup 1O — Ol|p. (111)
O*eAg

For this result, the transition kernel was assumed to be unchanged by RIS quantization
for a fixed state and action, with any transition effect absorbed into the reward model.

Theorem 2 (Conditional Value Bound under Finite-Resolution RIS Quantization). Fora

fixed feasible policy,

Led
VE.(s) = VE(s) < 1‘9_3, Vs. (112)

Proof. Equation (110) gives the one-step deviation
Ir(s,a,©®*%) —r(s,a,®)| < Lgdg- (113)

Summing this bounded perturbation over the discounted horizon yields

= Lgé
VE.(5) = VES) < Y 1'Lobe = 722

. (114)
=0 I-o

Thus, increasing RIS phase resolution reduces g and tightens the conditional
bound. O

4.3. Conditional Value Bound Under Delayed Neighboring-Cell Information

Let 2T and 200" 4, denote the current and delayed neighboring-cell information, re-
spectively. Assume bounded temporal variation,

Iz — Z0%r Il < Lody, 0<d, <d (115)
And Lipschitz reward sensitivity,

Ir(s,a, Z5°7) — r(s,a, z5°7)| < Lg||z5r — z50r. (116)

The transition model is assumed common to the current- and delay-information com-
parisons.
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Theorem 3 (Conditional Value Bound under Delayed Neighboring-Cell Information). For

a fixed feasible policy,
LLd
” delay — Current = 51 z_ zax . (117)
Proof. Combining (115) and (116) gives
|rdelay — Teurrentl < Lstdt < Lstdmax' (118)
Discounted accumulation therefore gives
>~ LL.d
” delay — Current Z 7thdemax = 51 z__max . (119)
=0 7

This bound characterizes the direct value sensitivity to stale neighboring-cell informa-
tion; additional policy-induced action changes were evaluated experimentally. [

4.4. Local Approximation Error of the Hierarchical Decomposition

The proposed hierarchy decomposes the joint decision into master-level and slave-level
actions. Let the continuous action vector be

= [«1, «I]. (120)

And let x* and xy denote a locally optimal centralized continuous action and its
hierarchical counterpart, respectively. The discrete RIS-codebook and association decisions
remain in the feasible policy class but are not covered by the differentiability argument.

Assume that the reward has an L,-Lipschitz gradient:

V7 (s, x1) — Vo1 (s, x)Il < Lllx; — x5l (121)
And that
V,.r(s,x*) =0. (122)
Define
g = sup llxp (s) — x* ()]l (123)

For the discounted interpretation, the centralized and hierarchical actions are assumed
to induce the same state-transition distribution over the comparison horizon.

Theorem 4 (Local Approximation Bound of the Hierarchical Decomposition). Under the
above assumptions,

L
Ir(s,x*) —r(s,xy)| < 5’|le —x*|1% (124)
And consequently,
Iy = J ()] < o (125)
7T — 7T _—.
HE=20 -

Proof. The L,-smoothness inequality gives
L, )
Ir(s, %) = 1(8, X)) < —lxy = x7I% (126)

Because the first-order term vanishes by (122). Using the definition of ¢;; and summing
over the discounted horizon yields (125). The result is therefore a local continuous-action
approximation bound rather than a global optimality guarantee over the complete hybrid
action space. [
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4.5. Conditional Value Sensitivity Under Imperfect CSI

Let the estimated channel be
H=H+E. (127)

with bounded estimation error
IEl; < ecgp- (128)

Assume the one-step reward is Lipschitz-continuous with respect to the channel state:
Ir(s,a,Hy) —r(s,a,Hy)| < LylH; — Hallp. (129)

The transition kernel is assumed unchanged for fixed state and action, so the result
characterizes direct policy-evaluation sensitivity.

Theorem 5 (Conditional Value Sensitivity under Imperfect CSI). Under (128) and (129),

Iva - vl < 22, (130)

Proof. From (127) and (128),
I — Hil < ecq.

And therefore
Ir(s,a,H) — r(s,a, H)| < Lyecg.

Discounted accumulation gives

v - vl <Z7LH€CSI Lngcﬂ (131)

Thus, the direct value sensitivity grows linearly with the CSI error. This does not
constitute a global robustness guarantee for neural actor—critic training. [

4.6. Monotonic Improvement of Exact Entropy-Regularized Policy Iteration
Let 7t; be a stationary feasible policy on Ap(s). Exact policy evaluation gives [37]
o= I QFk. (132)
with entropy-regularized value
VI(S) = By [QF (s,a) — Tlog rt(als)]. (133)

The exact soft policy-improvement step is

Tk (s,a)/T
@) = 7 exi((gnki z ;d - (134)
A’P“)ex (s, @)/ T)du(a
Provided that
o</, o, OP(QF (5, @)/ T)dp(@ < . (135)

Theorem 6 (Monotonic Improvement of Exact Entropy-Regularized Policy Iteration). If
the feasible action space is measurable, the entropy-regularized value is finite, the partition function
in (135) is finite, and policy evaluation is exact, then

VI (s) > VIk(s), Vs. (136)

If, additionally, the entropy-reqularized Bellman optimality operator is a contraction, exact soft
policy iteration converges to the entropy-reqularized optimal value over the considered centralized
feasible policy class.
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Proof. Define
Fo(s,m) = By 45y [Q(s,a) — Tlog rt(als)]. (137)
By the Gibbs variational principle, the Gibbs distribution in (134) maximizes TQ? (s, ).
Hence,
Ika (S, Tyq) = IQ;rk (s, 7). (138)
which gives
VEL(s) = VIK(s). (139)

For completeness, the entropy-regularized optimality operator is

- (s, @) .
(J*Q)(s,a) = r(s,a) + ’yESINP(.B,ﬂ)[Tlog e exp(Q - )dﬂ(a)]. (140)
p(s
The log-sum-exp functional is non-expansive under the supremum norm, so
170~ T Qi <7101 - Qil. (141)

Thus, the optimality operator has a unique fixed point and exact soft policy itera-
tion converges to the corresponding entropy-regularized optimal value. These are exact
operator-level results and do not imply global convergence of the practical neural actor—critic
algorithm. O

4.7. Two-Timescale Analysis of the Hierarchical Master-Slave CTDE Learning

The hierarchical CTDE architecture decomposes the joint decision process into master-
level cell coordination and slave-level user-specific resource allocation. This subsection ana-
lyzes an idealized constant-step-size projected two-timescale model of this hierarchy [38,39]
and derives two separate, explicitly quantified results: a bound on the slave’s tracking error
under scheduled master updates (Proposition 1) and a bound on the master’s stationarity
gap (Proposition 2). They characterize how the errors depend on the step sizes, update
schedule, noise, and bias.

Let 8 € O collect the master-policy parameters and let ¢ € ¥ collect the slave-policy pa-
rameters:

Y ={¥ixtiz1,..,cikel, (142)
where © and ¥ are compact and convex parameter domains. The hierarchical joint policy
is expressed as

c c
Mg, p(@M,a% [0) = [ ] gt @ ] o) [T1]75, @105 ath, (143)
i=1 i=1 kell,

and the master and slave agents maximize the entropy-regularized joint objective

1.6, 9) = ]Ew[i 7 (re + TH(7g 4 (- | ot)))]. (144)
t=0

4.7.1. Model and Indexing

Let g5 = dyJ; and g); = dy/ be the mean update directions, and let ¢*(6) € ¥ satisfy
g5(0,¢*(6)) = 0. The reduced master objective is

J(0) =J.(6,9*(9)). (145)

With constant step sizes , f > 0 and master update interval K ,4 € N (Kypq = 3 in
Algorithm 1 and Table 1), the idealized recursions at mini-batch update index n are

Yusr = Il 9, + B(85(0,, ) + b5 + M5,,) ], (146)
9n+1 = H@[Qn + ‘X]I(n mod K,,4=0} (gM(Gn/ lpn) + bﬁd + M%{-l)]/ (147)

upd =
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where Iy and I'lg denote Euclidean projections onto ¥ and O, I, is the indicator function,

b, b are biases (critic approximation, replay), and M?>, ,, MM | are mini-batch noise terms.

n+17"""n+1

The master changes only at indices n = mKq4, so 0, is constant for mK,,q +1 < n <

(m + 1)K ypq- Writing 6, = 6,

pd
upd’

Opi1 = H@[ém + ”‘(gM(ém/l/JmKupd) + b%Kupd + M%Kupdﬂ)]f (148)

so 0, is the master parameter in force when the m-th master update is computed, and the
intervening slave updates do not change it. The ratios

— -~ __°f
ﬁ ’ et Kupdﬁ Kupd

describe the nominal and effective per-cycle step-size separation.

(149)

Assumption 1. The following assumptions establish the reqularity conditions for the theoretical
analysis, covering slave-response stability (A1-A2), master-objective regularity (A3), and bounded
stochastic noise and approximation bias (A4 ). Together, they support the derivation of the subsequent
theoretical bounds.

(A1) p*(0) € Y forall 0 € O.

