
30 May 2026

POLITECNICO DI TORINO
Repository ISTITUZIONALE

Multi-Armed Bandit Learning for ISAC Systems in Time-Varying Environments / Taricco, Giorgio. - In: IEEE WIRELESS
COMMUNICATIONS LETTERS. - ISSN 2162-2337. - (2026). [10.1109/lwc.2026.3696048]

Original

Multi-Armed Bandit Learning for ISAC Systems in Time-Varying Environments

IEEE postprint/Author's Accepted Manuscript

Publisher:

Published
DOI:10.1109/lwc.2026.3696048

Terms of use:

Publisher copyright

©2026 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any
current or future media, including reprinting/republishing this material for advertising or promotional purposes, creating
new collecting works, for resale or lists, or reuse of any copyrighted component of this work in other works.

(Article begins on next page)

This article is made available under terms and conditions as specified in the  corresponding bibliographic description in
the repository

Availability:
This version is available at: 11583/3011327 since: 2026-05-24T12:20:06Z

IEEE



1

Multi-Armed Bandit Learning for ISAC Systems in
Time-Varying Environments

Giorgio Taricco, Fellow, IEEE

Abstract—Integrated sensing and communication (ISAC) sys-
tems aim to jointly perform data transmission and environmental
sensing, leading to coupled and often conflicting design objectives.
This paper investigates a lightweight online learning framework
for ISAC based on multi-armed bandit (MAB) algorithms. A
finite beam codebook is used for sequential beam selection,
while the sensing–communication trade-off is captured through a
normalized reward combining communication rate and a CRLB-
based sensing metric. To address time-varying environments,
a sliding-window UCB strategy is adopted for beam selection
and the trade-off parameter is adapted online on a slower
timescale. Numerical results under abrupt changes, gradual drift,
and multiple change points show that the proposed approach
tracks environmental variations and improves dynamic-regret
performance over fixed-α and stationary baselines.

Index Terms—Integrated sensing and communication (ISAC),
multi-armed bandits, online learning, beamforming.

I. INTRODUCTION

The rapid evolution of wireless networks toward sixth-
generation (6G) systems is driving the convergence of commu-
nication and sensing functionalities into a unified framework
known as Integrated Sensing and Communication (ISAC) [1].
By enabling a single platform to perform data transmission
and environmental sensing, ISAC improves spectral efficiency,
reduces hardware redundancy, and supports applications such
as autonomous driving, smart cities, and human activity recog-
nition. Despite its potential, ISAC introduces significant design
challenges. Communication and sensing objectives are inher-
ently coupled and often conflicting. For instance, beamforming
strategies that maximize communication rate may be subop-
timal for sensing accuracy, while radar-oriented waveforms
may degrade communication performance. This leads to a
fundamental trade-off that must be dynamically managed.
The problem is further complicated by uncertainty and time
variability in wireless environments. Channels are affected by
fading, interference, and mobility, while sensing performance
depends on unknown and evolving target parameters. Many
conventional optimization approaches rely on accurate models
and slowly varying assumptions, which are often unavailable
or impractical in real-time ISAC systems. Learning-based ap-
proaches provide a promising alternative. In particular, Multi-
Armed Bandit (MAB) algorithms offer a principled framework
for sequential decision-making under uncertainty [2], [3]. In
the ISAC context, transmission configurations such as beam-
forming vectors, waveforms, or power levels can be treated

G. Taricco is with the Department of Electrical and Telecommunications
Engineering, Politecnico di Torino, 10129 Torino, Italy.
E-mail: giorgio.taricco@polito.it.

as bandit arms, while observed communication and sensing
metrics define the reward, enabling online adaptation without
explicit environmental models.

In this paper, we focus on adaptive beam selection in time-
varying ISAC environments with a finite beam codebook and
fixed waveform and transmit power. The proposed framework
uses a sliding-window bandit algorithm for non-stationary
beam selection and a slower outer adaptation of the sensing–
communication trade-off parameter. A normalized reward is
used so that the communication and sensing terms can be
combined consistently despite their different scales.

