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Abstract—In this work, we propose a novel integrated sens-
ing and communication (ISAC) framework for connected and
autonomous vehicles (CAVs), which incorporates digital semantic
communication (SemCom) to achieve both reliable commu-
nication and accurate sensing. Within this framework, the
transmitting vehicle extracts semantic symbols from the source
data and transmits them over orthogonal frequency division
multiplexing (OFDM) sub-carriers, while simultaneously utilizing
echo signals for radar-based environmental sensing. To achieve
reliable SemCom, the transmitter must jointly optimize the
quantization bitwidth for semantic symbols, the modulation
order, the power allocation across semantic symbol dimensions,
and the transmit beamforming strategy. These optimizations
must also consider sensing performance, leading to a tradeoff
between radar sensing and task-oriented SemCom. To address
this joint optimization problem, we decompose it into three
subproblems and develop corresponding solutions: 1) a hier-
archical constrained proximal policy optimization (H-CPPO)
algorithm to determine the quantization bitwidth, modulation
order, and power allocation under frequency-flat channels, 2) a
joint beamforming strategy to optimize the dual-function radar-
SemCom transmit beamforming vector, and 3) a semantic
importance-based signal-to-noise ratio (SNR) matching strategy
that effectively adapts the optimal power allocation obtained
under frequency-flat conditions to fading channels with random
gains. Simulation results on a road image segmentation task
show that, the proposed SemCom scheme achieves near-optimal
segmentation accuracy while reducing radar beamforming error
by up to 82% compared to the conventional digital system using
the same quadrature phase shift keying (QPSK) modulation.
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I. INTRODUCTION

UTURE sixth-generation (6G) communication systems

are expected to support a variety of intelligent appli-
cations such as vehicle-to-everything (V2X) communication,
autonomous driving, and smart cities, that require not only
massive connectivity but also high-precision sensing capabil-
ities [1], [2], [3], [4]. To address these demands, integrated
sensing and communication (ISAC) has emerged as a key
enabling technology for 6G. ISAC allows the dual use of radio
signals and infrastructure for both communication and sensing
functions. However, the inherent tradeoff between communica-
tion and sensing performance imposes fundamental limitations
on both functionalities, presenting significant challenges for
the design of efficient ISAC systems.

Recent research has extensively explored performance
tradeoffs in ISAC system optimization. Studies such as
[5] and [6] have investigated transmit beamforming designs,
with [5] examining both separated and shared antenna deploy-
ments and formulating weighted beamforming optimizations
under various constraints, while [6] proposed a joint beam-
forming model for multiple-input multiple-output (MIMO)
radar-communication systems that optimizes radar perfor-
mance while ensuring user signal-to-interference-plus-noise
ratio (SINR) thresholds. However, these works primarily focus
on beamforming strategies and overlook the impact of wave-
form randomness on overall performance. Another line of
research, including [1], [7], [8], [9], [10], [11], and [12],
has addressed ISAC waveform optimization to characterize
the communication-sensing tradeoff. Reference [7] introduced
the Cramér-Rao Bound (CRB)-rate region, revealing both
subspace and deterministic-random tradeoffs. The authors in
[1] extended this to multicast communication and multi-target
sensing scenarios. In [8], the authors formulated a power
allocation problem to minimize transmit power under detection
probability and quality of service constraints, revealing the
tradeoff between detection probability and achievable rate.
Reference [9] established a capacity-Bayesian CRB framework
for orthogonal frequency division multiplex (OFDM) systems,
demonstrating the asymptotic optimality of Gaussian inputs.
Reference [10] employed mutual information as a unified
metric for multi-antenna multi-carrier systems, and [11] devel-
oped a deep learning-based approach for joint waveform and
beamforming optimization. Reference [12] further investigated
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joint waveform design and sub-carrier allocation in multi-user
MIMO ISAC. Despite these contributions, existing waveform
optimization methods remain incompatible with practical dig-
ital communication systems, as they assume arbitrary symbol
distributions to approach theoretical bounds, whereas practical
systems employ structured constellations such as phase shift
keying (PSK) or quadrature amplitude modulation (QAM)
constellations.

In contrast, [13], [14], [15], [16], [17], [18], [19], [20], [21]
have incorporated practical system constraints into ISAC joint
optimization. For instance, [13] proposed and experimentally
validated waveform designs suitable for dual-functional data
transmission and radar sensing. In [14], the authors introduced
a sensing-integrated discrete Fourier transform spread OFDM
(SI-DFT-s-OFDM) system for Terahertz ISAC, achieving a
5 dB bit error rate (BER) gain over conventional OFDM while
maintaining millimeter-level range and decimeter-per-second-
level velocity estimation accuracy. Reference [15] developed
a minimum-BER precoder for orthogonal time frequency
space (OTFS)-based ISAC under transmit power and sensing
constraints. Theoretical analyses in [16] established OFDM as
the globally optimal cyclic prefix (CP)-based waveform for
minimizing ranging sidelobes with QAM/PSK constellations.
Reference [17] demonstrated that symbol phase randomness
has negligible impact on OFDM ambiguity functions, favoring
PSK for sensing. This results is reinforced by [18], where PSK
was shown to be mutual-information-optimal for radar. Refer-
ence [19] further validated that uniform PSK power allocation
minimizes outlier probability in delay-Doppler estimation.
However, while PSK is favorable for sensing, it is detrimental
to reliable communication due to its higher BER compared
to QAM. To address this, [20], [21] explored probabilistic
constellation shaping (PCS) for dynamic tradeoffs. Reference
[20] compared geometric, probabilistic and joint constellation
shaping for OFDM-ISAC systems using an autoencoder frame-
work. Reference [21] proposed a QAM-based PCS to enhance
sensing performance. Nevertheless, PCS sensing performance
inevitably degrades with increasing modulation order.

Driven by advances in deep learning, semantic communica-
tion (SemCom) has emerged as a game-changing technology
for scenarios involving large-volume data transmission under
constrained communication resources [22], [23]. As a promis-
ing enabler for 6G, SemCom focuses on conveying semantic
features extracted from the source data, substantially reduc-
ing transmission overhead. By learning the properties of the
wireless channel, it enhances transmission robustness and,
supported by knowledge bases, ensures reliable task execution
[24]. Due to its high efficiency and robustness, SemCom
mitigates the tradeoff between sensing and communication
in ISAC systems, achieving superior sensing performance
while preserving downstream task accuracy comparable to
conventional schemes. Despite this potential, existing research
on integrating SemCom into ISAC systems has yet to fully
explore how its capabilities can be harnessed to resolve
the inherent tradeoff and improve overall system perfor-
mance. For example, [25], [26], [27], [28] focus exclusively
on enhancing security within ISAC frameworks. In [29],
an efficient non-orthogonal multiple access (NOMA)-based
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integrated sensing and SemCom system was designed. The
work in [30] introduces task-oriented semantic signal pro-
cessing to reduce packet sizes and boost radar-centric ISAC
performance. However, although both [29] and [30] address
performance optimization in the context of SemCom integra-
tion, the optimization variables and system designs adopted
in these works are not closely aligned with practical dig-
ital communication architectures, limiting their real-world
applicability.

