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The spectrum congestion problem

A

The number of systems using
radio frequencies increases all
the time

Most transmissions originate
from radar and
communications systems

One solution: enable radar and
communications systems to
share spectrum resources

« Coexist and co-operate
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Integrated Sensing & Communications (ISAC)

Paradigm shift: integration of radar and
communications into unified ISAC systems

» Both functions potentially operated on
the same hardware, portion of the
spectrum, and waveforms

« Multifunction transceiver, circuit and
antenna resources

Reduce the system cost and power
consumption while also mitigating
congestion in the radio spectrum

A key new technology envisioned for the
emerging 6G wireless networks
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ISAC waveform design and resource management

Radar objectives

Communications objectives
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throughput
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ISAC design should account both radar and communications objectives!
+ Objectives may be conflicting - balancing trade-offs needed
+ E.g., via multi-objective or constrained optimization
Left figure: Multibeam Antenna Technologies for 5G Wireless Communications — W. Hong et al., 2017. 31.3.2026

Right figure: AESA radar — Pan-domain multi-function capabilities for future systems — F. Alfonso et al., 2013.



From per-slot optimization to sequential decision-making

Majority of literature treat resource allocation problems in radar Observation

and communications as per-slot optimization problems

» Decision-maker

Problem model —

S Decision
Optimization .
algorithm > Solution
Problem ]
parameters State
Environment <
Several weaknesses with this approach:
* May require accurate knowledge of the model parameters Modeling resource allocation as sequential decision-making allows
(e.qg., perfect CSI and target locations) developing algorithms that
« Cannot capture the inherent sequential and dynamic » Consider long-term objectives

nature of the resource allocation tasks , , ,
» Learn from experiences in real-time

« Cannot learn from past experiences L _ _
* Handle the stochasticity in observations and environment

+ May suffer from modeling deficits dynamics in a rigorous manner




Reinforcement Learning (RL)

Agent
* Reinforcement Learning (RL) methods solve sequential Observation
decision-making problems via machine learning-based > Action
mechanisms
« Task is to maximize cumulative sum of rewards given the >
Reward

observed feedback from the environment
* Most RL methods do not require any knowledge about
* Environment dynamics

| ()
 Observations models A

e Rewards

(
RL methods could be used to address inherent ((‘é’)) Ei ‘

complexity, modeling deficits, and highly ? Gon
dynamic nature of ISAC resource management
problems Environment
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Model-based RL for ISAC resource allocation

Properties of typical ISAC resource allocation
problems that make applying RL difficult:

» The decision spaces are very large and involve discrete Policy
and continuous variables

» Trial-and-error interactions with the environment are Planning Acting
costly
Model-free

» The environment state is not fully observable ,
learning

Model-based RL.:

O Related to the field of control theory Model Experience

O Enables exploiting rich structural information about 2

communications and radar systems

O Avoids tedious real-world trial-and-error interactions via
predicting rewards and states using the model Model learning

0 Use learning only where it gives added value!
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Practical examples of model-based RL in ISAC resource
allocation
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Frequency resource allocation under dynamic interference

Resources to allocate

Non-Cooperative ¢
System User Eqmpment (UE) Adversarial g £ %
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interference
Sub-carrier / resource block
Downlmk
communication
Target
Unintentional
((( ’)) interference ((‘ ’))
4= === Objective
Monostatic
_________ Sensing ] ) .
oo sharing Maximize sensing mutual information (Ml)
Cooperative ) Subject to communications M| constraint
System Integrated Sensing And
Communications (ISAC) System
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Frequency resource allocation under dynamic interference

o , Objective

Optimization algorithm Maximize sensing mutual information (M)

Gy (0¢41,a:,bye) Subject to communications MI constraint
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Integrated Sensing And
Communications (ISAC) System
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#— MBRL (GLM)
—3— MBRL (FNN)

=== Sample-efficient MFRL
Per-slot optimization

Frequency resource allocation under dynamic interference

MBRL methods, and sample
efficient MFRL are proposed in our
publications!
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(a) Average sensing MI in different interference scenarios.
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(b) Average communications MI in different interference scenarios.

1) MBRL methods offer faster convergence speeds than the sample-efficient MFRL method
2) MFRL method may achieve better performance in static scenarios with large number of

training samples
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s

N
Practical examples of model-based RL in ISAC resource

allocation
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Joint frequency—beamspace resource allocation

Comms. users

Commes.
beams

Sensing
beams

(&)
N <

Integrated Sensing And
Communications (ISAC) System

Resources to allocate

: comms. allocations
Blue cells: sensing allocations

Beams

Sub-carriers or resource blocks

Each beam—frequency resource unit determines functionality
(sensing/communication), transmit power, and user assignment for

communications.
Radar targets

Objective

Maximize long-term radar objective supporting search-
and-track operation
Subject to communications rate constraints for each user

31.3.2026
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Joint frequency—beamspace resource allocation
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Joint frequency—-beamspace resource allocation

Pseudo-myopic control strategy (learning-based policy)

Optimism under

. Thompson sampling
uncertainty

. Weight between algorithm:
le: '
g"nCIpt.e od | search_and_track Sampled hypothetlca|
verestimated long- operations new targets from the

term tracking rewards

posterior
Belief state b, \ l o

arg rrfx Er(by,ay) + ur(by)Es(by, ay)
arc

S.t. Uk(bt,at) 2 0 Vke [K],

T

Greedy strategy for the communications constraints (no exploration
needed due to decoupled channel estimation scheme)
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Joint allocation of beam and frequency resources

Proposed model-based RL method
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Conclusions

Integrated radar sensing and communications system benefit from intelligent waveform design
and resource management

« Particularly useful in dynamic and congested spectrum environments

Model-based RL enables

* Learning from experiences in real-time for continuous and autonomous performance improvements

« Exploiting rich knowledge on communications and radar systems as well as their operational environments

* Avoiding tedious trial-and-error process required by the model-free RL

Methods shown to be data-efficient and practical in multicarrier & multiantenna ISAC

Potential future research directions:

» Decision-making in distributed ISAC systems

* Real-world implementations & demonstrations

31.3.2026
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