A. Related Literature

Multi-armed bandit (MAB) methods have been investigated
for several ISAC and beam-management problems. They
have been applied to ISAC optimization, including user–
target pairing and interference management [4], beam selection
using contextual bandits with deep learning and sensing side
information [5], beam alignment and tracking in mmWave
systems [6], and radar-assisted beam selection via sensing-
aided search-space reduction [7]. Beyond bandit formulations,
model-based and reinforcement learning approaches have been
proposed for ISAC waveform and resource optimization [8],
while related MAB techniques address beam tracking and
rate adaptation in directional wireless systems mainly for
communication performance [9].

In contrast, this paper embeds a CRLB-based sensing objec-
tive into a non-stationary bandit formulation and studies online
adaptation of both the beam index and the trade-off parameter.
The emphasis is on a lightweight model-free method suitable
for real-time implementation.

II. SYSTEM MODEL

We consider a monostatic ISAC system operating over
discrete time slots t = 1, . . . , T , where a transmitter simul-
taneously performs communication and sensing.

As illustrated in Fig. 1, the monostatic ISAC transmitter
serves both communication and sensing functions within the
same hardware platform. At each slot, the system selects an
action at ∈ A corresponding to a transmission configuration
defined by a beamforming vector wt ∈ CNt , a waveform
st(n), and transmit power Pt. The transmitted signal is given
by

xt(n) =
√
Pt wt st(n). (1)

The received signal at the communication user is

yt(n) = hH
t xt(n) + zt(n), (2)
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Fig. 1. Illustration of the monostatic ISAC system model. The transmitter
sends a communication waveform toward the user while simultaneously
probing the environment and receiving echoes from surrounding targets.

where ht denotes the channel vector and zt(n) is Gaussian
additive noise with distribution CN (0, σ2). The corresponding
achievable rate is

Rcomm
t = log2

(
1 +

Pt|hH
t wt|2

σ2

)
. (3)

For sensing, the transmitted signal is reflected by the targets
back to the transmitter. Let a(θ) ∈ CNt denote the transmit
array steering vector associated with spatial angle θ. Consider-
ing a linear array with element positions xk and wavenumber
κ ≜ 2π/λ, the steering vector is

a(θ) =
1√
Nt

(
ejκx1 sin θ, ejκx2 sin θ, . . . , ejκxNt sin θ

)T
. (4)

The sensing observation is modeled as

ysense
t (n) =

Kt∑
k=1

ψk,ta(θk,t)a
H(θk,t)xt(n−τk,t)+nt(n), (5)

where ψk,t, θk,t, and τk,t represent the reflection coefficient,
angle, and delay of the kth target, respectively. The sensing
performance is quantified using a CRLB-based metric de-
rived from the Fisher information matrix (FIM). Let θt =
(θ1,t, . . . , θKt,t)

T denote the vector of target angles. The FIM
is approximated by a diagonal matrix

Jt = diag(J1,t, . . . , JKt,t), (6)

where each diagonal element

Jk,t =
2

σ2
s

|wH
t a

′(θk,t)|2 (7)

captures the sensitivity of the received signal with respect to
the angle θk,t (here, a′(θ) denotes the derivative of the steering
vector with respect to the angle and σ2

s is the sensing noise
variance). This approximation neglects cross-terms between
different targets and provides a tractable surrogate for the
estimation accuracy. Therefore, the sensing term should be
interpreted as a tractable beam-dependent surrogate rather
than as an exact multi-target CRLB in the presence of target
coupling. A scalar sensing metric is then defined as

Rsense
t = −tr(J−1

t ), (8)

so that lower estimation variance corresponds to higher reward.