The main goal of this work is to design a novel ISAC
framework incorporating digital SemCom technique. The key
contributions include:

e We propose a novel ISAC framework for connected and
autonomous vehicles (CAVs) that integrates digital Sem-
Com. In this framework, the transmitting vehicle extracts
semantic symbols from source data and transmits each
dimension in parallel over OFDM subcarriers, allowing
receivers to perform downstream tasks. The same OFDM
signals are concurrently used for radar sensing via echo
processing. To support reliable SemCom, the transmitter
jointly optimizes quantization bits, beamforming strat-
egy, and power allocation across semantic dimensions,
accounting for both semantic importance and channel
conditions. These decisions also influence sensing per-
formance, creating a fundamental tradeoff between radar
sensing and task-oriented SemCom.

o We formulate this challenge as an optimization problem
that aims to jointly optimize beamforming and sub-
carrier power allocation under constraints that ensure
high SemCom performance, total transmit power limits,
and transmission efficiency. To address this problem,
we decompose it into three subproblems and develop
corresponding solutions: a hierarchical constrained prox-
imal policy optimization (H-CPPO) algorithm, a joint
beamforming strategy, and a semantic importance-based
signal-to-noise ratio (SNR) matching strategy.

Simulation results on a road image segmentation task show
that, the proposed SemCom scheme achieves near-optimal
segmentation accuracy while reducing radar beamforming
error by up to 82% compared to the conventional digital
system using the same quadrature phase shift keying (QPSK)
modulation.

II. SYSTEM MODEL

As shown in Fig. 1, we consider an OFDM-based
millimeter-wave (mmWave) vehicular ISAC system, where a
vehicle simultaneously performs radar sensing and multicast
road information transmission using dual-functional OFDM
waveforms. In particular, the vehicle is equipped with a uni-
form linear array (ULA) of V; antennas for transmitting road
information to surrounding vehicles, and an omni-directional
antenna for receiving communication signals from other vehi-
cles. For radar sensing, another N,-antenna ULA at the vehicle
is employed to capture the echoes of the dual-functional
OFDM signals. With knowledge of the transmitted symbols,
the vehicle estimates the sensing-relevant channel state infor-
mation (CSI) from these echoes to extract parameters of
surrounding targets. To jointly achieve high sensing accuracy
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and reliable communication, the vehicle adopts a task-oriented
digital SemCom scheme for road information transmission.
In the following, we first present the designed OFDM-based
SemCom framework, and then introduce the OFDM radar
sensing model. Finally, we explain the problem formulation.

A. Task-Oriented Digital SemCom

As illustrated in Fig. 2, the vehicle extracts semantic
symbols from road information data, and multicasts it to
surrounding vehicles. Each vehicle will decode the received
semantic information, and executes the downstream intelligent
task. Next, we will introduce the semantic transmitter and
receiver models, and explain the complete workflow of our
designed SemCom scheme.

1) Semantic Transmitter: The semantic transmitter consists
of five key components: 1) a semantic encoder, 2) a deep joint
source and channel (DJSC) encoder, 3) a scalar quantizer, 4) a
digital modulator, and 5) an OFDM transmitter. For a given
road information data sample x € X (e.g. a road image), a
neural network (NN) based semantic encoder is used to extract
task-oriented semantic information as ¥ = ¥ (x; ), where
1) represents the semantic information matrix, o denotes the
semantic encoder parameters. To enhance noise robustness,
the DJSC encoder transforms 1) into a transmittable semantic
symbol, given by ¢ = ® (1p; 3), where 3 is the DJSC encoder
parameters, and ¢ (@1, 0y, Py, is the semantic
symbol that will be transmitted over N. OFDM sub-carriers
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in parallel. To enhance compatibility with practical digital
systems [24], each dimension of the analog semantic symbol
¢ is quantized by a scalar quantizer as q,, = Q (¢,,;b), n €
{0,1,---, N, — 1}, where gq,, denotes the quantized bitstream
of dimension n, and b is the number of quantized bits for each
number in ¢,,. Then, we perform PSK/QAM modulation on
each g,, with a digital modulator. The obtained constellation
symbol vector is ¢, = C' (q,;;m) = [cn1, ** ,Cn1] € Ccxr,
where m is the modulation order, and L denotes the number
of constellation symbols modulated from g,,. The OFDM
transmitter then maps c,, onto sub-carrier n for transmission,
and allocates power to each sub-carrier based on factors like
channel condition and semantic importance [24]. Note that,
in contrast to methods that discard less important semantic
dimensions based on importance thresholds (e.g., [31], [32]),
we transmit all dimensions in parallel. This design stems
from two considerations. First, transmitting complete semantic
symbols yields theoretically superior SemCom performance.
Second, discarding semantic dimensions is typically adopted
when the number of available subchannels is severely limited,
trading a marginal loss in reliability for improved efficiency.
However, this tradeoff is not the focus of this work, as OFDM-
ISAC systems are generally configured with a sufficient
number of subcarriers to ensure adequate range resolution for
sensing [13]. The complex envelope of OFDM symbol [ is
thus given by

-1

Z VPrCn €2 AI Rect(t), (1)

Sl(

where p,, is the power allocated to sub-carrier n, Af is the
sub-carrier spacing, Rect(-) is a rectangular pulse, Rect(t) = 1
when ¢ € [0, Tsym|, and = 0 otherwise, and Tyyy, = T + Tcp
denotes the total symbol duration (elementary duration T =
Aif plus cyclic prefix Ttp). Let w € CNe*! be a joint radar-
communication beamforming vector, the complete passband
OFDM signal becomes

L—1
Z w - st
1=0

with f. being the carrier frequency.

2) Semantic Receiver: We assume that the number of
receiving vehicle is V. The semantic receiver at each vehicle
includes: 1) an OFDM receiver, 2) a digital demodulator, 3) a
scalar de-quantizer, 4) a DJSC decoder, and 5) a semantic
decoder. Specifically, the received constellation symbol [ on
sub-carrier n at receiving vehicle v is

= (hv,n,l)Tw\/ITncn,l + Noy,n,ly (3)

where h,,; € CM*! denotes the communication CSI of
received constellation symbol [ on sub-carrier n, 15, ~
CN (0, 02) is an additive Gaussian noise (AWGN) with

variance O’ . Let By ng = (hv,nyl)Tw be the effective end-
to-end channel gain for c,;, which can be estimated at
the receiver and used to equalize the received symbols.
Hence, given ¢, ,,; and the estimated 3, ;, the constellation
symbols are demodulated to obtain the received bitstream

ZTSym)ejQTcht c RNtXl,

2

Cy,n,l

Downloaded on June 18,2026 at 02:48:58 UTC from IEEE Xplore. Restrictions apply.



HUAN et al.: JOINT OPTIMIZATION OF DIGITAL SemCom AND RADAR SENSING FOR ENHANCED ISAC

4y, = C7'(yn;m), where C~'(-) denotes the demodu-

A _ Cu,n,1 . Cu,n,L .
lator, and ¢, , = Bomris BT m] The bitstream
is de-quantized to recover semantic symbols as ¢, , =

Q71 (qy,n;b), where ¢, ,, is the semantic feature on dimen-
sion n recovered at vehicle v, and Q! (-) represents the
scalar de-quantizer. The whole recovered semantic symbol is

defined as ¢, = [&,,1, Boozr 7¢EU,NJT. Finally, ¢, will be
sequentially processed by the DJISC decoder and the semantic
decoder to complete the intelligent task at receiving vehicle
v, which can be expressed as ¢, = ¢! {(I)‘l (q?)v; p,) ;n},
where ®~! (-; ) and ¥~! (:;m) are the DJSC and semantic
decoders with parameters p and 7, respectively, and g,, is the
final task prediction.