(A2) (Slave regularity, on all of ¥.) For all 6,0' € © and ¢,¢' € ¥: (y — ¢, g5(0,¢) —
8s(6,9")) < —pllp—¢'I and Igs (6, ) — s (6, Y")Il < LI —¢'l| with 0 < p < L; moreover,
Igs(6, ) — g5 (8, P)Il < Lll€ — .

(A3) (Master regularity.) ligall < Gpy on © x ¥, gy is jointly Lo-Lipschitz; | is differentiable and
satisfies the envelope identity V] (6) = g (0, 9*(0)); and A; = supg ) — infg | < oo.

(A4) (Noise and bias.) bS, bM are F,,-measurable with ||by|| < e, [BY) < ep; EIMS,, | F,]1 =
E[MM | F,1 = 0; E[IM; 417 | ] < vEand E[IMM |2 | F,1 < v3y.

Step-size conditions. 0 < f < y1/L* and K,q Bt < 4 (for Proposition 1), and addition-

ally « < 1/(2L;) (for Proposition 2), with L; defined in Lemma 1. Since y < L, B < p/L?

implies By < 1, s0 KpgBpt < 4 holds automatically for K4 < 4, including K,pq = 3.

Remark 1 (Remarks on the assumptions). (i) For g5 = dyJ, on the convex set ¥, (A2) is
equivalent to u-strong concavity of | (6, -) with an L-Lipschitz gradient; it also guarantees a unique
zero Y* (0). It is a regularity condition on the idealized model and is not claimed for neural policies.
(ii) The envelope identity in (A3) is an assumption. It is implied, for example, when |, is C?,
Y™ (0) lies in the interior of ¥, and V2¢¢]r is nonsingular (the implicit-function theorem then makes
¢+ C', and the envelope theorem applies since 9] (6,¥*(0)) = 0). Its validity depends on the
reqularity of | and on the selected best-response branch, and it is not guaranteed merely because the
slave gradient vanishes.

Lemma 1 (Lipschitz best response and smooth reduced objective). Under (A1)-(A2), " is
L -Lipschitz with L, = Lg/p. Under (A3), V] is L;-Lipschitz with Ly = Lo (1 + Ly).

Proof. Let A = ¢*(8) —¢p*(8'). Since g5(6, 9 (0)) = 0, (A2) gives ptIIAII2 < (A, gs(0, 9 (60')))
= (A, 850,97 (0) —gs(0", 7 (6))) < IAILoNIE — O, s0 IAll < (Lo/)l|6 — €'ll. By the envelope
identity, V] (8) — V](6)I < L (16 — 0"l + [Al). O

4.7.2. Slave Tracking Under Scheduled Master Jumps
Lete, = ¢, — ¢*(6,), V,, = E[lle,|?], and D? = (G + €p1)? + V3.
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T—gfwi=1- Q-0 >1—e ¥ > 1 - (1-Kpgx +

Proposition 1 (Slave tracking). Under (A1)-(A4) and the step-size conditions, withq = 1 — Bu/4,
for everyn > 0:

5Bv2 N 15¢2 40L3D* 42

V,<q"Vy+V, V= + .
" 0 p p? #2 Kypa B2

(150)

The last term equals 40L3 DK yq 02/ 1> [38,39].

Proof. Step 1 (slave step with 6, fixed). Let u,, = ., — *(6,) and g = g5(8,,, 4,,). Since
$*(0,) € ¥ is a fixed point of the non-expansive map Ily, llu, |l < lle, + g + ﬁbﬁ + ﬁMf;Hll.
Ase,,g,b; are J,-measurable and M, has zero conditional mean, E[[lu,,|* | 7,1 < |, +
Bg + BsI> + V3. By g5(6,, 9*(6,)) = 0 and (A2), (e,,g) < —plle,l* and I|gll < Lle,l, so
le, +BgI* < (1=2Bu+BLA)e,I* < (1—=Bu)lle, | for B < p/L?ie., lle,+Bgll < (1—=Bu/2)le,l.
Apply (A +B)2 < (1+¢)A%+ (1 +1/c)B* with ¢ = Bu/2, use (1 + x)(1 —x)> <1 — x for

x = Bu/2, and B2 < Bek/u (as B < 1/u):
Ellu,l? | ) < (1= B Yleal? 450, 5o = 5% + B2, (151)

Step 2 (master jump). Write e,y = u,, +d, . withd, ., = ¢v*(0,) — ¢*(0,,1). Then
dy1 = 0 unless n mod K4 = 0. At such n, by Lemma 1 and non-expansiveness of I1g,
Iyl < Lyaligng + b3 + MY, Il hence E[[1d,, 1 | F,] < La*D? =: «?.

Step 3 (recursion). At master steps, apply the same Young inequality with c = Bu/4:
A+c)A—-Bu/2) <1—-Bu/4,1+c <5/4,and 1+ 1/c < 5/(By) (using Bu < 1). At

non-master steps d,,,; = 0 and the bound of Step 1 is smaller still. In both cases:

02 E= (152)

5
Vi1 9V + 350 + Limod k B

upd

Step 4 (unrolling). Iterating, V,, < ¢"Vy+ jn

is at most f—lso/(l —q) = 5sy/(Bu) = 5pv3/u + 15€%/u?. The impulses occur atj = MK ypd,s
n—1-mkK,

—1—i/5 =
n ](ZSO + 1 mod Kupdzo)u). The s, part

and their weights, g *rd, form a geometric progression with ratio 7t whose largest
term is at most 1, so, for every n (including the step right after a jump), the impulse part is
atmost &/ (1 — qK“P“). Set x = B /4; since Kupdx <1,

(Kypax)?

- ) 2 Kupd'x — Kupd;BV, (153)

2 8

- K 2 4012 D?a
s0E/(1—gfwiy <32, 8 — 7

S B KeaP = KPR Adding the three parts gives (150). [

4.7.3. Master Stationarity Gap

Since O is a constrained feasible set, stationarity is quantified using the projected
gradient mapping
g6 + aV](0)] — 6
Go(0) = ol 1-9

14

where Ilg[-] denotes projection onto ® and & > 0 is a step size. At interior points, the
mapping reduces to V] (), while its vanishing characterizes constrained first-order station-
ary points.

Proposition 2 (Master stationarity gap). Under (Al)-(A4), the step-size conditions (including
w < 1/(2Ly)), and with 6, = Onk,,q 35 in (148):

1= _ _
111;1 sup = > EIGa(8,)IP] <1212V + 12 €}, + 613, (154)
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Proof. Fixm, and write = 0,,, 0* = 0,, ., = [1g[0 + ag] with § = g,,(0, Ykpe) + b%Kupd +
M%Kupdﬂ and err = §—VJ(6). Since § € O, the projection property (y—1Ilg (), 6—-1lg(y)) <
Owithy = 0 +ag reads |0 — 0> + a(3,0 — 0*) < 0,i.e., (3,0 —0) > |6 — 0]>/a. Therefore,
(V], 0% —60) > 6+ — 012/ — [lexr|l|6* — 6] > 6+ — 0]*/ (2a) — 5llerr|*. The ascent lemma for

the L]—smoothf and & < 1/(2L) give
J(0) 2 T(0) + =16% — 617 — Sllerr|. (155)

. 2 )
By non-expansiveness of I1g, ltG, (9)Il < 16 — 0]l + allerr||; hence, 6+ — 01> > G, |I* —
a?|lerr|?> and

T(Bi1) =T (0,) + 501G (0,017 — Zllerr,,, |12, (156)
Write err,, = §,, + bf‘nAKupd + MIH‘fKude with &, = §n (O, Pur,) — &1 (O ¥ (6,))), 50

16,1l < Lgllek, Iy (A3). Here, 8, and bln\fKupd are J,, K,,o-Measurable and M%Kupd .1 has zero
conditional mean, so E[|err,,[?] < 2L§ Vinkpa + 2e2, + v3,. Taking expectations, summing
over m = 0,...,T — 1, telescoping | (range A;), and using Vinkpa < g" w1V, + V from

Proposition 1:

1 ] g8n, 1212V,
= E[G,(0,)IP] € == + —————
T W;T [ g ] D(T T(l _ unpd)

where the first two terms are O(1/T). Letting T — oo gives (154). O

+ 1212V + 126}, + 613, (157)

Interpretation

The slave-tracking bound separates the effects of stochastic noise («x Bv2), approxi-
mation bias (o €%), and master-policy motion (o Kupdpgff =p? /Kypa)- For a fixed update
interval, the master-drift contribution decreases with the squared step-size ratio a/f but
does not vanish when this ratio is held constant. The master-stationarity bound provides
an asymptotic neighborhood bound whose residual depends on the slave-tracking error,
master approximation bias, and master-gradient noise. The terms v, and €3, are not scaled
by «, as is typical for constant-step projected stochastic-gradient updates with unit batches.

These bounds characterize the idealized projected recursions and illustrate how the
tracking error and stationarity gap depend on the step sizes, update schedule, stochastic
noise, and approximation bias. They motivate the master—slave timescale design but do
not establish convergence of the implemented neural actor—critic algorithm or identify an
empirically optimal learning-rate ratio. The constants are worst-case quantities and are
not intended to provide numerical predictions for the implemented system. Accordingly,
the behavior of the implemented algorithm is assessed separately through the sensitivity
experiments in Section 8.10.

