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Abstract—This paper proposes a novel integrated sensing
and communication (ISAC) framework incorporating digital
semantic communication (SemCom) to resolve the tradeoff be-
tween sensing and communication performance. In particular,
to accomplish task-oriented semCom, the base station (BS)
extracts semantic symbols and transmits each dimension over
different orthogonal frequency division multiplex (OFDM) sub-
carriers. To achieve sensing objective, the BS broadcasts OFDM
signals and receives echoes via a uniform linear array (ULA)
to estimate echo channel state information (CSI) and obtain
target parameters. Given the varying task-related importance
of each dimension, the framework allocates quantization bits,
modulation order, and transmission power accordingly to meet
SemCom requirements. On the other hand, sensing performance
is evaluated using the Cramér-Rao Bound (CRB) of echo CSI,
with transmission power allocation optimized to enhance sensing.
The problem is formulated to minimize the sensing CRB while
satisfying SemCom task loss, total resources, and transmission
efficiency constraints. To solve this problem, we introduce a
Hybrid Action Space Proximal Policy Optimization (H-PPO)
algorithm, which can simultaneously determine the power al-
located for each dimension from a continuous action space, and
select a proper number of quantization bits and modulation
order from discrete action spaces. Simulations show that the
proposed method enhances SemCom task performance by up
to 77% and reduces sensing error by up to 58% compared to
conventional digital systems.

I. INTRODUCTION

Future sixth-generation (6G) communication systems are
anticipated to support a wide range of intelligent applica-
tions, such as autonomous driving and smart cities, which
demand not only massive communication connectivity but
also highly accurate sensing capabilities [1]. To meet these
requirements, integrated sensing and communication (ISAC),
which enables the dual use of radio signals and infrastructures
for both communication and sensing services, has emerged as
a promising technology for 6G. However, the inherent tradeoff
between the need for waveform randomness in communication
and determinism in sensing limits the performance of both
functionalities [2], thereby posing significant challenges for
the design of ISAC systems.

Recently, a number of studies have focused on optimizing
ISAC systems to address the performance tradeoff between
communication and sensing. In [1], the authors proposed
a framework based on the capacity-Bayesian Cramér-Rao
Bound (B-CRB) region to reveal the communication-sensing
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tradeoff in orthogonal frequency division multiplex (OFDM)
systems. They demonstrated that the asymptotically optimal
input distribution achieving the Pareto boundary point is
Gaussian. [3] used mutual information as a unified metric
for communication and sensing performance in multi-antenna
multi-carrier ISAC systems, providing closed-form solutions
for waveform design. The authors in [4] formulated a power
allocation problem to minimize transmit power under detec-
tion probability and quality of service constraints, revealing
the tradeoff between detection probability and achievable
rate. However, these works are not compatible with prac-
tical digital communication systems, as they assume ideal
probability distributions for communication symbols, while
in practical systems, communication symbols usually ad-
here to specific constellation patterns, such as phase shift
keying (PSK) or quadrature amplitude modulation (QAM)
constellations. In contrast, [5]–[7] considered the limitations
of practical systems when jointly optimizing communication
and sensing performance. Specifically, [5] proved that the
phase randomness of communication symbols has only a
trivial effect on the ambiguity function of OFDM waveform,
which supports the use of PSK symbols over QAM for better
radar sensing performance. In [6], the authors minimized
the outlier probability of delay-Doppler bin estimation using
PSK modulation, finding that uniform power allocation across
sub-carriers is optimal. However, while PSK is favorable for
sensing, it is detrimental to reliable communication due to its
higher bit error rate (BER) compared to QAM. [7] proposed
a probabilistic constellation shaping (PCS) approach based on
QAM to improve sensing performance. However, the sensing
performance of PCS-QAM degrades as the modulation order
increases.