B. OFDM Radar Sensing Model

We consider an OFDM-based radar sensing model that
searches for spectral peaks on the delay—Doppler—angle grid
based on the estimated echo CSI [13]. Specifically, the trans-
mitted signal is first reflected by the surrounding sensing
targets, and subsequently captured by the receiving ULA of
the vehicle. The back-scattered symbol at antenna ¢ is given
by [33]

R,=H,0(yp-1])©C + N; € CNe*L, 4)

where ©® represents the matrices’ element-wise product, 17, is
an L-dimension all-one column vector, H; denotes the echo
CSI at antenna i, C € CNe*L is the matrix of all transmitted
. T .
constellation symbols ¢, ;, p = [p1,p2--- ,pn,]” includes the
power allocated to each sub-carrier, N; ~ CN (O7 052 ) denotes
the i.i.d. circularly symmetric Gaussian matrix. We assume
that each sensing target is a point-like scatterer, and thus, H;
is [2]

U-1
H,; = Z Qy, [at(gu)w]adel(TU)agop(Vu) la:(0.)],, ()
u=0
where U is the number of sensing targets, o, is the complex
channel gain which integrates the effect of path attenuation
and radar cross-section (RCS), 7, = 2d,,/C and v,, = 2v,,/ A
respectively denote the round-trip delay and Doppler shift,
with d,,v,,C, A\, being the distance and radial velocity of
target u, the speed of light, and the wavelength of carrier.
6., denotes the angle of arrival (AoA) of target u, a(6) is
the steering vectors of the transmit and receive ULAs [3]
with an antenna spacing d = \./2, and [a(f)]; denotes
element ¢ of the receive steering vector. aqel(7) € CNex1
and agop(v) € CK*1 are respectively defined as

Aol (7_) _ [17 . ,eijﬂ'nAf‘r? L ,673'271'(N671)Af7—]T7 (6)

— 27l Taymv —j2m(L=1)Teymr] T
s P y e .

Qdop (V) = [17~-~ ,e

)

The goal of radar sensing is to detect each target and
estimate their parameters {7,, vy, 0.} _,, thereby obtaining
precise surrounding obstacle information. The complete pro-
cedure to achieve this goal typically consists of two main steps
[13], [33], as detailed bellow:
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1) Delay-Doppler Image Calculation: To compute the
delay-Doppler image, we first estimate the echo CSI H,.
Specifically, since C' is known to the transmitting vehicle, H;
is estimated using the least square (LS) algorithm as

H, =R, 0[(y/p-1])®C]

=H;+N;0|[(y/p-1])oC]. (8)

where @ is the element-wise division. Then, the delay-Doppler
image at antenna ¢ can be obtained by performing discrete
Fourier transformation on H; along delay and Doppler axes,
which can be expressed as

Ai (7,v) = ally (1) Hiaaop (v).

©))

2) Delay-Doppler-Angle Grid Search: Given the delay-
Doppler image in (9), we next introduce the pipeline of
delay-Doppler-angle grid search. Specifically, we first integrate
the delay-Doppler image over all antenna elements by

N;—1
A )P =D [N v (10)
i=0

Based on (10), multi-target detection and delay-Doppler
estimation can be performed by searching for peaks in
a 7 and v grid [33]. Then, for each detected target u
with delay-Doppler bin (7,7, ), we substitute (7, 7,) into
(9) to obtain its spatial domain observation vector g, =
[Ao(fu, ﬁu), s Ai(f-ua ﬁu), s aANrfl(f-uv ﬁu)] Finally, the
AoA of target u can be estimated via the 1-D Multiple Signal
Classification (MUSIC) algorithm [34] applied to g,,.

C. Problem Formulation

Given the defined system model, our goal is to minimize
the sensing performance loss Fy (b, m,w, p), while ensuring
sufficiently reliable SemCom by constraining the task-specific
loss L (y,y,) below a predefined threshold. The problem
involves the joint optimization of OFDM parameters b, m,p
and the dual-functional beamforming vector w, subject to
constraints on transmission efficiency and resource availability.
Accordingly, the optimization problem is formulated as

, min  F (b,m,w, p) (11)
,m,w,p
st. Li(Y,9,) < Dmax,v € {0,--- ,V =1}, (11a)
b
*STmaxy m€{177b}7 (1lb)
m
Ne—1
pn < Py, pn € (0, P), (11¢)
n=0
1
|[w];|* = =, i €{0,--- , Ny — 1}, (11d)

Ny

where (11a) ensures that the task losses at all receiving
vehicles do not exceed a threshold D, (11b) constrains
the average transmission delay for each number of the seman-
tic symbol not to be greater than 7,,,« symbol periods,
which reflects the requirements for efficiency, (11c) limits
the total power of each OFDM symbol to be no more than
P;, (11d) guarantees uniform transmission power across each
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antenna, which aligns with the general constraints of analog
beamforming.

Problem (11) is challenging to solve using conventional
methods for several reasons. First, the objectives for both
sensing and SemCom involve a combination of discrete and
continuous optimization variables. Second, since the pre-
dicted label ¢, depends on neural network-based codecs,
the relationship between SemCom performance and the opti-
mization variables lacks an explicit mathematical formulation.
To address these challenges, we first derive a concrete
sensing objective Fy (b, m,w,p) by analyzing radar sensing
performance, which clarifies the inherent tradeoff between
digital SemCom and radar sensing. We then introduce a
decomposition procedure for problem (11) and propose a
reinforcement learning (RL)-based solution framework. This
framework enables the transmitter to dynamically optimize
the variables according to semantic importance and chan-
nel state information, thereby simultaneously satisfying the
sensing and SemCom performance requirements for multicast
receivers.

III. SENSING PERFORMANCE EVALUATION

Next, we introduce the metrics for sensing performance
evaluation. From (8) to (10), it can be observed that multi-
target detection and delay-Doppler-angle estimation depend on
two key factors: 1) the transmit beamforming vector w, which
determines the power radiated toward the target directions and
the power wasted in unintended directions, and 2) the additive
noise in the delay-Doppler image, which affects the accuracy
of peak detection over the delay-Doppler-angle grids. Since we
consider a general scenario where no prior knowledge of target
locations is available, we do not adopt the CRB as the sensing
metric. Instead, we select sensing performance metrics from
two perspectives that do not rely on such prior knowledge:
1) the beam pattern matching error, which characterizes the
quality of transmit beamforming, and 2) the noise level in
the delay-Doppler image, which reflects the reliability of
peak detection. These metrics collectively capture the sensing
capability without assuming knowledge of target parameters.
Specifically, the matching error between the transmit beam
pattern and an ideal reference radar beam pattern Py(6) is
defined as [35]

No—1

fola,w) = > |aPa(0;) — af' (G)ww"ac(6,)?,  (12)

i=0

where « is a scaling parameter, and 6; denotes the sampled
direction ¢ from the radar’s detection range, with [Ny being the
number of direction samples. Meanwhile, the additive noise in
delay-Doppler image A;(7,v) is given by

Ni = agel(T)I:IiadOP(V) - agel(T)HiadOP(V)
= aja(1) [Ni @ (VP 17) © C)] agop(v).

Due to its stochastic nature, N; can degrade the sensing
performance. We therefore utilize the power of N; to measure
its influence. Specifically, for the practically used PSK and
QAM modulations, the noise power are presented by the
following lemma.

13)
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Lemma I: Assuming each ¢, ; is independent and identically
distributed with normalized power (i.e., E(|c,|?) = 1), the
power of N; for PSK and QAM constellations with a given
modulation order m can be respectively expressed as

- 1
Eps(|Ni|*) = oL <Z p) ;

n

~ 8(M —1 1
Eqam(|N;|?) = % (Z p)
VN VT ! ,
2 2 O'ﬂL
5 , (14
2L -] Y

where M = 2™ denotes the size of constellation.