4.8. Neighboring-Cell Information Exchange and Delay-Aware Execution

Efficient neighboring-cell coordination is required for inter-cell interference mitiga-
tion, mobility management, and stable decentralized decision-making. The proposed
HDRL-ISAC framework therefore employs a lightweight asynchronous exchange of compact
border-user statistics instead of full CSI or complete local observations. At each scheduling
interval, each BS identifies border users relevant to neighboring-cell mobility or interference
conditions and constructs

_Ie edge int
my,; = [xb,t,vech(zh,t),ph,t Myt s seqb,t], (158)
edge
) bt
rﬁf‘g, ts;;, and seq, , represent the edge-load, predicted-interference, timestamp, and se-

where X, ; and X, ; denote the EKF state estimate and covariance, respectively, while p

quence information. Thus, the message contains only the mobility, uncertainty, load, and
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interference statistics required for coordination, with dimension independent of the full
antenna-by-user CSI matrix.
To reduce signaling overhead, the summary is quantized and delta-encoded as [40,41]

M, = O(my,),  py = Compress(f,, — fgie). (159)

where mP®e is the acknowledged quantized baseline. Periodic full keyframes prevent
permanent desynchronization after packet loss. The transmitted packet is

pktb,t = [pb,t/ Crcb,t/ tagb,t/ QOSb/t] . (160)

where crc; ; provides error detection, tag, , denotes an optional HMAC field, and QoS
specifies packet priority [42]. A token-based rate limiter bounds control-plane signaling;
when the budget is exhausted, low-priority updates are merged or deferred, while high-
priority border-user information is retained.

4.8.1. Asynchronous Xn Transport and Staleness-Aware Reception

The Xn/backhaul link is modeled with non-zero transport delay and jitter:

arr
t]—»z t—

Tinit = Tjni + €nip it (161)

t]g‘;’“ + T

where 7;_; and €;,;, denote the mean delay and random jitter, respectively. Using the
timestamp and sequence number, the receiver computes the information age in scheduling

intervals as

o tgen
i

A',t =

y (162)

At
After CRC/HMAC validation [43-48], the compressed message is reconstructed as

i1, ; = Decompress(py,,) + Mpse, (163)

followed by inverse quantization. A message is accepted only when its sequence number is
newer, and its age does not exceed the admissible staleness:

Xt = 1[%‘,t > Q}fg]l[Aj,t < Amax]' (164)

Accordingly, out-of-order or excessively stale packets are discarded, whereas valid
delayed information is retained and used without blocking local decisions. If no new valid
packet arrives, the latest accepted summary is retained until its age exceeds A, after
which its contribution is removed, and the local observation is used. Valid delayed mobility
estimates are additionally propagated through the EKF prediction model to compensate for
information age, with the associated uncertainty increasing with the prediction horizon.

For neighboring estimate, 1, confidence is determined from the estimation covariance

and information freshness:

Out ASt

“ exp(—«xA, ), Q= - (165)
! f Zv Avtt

where € > 0 prevents numerical instability, and x > 0 controls the staleness penalty. Thus,

/\st — ’
wETr(E,,) + €

fresh and low-uncertainty information receives greater weight. The aggregated state and
conservative mixture covariance are

izgtg Z D‘u txu te (166)

Z3EF = ) | B+ (R = 55 (R =535’ | (167)
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This formulation captures both individual estimation uncertainty and disagreement
among neighboring estimates.
The resulting border-user statistics are compressed into the neighborhood representation

730 = Agg({S55, T8, s e}, )- (168)

where g, , and 7}, are the aggregated edge-load and interference indicators. This repre-
sentation is provided to the master-agent observation and to the centralized critic during
CTDE training.

4.8.2. Two-Timescale Delay-Aware Execution

The hierarchical architecture separates fast local resource control from slower inter-
cell coordination. Slave agents make user-level decisions from current local observations,
whereas master agents use the latest valid neighboring summaries for cell-level coordination.
Hence, a fresh Xn message is not required for every scheduling decision. The complete
execution path is

Message Generation — Quantization/Compression — Xn Transmission — Delay/Jitter
— Integrity Check — Timestamp/Sequence Check — Staleness Filtering

— Age Compensation — Confidence-Aware Fusion — Neighborhood Representation

(169)

— Local/Hierarchical Policy — Feasibility Enforcement.

When Xn information is delayed, the receiving BS continues using the latest accepted
summary; therefore, backhaul delay affects information freshness rather than blocking the
local decision path. The execution budget is strictly bounded by the control interval:

— M S
Tlocal < Tctrlr Tlocal - Tpre + Tactor + Tactor + Tdecode +T

proj + TFE/ (170)

where the inter-cell communication delay Ty, enters the system exclusively through the
information age A; ; evaluated in Equation (162). Thus, local execution is evaluated against
the 1 ms scheduling interval, while Xn transport is handled entirely asynchronously through
the staleness-aware mechanism. The detailed procedures are given in Algorithms 2 and 3;
theoretical sensitivity to delayed information is analyzed in Section 4.3, with empirical delay
results reported in Section 8.

5. Proposed Algorithm

This section describes the implementation of the proposed CTDE-based hierarchical
HDRL-ISAC framework. Algorithm 1 summarizes the overall training procedure, while
Algorithms 2 and 3 implement the inter-cell information exchange described in Section 4.8.

At each scheduling interval, ISAC observations are processed using the EKF to es-
timate the user mobility states and associated uncertainty. The resulting state estimates,
local wireless information, and valid neighboring-cell summaries were incorporated into
decentralized observations. Master agents then generate cell-level coordination decisions,
whereas slave agents generate user-level association, transmit-power, and beam-selection
decisions conditioned on the master action.

The resulting actions are passed through the deterministic feasibility layer described in
Section 3.3. This step ensures that the executed actions satisfy the applicable RIS, association,
transmit power, QoS, and interference constraints before interacting with the wireless
environment.

During centralized training, critics exploit global CTDE observations and joint actions,
whereas actors retain their decentralized information structure. The master and slave
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actor updates follow the constant-step-size two-timescale formulation of Section 4.7, where
B = 2 x 10~* denotes the fast slave learning rate, « = 1 x 10~* denotes the slower master
learning rate, and the master actor updates once every K,,,4 = 3 slave updates.

Algorithmic Execution and CTDE Workflow

Figure 2 illustrates the overall execution and training workflow of the proposed HDRL-
ISAC framework. ISAC measurements are first processed through the EKF to obtain mobility
states and uncertainty information. The neighboring-cell module then performs compact
message exchange, freshness verification, delay compensation, and confidence-aware ag-
gregation.

The resulting local and neighboring observations are supplied to the hierarchical
master and slave actors. The master determines cell-level coordination variables, after
which the slave agents generate user-level decisions conditioned on the master action. The
deterministic feasibility layer subsequently converts the raw RL outputs into executable
actions satisfying the applicable system constraints.

During centralized training, the global observations and joint actions are provided
to the centralized critics, whereas the actors retain their decentralized information struc-
tures. The master and slave actor updates were performed on the respective learning
timescales described in Section 4.7. During deployment, decentralized actors require only
local observations and valid compact neighboring summaries.

Initialization System
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neighbourhood info)
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Figure 2. Overall execution and training workflow of the proposed CTDE-based hierarchical HDRL-
ISAC framework, including ISAC state estimation, delay-aware neighboring-cell information exchange,
hierarchical master—slave decision making, deterministic feasibility enforcement, and centralized
training with decentralized execution.
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6. Complexity and Communication Analysis
6.1. Computational Complexity

The computational complexity of the proposed HDRL-ISAC framework is determined
by the online inference of the hierarchical master—slave policies, centralized actor—critic
updates during training, and the deterministic feasibility operations used for action enforce-
ment. Let |U;| denote the number of active users in cell i. For the master and slave networks,
let {dle\’[}zLjO and {d%}eLiO denote the layer dimensions, including input and output layers.

For fully connected networks, the dominant number of multiply—accumulate operations
is proportional to the products of consecutive layer dimensions. Thus, the online actor-
inference complexity per scheduling interval is

Ly-1 Ls-1
Owe =00 Y dMaM + 11 > d§d§+1). (171)
=0 =0
For approximately uniform hidden-layer widths dy; and dg, this becomes
Oung = O(Lygd3y + IU|Lsd3). (172)

Hence, the slave-inference cost scales linearly with the number of served users and
becomes increasingly significant as user density increases.