The main goal of this work is to design a novel ISAC frame-
work incorporating digital semantic communication (Sem-
Com) technique. Also envisioned as a key technology for 6G,
SemCom focuses on transmitting semantic features extracted
from source data, thereby significantly reducing transmission
overheads. It further enhances transmission robustness by
learning the characteristics of wireless channel and ensures
reliable task completion with the support of knowledge bases
[8], [9]. Consequently, SemCom can effectively overcome the
high BER issue associated with PSK modulation, thereby
achieving optimal sensing performance while ensuring reliable
communication. The key contributions of this work include:

• We designed a novel OFDM-ISAC framework that incor-
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porates digital SemCom and adaptive PSK modulation. In
the proposed framework, the base station (BS) transmits
each dimension of the semantic symbol in parallel over
different sub-carriers. Since each dimension has varying
task-related importance, it is necessary to allocate an
appropriate number of quantization bits, PSK modulation
order, and transmission power based on its importance,
to meet the task requirement of SemCom. On the other
hand, the CRB of echo CSI is chosen as the evaluation
metric for sensing, and the power allocated to each sub-
carrier should be adjusted to optimize sensing perfor-
mance.

• We formulated this problem as an optimization problem,
with the objective of minimizing the sensing CRB, while
satisfying the constraints on SemCom task loss, total
resources, and transmission efficiency.

• To solve this problem, we introduce the Hybrid Action
Space Proximal Policy Optimization (H-PPO) algorithm
[10], which can simultaneously determine the power
allocated for each dimension from a continuous action
space, and select a proper number of quantization bits
and modulation order from discrete action spaces, thus
achieving both optimal sensing and communication per-
formance.

Simulations show that the proposed method enhances Sem-
Com task performance by up to 77% and reduces sensing
CRB by up to 58% compared to conventional digital systems.

II. SYSTEM MODEL

We consider an ISAC system, where a BS transmits dual-
functional OFDM signals to simultaneously achieve communi-
cation and sensing objectives. Specifically, to ensure efficient
and reliable communication, the BS employs digital SemCom
technique, transmitting semantic features extracted from the
source data to the users rather than directly sending the source
data. On the other hand, to achieve sensing objective, the BS
broadcasts OFDM signals in an omni-directional manner and
subsequently receives the echo signals using a uniform linear
array (ULA). Since the transmitted signals are known to the
BS, it can estimate the sensing channel state information (CSI)
from the echo signals and further obtain the parameters of the
sensing targets. In the following, we first introduce the digital
SemCom model. Then, we present the sensing model, and
derive the estimation CRB [11] of sensing CSI as the sensing
performance metric. Finally, we formulate the optimization
problem for the ISAC system.

A. Task-oriented Digital SemCom

As shown in Fig. 1, the BS first extracts and digitizes the
semantic features embedded in each source data, and then
sends them to a communication user via NC OFDM sub-
carriers. The semantic transmitter at the BS consists of the
following components: 1) a semantic encoder, 2) a deep joint
source and channel (DJSC) encoder, 3) a scalar quantizer, 4)
a PSK modulator, and 5) an OFDM transmitter. Specifically,

Fig. 1. Considered system.

given a source data x ∈ X , the neural network (NN) based
semantic encoder first extracts task-oriented semantic features
as

ψ = Ψ(x;α) , (1)

where ψ is the semantic feature vector, and α denotes the
parameters of the semantic encoder. To enhance the robust-
ness towards channel noise, the DJSC encoder subsequently
converts ψ into a semantic symbol vector:

r = Φ(ψ;β) , (2)

where β represents the parameters of DJSC encoder, and
r = [r1, r2, · · · , rNC ]

T ∈ CNC×1 is the semantic symbol
vector with length NC. Since each dimension of r may have
varying importance for a specific task, a scalar quantizer is
employed to quantize each dimension into different numbers
of bits according to its task-related significance, thereby
improving resource utilization. Specifically, r is quantized into
bn bits as

qn = Q (rn; bn) , n ∈ {1, 2, · · · , NC} , (3)

where qn ∈ {0, 1}bn×1 denotes the quantized bitstream.
To efficiently utilize channel resources, a PSK modulator
performs adaptive modulation on each bitstream qn, given by

cn = C (qn;mn) , (4)

where mn denotes the PSK modulation order, cn =
[cn,1, cn,2, · · · , cn,ln ]