Proof: See Appendix A. _

Lemma 1 shows that E(|V;|?) depends on the power alloca-
tion across sub-carriers and the specific constellation pattern.
Moreover, we observe that the noise power of PSK remains
independent of the modulation order m, whereas Lhat of QAM
increases with larger m. When m = 2, Eqawm(|N;|?) reaches
its minimum value and equals Epgk (|IV;|?). This implies that
in OFDM-based radar systems, PSK offers superior sensing
performance, despite its higher bit error rate in conventional
communication settings. However, thanks to the high effi-
ciency and robustness of SemCom, the BER limitation of
high-order PSK can be effectively alleviated. Therefore, with
the support of SemCom, we adopt PSK modulation to achieve
enhanced sensing performance. Since Epsg (| V;]|?) depends on
the actual value of system parameters, we further normalize it
to better serve as an optimization objective, yielding:

N.—1

T S

. 15
Ne &= pn (15)

9s(p)

Given (12) and (15), the sensing objective Fy (b, m,w,p) is
defined as the weighted sum of fs(«,w) and gs(p). Thus,
problem (11) can be reformulated as

. 1 1
B 0 ) 1o
s.t. a > 0,
(11a), (11b), (11c), and (11d), (16a)

where p>0 is a weight parameter, (16a) ensures the scal-
ing parameter o to be a positive number. (16) exhibits a
two-fold tradeoff between performance of radar sensing and
SemCom. First, an optimal radar beam pattern may degrade
the communication SNR. In the considered system, to ensure
low transmission errors, a lower modulation order m is
required. Due to the transmission efficiency constraint in (11b),
a reduction in m further limits the quantization bitwidth
b, thereby impairing the quantization accuracy of semantic
symbols and ultimately degrading SemCom performance. Sec-
ond, in SemCom, different semantic symbols or different
dimensions of the same symbol often carry varying levels
of semantic importance [24]. As a result, optimal resource
allocation, such as power distribution, tends to prioritize more
important dimensions. This leads to a situation where the
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power allocation p that favors SemCom performance may
conflict with the optimization of gs(p). Given that (16) is
intractable for conventional optimization algorithms, we next
introduce the problem decomposition approach to simplify the
original formulation, followed by detailed explanation of the
complete solution pipeline.

IV. PROPOSED ALGORITHMS

In Problem (16), the beamforming vector w governs the
received SNR at each vehicle. However, even with iden-
tical received SNRs and the same b,m,p, the SemCom
performance may vary significantly across vehicles due to sta-
tistically independent sub-channel gains. As a result, directly
solving (16) would require characterizing the relationship
between all possible sub-channel gain distributions and the
non-convex SemCom performance metric L(y, ¥, ), which
poses substantial challenges. To address this, we decom-
pose (16) into two distinct channel regimes: frequency-flat
channels with uniform sub-channel gains, and frequency-
selective channels with random sub-channel gains. Under the
frequency-flat assumption, the problem is further divided into
two subproblems. First, for a given SNR I', we optimize the
sensing metric gy using a proposed Hierarchical Constrained
Proximal Policy Optimization (H-CPPO) algorithm, which
establishes a functional mapping G(I') between I' and the
optimal gs. This decoupling of fs and g5 significantly reduces
the training complexity of H-CPPO. Moreover, with the aid of
G(T), the original non-convex problem can be reformulated
into a conventional joint beamforming form that is tractable
via standard optimization methods. For frequency-selective
channels, we introduce an efficient SNR matching strategy that
adapts the optimal power allocation p, originally derived for
flat channels, to varying channel realizations. This adaptation
is formulated as a convex optimization problem, enabling effi-
cient solution using standard tools. In the following sections,
we first present the problem decomposition and the H-CPPO
framework for frequency-flat channels, then detail the SNR
matching strategy for frequency-selective channels, and finally
analyze the computational complexity of the overall approach.

A. Problem Decomposition Under Frequency-Flat Channels

The beamforming design affects communication perfor-
mance via the receiving SNR. We therefore derive the optimal
gs(p) for a given SNR I' = % with uniform gain
|32 across all sub-carrier channels. This problem can be
formulated as

min ~-gs(p) (17)
st. Ly (yag) < Diax,

(11b), and (11c). (17a)

Leveraging the performance mapping function G(I") between
T" and the optimal ﬁ,—i of (17), we can transform (16) into
an equivalent joint beamforming optimization problem, as
formalized in the following Lemma.
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Lemma 2: Given G(T"), the optimal o*, w™* to problem (16)
under frequency-flat channel conditions can be equivalent
obtained by solving the following joint beamforming problem:

1
nin mfs(a,w)ﬂ -G(T) (18)
T
|(hv,n,l) w|2pt
s.t. qu >T,0e{0,---,V -1}, (18a)
r Z Fminv
(11d), and (16a), (18b)

where (18a) guarantees a SNR threshold I' for all receiving
vehicles, (18b) defines the minimum SNR as I',.;,. Subse-
quently, given the optimal solution I'* from (18), the optimal
b*, m*, and p* for (16) can be determined by solving problem
(17) with I' =T,

Proof: See Appendix B.

Lemma 2 enables us to decompose (16) into two simpler
sub-problems (17) and (18), under frequency-flat channel
conditions. Once G(I') is approximated by convex func-
tions, subproblem (18) becomes tractable to standard convex
optimization method via semi-definite relaxation (SDR) [5]
techniques. However, (17) remains challenging for conven-
tional optimization approaches, as no analytical expression
relates SemCom performance to the optimization variables.
Additionally, constraints such as the total power limit compli-
cate the use of heuristic algorithms like PPO [36] in balancing
exploration, constraint satisfaction, and convergence stability.
To overcome these challenges, we propose a Hierarchical
Constrained Proximal Policy Optimization (H-CPPO) algo-
rithm. Recognizing that p must be allocated per dimension,
while b, m are determined globally for each transmission,
we design a two-level hierarchical RL structure: a low-level
policy allocates power p across semantic dimensions based
on their semantic importance, and a high-level DQN-based
policy efficiently selects the quantization bits b and PSK
modulation order m. To ensure reliable constraint satisfaction
without compromising training stability, we integrate First-
Order Constrained Optimization in Policy Space (FOCOPS)
[37] into the PPO framework, resulting in a Constrained PPO
(CPPO) formulation for the low-level policy. In the following,
we describe the key components and training process of H-
CPPO, and then present the joint beamforming strategy derived
from it for solving (18).

B. Components of the H-CPPO Algorithm

We now describe the components of H-CPPO. In the
low-level CPPO, we utilize dedicated networks to separately
estimate 1) the cost associated with constraint violations, and
2) the reward from objective optimization, which reduces
advantage function approximation errors and enhances training
stability. Moreover, the Lagrange multipliers are dynamically
adjusted based on the magnitude of constraint violations,
ensuring stricter compliance with constraints throughout the
optimization process. For the high-level policy optimization,
we adopt a DQN approach [38] to achieve efficient decision
making.
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1) Low-Level CPPO: Agent: The low-level agent is
responsible for determining power p, of each dimension
according to its task-oriented semantic importance.