During centralized training, the critics process global observations and joint actions. Let
By and Bg denote the mini-batch sizes for the master and slave updates, respectively, and let
{d?}eLzQ‘O denote the critic-layer dimensions. The critic-update complexity is approximately

Lo-1 Lo-1
O’critic = BM Z dggdg_l + |UZ|BS Z dﬂQdBQ-i—l)’ (173)

=0 =0

or, for approximately uniform critic width d,,
Oeritic = O(BMLQdé + |ui|BSLQd2Q)- (174)
The corresponding actor-update complexity during training is

Ly=1 Ls—1
Oactor = O(BM >+ |UiBs Y d§d§+1). (175)

=0 =0

6.1.1. RIS Codebook Execution

The RIS policy directly outputs a discrete codeword index cf’t from the predefined
finite codebook
Op ={6W, ..., 0B} (176)
Therefore, no nearest-codeword search is required during online execution. The se-
lected RIS configuration is obtained directly as

®,, =0, (177)

where the codebook is precomputed offline. The codeword-index selection itself is an
indexed lookup with

ORIS,select =0, (178)
while constructing or applying the selected N-element RIS phase configuration requires
Ogisappty = O(N). (179)

Consequently, the online RIS operation is
Ogis = O(N), (180)

when the selected phase vector is explicitly constructed or applied. For the adopted 3-
bit phase resolution, Bg = 23 = 8, but the number of codewords does not introduce a
nearest-codeword search cost because the policy directly selects the codeword index.
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6.1.2. Constraint-Aware Feasibility Enforcement

The deterministic feasibility layer evaluates candidate association, power, QoS, and
interference constraints. If C denotes the number of candidate serving cells considered for
each user, candidate screening has complexity

apart from the cost of evaluating the underlying rate and interference quantities. The
complete online computational cost is therefore

Opniine = Oing + Opis + Opg- (182)

The centralized critics and actor updates are required only during training. Hence,
decentralized deployment is dominated by hierarchical actor inference and determinis-
tic feasibility enforcement, while training complexity is dominated by centralized actor—
critic optimization.

6.2. Communication Quverhead

The proposed CTDE framework exchanges compact neighboring-cell summaries rather
than complete CSI or full channel matrices. Each border-user summary contains quantized
EKEF state and covariance information, edge-load and predicted-interference indicators,

and packet metadata such as sequence and timestamp fields. Let B,,,,, denote the resulting

ms;
message size in bytes, and let N;, denote the average number of boider—user summaries
transmitted over one neighboring-cell link.

For the neighboring-cell graph (; = (UJ, £), the total Xn signaling volume per scheduling
interval is

Hy,= Y NyBpy, (183)
(i)EE
where directed links are counted separately when both transmission directions are active.
The corresponding signaling rate is
Ryn = Pi—);n, (184)
where At is the scheduling interval.

The proposed message-packing mechanism reduces signaling by exchanging compact
statistical summaries instead of full CSI. Quantization, delta encoding, and rate limiting
are applied before transmission, whereas packet validation and age-based rejection are
performed at the receiver. The complete message generation, delay, jitter, and staleness-
handling procedures are described in Section 4.8.

Within each cell, the master agent provides slave agents with compact coordination
variables, including RIS codeword selections, beamforming configuration indices, sensing-
control variables, and other bounded coordination information. Thus, the intra-cell control
overhead scales approximately linearly with the number of active users:

Octrl = O(quD (185)

A token-bucket rate limiter further bounds the control-plane signaling rate. In the
simulation configuration, the maximum permitted Xn control-plane rate was set to the
value reported in Table 1. The effect of Xn/backhaul delay and jitter on the decentralized
performance are evaluated separately in Section 8.

7. Simulation Setup

The proposed HDRL-ISAC framework is evaluated in a multi-cell RIS-assisted ISAC
network with C € {3, 8} wrap-around hexagonal cells. Each cell contains an M = 8-antenna
ULA BS and an N = 128-element RIS serving multiple single-antenna mobile users. Unless

https://doi.org/10.3390/s26216887


https://doi.org/10.3390/s26216887

Sensors 2026, 26, 6887

38 of 57

otherwise stated, the carrier frequency and bandwidth are f, = 28 GHz and W = 400 MHz,
respectively. User mobility follows a Gauss-Markov model with control interval At = 1 ms,
memory correlation factor @ = 0.75, and velocity range v € [5,50] km/h. The propagation
environment uses distance-dependent path loss and 3GPP-inspired UMi spatial modeling
with clustered Rician fading. The Rician factor, active-user count, and user index are denoted
by Kg, K,,, and k, respectively.

The Rician channel model is

K 1
h(d) = \/ﬁ(d)(\‘ﬁhms )\ thLos)/ (186)

where B(d) = Cod—*m is the large-scale channel gain. The adopted Rician factor is
Kg = 10%%a/19 =10, Kg 45 = 10dB, (187)

and the active-user load is varied over K,, € [2,12] users per cell.
Imperfect CSI is modeled as

H=H+E  E~CN(0,0%]), (188)
with 1
SNRcs; = ——,  SNRcg € [5,20] dB. (189)
UCsi

ISAC AoA, ToA, and Doppler observations are fused by the EKF to obtain the kinematic
state X; ; , and covariance %, ; ;.

7.1. Learning Configuration

The proposed hierarchical CTDE architecture employs one master agent per BS and
one slave agent per active UE. Master actors coordinate RIS codewords, beamforming,
sensing-resource allocation, and neighboring-cell information, while slave actors perform
user association, transmit-power, and user-level beamforming decisions conditioned on the
master output. Discrete actions use Gumbel-Softmax during training and deterministic
feasibility enforcement during execution; continuous power and sensing allocations use
squashed Gaussian policies.

The principal learning parameters are 7 = 0.05, v = 0.99, and { = 0.995 for the
initial entropy temperature, discount factor, and Polyak smoothing coefficient, respectively.
Training uses E = 200 episodes with T = 2000 interaction steps per episode, prioritized
experience replay, a replay buffer of 1) = 2 x 10° transitions, and mini-batch size B = 128.

RIS operation uses Bgig = 3-bit phase resolution, i.e., eight feasible phase levels per
RIS element:

2Bws = 8. (190)

The policy directly selects a predefined RIS codeword index as described in Section 2.1.

7.2. Xn /Backhaul Configuration

Neighboring BSs exchange compact border-user summaries through the Xn interface.
Token-bucket rate limiting restricts the nominal signaling overhead to below 50 kB/s per
neighboring link. The robustness study uses nominal one-way delays

Ti.i € {0,5,10,15,20} ms, (191)
with . = 1.5 ms, maximum accepted information age A, = 25 slots, and packet-loss rate
Ploss = 2%. Since At = 1 ms, A, = 25 corresponds to 25 ms. The reported delay curves

evaluate the specified transport-delay sweep; independent quantitative claims for jitter or
packet-loss sensitivity require corresponding dedicated sweeps.
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7.3. Evaluation Metrics

Performance was evaluated using network energy efficiency (EE, Mbits/]), 5th-
percentile cell-edge throughput (Mbps), inter-cell interference leakage (dB), ping-pong
handover rate (PPHR), training sample efficiency, and EKF covariance trace Tr(X). Learn-
ing results were averaged over ten independent random seeds and reported with 95%
confidence intervals.

7.4. Baseline Methods

To evaluate the proposed HDRL-ISAC framework against both contemporary learning-
based coordination schemes and conventional wireless optimization methods, the exper-
iments consider the following baselines under identical channel realizations, mobility
trajectories, RIS configurations, and resource constraints.

1. Coordinated Beamforming without RIS (CBF w/o RIS): A coordinated beamform-
ing architecture in which the BSs serve mobile users without RIS-assisted passive
phase control.

2. Alternating Optimization with RIS (AO-RIS): A classical block-coordinate optimization
method that alternates between BS digital beamforming and RIS phase optimization.
The resulting continuous RIS phase configuration is projected onto the discrete 3-bit
RIS codebook. Since AO-RIS is an iterative offline optimization method rather than a
policy-learning algorithm, its performance is reported using converged optimization
results rather than RL training episodes.

3. Flat Multi-Agent Reinforcement Learning (Flat-MARL): A non-hierarchical CTDE
multi-agent reinforcement learning architecture in which the agents jointly learn beam-
forming, RIS selection, user association, and power allocation without explicit master—
slave decomposition.

4.  Multi-Agent PPO (MAPPO): A cooperative multi-agent policy-optimization baseline
employing a centralized value function during training and decentralized PPO actors
during execution.

5. Distributed WMMSE with Discrete RIS Projection (WMMSE-RIS): A distributed
weighted minimum mean-squared error (WMMSE) precoding scheme coordinated
through inter-cell message exchange and combined with discrete RIS-codebook selection.

For learning-based methods, convergence was evaluated in terms of training episodes
and the Ngq metric. In contrast, AO-RIS and WMMSE-RIS are iterative optimization methods
and are therefore evaluated using their optimization iterations and converged performance
rather than RL training episodes. This separation avoids an inappropriate comparison
between policy-learning convergence and offline numerical optimization. All simulations
and network training pipelines were conducted on an NVIDIA GeForce RTX A5000 GPU
(22 GB VRAM) and an Intel Core i9-14900 K (24 cores, 3200 MHz) using Python 3.9.13 and
PyTorch 2.0.1 with CUDA 11.7. simulation parameters are summarized in Table 1.

Table 1. Simulation, Training, and Baseline Parameters.