T ∈ Cln×1 contains all the constellation
points mapped from qn, ln = ⌈ bn

mn
⌉ is the number of

constellation points in cn, and ⌈·⌉ represents the ceiling
operation. The OFDM transmitter maps cn onto sub-carrier
n for transmission and allocates transmission power to each
sub-carrier. The power allocation strategy is given by p =
[p1, p2, · · · , pNC ]

T, with pn being the transmission power on
sub-carrier n. The total transmission power is constrained by∑NC

k=1 pk ≤ P , where P is the total transmission power for
an OFDM symbol.

Upon receiving the OFDM signals, the communication user
recognizes the semantic features from the received signals
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and executes the downstream intelligent task accordingly.
We assume that the communication user is equipped with a
single receiving antenna, and the semantic receiver at the user
includes: 1) an OFDM receiver, 2) a PSK demodulator, 3)
a scalar de-quantizer, 4) a DJSC decoder, and 5) a semantic
decoder. In particular, we consider a frequency-selective slow-
fading channel for transmission, whose coherence bandwidth
is much larger than the bandwidth of each OFDM sub-carrier
[9]. Thus, the channel on each sub-carrier can be viewed as
a flat sub-channel. The received constellation points at the
OFDM receiver can be expressed as

ĉn = hncn + nn, (5)

where ĉn ∈ Cln×1 is the received constellation points of
dimension n, hn is the channel coefficient on sub-carrier n,
and nn ∼ CN

(
0, σ2

C

)
denotes the additive Gaussian noise

with variance σ2
C. Note that, based on the pilot symbols

known by both BS and the receiver, hn can be estimated
at the receiver and used to equalize the constellation points
to improve SemCom performance. Hence, given ĉn and the
estimated channel coefficient ĥn, the constellation points are
demodulated to obtain the received bitstream q̂n as

q̂n = C−1

(
ĉn

ĥn

;mn

)
, (6)

where C−1 (·) denotes the PSK demodulator. The bitstream is
then de-quantized to recover each dimension of the semantic
symbol vector:

r̂n = Q−1 (q̂n; bn) , n ∈ {1, 2, · · · , NC} , (7)

where r̂n is the recovered semantic symbol, and Q−1 (·)
represents the scalar de-quantizer. The recovered semantic
symbol is defined as r̂ = [r̂1, r̂2, · · · , r̂NC ]

T. Finally, r̂ will
be sequentially processed by the DJSC decoder and the
semantic decoder to complete the intelligent task, which can
be expressed as

ŷ = Ψ−1
[
Φ−1 (r̂;µ) ;η

]
, (8)

where Φ−1 (·;µ) and Ψ−1 (·;η) respectively denote the DJSC
and semantic decoders with parameters µ and η, and ŷ ∈
RNT×1 is the task result predicted by the user, with NT being
the dimension of label. The quality of SemCom is evaluated
by a task-specific distortion between ŷ and the ground truth
label y, denoted as LT (y, ŷ), such as cross entropy for
classification tasks.

B. Sensing model

We investigate a sensing scenario in which the BS lacks
prior knowledge of the environment (e.g. information of
sensing targets). For simplicity, we assume that there are
U sensing targets surrounding the BS, each modeled as a
point-like scatterer [11]. To achieve accurate sensing, the BS
continuously transmits K OFDM symbols within a single
radar coherent processing interval (CPI), and the transmitted
symbol k in the frequency domain is denoted as zk =

[zk,1, zk,2, · · · , zk,NC ]
T ∈ CNC×1. Note that, since we are

considering an integrated sensing and communication system,
zk,n can represent a constellation point from dimension n of
a semantic symbol. Specifically, the transmitted symbol k is
first reflected by the sensing targets and subsequently captured
by the ULA at the BS. This reflection and reception process
can be mathematically described as