Action: At step n, the low-level action corresponds to allo-
cating transmission power p,, to the feature map at dimension
n. To handle the dynamic action space caused by diminishing
remaining power, we impose a maximum power limit pyax
per dimension, restricting each action to p,, € (0, Pmax]-

State: The state is defined as sV = |(i,,)%, b, m, %’:, Nﬂc},
where i,, denotes the semantic importance of the feature map
at dimension n, €5 is a parameter that scales the values of
in. When €5 > 1, the gaps between %, increase, and when
€ € [0,1], the gaps decrease. P, represents the remaining
power at step n, b,m are the number of quantization bits
and modulation order for the current episode, both being
determined by the high-level agent.

Policy: The policy governs the decision of the agent through
specifying the conditional probability distribution function
(CPDF) over possible actions p,, given the current state s°%.
Specifically, we implement this low-level policy using an actor
network with parameters wjoy, such that the CPDF can be
expressed by 7, (Pn]Sn)-

Reward: We define the reward function for solving problem
(17) as

P 2
Rob; (pn,si?w)——< ‘ —1> + Ry, (19)

PniVe
where Ry is a constant bias that ensures the reward to be
greater than zero.

Cost: The CPPO algorithm decouples constraints from the
optimization objective by modeling them as separate cost
functions. Specifically, the performance cost for SemCom is
designed as

(Z’ﬂ)eanbn - {bn”F7 ifn < NC - 17
(in)= b, — PpllF + Asem [Lt (v, 9)
- Dmax}aifn = NC - 17

Csem(pna S}r;)w):

(20)
where Ager, >0 is a weight parameter that penalizes large task
losses. The term ||, — ¢, || captures the combined effect of
quantization and transmission distortions at step n. By serving
as an immediate cost signal, it effectively mitigates the sparse
reward problem arising from the delayed computation of g,
which is only available after all semantic dimensions have
been transmitted. Meanwhile, for the power constraint (11b),
the cost function is defined as

- {Apow (=B, ifP, <0,

21
0, else, @D

C’pow (pn» Slr?w
where Apow>0 is the weight parameter that controls the
penalty for excessive power allocation.

State-value function: The state-value function estimates the
expected cumulative rewards or costs starting from a given
low-level state s°%. In our CPPO framework, we employ three
distinct critic networks to approximate the value functions for
the reward R,p; and constraint costs Csem, Chow, denoted as
Vi (8%),i € {obj, sem, pow}, where wopj,Wsem, and Wpoyw
represent trainable parameters of the respective critic networks.
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2) High-Level DON: Agent: The high-level agent deter-
mines b and m for the transmission of one road information
data.

Action: The high-level action is defined as (b, m), where
both parameters remain fixed during each low-level RL
episode. In particular, for a given b, the modulation order
m can be optimally determined through constraint (11b)
as m = [ﬁax] since lower modulation orders inherently
enhance transmission reliability by reducing bit error rates.
This analytical relationship allows the high-level neural net-
work to focus exclusively on optimizing b, while m is derived
as a deterministic function of b. To reduce the decision space,
we also define a maximum bit number b,,,, for each source
data, such that b € {1,2, -+, bpax }-

State: The high-level state is defined as
[H (¢), Ly, §s, Le], where H (¢) represents the binned
entropy of semantic symbol, Ly, gs respectively quantify the
SemCom task loss Ly and sensing objective g in the last RL
episode, and L. = N% > onlin)ll @, — ¢, |lr measures the
cumulative quantization and transmission distortions.

Policy: The high-level policy mpign (b|s"8") characterizes
the CPDF of quantization bit number b given the high-level
state shish,

Reward: The high-level reward function is designed to
guide the agent toward optimal sensing and SemCom perfor-
mance, which is defined as

2
_ 1)

= \ PN
- )‘t[Lt(ya Q) - Dmax] + Rl

shigh —

Rhigh (b, Shigh) —

(22)

where ) is a weight parameter, and R; represents the constant
reward bias.

Action-value function: The action-value function estimates
the expected cumulative reward when executing a particular
action in a given state. In our framework, we parameterize the
high-level action-value function using a Q-network denoted
as Quyi,n (S"E",b), Where whgn represents the trainable net-
work parameters. This Q-function approximation enables the
derivation of the high-level DQN policy, which selects actions
through a greedy operation given by

Trhigh (b|shigh) =60|b— argbrlnax Qunign (shigh p) (23)

C. Training Process of H-CPPO

We now introduce the H-CPPO training procedure for
solving (17). Our framework simultaneously maximizes cumu-
lative rewards while enforcing cumulative cost constraints
through three key stages: 1) trajectory collection, 2) low-level
policy updates, and 3) high-level policy updates, which are
specified as follows.

1) Trajectory Collection: In the trajectory collection phase,
the high-level agent initially samples a source data sample
x € X and determines (b,m) through policy 7, .. Subse-
quently, the low-level agent generates a sequence of transitions
T = {70, ,Tn, * ,TNe—1} according to policy T, .
where each transition T,, = [SL‘?W, b, m, pry Riow; Csem, Cpow]
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captures the complete state, action, reward, and cost informa-
tion at step n.

2) Low-Level Policy Update: During the low-level update
stage, we optimize both actor and critic networks through
constrained policy gradient methods. We first calculate the
temporal difference (TD) errors A?,i € {obj,sem, pow} for
the reward and cost functions [37], with a discount factor .
The advantage functions of reward and costs are then estimated
as

. A Ne—ntl «o
A= Do+ (V) AL+ ()T AN

i € {obj,sem, pow}, (24)
with A\ being the variance discount factor. Based on (24), the
composite advantage function that combines these estimates
is given as

Ay = APT — 1y AS™ — o APV (25)
where Vgem, Vpow are adaptive Lagrangian multipliers. In con-
trast to FOCOPS [37] that uses KL divergence to explicitly
enforce trust region constraints, our CPPO employs PPO’s
clipping mechanism for the trust region constraint approxima-
tion, achieving comparable policy stability while significantly
simplifying the algorithm implementation. Specifically, the
clipping loss of low-level policy is

Llow (wlow) = *En [mlH(P (wlow) Ana ChP (P (wlow) )

1—e1+6)A,)], (26)

low
where p (Wiow) = % denotes the probability ratio
between new and oldlop%licieg, with @i,y being the old policy
parameters, and clip ( - ,1 — ¢, 1 + €) is an e-clipping function
that limits the value of p(wyoy) within range [1 —€,1 + €.
The critic losses are given by

Ne—1
L' (w;) = o E (Aﬁl)z, i € {obj,sem,pow}. (27)
n=0

Based on (26) and (27), the network parameters are updated
via gradient descent method [39] with learning rate &. To
ensure robust constraint compliant, the Lagrangian multipliers
are also adaptively tuned using sub-gradient scheme, which
are expressed as

Vsem < Chp (V:clrir?v Vgclfgcv Vsem + Tlsem [Lt(yv f/) - Dmax]) )

: min _ max D
Vpow <~ Chp (Vpowa Vpow y Vpow — T)POWPNc—l) ) (28)

where 7sem and 70w are adaptive step sizes, [V, vioar] and

sem ? sem
[pman pmax] are the ranges Of Vgem and Vpow, respectively.

pow’ “pow
This automatic adjustment prioritizes constraint satisfaction
by increasing weights for violated constraints during policy
updates.

3) High-Level Policy Update: The high-level policy update
stage optimizes the selection of b and m to simultaneously sat-
isfy SemCom constraints and maximize sensing performance.
For computational efficiency, we implement this using a DQN
framework. The loss function for the high-level Q-network is
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derived from the reward function in (22), given by
LY i) = [ (55" ) 9 109 Qa0 (75, 1)

~hi 7\12
7Qwhigh (sh gh, b)} )
(29)

where 3hieh represents the high-level state from the previous
episode. The Q-network parameters are then updated via
gradient descent [40], [41].