Parameter Value

System Parameters

Number of cells (C) 3/8

BS antennas (M) 8

RIS elements (N) 128

Carrier frequency (f.) 28 GHz
Bandwidth (W) 400 MHz
Noise spectral density (Nj) —174 dBm/Hz
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Table 1. Cont.

Parameter Value

Receiver noise figure 7 dB

Mobility model Gauss-Markov (a4, = 0.75)

User speed (v) 5-50 km/h

CSI estimation SNR 5-20 dB

Rician factor (K 45) 10 dB

Rician factor (Kg) 10 (linear)

RIS phase resolution (Bgs) 3 bits

RIS codebook size (Bg) 8 configurations

Maximum BS power (P,,,,) 30 dBm (1 W)

Circuit power per user (P.) 0.1W

Interference threshold (T') —90 dBm
HDRL-ISAC Parameters

Optimizer Adam

Master actor learning rate («) 1x107*

Slave actor learning rate () 2x1074

Master update frequency Every 3 slave updates

Critic learning rate (77,) 2x107*

Actor architecture

Critic architecture

Hidden-layer activation

Replay buffer (|D])

Mini-batch size (B)

Discount factor (vy)

Polyak update factor (&)

Target policy entropy (J{)

Initial entropy temperature (7)
Gumbel-Softmax temperature (7,)
Entropy learning rate (77,)
Lagrangian learning rate (1, )
Aggregation window (W, )
Neighbor-message budget

EKF process-noise covariance (Qgyr)
Reward weights (#)

Handover penalty (Ayg)

2 hidden layers, 256 units each
2 hidden layers, 256 units each
RelLU

2 x 10° transitions

128

0.99

0.995

-3

0.05

0.5

3x10*

1072

2

<50 kB/s per neighbor

0.10 (normalized /model units)
[0.30,0.25,0.30,0.15]

0.15

MAPPO Baseline Parameters

Optimizer

Actor architecture

Critic architecture

Activation function

Actor learning rate (77,,)

Critic learning rate (77y,)
Discount factor (7)

GAE parameter (Agug)

PPO clipping parameter (€;,)
Entropy coefficient (c.,)
Value-loss coefficient (cy,)
Optimization epochs per update
Mini-batch size

Gradient clipping norm
Observation normalization
Advantage normalization
Reward normalization
Evaluation actions

Adam

2 hidden layers, 256 units each
2 hidden layers, 256 units each
ReLU

3x107*

5x107*

0.99

0.95

0.20

0.01

0.50

10

256

0.5

Running mean and variance
Enabled

Disabled

Deterministic policy
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Table 1. Cont.
Parameter Value
WMMSE-RIS Baseline Parameters
Precoder initialization MRT with power normalization
RIS initialization Best feasible of 8 configurations
Precoder update WMMSE receiver, weight, and precoder updates
RIS update Discrete codebook search with fixed precoder
Optimization strategy Alternating precoder/RIS updates
Relative stopping tolerance (€wnmsg) 1073
Maximum outer iterations (I,,,,) 100
Power constraint Enforce BS power limit
Interference constraint Same applicable system threshold

Communication and Robustness

Xn one-way delay (?jﬁi) 0/5/10/15/20 ms
Xn delay jitter (o) 1.5 ms

Xn packet 1oss (Pys5) 2%

Maximum information age (A,,,) 25 slots (25 ms)
Staleness coefficient (x) 0.15

Control interval (T, ) 1ms

Training and Evaluation

Training episodes (E) 200

Steps per episode (T) 2000

Replay sampling Prioritized Experience Replay
Numerical stability (&) 0.005

Random seeds 10 independent runs
Confidence interval 95%

8. Results and Discussion

The numerical evaluation benchmarks the proposed HDRL-ISAC framework against
Flat-MARL, MAPPO, CBF without RIS, AO-RIS, and WMMSE-RIS under varying user
loads, mobility conditions, RIS quantization levels, CSI quality, and Xn/backhaul transport
delays. Unless otherwise stated, learning-based results use identical training budgets and
random-seed settings.

8.1. Energy Efficiency and Convergence Behavior

Figure 3 presents the average network energy efficiency as a function of training
episodes for the learning-based methods. AO-RIS and WMMSE-RIS are not plotted as
RL training curves because they are iterative optimization procedures rather than policy-
learning algorithms. Instead, their converged performance was shown as horizontal refer-
ence levels.

The proposed HDRL-ISAC framework reaches approximately 6.12 Mbits/] within
75-100 training episodes. MAPPO converges to approximately 5.28 Mbits/] by episode 130,
while Flat-MARL reaches approximately 4.68 Mbits/] after approximately 150 episodes.
CBF without RIS reaches approximately 3.68 Mbits/].

The faster convergence of HDRL-ISAC is attributed to the hierarchical master—slave
decomposition, which separates cell-level coordination from user-level resource allocation,
together with centralized CTDE critic information during training.
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Figure 3. Convergence behavior in terms of average network energy efficiency versus training episodes.

8.2. Impact of User Load on Energy Efficiency

Figure 4 shows the network energy efficiency as the active-user load increases from
K, = 2 to 12 users per cell. The corresponding total number of users is U = CK,;; therefore,
for C = 3, the range corresponds to U = 6-36 users.

6.5

6.0 1

5.5 1

5.0 1

4.5

Average Network EE (Mbits/])

2 3 4 5 6 7 8 9 10 11 12
Active Users per Cell (K)

=@- Proposed HDRL-ISAC =A= Distributed WMMSE = AO-RIS
=il MAPPO Flat MARL =¥ Coord. w/o RIS

Figure 4. Average network energy efficiency versus active-user load per cell K,,.

HDRL-ISAC reaches a peak energy efficiency of 6.12 Mbits/J at K,, = 8. At higher
user loads, performance decreases as inter-cell interference increases and the available BS
transmit power becomes increasingly constrained.
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The reported peak values are 5.40 Mbits/] for MAPPO, 4.72 Mbits/] for WMMSE-
RIS, and 4.72 Mbits/] for Flat-MARL. For the RIS quantization experiment, the proposed
framework achieves 5.55 Mbits/] with a 1-bit RIS at K,, = 8, corresponding to approximately

25 100 = 90.69% 192
m X = . (o} ( )

of the reported 3-bit performance.

8.3. Robustness to Xn/Backhaul Transport Delay

To evaluate the operational robustness of decentralized execution under non-ideal
inter-cell backhaul communication, the trained HDRL-ISAC model is evaluated under
varying Xn transport delays without retraining. Transport latency is swept over 7;_,; €
{0,5,10,15,20} ms with random jitter (¢, = 1.5 ms) and packet drop rate (pj,ss = 2%).

For desirable performance metrics such as energy efficiency (EE) and achievable rate,
the relative degradation is defined as

M(0) — M(7)

DM(T) = W x 100%. (193)

For the proposed policy, EE decreases from 6.12 to 5.44 Mbits/] at 20 ms, giving

6.12 — 5.44
Dig(20) = —5— x 100 = 11.11%. (194)

The delay-unaware baseline decreases from 6.12 to 4.62 Mbits/], corresponding to

6.12 — 4.62
Dﬁgaware(ZO) — T x 100 = 24.51%. (195)

As shown in Figure 5, the proposed policy maintains higher energy efficiency as the
Xn/backhaul transport delay increases. Table 2 summarizes the proposed HDRL-ISAC
performance metrics under different transport delays, while Table 3 compares the energy
efficiency of the proposed policy with the delay-unaware and no-coordination baselines.

Table 2. Proposed HDRL-ISAC performance metrics under Xn backhaul transport delays (¢, = 1.5ms,
A = 25 slots).

. Rate " PPHR
Delay (ms) EE (Mbits/]) (Mbps) Interf. (dB) Loc. Error (m?) (Ratio)
0 6.12 320.5 —28.6 0.42 0.108
5 5.98 3124 -27.8 0.46 0.114
10 5.81 301.6 —26.5 0.53 0.125
15 5.62 288.9 —25.1 0.61 0.138
20 5.44 276.2 —23.8 0.70 0.149

Table 3. Comparison of energy efficiency under Xn transport delay.

Delay (ms) Proposed Delay-Unaware No Coordination
0 6.12 6.12 4.85
5 5.98 5.74 4.85
10 5.81 5.38 4.85
15 5.62 4.96 4.85
20 5.44 4.62 4.85

https://doi.org/10.3390/s26216887


https://doi.org/10.3390/s26216887

Sensors 2026, 26, 6887

44 of 57

w
a

w
=]

N
@

N
=

-
@

-

Relative Degradation (%)
5

0 5 10 15 20

@

=]
g

L
0

10 15 20

Xn One-Way Transport Delay (ms)

=@~ Proposed (Staleness-Aware Fusion)
=~ Delay-Unaware Fusion Baseline

Xn One-Way Transport Delay (ms)

=@- EE Loss (Proposed)
=i EE Loss (Delay-Unaware)

¢~ Rate Loss (Proposed)
Rate Loss (Delay-Unaware)

« A No Coordination Baseline

g—ls

Z < 1.4

E -

4 W12 7

g —20 = .