Ẑk = diag (zk) ·Gk +Wk, (9)

where Ẑk ∈ CNC×NB is the received OFDM symbol k, with
NB being the number of antennas in the ULA, diag (zk) de-
notes a diagonal matrix with diagonal elements zk,1 to zk,NC ,
and Wk ∼ CN

(
0, σ2

S

)
is an i.i.d. Gaussian noise matrix with

variance σ2
S . The sensing CSI matrix Gk ∈ CNC×NB in (9) is

formulated as

Gk =

U∑
u=1

ϵuo (du, vu, k) [a (θu)]
T
. (10)

where du is the distance between target u and BS, a (θu)
denotes the ULA’s steering vector [11] with an angle of arrival
of θu, vu represents the radial velocity of target u, and ϵu
denotes the path gain of target u. o (du, vu, k) ∈ CNC×1 is
the OFDM channel response at the reference antenna of ULA
during the transmission of zk, which is expressed as

o (du, vu, k) =ej(2πk
1

∆f
2vu
λ +ϕu) ·

[
1, e

j2π∆f 2du
CL ,

· · · ,ej2πn∆f 2du
CL , · · · , ej2π(NC−1)∆f 2du

CL
]T
,

(11)

where ∆f denotes the OFDM sub-carrier spacing, λ repre-
sents the carrier wavelength, ϕu is a random phase, and CL
is the speed of light. Based on (9) to (11), the parameters
of interest for each sensing target can be determined using
a two-step scheme [11]. First, since both zk and Ẑk are
known to the BS, Gk can be estimated by using statistical
methods, such as maximum likelihood estimation. Then, the
parameters of interest for a specific sensing target can be
further extracted from Gk with specific signal processing
techniques. Therefore, without loss of generality, we assume
that the object of sensing is to accurately estimate each Gk.

The performance of sensing is evaluated by the estimation
CRB of the sensing CSI matrices, which defines the variance
lower bound for any unbiased estimators. According to [11],
the estimation CRB of the sensing CSI is given by

CRB (Gk; zk) = NB

NC∑
n=1

σ2
S

|zk,n|2
. (12)

Given that we employ the PSK modulation, which has a
constant-modulus constellation pattern, |zk,n|2 is directly pro-
portional to the power allocated to each sub-carrier. Conse-
quently, (12) can be further simplified as CRB (Gk; zk) ∝
NBσ

2
S

2

∑NC
n=1

1
pk,n

, where pk,n denotes the power allocated to
sub-carrier n during the transmission of OFDM symbol k. It
is clear that, under a total power constraint P , CRB (Gk; zk)
is minimized when power is equally allocated to each sub-
carrier. However, since different dimensions of the semantic
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symbols have varying values and task-related importance,
different numbers of bits need to be allocated to ensure quan-
tizing precision. To maintain transmission efficiency, higher-
order modulation is thus required when a dimension has more
bits, which in turn necessitates allocating more power. As a
result, while the equal power allocation scheme can minimize
the CRB of sensing CSI, it may not meet the task-oriented
communication needs of users.

C. Problem formulation

Given the defined system model, our objective is to simul-
taneously achieve accurate sensing and meet the needs of re-
liable SemCom. This optimization problem can be formulated
as follows:

min
b,m,p

NBσ
2
S

2

NC∑
n=1

1

pn
(13)

s.t. LT (y, ŷ) ≤ D, (13a)
NC∑
n=1

pn ≤ P, pn ∈ (0,+∞) , (13b)

NC∑
n=1

bn ≤ B, bn ∈ N+, (13c)

max
n

⌈ bn
mn

⌉ ≤ T, mn ∈ N+, (13d)

where b = [b1, b2, · · · , bNC ], and m = [m1,m2, · · · ,mNC ].
(13a) ensures that the task loss does not exceed D. (13b)
limits the total power of each OFDM symbol to be no more
than P . (13c) and (13d) reflect the requirements for efficiency.
Specifically, (13c) indicates that the total number of allocated
bits must not surpass B, while (13d) shows that the maximum
transmission delay for one source data must not be greater than
T OFDM symbol periods. From (13), we see that constraint
(13a) is non-convex, as the predicted label ŷ depends on deep
neural network models. Moreover, the optimization variables
that determine the task loss LT (y, ŷ) include both discrete
terms b andm, and continuous term p. In consequence, (13) is
challenging to solve using traditional optimization algorithms.