Since Rcomm
t and Rsense

t have different scales and physical
units, they are normalized before aggregation using fixed
bounds associated with the considered beam codebook and
system setup. For a generic metric xt(a) defined on A, let
xmin and xmax denote fixed lower and upper normalization
bounds, and define

xt(a) 7→ x̄t(a) ≜
xt(a)− xmin

xmax − xmin + ε
, (9)

where ε > 0 avoids division by zero. This normalization is
applied to both Rcomm

t (a) and Rsense
t (a), with separate bounds

for the two metrics. The overall reward is then written as

rt = αtR̄
comm
t (at) + (1− αt)R̄

sense
t (at), (10)

where αt ∈ [0, 1] controls the sensing–communication trade-
off. The system operates under uncertainty due to time-
varying channels, unknown target parameters, and noise. Con-
sequently, the reward associated with each action is stochastic
and may evolve over time. The action space A is assumed
finite, enabling a direct bandit formulation with the objective
of maximizing the expected cumulative reward while adapting
to environmental changes.

III. BANDIT FORMULATION AND LEARNING ALGORITHM

The beam-selection problem is modeled as a non-stationary
stochastic multi-armed bandit over the finite beam set A. Each
arm corresponds to a transmission configuration. In the general
formulation, a transmission configuration is defined by the
tuple u ≡ (w, s, P ), where w ∈ CNt is the beamforming
vector, s is the transmit waveform, and P is the transmit power.
In the numerical study, s and P are fixed, so each bandit arm
a ∈ A corresponds only to one beamforming vector from the
finite codebook. When beam at is selected at time t, the system
observes a stochastic normalized reward of the form

rt = µat,αt,t + νt, (11)

where µa,α,t is the time-varying expected reward associated
with beam a and trade-off value α, and νt accounts for channel
fading, sensing uncertainty, and noise. The corresponding
expected reward is

µa,α,t = E
[
αR̄comm

t (a) + (1− α)R̄sense
t (a)

]
. (12)

Since the environment is time varying, the learning perfor-
mance is evaluated through the dynamic regret

Rdyn
T =

T∑
t=1

(
µ∗
t − E[rt]

)
, µ∗

t = max
a∈A, α∈Γ

µa,α,t, (13)

where Γ ⊂ [0, 1] denotes the admissible set of trade-off values.
Since αt is selected online by the controller, the dynamic
oracle is defined over the product action space A× Γ.

To adapt to non-stationarity, a sliding-window upper-
confidence-bound (SW-UCB) algorithm is used for beam
selection. For each beam a, let NW

a (t) and µ̂W
a (t) denote,

respectively, the number of selections and the empirical aver-
age reward over the most recent W slots. The beam selected at
slot t maximizes the sliding-window UCB index among beams
with positive window count, while beams with zero window
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Algorithm 1 Two-timescale SW-UCB for adaptive beam selection
1: Initialize the beam codebook A, the trade-off set Γ, the window

length W , and the outer update period B.
2: For initialization, select each beam once using a fixed trade-off

parameter αinit and record the corresponding normalized rewards.
3: for t = 1, 2, . . . , T do
4: if t ∈ {1, B + 1, 2B + 1, . . . } then
5: Compute NB

α (t) and µ̂B
α (t) for all α ∈ Γ.

6: if there exists α ∈ Γ such that NB
α (t) = 0 then

7: Select one such trade-off value αt.
8: else
9: Set αt = argmaxα∈Γ

(
µ̂B
α (t) +

√
2 log b(t)

NB
α (t)

)
.

10: end if
11: else
12: Set αt = αt−1.
13: end if
14: Compute NW

a (t) and µ̂W
a (t) for all a ∈ A.

15: if there exists a ∈ A such that NW
a (t) = 0 then

16: Select one such beam at.
17: else
18: Select at = argmaxa∈A

(
µ̂W
a (t) +

√
2 log t
NW

a (t)

)
.

19: end if
20: Observe Rcomm

t (at) and Rsense
t (at), normalize them, and form

rt = αtR̄
comm
t (at) + (1− αt)R̄

sense
t (at).

21: Update the sliding-window statistics of the selected beam and
the current αt.