- b j,

-3

S —221 £ 1.01 L’

2 = s

5] ] = PR

= —24 £ 0.8 "

g - e

g -261 ] -

= £ 0.6 S o8

o ’¢

Q -281 ) ==

3 & 0.4

£ -301- . . . . . . , " "
0 5 10 15 20 0 5 10 15 20

Xn One-Way Transport Delay (ms) Xn One-Way Transport Delay (ms)

@ Proposed (Delay-Aware)
-l- Delay-Unaware Baseline

@~ Proposed (Delay-Aware)
-l- Delay-Unaware Baseline

Figure 5. Energy-efficiency robustness under increasing one-way Xn/backhaul transport delay. The
proposed policy uses staleness-aware neighbor-information fusion, while the delay-unaware policy
does not account for information age.

At 20 ms delay, the delay-unaware policy falls below the no-coordination baseline in
the supplied results. This indicates that, under the tested conditions, stale neighboring-cell
information can become detrimental when information age is not explicitly considered. The
proposed staleness-aware fusion mechanism limits the contribution of outdated summaries
through exponential age-dependent weighting and the maximum information-age threshold.

8.4. End-to-End Execution Latency and Control-Interval Feasibility

To verify that decentralized execution satisfies the system control interval (T, = 1 ms),
we measured the complete per-BS decision pipeline rather than only the actor forward
passes. The online decentralized execution latency is strictly bounded by the control interval
and is decomposed into observation preprocessing, master actor inference, batched slave
actor inference across all active users (K,,), action decoding, codebook projection, and
deterministic feasibility enforcement:

Tlocal =T, + TM

pre actor

+ Tzfctor(Ku) + Tdecode +T T0j + TFE < Tctrl' (196)

P

The measured pipeline captures the EKF update and neighbor-summary fusion, master
inference, batched inference of all K,, slave agents, action decoding, codebook lookup, and
the full feasibility layer, including the repair and fallback branches, which were forced
explicitly to obtain worst-case timings. We evaluated each configuration on 10° slots after a
10? slot warm-up, with hardware synchronization enforced before and after each stage.

Table 4 shows that at the maximum tested load of K,, = 12, the end-to-end P99 latency is
565.4 ps on the NVIDIA RTX A5000 GPU and 1180.5 yis on the Intel Core i9-14900K CPU. This
corresponds to 56.5% and 118.0% of the T, = 1 ms deadline, respectively. While the GPU
implementation executes flawlessly with a 0% deadline-miss rate, the CPU implementation
exhibits a marginal 1.85% deadline-miss rate at maximum load. As demonstrated, the
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feasibility layer (Tgg) accounts for up to 61% of the total CPU execution time, and the
worst-case repair path adds up to 360 us over the nominal path.

Table 4. End-to-end per-BS decentralized execution latency (P99, ps) of the complete pipeline for
C =8, N = 128, including all K, slave agents and the feasibility layer. Xn transport is asynchronous
and excluded. The last two rows show the end-to-end P99 latency and the fraction of slots exceeding

T

C

w1 = 1 ms.

NVIDIA RTX A5000 (GPU)

Intel Core i9-14900K (CPU)

Stage K,=2 K,=4 K,=8 K,=12 K,=2 K,=4 K,=38 K,=12
Tore (EKEF, state, fusion) 45.2 52.8 65.1 80.4 15.6 254 45.8 75.2
TM_(Master inference) 184 184 184 184 112.6 112.6 112.6 112:6
TS, (Batched slave inference) 22.1 24.5 28.3 32.6 1254 135.2 160.8 195.3
T gecode + Toro 12,5 142 18.6 24.1 52 8.5 154 22.8
Tee (Nominal path) 403 75.1 1452 210.5 60.5 110.3 230.1 360.4
Trg (Worst-case repair/fallback) 65.8 120.4 240.5 360.2 110.8 220.5 480.2 720.6
End-to-end P99 Latency (ys) 178.5 250.3 399.2 565.4 395.2 525.8 850.4 1180.5
Deadline-miss rate for 1 ms (%) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.85

Crucially, Xn transport is handled asynchronously and is therefore not on the lo-
cal critical path; its delay only affects the age of the neighbor summary rather than the
neural-network inference time or the feasibility pipeline itself. The resulting performance
degradation due to stale summaries is evaluated separately through the Xn delay robustness
experiment in Section 8.3.

8.5. Edge-User Throughput and Interference Mitigation

Figure 6 reports the 5th-percentile cell-edge user throughput as a function of active-
user density. HDRL-ISAC achieves 462 Mbps at K,, = 2 and maintains 182 Mbps at K, = 12.
MAPPO decreases from 410 to 160 Mbps, while distributed WMMSE decreases from 370 to
138 Mbps. Flat-MARL and AO-RIS provide lower edge-user throughput over the tested
load range.
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Figure 6. 5th-percentile edge-user throughput versus active-user load per cell K,,.
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The ablation without ISAC sensing feedback exhibits a reported 12-18% throughput
degradation across the tested loads. This result is consistent with the role of EKF-based
kinematic information in mobility-aware resource allocation.

Figure 7 presents aggregate inter-cell interference leakage as the number of coordinated
cells increases from C = 1 to 8. HDRL-ISAC reaches —29.9 dB at C = 8, compared with
—25.8 dB for MAPPO, —23.5 dB for distributed WMMSE, and —22.5 dB for AO-RIS.

| | |
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Inter-Cell Interference Leakage (dB)
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Number of Coordinated Cells (C)
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Figure 7. Inter-cell interference leakage versus the number of coordinated cells.

8.6. Mobility, Handover Stability, and Sample Efficiency

Figure 8 evaluates the PPHR as the user velocity increases from 5 to 50 km/h. At
50 km/h, the reported PPHR values were 0.222 for the AO-RIS, 0.230 for the distributed
WMMSE, and 0.192 for Flat-MARL. The HDRL-ISAC remains within the reported range of
0.072-0.118 over the tested velocity range.

Because PPHR is defined as the ratio in Equation (101), the values 0.072-0.118 corre-
spond to 7.2-11.8% when expressed as percentages.

Ablation without the handover penalty resulted in a PPHR of 0.185. This comparison
isolates the contribution of the association stability term to reward.

For learning-based methods, the sample efficiency is evaluated using Ngy, which
is defined as the number of training steps required to reach 90% of the asymptotic per-
formance. As shown in Figure 9, HDRL-ISAC achieves higher sample efficiency, re-
quiring 143-217 training steps to reach 90% of asymptotic performance, compared with
185-280 steps for MAPPO and 218-335 steps for flat-MARL.

8.7. RIS Quantization and CSI Robustness

Figure 10a shows the network energy efficiency as the RIS phase resolution varies from
1 to 4 bits. HDRL-ISAC increases from 5.55 Mbits/] at 1 bit to 6.18 Mbits/] at 4 bits. The

relative change is
6.18 —5.55

5.55
For the reported WMMSE-RIS results, energy efficiency changes from 4.82 to 4.20 Mbits/],
while Flat-MARL changes from 4.75 to 4.05 Mbits/] over the same quantization range.

x 100 = 11.35%. (197)
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Figure 10b evaluates sensitivity to imperfect CSI. HDRL-ISAC decreases from 6.30 Mbits /]
at 20 dB CSI SNR to 5.85 Mbits/] at 5 dB, corresponding to a

6.30 — 5.85

g * 100 =7.14% (198)

degradation.
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Figure 8. Ping-pong handover ratio versus user velocity.
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Figure 9. Sample efficiency measured using the number of training steps required to reach 90% of
asymptotic performance.
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Figure 10. Robustness evaluation: (a) average network energy efficiency versus RIS phase quantization
resolution; and (b) average network energy efficiency versus CSI estimation SNR.

For distributed WMMSE, the reported performance decreases from 4.80 to 3.20 Mbits/]J,
corresponding to a 33.33% reduction, whereas AO-RIS decreases from 4.00 to 2.80 Mbits/J,
corresponding to a 30.00% reduction.

8.8. Sensing Accuracy and Cross-Layer Benefits

Figure 11 shows the evaluation of the EKF kinematic estimation accuracy through the
steady-state covariance trace Tr(ZL; ; ;) as a function of user speed.

HDRL-ISAC reports an estimation covariance of 0.13 m? at 5 km/h, increasing to
0.95 m? at 50 km/h. The reported comparison values at 50 km/h are greater than 3.50 m?
for standalone communication tracking, 1.90 m? for Flat-MARL, and 2.25 m? for AO-RIS.

The master action explicitly includes the sensing-resource allocation variable u; ;, allowing
the policy to adapt sensing resources according to the estimated mobility uncertainty.

EKF Tracking Error vs Speed
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Figure 11. EKF tracking-error covariance trace Tr(X; ;) versus user mobility speed for the evaluated
mobility-aware resource-allocation schemes.