III. PROPOSED ALGORITHM

To solve problem (13), we introduce an H-PPO algorithm
[10] which determines the optimal values of discrete vari-
ables b, m, and continuous variable p based on the value
and semantic importance of each dimension of the semantic
symbols. Next, we first explain the method for evaluating
semantic importance. Then, we introduce the components of
H-PPO. Finally, we describe H-PPO’s training procedure.

A. Semantic Importance Evaluation

Since both the semantic and DJSC codecs are based on
deep NNs, we use gradient of the decoder’s output with
respect to r̂n to represent the importance of dimension n [9].

Fig. 2. Architecture of H-PPO.

Specifically, the semantic importance of dimension n is given
by

in =
1

NT

NT∑
l=1

| ∂ỹl
∂r̂n

|, (14)

where ỹl denotes dimension l of the predicted label before the
final activation layer of semantic decoder (e.g., Softmax layer
for classification tasks). Intuitively, in reflects the contribution
of dimension n of the semantic symbol to the final task result.

B. Components of H-PPO

As shown in Fig. 2, H-PPO is an actor-critic based re-
inforcement learning (RL) algorithm, featuring two parallel
actors that separately handle discrete and continuous action
selections, along with a single critic network that serves
as an estimator of the state-value function [10]. The main
components of the H-PPO algorithm are outlined as follows:

• Agent: The agent is the semantic transmitter at the BS,
responsible for determining the quantization and power
allocation schemes for each dimension of the semantic
symbols.

• Action: The action an = [bn,mn, pn] at step n con-
tains all three transmission parameters for dimension
n. In particular, an RL episode begins with select-
ing transmission parameters for the first dimension and
concludes when aNC of dimension NC is determined.
Hence, as the number of allocated dimensions increases,
the available resources diminish, resulting in dynamic
action spaces. To address this challenge, we define the
maximum allocatable number of bits and power for
all dimensions, denoted as bmax and pmax, repectively.
Given bn ∈ {1, · · · , bmax} and pn ∈ (0, pmax], a lower
modulation order generally leads to smaller transmission
errors. Therefore, for simplicity, mn will be directly set
as ⌈ bn

T ⌉ to satisfy constraint (13d).
• State: The state is defined as sn =

[
rn, in,

B̄n

B , P̄n

P , i
]
,

where B̄n and P̄n respectively denote the remaining allo-
catable bits and power at step n, and i = [i1, i2, · · · , iNC ]
represents the importance of all dimensions of the seman-
tic symbol.

• Policy: The policy defines the behavior of the agent,
determining the probability of selecting action an when
given a particular state sn. Specifically, in the H-PPO
framework, the policies for selecting discrete action bn
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Algorithm 1 H-PPO algorithm.
1: Initialize: Actor and critic parameters ωD, ωC, and ωV. Codec parame-

ters α,β,µ,η. Training parameters P , B, NT, bmax, pmax, R1, R2, R3,
λ1, λ2, ξ1, ξ2, λ, γ, ϵ.

2: Input: Source data x ∈ X , ground truth label y ∈ Y .
3: for n = 1 → NC do
4: Collect τn based on πωD , πωD , and R (s,a).
5: end for
6: for n = 1 → NC do
7: Calculate L

Clip
D (ωD) and L

Clip
C (ωC) according to (18).

8: Compute LV (ωV) based on (19).
9: Update ωD,ωC,ωV using gradient descent method.

