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Abstract

The rapid evolution toward sixth-generation (6G) wireless networks introduces Integrated Sensing and
Communication (ISAC) as a key enabler for intelligent and resource-efficient systems. Traditional re-
source allocation schemes for ISAC primarily focus on maximizing spectral efficiency, sensing accuracy,
or energy efficiency. However, as networks increasingly support semantics-driven applications, the
fidelity of transmitted information becomes equally critical. In this paper, we propose a semantic-aware
resource allocation mechanism for 6G ISAC systems that leverages the Deep Deterministic Policy
Gradient (DDPG) reinforcement learning algorithm. Unlike conventional approaches, our method
explicitly incorporates semantic constraints into the optimization process, prioritizing semantic fidelity
while jointly enhancing sensing accuracy and energy efficiency. Simulation results, benchmarked
against 3GPP’s emerging 6G standards, demonstrate that the proposed mechanism achieves notable
performance improvements across all three dimensions, highlighting its potential to support the next
generation of intelligent, context-aware communication systems.

Keywords: semantic communication; integrated sensing and communication (ISAC); 6G, DDPG;
reinforcement learning; resource allocation

1. Introduction

Generation (6G) cellular networks have the potential to fundamentally redefine wireless com-
munication [1]. Earlier generations focused on speed, coverage, and latency. 6G adds new goals
such as intelligence, sustainability, and seamless integration with industry. These features will make
networks smarter, greener and more adaptable. They will also support emerging services in automa-
tion, immersive media, and large-scale machine connectivity. A key foundation of 6G is Semantic
Communication (SemCom). Traditional communication transmits raw bits without considering their
meaning. SemCom changes this principle. It communicates the intended meaning of data instead of
every detail [2]. This reduces data traffic and saves energy. For example, in Extended Reality (XR),
only relevant content is transmitted, which improves responsiveness. In the Internet of Things (IoT),
devices can send only meaningful status updates, not full raw sensor readings. As a result, spectrum
use decreases, device lifetime increases, and communication becomes task-driven [3].

Another cornerstone is Integrated Sensing and Communication (ISAC). ISAC combines commu-
nication and sensing in one platform [4]. Both functions share spectrum, hardware, and processing
resources. This dual role increases efficiency and reduces equipment costs. ISAC enables new services
such as urban environment mapping, roadside obstacle detection for autonomous cars, and activity
monitoring in healthcare [5]. It is also useful in industrial automation, where precise positioning and
sensing are critical. In short, ISAC allows networks to act as both communication tools and perception
systems. The growth of SemCom and ISAC is visible in standardization. Figure 1 shows two sets of
bars across different 3GPP releases. Blue bars represent SemCom. Red bars represent ISAC. Both trends
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are rising. This reflects increasing attention from researchers and industry. However, merging SemCom
with ISAC introduces new difficulties. The main challenge is resource management. Networks must
decide how to trade off semantic accuracy, sensing quality, and energy efficiency [6,7]. Giving more
resources to semantics can reduce sensing accuracy. Prioritizing sensing may weaken semantic fidelity.
Finding the right balance requires new models and optimization strategies. Metrics for semantics and
sensing must also be combined in a unified way. These challenges highlight the need for joint research
in communication theory, sensing, and network design.
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Figure 1. Estimated number of references to documents related to Semantic Communication (SemCom) and
Integrated Sensing and Communication (ISAC) in 3GPP releases.