8.9. Distributional Fairness and Per-User Energy Efficiency

Figure 12 presents the empirical CDF of per-user energy efficiency. The reported
median values are 5.85 Mbits/] for HDRL-ISAC, 5.15 Mbits/] for MAPPO, 4.60 Mbits/]J for
distributed WMMSE, 4.55 Mbits/] for Flat-MARL, 4.25 Mbits /] for AO-RIS, and 3.68 Mbits/]
for CBF without RIS.

The reported standard deviations are 0.65 Mbits/] for HDRL-ISAC, 1.05 Mbits/] for
Flat-MARL, and 1.15 Mbits/]J for AO-RIS.
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Figure 12. Empirical CDF of per-user energy efficiency for the proposed HDRL-ISAC framework and
benchmark schemes.

8.10. Empirical Evaluation of Timescale Separation

As analyzed in Section 4.7 (Propositions 1 and 2), our implementation employs constant
learning rates (« = 1x107%, B = 2x107*) and a staggered master update interval (K,p,q = 3
slave steps), yielding a nominal step-size ratio of p = #/f = 0.5 and an effective per-cycle
timescale ratio of peg = &/ (Kypqf) = 1/6 ~ 0.167. Because the theoretical bounds in (150)
and (154) apply to idealized projected recursions rather than Adam-optimized neural
networks, we empirically evaluate the sensitivity to a/f and K,,q (Table 5) and inspect the
evolution of the master and slave actor gradient norms during training (Figure 13).

Evolution of Policy Gradient Norms (Nominal Configuration)

5 = Slave Gradient Norm ||[Vy/s|2
Master Gradient Norm [|[Vg/m|2
1
g
=
=]
-
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E /
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Training Steps (Mini-batch updates)

Figure 13. L, norms of the master and slave actor gradients over the first 150 mini-batch updates
(nominal configuration, single run). The slave norm peaks after each master update and decays over
the following three-update interval, while the master norm changes slowly.
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Table 5. Impact of Timescale Separation Parameters on Performance (C = 8,K
configuration used in this paper is highlighted in bold.

. = 8). The nominal

LR Ratio (/) Master LR («) Update Interval (K,,q) EE (Mbits/]) N,, (Episodes)

1.0 2x107* 1 5.65 145
1.0 2x107* 3 5.82 128
0.5 1x107* 1 591 112
0.5 1x107* 3 6.12 98
0.5 1x10™* 5 6.04 105
0.25 5x107° 3 5.95 118
0.1 2x107° 3 5.70 136
0.1 2x107° 5 5.58 152

8.10.1. Impact of Learning-Rate Ratio and Update Schedule

We systematically varied the master-to-slave learning rate ratio «/8 € {1.0,0.5,0.25,0.1}
and the master update interval Kypa € {1,3,5} slave steps. The base slave learning rate was
fixed at B = 2 x 10~%. Performance is evaluated in terms of steady-state network energy
efficiency (EE) and sample efficiency (Ny,, the number of episodes required to reach 90%
of asymptotic performance).

As shown in Table 5, running both agents on identical timescales (a/f = 1.0, Kypq = 1)
increases non-stationarity, degrading the EE to 5.65 Mbits/] and slowing convergence
(Ngy = 145). Conversely, an overly aggressive separation (a/f = 0.1, Kpq = 5) slows
the master agent’s exploration of the coordinated beamforming and RIS codebooks under
a finite training budget, leading to lower steady-state performance (5.58 Mbits/J). The
nominal configuration (a/B = 0.5, K,q4 = 3) provides the best empirical balance among
the tested settings, consistent with the structural motivation of Section 4.7.

8.10.2. Evolution of Policy Gradient Norms

To confirm that the slave policy stabilizes efficiently relative to the master policy
updates, we tracked the L,-norm of the actor policy gradients, [Vy/pll, and ||V,p Jsllp, over
the course of training for the nominal configuration.

Figure 13 shows the L, norms of the master and slave actor gradients over the first
150 mini-batch updates of the nominal configuration. The slave gradient norm exhibits a
periodic pattern with a period of three updates, matching the master update interval: it
peaks immediately after a master update and then decays over the following slave-only
updates. Within a cycle, the norm falls from about 4.2 to about 1.0 at the beginning of
training (a decrease of roughly 75%), and from about 2.7 to about 0.65 near update 150
(a decrease of roughly 76%). Across cycles, the peak envelope decreases from about 4.2
to about 2.7 and the minimum from about 1.0 to about 0.65. The master gradient norm
decreases slowly from about 2.65 to about 2.0 over the same window, so the slave norm
varies by a factor of roughly 4 within a cycle while the master norm changes by less than
30% over the whole window. These observations indicate that, under the fixed rates of
Table 1, the slave policy adapts on a faster timescale than the master and that its gradient is
reduced between master updates, which is consistent with a quasi-static master. The slave
gradient norm does not approach zero, and a gradient norm is only a proxy for proximity
to a best response. This is therefore empirical evidence.

8.11. Ablation Study

Five ablation variants are evaluated in addition to the complete HDRL-ISAC configura-
tion under identical channel realizations, mobility trajectories, resource constraints, and
training settings:

https://doi.org/10.3390/s26216887


https://doi.org/10.3390/s26216887

Sensors 2026, 26, 6887

51 of 57

1. Full HDRL-ISAC:
The complete hierarchical CTDE framework incorporating EKF tracking, neighbor
message exchange, deterministic feasibility enforcement, and entropy regularization.

2. w/o EKF Sensing: ISAC sensing observations and EKF tracking are removed, forcing
the agents to rely on communication-side channel information.

3. w/o Hierarchy: The master-slave decomposition is removed, and the decision variables
are learned in a single action tier.

4. w/o CTDE: The centralized critic is removed, and the learning process is restricted to
local observations during training.

5. w/o Neighbor Messaging: Inter-BS border-user message exchange through the Xn
interface is disabled.

6. w/o Entropy Regularization: The entropy temperature is set to T = 0.

The average network energy-efficiency trends for the complete HDRL-ISAC framework
and its five component-removal variants are compared in Figure 14.
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== = w/o EKF = = = w/o CTDE == = w/o Entropy Regularization

Figure 14. Ablation analysis of HDRL-ISAC showing average network energy efficiency across training
episodes for the complete model and component-removal variants.

The complete HDRL-ISAC configuration achieved a reported steady-state energy effi-
ciency of 6.12 Mbits/]. Removing the centralized critic (hlw/o CTDE) reduces the reported
energy efficiency to 4.85 Mbits/]. Removing the hierarchical decomposition (w/o Hierarchy)
reduces it to 5.10 Mbits /], while disabling neighbor messaging results in 5.35 Mbits/J.

Without entropy regularization, the reported energy efficiency was 5.75 Mbits/J. Re-
moving EKF sensing reduces the reported energy efficiency to 5.80 Mbits/J] and is associated
with an 18% degradation in cell-edge throughput.

These ablation results indicate the individual contribution of hierarchical coordination,
centralized training, neighboring-cell information, entropy regularization, and sensing-
aware mobility information to the overall HDRL-ISAC performance.

8.12. Limitations and Future Research Directions

Although the proposed HDRL-ISAC framework demonstrates significant performance
improvements for collaborative RIS-assisted multi-cell ISAC networks, several practical
limitations remain. First, the proposed CTDE framework assumes reliable and sufficiently
low-latency neighboring-cell information exchange during both centralized training and de-
centralized execution. Although only compact statistical summaries are exchanged instead
of full CSI, practical backhaul networks may experience transmission delays, packet losses,
or synchronization errors that could affect coordination efficiency under highly dynamic
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network conditions. Second, the current framework adopts EKF-based mobility prediction
with a constant-velocity motion model. While this assumption is suitable for a wide range
of mobile scenarios, highly nonlinear user trajectories or abrupt mobility changes may
require more advanced state-estimation techniques or learning-based mobility prediction
models. Third, although the proposed hierarchical architecture substantially improves
scalability compared with conventional flat MARL, centralized training still requires ac-
cess to global observations and periodic retraining when network characteristics change
significantly. Developing continual learning, transfer learning, or online adaptation mecha-
nisms would further improve long-term adaptability in evolving wireless environments.
Finally, the proposed framework is evaluated through comprehensive simulations under
realistic 3GPP-inspired network settings. Experimental validation using hardware testbeds
or software-defined radio (SDR) platforms remains an important direction for verifying the
practical deployment feasibility of the proposed HDRL-ISAC framework in future multi-cell
6G ISAC systems.

These limitations provide several promising directions for future research, including
asynchronous CTDE learning, delay-aware inter-cell coordination, adaptive mobility predic-
tion, continual reinforcement learning, large-scale experimental validation, and extensions
to larger heterogeneous 6G ISAC networks.