Algorithm 1 Training Process of H-CPPO
1: Initialize: Model parameters wiow, Wobjs Wsem» Wpows

Whigh, training iteration Njge,, maximum task 10ss Dyyax,
total transmission power P;, symbol period upper bound
Tinax, training SNR T, pretrained semantic and DSJC
codecs, other hyper-parameters for training.
Input: Task-oriented dataset (X, )).
for k = 0 — Njer — 1 do

Sample source data © € X, ground truth label y € ).

Determine b using Thigh.

Calculate m by m = {T[ﬁax].

forn=0— N.—1do

Collect 1, based on 7, and (19) to (21).

end for
10: Calculate Ryign according to (22).
forn=0— N.—1do

R I A A o

[
—_

12: Calculate L' according to (26).
13: Compute Lo 1™ and LP°Y based on (27).
14: Update  Wiow, Wobj, Wsems Wpow  Using  gradient

descent method.
15: end for
16: Update Vsem, Vpow by (28).
17:  Calculate L"&" according to (29).
18: Update wyign using gradient descent method.
19: end for

Through iterative updates of both hierarchical policies and
adaptive cost weights, the algorithm converges to a locally
optimal solution for joint quantization, modulation, and power
allocation that maximizes sensing performance while guaran-
teeing SemCom requirements. The complete H-CPPO training
procedure is summarized in Algorithm 1.

D. H-CPPO Based Joint Beamforming

Next, we present the solution to the joint beamform-
ing problem (18) using the proposed H-CPPO framework.
Assuming the transmitting vehicle has access to the complete
task-oriented dataset Dy = (X,)), we approximate the
performance mapping function G (T") as follows. First, we uni-
formly sample Ny, SNR values from the interval [y, +00),
denoted as {T'y|k =0, -+, Ny, — 1}. For each T, we train
a dedicated H-CPPO model and compute the correspond-
ing worst-case sensing performance §s(p) = maxzcx Gs(p)
over the entire dataset. The resulting pairs (I'y, gs(p)) are
then used to fit G(I') via convex regression. Leveraging
the convexity of G (I'), (18) can be approximately solved
through SDR techniques [5]. The key reformulation involves
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substituting the w with its covariance matrix W = ww"

as the new optimization variable, and relaxing the rank-one
constraint on W. This transformation enables the problem
to be efficiently solved using standard convex optimization
tools (e.g. CVXPY toolbox [42]). The beamforming vector
w™* is subsequently recovered from the relaxed covariance
matrix W™ using the Gaussian randomization method [5].
Given the optimal SNR threshold I'*, the power allocation
vector p* is determined by selecting the low-level policy
trained at the largest SNR value I'j; that does not exceed I'*,
ie., k =argmax;, Iy, s.t. Iy <T'.

E. SNR Matching Under Frequency-Selective Channels

In practical scenarios, sub-channels corresponding to dif-
ferent multicast receivers often experience random and
statistically independent gains due to frequency-selective fad-
ing. As a result, directly applying the power allocation vector
p* optimized under frequency-flat channel assumptions may
lead to significant disparities in per-sub-channel SNRs across
receivers, thereby causing substantial performance degrada-
tion. To enhance robustness under realistic channel conditions,
we propose an efficient SNR matching strategy. This approach
retains the optimal parameters o, w™*,b*, m* obtained under
the flat-channel assumption, while adaptively adjusting only
the power allocation vector p* to accommodate varying
channel realizations. The objective is to align the actual worst-
case SNR on each sub-channel with its reference value from
the flat-channel scenario, weighted by semantic importance,
thereby enhancing the worst-case semantic communication
performance across all receivers. The corresponding optimiza-
tion is formulated as follows:

2

Ne—1 min |Bv,n,l Qﬁn
min (in)* | ——=—7— -1 (30)
p ,ﬂz:;) ( |Bv,l|2p;§ )
N.—1
st. Y Pn <P, pn€(0,P), (30a)
n=0
95(P) < (1 +€)gs(P"), (30b)

where [B,> = NL 271:/;61 |Bv.n.1|? denotes the average
channel gain, €,>0 is a tolerance parameter controlling the
allowable margin for gs5(p). (30a) enforces the total transmit
power per OFDM symbol to P;, (30b) imposes an upper bound
on gs(p) post power adaptation. Given the convexity of both
(30a) and (30b), we can efficiently solve (30) using standard
convex optimization methods.

In summary, an approximate solution to the original opti-
mization problem (16) can be obtained by sequentially solving
subproblems (17), (18), and (30). The complete procedure for
solving (16) is outlined in Algorithm 2.

F. Complexity Analysis

Next, we analyze the computational complexity of the
proposed algorithms for solving the joint radar-SemCom
optimization problem (16). Specifically, the complexity of
the H-CPPO algorithm can be decomposed into the low-level
CPPO complexity and the high-level DQN complexity,
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Algorithm 2 Complete Process of Solving (16)
I: Input: SNR sample number Ny,
[Fmiru +OO)
2: for k=0 — Ny — 1 do
Sample I' from [[pyip, +00).
Train H-CPPO using Algorithm 1, and obtain the
minimum % 9s(p)
end for
Fit G(T") with some convex functions.
Solve a*, W*, and I'*.
Approximate w* using Gaussian randomization based on
w*.
9: Solve (17) using the trained H-CPPO model with I' = T'*,
to obtain b*, m*, p*.
10: Adjust the power allocation p* by solving (30).

SNR range

bl

where the CPPO complexity is primarily determined by
the dimensions of low-level state and action spaces, the
semantic symbol dimension, and the architectures of low-
level actor and critic networks. Let L.,.. and L. denote
the number of layers in the low-level actor and critic
networks respectively, the CPPO complexity can be expressed
as O (fo;gl Dim(s!o™) (Hf;;t Hpet 4+ 3] Hf”)),
where HP* and Hf™ represent the number of neurons in
layer [ of the actor and critic networks. The DQN complexity
depends on the dimensions of high-level state and action
spaces and the Q-network structure. Since the high-level
policy is executed only once per training episode while
the low-level policy runs N, times (with N, > 1), the
computational complexity of the high-level DQN becomes
negligible compared to that of CPPO, making the overall
complexity of H-CPPO predominantly determined by the
low-level CPPO. For the standard convex optimization tool
used to solve (18) and (30), the computational complexities
are given by O (N3 + VN2 + NyN2)\/Nclog(1/e1)), and
O (N351log(1/e2)), respectively, where e and e are the
solution accuracy thresholds for the two subproblems.

V. SIMULATION RESULTS AND ANALYSIS

This section evaluates the performance of the proposed
integrated radar and SemCom scheme for road image seg-
mentation. We begin by introducing the task-oriented dataset
and detailing the architectures of the SemCom and DJSC
codecs. The experimental setup is then specified, followed
by a comprehensive performance analysis based on numerical
results.