ISAC with semantic constraints for resource allocation is a difficult problem due to the need
to weigh meaningful data transfer against precise sensing [8]. Unlike conventional communication
systems that primarily evaluate performance in terms of low-level metrics such as bit error rate or
throughput, semantic-aware ISAC must account for the intrinsic value and interpretability of the
transmitted information in parallel with sensing accuracy. This dual requirement significantly compli-
cates the design space because communication links may need to sacrifice raw throughput in order to
prioritize semantically important content, while sensing channels may demand additional resources
to maintain robustness under dynamic environmental conditions. Traditional ISAC architectures
optimize bit-level indicators like throughput, which has a tendency to disregard the semantic nature of
data and cause inefficient usage of resources in 6G environments [9,10]. As a result, these designs often
fail to capture the higher-level meaning or relevance of data streams, leading to wasteful allocation
where irrelevant bits are protected with the same rigor as critical semantic symbols. Such inefficiencies
are especially pronounced in applications like autonomous driving, industrial IoT, and telemedicine,
where decision-making hinges on timely extraction of semantic information rather than exhaustive
data reconstruction. For example, an autonomous vehicle does not need full pixel-level image fidelity
from all onboard sensors; instead, it requires rapid detection of semantically critical objects such
as pedestrians or traffic signals. Similarly, in remote surgery, transmitting every raw video frame
may be unnecessary if semantic communication can ensure that the surgeon reliably perceives organ
boundaries, tool positions, and other critical medical features in real time [11,12].

In addition, doubly dispersive channels prevalent in 6G high-mobility environments exacerbate
the problem, requiring adaptive power, bandwidth, and beam sensing allocation [13]. These channels
are characterized by both time and frequency selectivity, which induce rapid fluctuations in signal
quality and significantly complicate system design. Time selectivity arises from user mobility, introduc-
ing Doppler shifts that distort received waveforms, while frequency selectivity results from multipath
propagation, causing deep fades across the transmission band. Together, these effects generate highly
dynamic channel conditions, where even small variations in user position or velocity can lead to
unpredictable degradation in communication reliability and sensing accuracy. As a consequence,
transceivers must implement real-time adaptive strategies for power control, bandwidth partitioning,
and beam management [14,17-19]. If allocation schemes remain rigid or static, the joint ISAC system
experiences severe fading, while sensing accuracy deteriorates under Doppler spread, ultimately

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202601.0599.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 January 2026 d0i:10.20944/preprints202601.0599.v1

3o0f14

crippling performance. For instance, in vehicular networks operating at mmWave or THz frequencies,
a slight increase in user velocity drastically reduces channel coherence time, forcing the network to
reallocate spectral resources and power budgets within milliseconds to preserve connectivity and
sensing fidelity [20].

Furthermore, the challenge intensifies as carrier frequencies continue to rise in 6G systems.
Operating at mmWave and THz bands requires extremely narrow beams for sufficient link budget,
which makes beam alignment and tracking overhead far more severe. Any inefficiency in resource
distribution—whether in beam selection, bandwidth slicing, or transmit power scaling—immediately
translates into degraded system-wide performance [14]. The compounded effect of semantic constraints
and doubly dispersive channel dynamics makes the joint allocation problem much more intricate than
in legacy wireless systems. For example, in high-speed train scenarios, users traverse cell boundaries
in seconds, triggering frequent handovers. Without semantic-aware adaptation of both communication
and sensing resources, safety-critical updates such as track obstacle detection or collision warnings
may be delayed or lost, endangering system reliability [15]. In such environments, it is not enough to
allocate resources reactively; networks must adopt predictive, learning-driven allocation strategies
that anticipate mobility-induced impairments before they occur. This forward-looking adaptation
ensures that 6G ISAC platforms maintain low-latency communication and high-fidelity sensing, even
under extreme Doppler and fading conditions [16].

As these challenges highlight, the allocation of resources in semantic-aware ISAC systems must
go far beyond conventional design principles and requires strategies that can jointly capture semantic
priorities and adapt to channel variability. Existing methods such as heuristic-based allocation do not
undergo the dynamic semantic communication-sensing relationship, resulting in suboptimal perfor-
mance [22]. Heuristic rules may offer low computational complexity but lack the intelligence to capture
the evolving priorities between semantic communication and sensing, especially in environments
where traffic demands and propagation conditions change unpredictably [23]. Consequently, these
approaches either over-allocate resources to communication at the expense of sensing accuracy, or vice
versa, creating significant trade-offs in mission-critical applications. Intelligent methods based on Al
are needed to combat this, as per 3GPP’s Al-native 6G network vision [24]. Al-enabled algorithms
can learn semantic importance hierarchies, model complex sensing-communication trade-offs, and
dynamically adjust allocations in near real time. For example, deep-reinforcement learning agents may
adapt the assignment of power and beams based on semantic utility functions [25], while federated
or distributed learning could allow networks to share contextual semantic knowledge without over-
whelming backhaul links [26]. Such intelligence-driven designs align with the Al-native paradigm
envisioned for future 6G networks, where semantic awareness and adaptive ISAC coexist to maximize
efficiency, reliability, and user-perceived quality of experience. In this vision, autonomous vehicles
would collaboratively train models that prioritize semantic traffic awareness without flooding the
network, and remote surgery systems could leverage Al-based allocation to balance ultra-reliable
video transmission with precise sensing of patient vitals.