22: end for

count are explored first. The trade-off parameter is adapted
online over the finite admissible set Γ. An outer SW-UCB
learner updates αt every B slots using the previous block-
average reward, while the inner learner updates the beam every
slot. For beam selection, let NW

a (t) denote the number of
times beam a was selected in the most recent W slots before
time t, and let µ̂W

a (t) denote the corresponding empirical mean
normalized reward. At the outer timescale, let NB

α (t) denote
the number of previous blocks in which trade-off value α was
selected, let µ̂B

α (t) denote the corresponding empirical mean
block reward, and let b(t) denote the current block index. Arms
with zero count in the relevant statistics are explored before
applying the corresponding UCB index. This structure reflects
that beam selection reacts to faster environmental variations,
whereas αt is updated on a slower system-level timescale.

Standard alternatives such as ε-greedy, stationary UCB,
Thompson sampling, contextual bandits, and discounted or
sliding-window variants are well known in the MAB litera-
ture [10]–[14]. Here we focus on SW-UCB because of its low
complexity and its ability to discount outdated observations in
piecewise-stationary environments.

IV. NUMERICAL RESULTS

We consider a monostatic ISAC system with Nt = 8
transmit antennas and a finite codebook of K = 25 beams
uniformly located from −60◦ to +60◦ in 5◦ steps. The wave-
form and transmit power are fixed, so each arm corresponds
to one beamforming direction. The horizon is T = 2000, the
baseline SNR is 10 dB, the sliding-window length is W = 120,
and the outer update period is B = 20 slots. The trade-
off parameter is adapted online from the finite admissible
set Γ = {0.1, 0.2, . . . , 0.9}. The communication channel and

target angles follow von Mises models with concentration
parameters ξc = 205 and ξs = 821, corresponding approx-
imately to angular spreads of 4◦ and 2◦. We consider three
non-stationary scenarios: (i) an abrupt change at t = 1000,
where the channel mean changes from −10◦ to 22◦, and
the target means change from (−18◦, 12◦) to (8◦, 28◦); (ii)
a gradual drift over [800, 1200] between the same values; and
(iii) changes at t = 700 and t = 1400, where the channel
and target means follow the same transitions forward and
backward. The baseline comparisons are averaged over 16
Monte Carlo trials using common random realizations across
different algorithms, while the parameter sweeps use 10 trials.

Figure 2 shows the learning behavior in the abrupt-change
scenario. The left panel reports the average cumulative dy-
namic regret for the proposed SW-UCB with adaptive αt,
fixed-α SW-UCB baselines, and stationary UCB. The adaptive
scheme achieves the lowest cumulative dynamic regret and
outperforms stationary UCB after the change point. The right
panel shows that αt evolves over time instead of collapsing to
a fixed value, supporting the outer adaptation loop.

Figure 3 summarizes the performance corresponding to the
three non-stationary scenarios for W = 120. The left panel
reports the cumulative dynamic regret at t = T , while the
right panel reports the mean normalized reward over the last
200 slots. The adaptive-αt method yields the best or nearly
best regret in all scenarios and the highest late-time reward,
showing that the adaptive trade-off remains beneficial under
abrupt changes, gradual drift, and repeated transitions.

Figure 4 reports sensitivity to the main simulation parame-
ters in the abrupt-change scenario. The left and middle panels
show the window and SNR sweeps with raw values and
smoothed trends. The right panel reports the mean normal-
ized reward over the last 200 slots versus the number of
beams. The window sweep indicates that W = 120 gives a
favorable reactivity–noise trade-off, while the SNR and beam-
count sweeps show higher late-time reward as communication
conditions and angular resolution improve.

V. CONCLUSION

This paper investigated a lightweight bandit-based approach
for online beam selection in time-varying ISAC systems.
A normalized communication–sensing reward was combined
with a two-timescale sliding-window UCB algorithm, where
the beam is updated at every slot and the trade-off parameter is
adapted on a slower timescale. Numerical results under abrupt
changes, gradual drift, and multiple change points showed
that the proposed adaptive-αt strategy improves dynamic-
regret performance and steady-state reward relative to fixed-α
and stationary baselines. Future work includes extending the
framework to richer sensing models and to joint adaptation of
beamforming, waveform, and power.
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