A. Experimental Setups

We employ the CamVid road image segmentation dataset
[43] for task-oriented SemCom, which consists of images
with a dimension of 3 x 360 x 480 and provides segmen-
tation labels for 11 driving-related categories. The SemCom
performance is measured by pixel-level accuracy, with the
codec model achieving a mean accuracy of 0.83 on the
dataset. Accordingly, the performance threshold is set to 0.83
to represent a sufficiently high performance requirement for
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TABLE I
SIMULATION PARAMETERS

Parameter value Parameter Value
N 128 fe 28 GHz
Af 167 kHz N, Ny 16
T, Tcp 6 us, 1.5 us Dmax 0.83
Tmax 2 Pt 20 dBm
o2/Af,02/Af | —174 dBm/Hz Np 181
P 2 €s 0.5
€p 0.05,0.1,0.15 Pmax 2
bmax 5 s A 0.95
€ 0.1 13 le-4

SemCom. Road image segmentation is selected as the semantic
task due to its direct relevance to cooperative perception
in vehicular networks. In particular, onboard cameras are
essential for CAV decision-making, and sharing image data via
vehicle-to-vehicle (V2V) links extends individual perception to
enable network-level awareness [44]. However, transmitting
raw images with high fidelity incurs substantial overhead.
Since segmentation outputs already provide critical informa-
tion such as object categories and locations, it serves as an
efficient and suitable downstream task for V2V SemCom.
The H-CPPO framework employs fully connected networks
for the actor, critics, and Q-network. To approximate G(I'),
RL models are trained at 3 dB intervals from—6 dB to 12 dB.
The semantic importance ,, is computed based on its gradient
contribution to the decoder output, following [24]:

Np—1 Np—1 Nw—1

) ay
tn = NLxNHxNWZ > 2| ¢l ’

=0 p=0 ¢=0 pq

€29

where ¢; is element [ of a flatten segmentation label Vec(y),
with N[, being element number of each segmentation label, Ny
and Ny denote the height and width of ¢,,, and ¢, ;4 is the
value at row p, column g of ¢,,. Intuitively, this metric captures
how variations in each semantic symbol dimension affect
downstream task performance. To better differentiate feature
dimensions and enhance their distinctiveness, we statistically
analyzed the semantic symbols across the entire dataset and
computed the mean feature map per dimension. Singular value
decomposition (SVD) was then applied to these averaged
semantic symbols. The forward SVD matrix is used at the
transmitter, and the inverse matrix is placed at the receiver.
Accordingly, when computing semantic feature gradients, the
inverse SVD matrix must also be applied to maintain consis-
tency. Note that due to differences in performance metrics and
the distribution of semantic importance across tasks, policies
trained on one task may not be directly transferable to others.
They typically require task-specific training or fine-tuning via
transfer learning. Table I summarizes the training hyperpa-
rameters and the key parameters of the ISAC system used in
the simulations. The system parameters are chosen to be in a
similar range as those defined in the NR-V2X standard, as NR-
V2X offers flexible sub-channel configurations and sidelink
control information (SCI), which can effectively support the
practical implementation of the proposed digital SemCom
scheme.
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Fig. 3. Optimization metrics across training.

B. Performance Evaluation

Fig. 3 illustrates the variation of optimization metrics over
training iterations at 0 dB SNR. For comparison, a Lagrange
PPO algorithm serves as the baseline, using a reward function
that weights sensing and SemCom objectives as well as power
constraints with fixed Lagrangian multipliers, and a single
critic network to approximate the state-value function. As
shown in Fig. 3 (a), the proposed method reduces gs by
40% and 58% compared to 16QAM and 64QAM, respec-
tively, demonstrating its ability to jointly optimize sensing
and SemCom performance. Furthermore, Figs. 3 (a), (b),
and (c) collectively reveal that the proposed method converges
faster and more stably toward an effective policy, whereas
the baseline Lagrange PPO undergoes a prolonged exploration
phase. This improvement stems from two key factors: 1) the
CPPO framework uses dedicated critic networks to separately
estimate reward and cost, leading to a more accurate state-
value approximation, and 2) the Lagrangian multipliers are
adaptively updated for more consistent constraint satisfaction.
Consequently, with the same number of training iterations, the
proposed CPPO achieves approximately 9% higher SemCom
performance than the Lagrange PPO baseline, while the total
allocated power remains consistently near the predefined limit.

Fig. 4 further compares the SemCom performance and
sensing metric g5 achieved by the proposed H-CPPO and
the Lagrange PPO under various SNR conditions. A base-
line with uniform power allocation across all sub-carriers is
also included. While this uniform scheme does not consider
semantic importance, it can attain the optimal g5 values. The
results from this figure show that both H-CPPO and Lagrange
PPO effectively improve SemCom performance through opti-
mized power allocation, while maintaining g5 close to that of
the optimal uniform MPSK scheme, which demonstrates the
effectiveness of the RL-based approaches and the advantage
of importance-aware power allocation. Moreover, we see that
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H-CPPO consistently outperforms Lagrange PPO in both
communication and sensing metrics. This improvement also
stems from H-CPPO’s use of separate critic networks to
independently model each reward or cost component, along
with dynamically adjusted Lagrange multipliers. In contrast to
Lagrange PPO, which is more susceptible to training collapse
due to severe penalties from constraint violations, H-CPPO
strikes a better balance between exploration and constraint
satisfaction, enabling faster and more stable convergence to
superior policies within the same number of training episodes.

In Fig. 5, we present the estimated Q-function for the high-
level policy under 0 dB and 9 dB SNR. we see from this
figure that 2-bit quantization is optimal at 0 dB, while 4-bit is
preferred at 9 dB. This is because higher quantization bits
reduce quantization error but require higher-order modula-
tion, which increases transmission distortion under a fixed
delay constraint. The proposed H-CPPO framework effectively
balances this tradeoff via the high-level DQN, efficiently
identifying the optimal quantization bits.

Fig. 6 illustrates the relationship between transmission
power allocation and semantic importance across different
dimensions of the semantic symbols. After applying SVD
to the semantic symbol set, inter-dimensional correlations
are effectively removed, concentrating the most significant
semantic information into a reduced number of dimensions.
The results indicate that at 0 dB SNR, the proposed method
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achieves a stronger positive correlation between power and
semantic importance compared to the Lagrange PPO baseline.
This improvement stems from its superior convergence, which
enables more accurate identification of critical dimensions,
allocating higher power to them while assigning near-average
power to less important ones. As a result, the additive noise
variance in the delay—Doppler images is effectively reduced.
In contrast, at a higher SNR of 9 dB, the proposed method
distributes power more uniformly across all dimensions. This
behavior arises because, under more favorable channel con-
ditions, uniform power allocation is sufficient to maintain
satisfactory semantic communication performance.

Fig. 7 compares the segmentation performance of the
proposed SemCom scheme with that of conventional dig-
ital communication systems, which employ 8-bit UINT-8
pixel quantization with PSK or QAM modulation. For a
fair comparison, none of the schemes use additional digital
channel coding. The results show that the proposed method
outperforms conventional digital approaches, particularly in
low-SNR regimes, demonstrating the inherent reliability of
SemCom. For instance, at 3 dB SNR, the proposed SemCom
scheme achieves approximately 70% higher segmentation
accuracy than the conventional digital scheme using the same
QPSK modulation. This gain is attributed to the ability of
pretrained semantic codecs and joint source-channel coding
to effectively mitigate transmission distortions. Furthermore,
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TABLE I
REQUIRED OFDM SYMBOL PERIODS

Transmission Requred Transmission Requred
scheme OFDM periods scheme OFDM periods
SemCom 160 16QAM/PSK 8100
QPSK 16200 64QAM 5400
8PSK 10800 256QAM 4050

(¢) SemCom (0 dB)

(a) Source image (b) Ideal task result

(d) QPSK (e) SPSK

(f) 16QAM

Fig. 8. Visualization of road image segmentation.
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Fig. 9. Worst-case task performance under different multi-path condition.

Table II indicates that the proposed scheme requires fewer
OFDM symbols per image, confirming its enhanced efficiency
and reduced transmission latency.