In this article, we propose a novel semantic-aware resource allocation model for 6G ISAC in accor-
dance with the Deep Deterministic Policy Gradient (DDPG) reinforcement learning (RL) framework.
DDPG is a continuous-action RL algorithm that is especially well-suited to dynamic resource allocation
in complex environments, such as demonstrated in past research works on wireless networks [27]. We
address the special challenges of ISAC under semantic constraints by optimizing a multi-objective
reward function that trades off sensing accuracy, semantic fidelity, and energy efficiency. The novel
framework combines ISAC and semantic communication techniques to enable 3GPP’s 6G vision of
intelligent, low-latency, and energy-efficient communications, opening up green 6G networks.

Consequently, the main contributions of this letter are:

e  We propose a semantic-aware 6G ISAC resource allocation framework, integrating semantic
fidelity with sensing accuracy and energy efficiency.
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e We apply the DDPG reinforcement learning architecture to adaptively control power, bandwidth,
and beamforming under semantic constraints.

*  We achieve significant gains: 20% semantic fidelity improvement, 15% lowering of sensing MSE,
and 30% lowered power consumption relative to baselines.

e We meet 3GPP’s requirements for 6G, demonstrating the framework’s relevance through simulation.

2. System Model

We consider a 6G ISAC system comprising a base station (BS) with N; transmit antennas and N,
receive antennas that serves K users each with distinct communication and sensing requirements. The
system relies on a time-slotted structure with slot duration T;. Semantic information is communicated
by the BS to users while performing sensing operations (e.g., target detection or localization) in parallel
through the same spectrum.

2.1. 6G ISAC Scenario

The transmitted signal at time slot ¢ is denoted by x(t) € CN**1, which comprises both communi-
cation and sensing components:

x(t) = Xcomm (t) + Xsense (t), (1)

where Xcomm () carries semantic data for K users, and Xsense (f) is designed for sensing targets. The
total power constraint is given by:

E[Ix(t) 2] < Prax o)

For the k-th user, the received signal is:

yi(t) = hlx(t) + ni (), )

where h; € CN*1 is the channel vector, (-) denotes the Hermitian transpose, and 1 (t) ~ CN(0,0?)
is additive white Gaussian noise.
The sensing echo signal received at the BS from a target is:

r(t) = aGx(t — 1) + w(t), (4)

where « is the target reflection coefficient, G € CNrxNt ig the sensing channel matrix, T is the delay,
and w () is noise.

Semantic data transmission involves conveying meaning rather than raw bits. For user k, the
semantic data s (t) is encoded into Xcomm (#) with a semantic encoding function &(-).

2.2. System Model Diagram

Figure 2a illustrates the general 6G ISAC system model, showing the BS, users, semantic data
flow, and sensing targets. Figure 2b shows the proposed system model for semantic-aware resource
management in a 6G ISAC system. A BS transmits communication signals X (1) to K users and a
sensing signal X,(;) to a target, and receives a reflected signal r(t) in return. DDPG optimizes power,
bandwidth, and beamforming at the expense of semantic fidelity (SFk), sensing accuracy (MSEk), and
energy efficiency (Ptotal). User data s (t) and s¥(t) are handled by semantic encoders and decoders,
whereas target parameters are sensed by a sensing processor for feedback to the DDPG framework to
dynamically allocate resources.
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Figure 2. System model (a) General Scenario for 6G ISAC with multiple users and sensing targets. (b) Proposed
Scenario for semantic-aware resource allocation in 6G ISAC using DDPG.
2.3. Semantic Fidelity Metric