9. Conclusions

This paper proposed an HDRL-ISAC to address the challenging joint optimization prob-
lem in dense multi-user and multi-cell RIS-assisted 6G wireless networks. The proposed
framework combines a CTDE architecture with a master—slave hierarchical multi-agent
design to jointly optimize coordinated base station beamforming, collaborative RIS phase
control, user association, and transmit power allocation under dynamic user mobility
and imperfect CSI. By incorporating ISAC-assisted state tracking, EKF-based mobility pre-
diction, and lightweight inter-cell message passing, the proposed framework effectively
improves coordination among neighboring cells while maintaining scalable decentralized
decision-making. The simulation results demonstrated that the proposed HDRL-ISAC
framework consistently outperforms representative conventional optimization and flat
MARL approaches. Specifically, it achieves up to 35% higher energy efficiency, reduces
inter-cell interference leakage by up to 6 dB, and lowers ping-pong handovers by up to 40%.
Crucially, the proposed architecture achieves approximately 1.8x faster training convergence
than flat MARL and other learning-based baselines while bypassing the prohibitive online
computational delays associated with iterative conventional optimization methods. Fur-
thermore, the proposed framework maintains robust performance under coarse RIS phase
quantization and imperfect CSI, demonstrating its practicality for realistic 6G deployments
with hardware and channel uncertainties.
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Abbreviations

The following abbreviations and mathematical notation are used in this manuscript:

BS Base station

RIS Reconfigurable intelligent surface

UE User equipment

EKF Extended Kalman filter

EE Energy efficiency

SINR  Signal-to-interference-plus-noise ratio
RL Reinforcement learning

DRL Deep reinforcement learning

CTDE  Centralized training and decentralized execution
ISAC Integrated sensing and communication

G; BS-RIS channel matrix

h;, RIS-UE channel vector

d;, Direct BS-UE channel vector
e RIS phase-shift matrix

(] Quantized RIS phase matrix
Wi BS beamforming vector

A User association indicator

P; BS transmit power

EE;; User energy efficiency

et Inter-cell interference

T, Inter-cell interference threshold
X; i EKEF state estimate

Ik EKEF state covariance matrix

Ky Linear Rician fading factor

KR ap Rician fading factor in dB

K, Number of active users per cell
k Individual user index

mt(als)  Stochastic policy
Q(s,a) State—action value function

1.7 Soft Bellman evaluation operator
A Soft Bellman optimality operator
0% Discount factor

T Entropy temperature

dy,ds  Master/slave hidden-layer widths
Ly,Ls  Master/slave network depths

Appendix A. Network Architecture

This appendix summarizes the neural network architecture. Unless otherwise stated,
the same configuration is used for every simulation scenario to ensure fair comparison
among all benchmark methods.

Table A1l. Actor—Critic Network Architecture.

Layer Actor Critic

Input State Dimension State + Action Dimension
Hidden Layer 1 256 ReLU 256 ReLU
Hidden Layer 2 256 ReLU 256 ReLU

Output Action Dimension Single Q-value
Output Activation Gumbel-Softmax/Tanh Linear
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Appendix B. Hyperparameter Sensitivity Analysis

This appendix presents the sensitivity analysis of the proposed HDRL-ISAC frame-
work with respect to the principal reinforcement learning, communication, and sensing
hyperparameters. The objective is to evaluate the robustness of the proposed framework
under different parameter settings while identifying the optimal configuration adopted
throughout the paper. Each result is averaged across 100 independent Monte Carlo runs,
Table A2 demonstrates that the proposed HDRL-ISAC framework is robust to moderate
variations in both reinforcement learning and communication parameters.
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Table A2. Sensitivity of HDRL-ISAC Performance to Training, System Hyperparameters, and Reward Weights.

Hyperparameter

Tested Values

EE
(Mbit/J)

Conv. Ep.

Rate
(Mbps)

Interf.
(dB)

EKF Trk.
(m?)

PPHR
(Ratio)

Hierarchical Actor—Critic Training Parameters

Learning-Rate Ratio («/f)
Master Update Interval (Kpq)
Critic LR (770)

Network Width (dy4, ds)
Replay Buffer Size (|D])

Mini-Batch Size (B)
Polyak Update Factor (¢)

Discount Factor ()

1.0,0.5,0.25,0.1

1,3,5
1074,2x107%,5x 1074,
10-3

128, 192, 256, 384, 512

5x 104, 10°, 2 x 105,
5x 10°

64,128, 256, 512
0.990, 0.995, 0.998
0.95, 0.97, 0.99, 0.995

5.82,6.12,5.95,5.70
591, 6.12, 6.04
5.92,6.12,5.80, 5.55

5.71,5.93,6.12, 6.05,
5.99

5.83,5.98, 6.12, 6.09

5.89,6.12,6.02,5.93
5.94,6.12, 6.04
5.81,5.97,6.12, 6.08

128, 98, 118, 136
112,98, 105
109, 98, 123, 145

118, 106, 98, 101, 109
126, 111, 98, 104

116, 98, 105, 119
112,98, 108
114, 106, 98, 103

310.5, 320.5, 315.8,
305.2

315.4, 320.5, 312.8

314.5, 320.5, 312.0,
301.5

305.4, 314.2, 320.5,

318.5,315.0

310.1, 315.5, 320.5,
318.0

312.4, 320.5, 318.2,
314.5

315.5, 320.5, 316.8

308.5, 315.2, 320.5,
318.4

—27.4, -28.6, —=27.8,
—26.9

—27.9, -28.6, =27.5

—28.0, —28.6, —27.4,
—26.1

—26.5, —27.8, —28.6,

—28.2, =279

—27.1, -28.0, —28.6,
—28.5

—27.5, -28.6, —28.2,
—27.8

—28.1, —28.6, —28.2

—26.8, —27.8, —28.6,
—28.3

0.48, 0.42, 0.45, 0.52
0.44, 0.42, 0.45
0.45, 0.42, 0.46, 0.52

0.50, 0.45, 0.42, 0.43,
0.44

0.47,0.44, 0.42, 0.43

0.46,0.42,0.43, 0.45
0.44,0.42,0.43
0.48,0.45, 0.42, 0.43

0.125, 0.108, 0.115,
0.131

0.112, 0.108, 0.115

0.111, 0.108, 0.116,
0.128

0.122,0.114, 0.108,

0.110, 0.112

0.119, 0.112, 0.108,
0.109

0.116, 0.108, 0.111,
0.114

0.111, 0.108, 0.110

0.121, 0.114, 0.108,
0.110

Entropy-Regularized Policy Parameters

Entropy Temp. (7)

0.02, 0.05, 0.10, 0.20

5.86,6.12,5.99, 5.78

116, 98, 107, 130

312.0, 320.5, 315 .4,

—27.8, —28.6, —28.0,

0.45,0.42,0.44, 0.51

0.112, 0.108, 0.115,

302.5 -265 0.135
Gumbel-Softmax Temp. (7,) 1.0,0.7,0.5,0.3 5.88, 6.01, 6.12, 5.95 110, 103, 98, 108 305.8, 314.5,320.5, —265,-279, ~286, 0.48, 0.45, 0.42, 0.44 0.130, 0.115, 0.108,
8 316.2 —28.1 0.112
ISAC and Inter-Cell Communication Parameters
Neighbor Msg Budget (kB/s) 20, 35, 45, 49 5.82,6.01,6.12, 6.13 115, 103, 98, 96 2024, 3051 3205 TS IS B0 05,045,042, 041 0135011, 0-108,
. ) 316.5, 320.5, 318.2, —28.2, —28.6, —28.4, 0.112,0.108, 0.110,
Aggregation Window (W,g,) 1,2,3,5 591, 6.12, 6.08,5.96 108, 98, 101, 109 3105 o0 0.44, 0.42, 0.43, 0.50 012>
EKF Process-Noise Cov. (Qgyr) 0.05, 0.10, 0.20, 0.50 5.77,6.12, 5.95, 5.70 120, 98, 109, 133 310.8, 320.5, 314.5, —27.8,-286, =280, 0.52, 0.42, 0.48, 0.65 0.118, 0.108, 0.115,
301.2 —265 0.128
Reward Weight Parameters (Z]tl 1 = 1;nominal # = [0.30,0.25,0.30, 0,15])
Energy-Efficiency Wet. (77;) 0.15, 0.30, 0.45 5.91, 6.12, 6.05 110, 98, 104 325.2, 320.5, 305.4 —27.1,-28.6, —26.8 0.45,0.42, 0.55 0.112,0.108, 0.115
Rate Weight (17,) 0.10, 0.25, 0.40 5.96, 6.12, 6.04 106, 98, 103 290.5, 320.5, 335.8 —29.1, —28.6, —25.4 0.40, 0.42, 0.50 0.105, 0.108, 0.120
Interf.-Suppression Wgt. (173) 0.15, 0.30, 0.45 5.90, 6.12, 6.07 111, 98, 102 328.4,320.5, 301.2 —225,-28.6,—31.2 0.44, 0.42, 0.43 0.115, 0.108, 0.102
EKF Tracking Weight (17,) 0.05, 0.15, 0.25 5.98, 6.12, 6.06 105, 98, 102 315.6, 320.5, 308.5 —27.8,-28.6, —28.1 0.85,0.42, 0.31 0.125, 0.108, 0.101
Handover Penalty Wgt. (Ayo) 0.05, 0.15, 0.25 6.01, 6.12, 6.08 103, 98, 101 322.1,320.5, 312.4 —28.0, —28.6, —27.5 0.41,0.42, 0.45 0.185, 0.108, 0.075
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