Fig. 8 visualizes the segmentation results at the receiver
under 0 dB SNR for both the proposed SemCom scheme
and conventional digital communication. It can be observed
that even at a low SNR, the proposed scheme maintains
high segmentation accuracy, while the conventional approach
introduces significant distortion in the task results.

In Fig. 9, we evaluate the proposed SNR matching strategy
in mitigating the randomness of sub-channel gains, which
clearly demonstrates the generalization capability of the pro-
posed scheme under varying channel conditions. We simulate
a multicast scenario with six receivers, in which the worst-case
SNR is 0 dB. The SemCom performance is assessed based on
the worst task performance among all receivers. Each sub-
channel gain is modeled using a Rician distribution, with the
K-factor varied to emulate different multipath intensities. The
results indicate that at a Rician factor of 3 dB, the proposed
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Fig. 10. Delay-Doppler image SNR vs. Radar receiving SNR.

scheme enhances worst-case SemCom performance by up to
39% and 61%, respectively, compared to systems without
SNR matching and with equal power allocation. This gain
is achieved by ensuring the worst-case SNR per sub-channel
approximates the AWGN case, thereby enabling multicast
SemCom performance close to that in AWGN. Furthermore,
system performance improves with larger values of e, since
a higher ¢, allows greater flexibility in power allocation.

Fig. 10 shows the relationship between the radar received
SNR and the SNR of the delay-Doppler image for considered
schemes. Specifically, the power allocation across sub-carriers
is configured at a communication SNR of 0 dB, and tolerant
factor for SNR matching is applied with ¢, = 0.1. We see
from this figure that the proposed method performs close to
the optimal case (i.e., MPSK modulation with uniform power
allocation across sub-carriers), indicating its effectiveness in
controlling additive noise in delay-Doppler images. Moreover,
at an extremely low radar received SNR of-9 dB, the proposed
method improves the delay-Doppler map SNR by 1.7 dB,
2.6 dB, and 3.2 dB compared to 16QAM, 64QAM, and
256QAM, respectively. This demonstrates that the proposed
method can better guarantee detection performance and esti-
mation accuracy for target parameters when the target echo is
weak.

Figure 11 presents the joint radar-communication beam-
forming patterns of various schemes. The ideal beam
pattern is defined as five narrow beams, each with a
width of 6°, covering —30° to 30° for sector detection.
Six receiving vehicles are positioned at randomly gener-
ated azimuths {—82°, —68°,—39°,6°,23°,77°} and distances
{150m, 120m, 117m, 90m, 92m, 130m}. When solving the
joint beamforming problem (20), we set I'y,;, = 3 dB to
ensure sufficient SemCom performance (i.e., a segmentation
accuracy greater than 0.8). Conventional QPSK requires a
minimum of 8 dB SNR for equivalent performance, with
higher-order PSK/QAM requiring at least 12 dB. From this
figure, we observe that the joint beam pattern generated by the
proposed method more closely matches the ideal pattern. This
is due to the high reliability of SemCom at low SNR, which
permits greater power concentration in sensing directions.
Conversely, conventional methods necessitate higher received
SNR, which disperses beamforming gain and introduces strong
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communication-target echoes that may degrade radar detection
at expected directions.

In Fig. 12, we illustrates the tradeoff between beamforming
error and segmentation performance under the same ideal
radar beam pattern and communication target settings as
in the previous figure. The results show that the proposed
scheme significantly reduces radar beamforming error while
maintaining comparable semantic communication task perfor-
mance. For example, when achieving a segmentation accuracy
exceeding 0.8, the proposed SemCom scheme reduces radar
beamforming error by approximately 82% compared to the
conventional digital transmission scheme using the same
QPSK modulation. This improvement is attributed to two key
factors: the inherent robustness of the semantic codecs, and
the H-CPPO-based optimization of transmission parameters,
which enhances SemCom performance at given SNR levels.
As a result, the proposed scheme effectively alleviates the
inherent sensing—communication conflict in integrated systems
and significantly advances the achievable performance frontier.
The conventional QPSK-based scheme slightly outperforms
the proposed method at the point of maximum beamforming
error, as the high communication SNR in that region enables
near-error-free transmission and perfect image recovery. In
contrast, even with minimal transmission errors, the proposed
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scheme incurs a small quantization loss, leading to a marginal
performance degradation.

VI. CONCLUSION

In this work, we propose a novel OFDM-ISAC framework
for CAV that incorporates digital SemCom to achieve reliable
communication and accurate sensing simultaneously. In this
framework, the transmitting vehicle extracts semantic sym-
bols from the source data and transmits each dimension in
parallel over OFDM sub-carriers to receiving vehicles. At
the same time, it utilizes OFDM signal echoes for radar-
based environmental sensing. To support reliable SemCom,
the transmitter must jointly optimize the quantization bits
for semantic symbols, the power allocation across semantic
symbol dimensions, and the beamforming strategy. These
optimizations must also account for sensing performance,
resulting in a tradeoff between radar sensing and task-oriented
SemCom. To tackle this challenge, we decompose it into
three subproblems and develop corresponding solutions: an
H-CPPO algorithm, a joint beamforming strategy, and a
semantic importance-based SNR matching strategy. Sim-
ulation results demonstrate that the proposed framework
outperforms conventional digital transmission schemes in both
communication and sensing performance.

APPENDIX
A. Proof of Lemma 1
According to (13), ]\71 can be expanded as

Ne—1L-1 eI2mnAfT o= j2mlToymy

N; = n, (G2
where n() is the element of IN; at row n column [. Since
each n(z) is i.i.d. circularly symmetric Gaussian variable, NZ-

is also a circularly symmetric Gaussian variable when C' is
given. Hence, the conditional mean and variance of N; are
respectively expressed as

. —1L-1 J27rnAfTefj27rlTsymv ()
E(NlC) = E(n)) =0,
| nz% lz; \/pncn,l ot
(33)
B Ne—1L—1
D(Nils)= Y > 2 (34)
n=0 i=o Pn
Based on (33) and (34), the power of Nz is calculated as
E(|N:]*) = Ec {D (NHC)} + D¢ [E (Ni|c>}
1 1
2
=o.L — |E|l — ). (35)
zn: Pn (|02>

By computing E (‘ |2) for both PSK and QAM constel-
lations and substituting the resulting values Epgk (#) and

Eqawm ( #) into (35), we arrive at the final expressions given
in (14).
This completes the proof. |
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B. Proof of Lemma 2

We consider optimizing b, m,p when a and w are given.
Since fs(«, w) is independent of b, m, p, this subproblem can
be formulated as

CT1
min [Ncgs (p)} (36)
s.t. (11a), (11b), and (11c). (36a)

Given that the sub-channel gains are constant, the optimal
solution to problem (36) depends solely on the received SNR.
Denote by G(T') the optimal value of (36) for a given SNR
T", with the corresponding optimal variables b*, m*, p*. Then,
as long as the received SNR of each vehicle exceeds T,
and the OFDM parameters are configured as b*, m*, p*, both
the SemCom and sensing performance will attain the level
achieved by the solution to problem (36). We accordingly
define the worst-case received SNR under a given w as

T
(R ) WP

Based on G(T") and T (w), the original problem (16) can be
transformed into

(37

1
min —fs(a,w)er : G[F(w)} (38)
oL, w N0
c T 12
P,
st T ) = o i) P
(11d), and (16a), (38a)

By defining I'(w) as a slack variable, constraint (38a) can be
reformulated as (17a). As a result, problem (38) is equivalent
to (17).

This completes the proof. (]
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