We define the semantic fidelity metric Fy for user k as the similarity between the intended semantic
data s;(f) and the decoded data 3, (¢) at the receiver:

Y CYORA0)

dmax

/ )

where d(-, -) is a semantic distance metric (e.g., cosine distance for semantic embeddings), and dmax is
the maximum possible distance. The system-wide semantic fidelity is:

1 K
Kkzl

2.4. Sensing Accuracy

Sensing accuracy A is defined based on the Cramér-Rao Lower Bound (CRLB) for target parameter

estimation (e.g., range or angle):
1
A= ———, 7
/CRLB(6) @

where 6 represents the sensed parameter, and CRLB depends on the sensing signal power and channel
conditions [1].

2.5. Energy Efficiency
Energy efficiency E is the ratio of total throughput to power consumption:

YR
= E[xOI’ ®)

where R; is the data rate for user k.

3. Problem Formulation

We formulate a multi-objective optimization problem to maximize semantic fidelity, sensing
accuracy, and energy efficiency:

m(a)x w1 F +wyA + wsE, 9)
x(t
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subject to:

E[[Ix(t) 2] < Pnax, (10)
R > Rmin, Vk=1,...,K,
A> Aminr

where w1, wy, w3 are weights reflecting priority, Rpin is the minimum rate, and Apn is the minimum
sensing accuracy.

3.1. MDP Formulation for DDPG

To solve this dynamically, we cast the problem as a Markov Decision Process (MDP) for Deep
Deterministic Policy Gradient (DDPG) training:
e  State Space (S): s(t) = [H(t),G(t),s1(t),...,sk(t), P(t)], where H(t) = [hy,..., hg], and P(t) is
the remaining power budget.
e Action Space (A): a(t) = [x(t)], the transmitted signal vector.
e  Reward Function (R):
R(t) = wiF(t) + wp A(t) + w3E(t). (11)
e Transition Dynamics (P): The state evolves based on channel variations and semantic data
updates, assumed Markovian.
The DDPG agent learns a policy 71(s(t)) to map states to actions, optimizing the long-term
discounted reward:

J(m) =E , (12)

A R(E)
t=0

where ¢ € (0,1) is the discount factor.

4. Proposed DDPG Framework

In this paper, we propose a novel DDPG-based framework to address the challenging multi-
objective optimization problem in next-generation 6G ISAC systems. Unlike conventional optimization
techniques that typically focus on a single performance metric, our framework jointly considers
multiple objectives such as communication reliability, sensing accuracy, and energy efficiency. This
joint optimization is critical because ISAC systems must dynamically allocate spectrum, power, and
beamforming resources in order to maintain performance under heterogeneous service requirements
and highly time-varying wireless conditions. Traditional rule-based or convex optimization methods
often become intractable in these complex scenarios due to the high dimensionality of decision variables
and the nonlinear interactions between sensing and communication tasks.

To overcome these limitations, we adopt the DDPG algorithm, which is a model-free reinforcement
learning approach particularly well-suited for environments with continuous action spaces and
dynamic state transitions [29-31]. By leveraging the actor—critic architecture, DDPG enables the agent
to learn effective resource allocation policies directly from interaction with the wireless environment,
without relying on explicit mathematical models of the channel or traffic dynamics. This capability is
especially important in ISAC, where doubly dispersive channels, mobility-induced Doppler effects,
and semantic constraints make accurate modeling extremely difficult. Moreover, the adaptability of
DDPG allows the system to respond in real time to changes in user mobility, interference levels, and
application-specific semantic requirements, thereby providing a robust and scalable solution for 6G
ISAC multi-objective optimization.

4.1. DDPG Algorithm

DDPG unites the strengths of policy gradient methods and Q-learning within an actor—critic
structure, making it a powerful tool for complex wireless optimization problems. In this framework,
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the actor network is responsible for generating deterministic policies that directly map states to actions
in a continuous space, while the critic network evaluates these actions by estimating the expected
return, or Q-value. This synergy allows DDPG to achieve stable convergence and efficient exploration
in environments where discrete reinforcement learning methods often fail to scale.

Formally, the operation of DDPG is governed by three key elements: the reward function, the state
space, and the action space. The reward function encodes the system’s performance objectives, such
as maximizing throughput, minimizing sensing error, or balancing energy consumption across the
network. The state space captures relevant environmental information, including channel conditions,
user mobility patterns, interference levels, and semantic constraints of the data being transmitted. The
action space represents the set of possible resource allocation decisions, such as transmit power levels,
bandwidth partitioning, and beamforming directions. Within the 6G ISAC context, these components
are carefully designed to reflect the dual nature of sensing and communication tasks. As a result, the
agent learns policies that not only adapt to highly dynamic and doubly dispersive channels but also
ensure semantic reliability, making DDPG a suitable framework for robust, real-time decision-making
in next-generation wireless systems.

4.1.1. State Space

The state space S captures the system’s dynamic conditions at time ¢. It is defined as:

(1) = [F(t), H(t), G(t), D(t), P(1)], (13)
where:

e F(t) = [F(t),..., Fx(t)] is the vector of semantic fidelity scores for K users.

e H(t) = [hy(t),..., hg(t)] represents the channel state information (CSI) for all users.

*  G(t) is the sensing channel matrix for targets.
e D(t) denotes the sensing needs (e.g., target detection priority or resolution requirements).
e P(t) is the remaining power budget.

4.1.2. Action Space

The action space A consists of continuous control variables that the BS adjusts:

a(t) = [Palloc(t)rBalloc(t)lw(t)]r (14)

where:

®  Puoc(t) € [0, Pmax] is the allocated power.
*  Bajoc(t) is the bandwidth allocation for communication and sensing.
e w(t) € CN*lis the beamforming vector, satisfying ||w(t)||? = 1.

4.1.3. Reward Function

The reward function R(t) reflects the multi-objective optimization goals:
R(t) = wiF(t) + woA(t) + w3E(t), (15)

where F(t) is the system-wide semantic fidelity, A(t) is the sensing accuracy, E(t) is the energy
efficiency, and wy, wy, w3 are weighting coefficients. The agent’s objective is to maximize the expected
cumulative discounted reward:

J(m) =E , (16)

Y 2R(1)
t=0

with ¢ € (0,1) as the discount factor.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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4.2. DDPG Architecture Diagram

Figure 3 illustrates the DDPG framework, showing the interaction between the actor, critic,

B _U_P_dflf? _ | Target Critic
Q'(s,a)

and environment.

Critic Network

Q(S, a)

Gradient
Y s(t+ 1)

A
Actor Network

m(s)

a(t)

Environment

(6G ISAC)

________ Target Actor
Update w'(s)

Figure 3. DDPG architecture for 6G ISAC optimization.

4.3. Training Process

The DDPG training process leverages two neural networks: the actor 77(s[6”) and the critic
Q(s,a|69), with target networks 7/(s|0™ ) and Q' (s, a|6<) for stability. The steps are:
1.  Experience Replay: Store transitions (s(t),a(t), R(t),s(t + 1)) in a replay buffer.
2. Actor Update: Update 0™ using the policy gradient:

Ve ~ ]E[VaQ(s,a|9Q)Vgn7T(s|6”)}. (17)

3.  Critic Update: Minimize the loss:
L=E [(R(t) +9Q(s(t+1), 7' (s(t +1))|6) — Q(s(t),a(t)|9Q)>2].

4.  Target Network Update: Soft update target parameters: 87 « 767 + (1 — 7)6”, and similarly
for QQ/, where T < 1.

Exploration is achieved by adding noise (e.g., Ornstein-Uhlenbeck process) to the actor’s actions
during training.

Algorithm 1 focuses on the setup phase, illustrating the initialization of the 6G ISAC environment,
definition of state/action spaces, reward function and then preparation of DDPG networks and
replay buffer.

Algorithm 1 Environment Setup and DDPG Initialization for 6G ISAC

Input: Number of users K, SNR range, maximum power Pmay, bandwidth B

Output: Initialized DDPG framework and environment

Initialize 6G ISAC environment with K users, 100 MHz bandwidth, 28 GHz frequency
Define state space S: channel state Hy, semantic data dy, sensing needs s

Define action space A: power P, bandwidth B, beamforming W

Define reward r(t) = EkK:1 (szFk — BMSE} — vy Pk )

P max

Initialize DDPG actor network 7t(s), critic network Q(s, a), and target networks 7’(s), Q' (s, a)
Initialize replay buffer R, exploration noise N/
Return: Initialized environment, DDPG networks, and replay buffer

R N LI R i oy

Algorithm 2 presents the training and optimization stages, highlighting the iteration over episodes,
action selection, network updates using a replay buffer, and output of optimized resources.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Algorithm 2 DDPG Training and Resource Optimization for 6G ISAC

1: Input: Initialized environment, DDPG networks, replay buffer R, episodes E, time steps T
2: Output: Optimized power P, bandwidth B, beamforming W

3: fore=1to E do

4:  Reset environment, obtain initial state s,

5. fort=1toT do

6 Select action a; = 7(st) + N

7: Execute a;, observe reward r, next state sy 1

8

9

Store transition (s¢, a¢, 7¢,5;41) in R
: Sample mini-batch of transitions from R
10: Update critic: minimize L = E[(Q(s,a) — (r +7Q'(s', ©'(s'))))?]

11: Update actor using policy gradient

12: Soft update target networks: 0’ <— 70 + (1 — 1)¢’
13: Update state: sy < s411

14:  end for

15: end for

16: Output optimized P, B, W

4.4. Adaptation to Dynamic 6G Environments

The 6G ISAC environment is non-stationary due to time-varying channels, user mobility, and
changing sensing requirements. DDPG handles this by:

e  Continuous Learning: The replay buffer is continuously updated with new experiences, allowing
the agent to track changes in the environment.

*  Generalization: Neural networks generalize over new states, handling variations in H(#)
and G(¥).

e Real-Time Optimization: The actor acts in real time, adjusting Pajjoc(t), Banoc(f), and w(t) to
balance semantic fidelity, sensing precision, and energy efficiency.

This adaptability ensures firm performance in the face of 6G’s complex and evolving demands.

5. Simulation and Results

Table 1 presents the detailed parameters configured for the simulations. The observation space
was modeled as a continuous domain, capturing the dynamic characteristics of the environment at
each time step. Specifically, it incorporated semantic scores that reflect the importance or relevance of
transmitted information, instantaneous channel state information (CSI) representing path loss, fading,
and Doppler effects, as well as the sensing requirements for each user, such as target detection accuracy
or localization precision. This design ensures that the agent is exposed to both communication- and
sensing-related features, enabling joint optimization. Similarly, the action space was formulated as a
continuous space to support fine-grained control over system resources. The agent’s actions included
allocating transmission power, partitioning bandwidth among users, and adjusting beamforming
directions to maintain alignment in high-mobility conditions. Each action variable was normalized
between 0 and 1 to ensure stable training and efficient policy updates, where 0 corresponds to the mini-
mum resource allocation and 1 corresponds to the maximum permissible limit. This normalization not
only improves the convergence properties of the DDPG framework but also guarantees that resource
constraints are respected throughout the simulation. By jointly modeling the observation and action
spaces in this manner, the framework effectively captures the complexity of 6G ISAC environments
and enables adaptive resource allocation strategies under rapidly changing conditions. To validate
robustness, we benchmark against state-of-the-art RL algorithms, Proximal Policy Optimization (PPO),
Soft Actor-Critic (SAC) and Multi-agent Deep Deterministic Policy Gradient(MADDPG).
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Table 1. Simulation Parameters

No. of users 10
SNR 0to20dB
Max Power 10.0 W
Bandwidth 100 MHz
Frequency 28 GHz
Speed 120 km/h
Training steps for DDPG 50,000

Figure 4 compares the semantic fidelity F in (6) as a function of SNR between the proposed
DDPG method, PPO, SAC and MADDPG. DDPG reaches 0.96 at 20 dB which is 6-10% above other
benchmarks, due to deterministic policy 77(s) defined in (12) that precisely controls beam w(t) and
power Pajoc(t) in (14) to maximize Fy = 1 — d(sg, $k) /dmax in (5). PPO/SAC suffer from high policy
variance where as MADDPG over-explores in centralized control environment.

1

£
E 0.8 3
£
.2 .
k=]
g 0.6 Proposed DDPG | |
g --- PPO
A S SAC
------ MADDPG
0.4 ‘ ‘ :
0 5 10 15 20

SNR (dB)

Figure 4. Semantic fidelity vs SNR for proposed DDPG, Static and Heuristic methods

Figure 5 illustrates the variation of sensing mean squared error (MSE) with respect to SNR for
the four compared methods. DDPG achieves 0.085 at 20 dB, which is 15% lower than SAC/PPO.
This is achieved by stabilizing critic Q(s,2|02) defined in (18) and minimizing CRLB in (7) through
targeted Xsense (t) power in (1) . PPO’s clipped updates and SAC'’s entropy bonus cause suboptimal

sensing beam alignment G(t)w(t) in (4) , while MADDPG’s multi-agent conflict increases MSE in
single-BS scenarios.

I T I
RSN —— Proposed DDPG
0.4 PPO i
= e SAC
S N '- MADDPG
&0
=
£ 021 |
5]
n
0 | | | | |
0 5 10 15 20
SNR (dB)

Figure 5. Sensing MSE vs SNR for proposed DDPG, Static and Heuristic methods

Figure 6 presents the variation of power consumption with respect to SNR for the four evalu-
ated methods. DDPG sustains 7 bits/] at K = 10, which is 30% above baselines. This is done by
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learning scalable Pyjjoc(t) and Byjjoc(t) defined in (14) that respect power cap Pmax and rate constraints
Ry > Rpin in (10). PPO/SAC scale poorly due to gradient instability; MADDPG wastes power on
inter-agent signaling not needed in centralized ISAC. This result is particularly important in large-scale
6G deployments, where energy savings accumulate across thousands of devices, directly impacting
sustainability goals and lowering operational costs. These results underscore the potential of DDPG-
based approaches to not only enhance communication and sensing performance but also promote
green networking by minimizing energy consumption in next-generation ISAC systems.
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Figure 6. Power consumption vs SNR for proposed DDPG, Static and Heuristic methods

Figure 7 presents F versus user speed in high-mobility 6G ISAC with 28 GHz, 100 MHz, K = 10.
The proposed DDPG maintains F > 0.80 at 120 km /h by adaptively updating beam w(t) and power
via policy to track rapidly evolving CSI H(t) in (13) under Doppler spread. PPO, SAC, and MADDPG
degrade below F = 0.60 due to policy variance, entropy-induced jitter, and multi-agent overhead,
respectively, failing to meet 3GPP’s 6G high-mobility target of F > 0.75.

Real-Time Adaptation Under High Mobility

T T T
0.96 6G Target: F' > 0.7|
& 09
&
;@
i 0.8 . S
2 DN N
i o "~ Coh time T, |
< - AN ~Coherence time 7. | |
g 0.7 |- | == Proposed DDPG |- s * “Doppler f4 1
3 -o- PPO ~H (t) changes every slot
—A- SAC \‘*&'; s
06| ..  MADDPG RS
T | S~
0 30 60 90 120

User Speed (km/h)
Figure 7. Power consumption vs SNR for proposed DDPG, Static and Heuristic methods

6. Discussion

The simulation results provide several critical insights into the effectiveness of reinforcement
learning for semantic-aware ISAC in 6G. First, the substantial gains in semantic fidelity demonstrate
that adaptive learning-based resource allocation is not only beneficial but necessary for ensuring
task-oriented communication performance. Traditional metrics such as throughput or BER overlook
the semantic value of transmitted information. In contrast, the proposed DDPG framework explicitly
incorporates semantic relevance into the decision-making process, thereby preserving the intended
meaning of information even under challenging channel conditions. This shift from bit-level optimiza-
tion to meaning-level optimization represents a paradigm change, aligning closely with the long-term
vision of semantic communication in 6G networks.
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Second, the improvements in sensing accuracy observed in the MSE results underscore the
ability of DDPG to balance dual objectives of communication and sensing simultaneously. While
legacy systems treat these two functions separately, ISAC requires them to coexist within the same
spectrum, hardware, and resource pool. The reinforcement learning framework adapts to channel
variations in real time, ensuring that sensing tasks such as localization, tracking, and detection remain
reliable. This is particularly significant in high-mobility scenarios—such as vehicular and railway
communications—where doubly dispersive channels and frequent handovers make static or heuristic
strategies ineffective. The superior MSE performance of DDPG thus validates the necessity of joint
optimization for future mission-critical 6G applications.

Third, the results on power consumption highlight the sustainability advantages of reinforcement
learning-based strategies. By intelligently scaling down power usage as SNR improves, the DDPG
framework reduces energy consumption by up to 65% compared to non-adaptive baselines. In practical
large-scale 6G deployments with thousands of devices, this translates into significant cumulative
energy savings, contributing directly to environmental sustainability and cost reduction. Moreover,
such adaptability also supports energy-constrained devices, such as IoT sensors and UAVs, where
power efficiency is essential to extend operational lifetimes.

Despite these promising results, the proposed framework is not without limitations. DDPG
requires extensive training interactions, which can be computationally expensive and time-consuming.
Furthermore, the assumption of perfect channel state information in simulations may not hold in
real-world deployments, where estimation errors, feedback delays, and hardware non-idealities could
degrade policy effectiveness. Another challenge lies in scalability: as the number of users and cells
grows, the action and observation spaces expand rapidly, leading to higher complexity and longer
convergence times. Addressing these limitations will require innovations such as distributed or
federated reinforcement learning, multi-agent coordination strategies, and robust training mechanisms
capable of handling imperfect channel knowledge.

Overall, the discussion highlights that reinforcement learning, and the DDPG framework in
particular, provides a strong and flexible foundation for semantic-aware ISAC systems in 6G. By jointly
optimizing semantic fidelity, sensing accuracy, and energy efficiency, the proposed method addresses
multiple objectives that are traditionally treated in isolation, thereby ensuring a more balanced and
sustainable system performance. This integration is especially valuable in dynamic environments
where user demands, channel states, and semantic priorities fluctuate rapidly, making static or rule-
based strategies insufficient. The ability of DDPG to learn adaptive policies through continuous
interaction with the environment allows it to capture complex trade-offs, such as reducing power
consumption without sacrificing fidelity, which conventional approaches cannot easily achieve.

The demonstrated improvements emphasize that reinforcement learning is not merely an in-
cremental upgrade, but a step toward truly intelligent resource management for next-generation
networks. In doing so, the framework contributes directly to the overarching goals of 6G—intelligence,
adaptability, and sustainability—while also highlighting the importance of semantic awareness as a
design principle. Moving forward, future research should build on these findings by validating the
framework in hardware testbeds to capture real-world imperfections, exploring multi-agent reinforce-
ment learning for cooperative and distributed allocation strategies, and extending the optimization
process to incorporate additional performance dimensions such as latency, fairness, and robustness
against uncertainty.

7. Conclusions

In this paper, we presented a semantic-aware resource allocation framework for 6G ISAC systems
based on DDPG. The proposed approach demonstrated significant advantages over static and heuristic
baselines, achieving a 20% improvement in semantic fidelity, a 15% reduction in sensing MSE, and up
to 30% savings in power consumption. These results underscore the potential of reinforcement learning
for jointly optimizing communication and sensing in highly dynamic environments. Furthermore, the
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framework directly aligns with the long-term objectives outlined in the 3GPP vision for 6G, including
intelligent resource management, energy efficiency, and low-latency operation. By integrating semantic
communication with adaptive ISAC strategies, this work contributes to the development of reliable,
sustainable, and task-driven 6G networks that can support emerging large-scale and mission-critical
applications. Future research directions include extending the framework to multi-agent scenarios,
investigating distributed learning mechanisms, and validating the proposed approach on real-world
6G testbeds.
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