10: end for

and continuous action pn are implemented using two sep-
arate NNs. These policies are denoted as πωD (bn|sn) and
πωC (pn|sn), where ωD and ωC represent the parameters
of the respective neural networks.

• Reward: To solve (13), the reward for each action should
increase as the sensing CRB decreases, and a significant
penalty should be imposed when constraints (13a) to
(13d) are violated. However, since LT (y, ŷ) can only
be calculated after transmitting all dimensions of the
semantic symbol, the penalty related to (13a) is sparse.
To mitigate this issue, we incorporate quantization and
transmission distortions into the immediate reward at
each step. This allows the agent to reduce the overall
task loss by minimizing the quantization and transmission
distortions for each dimension. Specifically, the reward
function is designed as

R (sn,an) =



−R1, if B̄n ≤ 0, or P̄n ≤ 0,

−λ1

n∑
j=1

1

pj
−λ2in|rn − r̂n|2, if n<NC,

R2 − λ1

n∑
j=1

1

pj
− λ2in|rn − r̂n|2,

if n = NC, and LT (y, ŷ)<D,

−R3 − λ1

n∑
j=1

1

pj
− λ2in|rn − r̂n|2,

if n = NC, and LT (y, ŷ) ≥ D,
(15)

where R1 represents the penalty for excessive resource
allocation, R2 and R3 respectively denote the reward
for correct task results and the penalty for incorrect
task results, |rn − r̂n|2 captures the combined effects of
quantization and transmission distortions, and λ1, λ2 are
weight parameters.

C. Training Procedure of H-PPO

First, the agent selects a source data x ∈ X , and collects
a set of transitions T = {τ1, · · · , τn, · · · , τNC} with τn =
[sn,an, R (sn,an)], based on the initial policies πωD and πωC .
Given T , the estimated advantage at step n is computed as

Ân = δn + (γλ) δn+1 + · · ·+ (γλ)
NC−n+1

δNC−1, (16)

TABLE I: Simulation Parameters

Parameter value Parameter Value
NC 64 P 64
B 52 T 2

bmax, pmax 8, 3 R1, R2, R3 100, 250, 100
λ1, λ2 1, 5 ξ1, ξ2 1e-3, 0.5e-3
λ, γ 0.99, 0.99 ϵ 0.2

where δn = R (sn,an)+ γVωV (sn+1)−VωV (sn), γ denotes
the reward discount factor, and λ is the variance discount
factor. Next, we calculate the probability ratios between new
and old policies, given by

ρD (ωD) =
πωD (bn|sn)
πωold

D
(bn|sn)

, ρC (ωC) =
πωC (pn|sn)
πωold

C
(pn|sn)

, (17)

where ωold
D and ωold

C represent the parameters before updating.
Then, according to [10], the loss for the discrete and contin-
uous policies can be uniformly expressed as

LClip
j (ωj) = −Ên

[
min

(
ρj (ωj) Ân, clip

(
ρj (ωj) ,

1− ϵ, 1 + ϵ
)
Ân

)]
, j ∈ {D,C}

(18)

where clip ( · , 1− ϵ, 1 + ϵ) is a clipping function that limits
the value of ρD (ωD) within range [1− ϵ, 1 + ϵ], with ϵ being
a hyper-parameter. The loss function for the critic network is
expressed as

LV (ωV) =
1

NC

NC∑
n=1

[
VωV (sn)−

NC∑
n′=n

γn′−nR (sn′ ,an′)
]2
,

(19)
where VωV (sn) is the state-value function approximated by
the critic network, and ωV denotes the network parameters.
Given (18) and (19), the actor and critic network parameters
are updated using the gradient descent method [9], [10], [12]
with respective learning rate ξ1 and ξ2. The specific training
procedure of H-PPO is summarized in Algorithm 1.

IV. SIMULATION RESULTS AND ANALYSIS

The proposed scheme is evaluated using the CIFAR-10
dataset for image classification task. The transmitter uses a
VGG-19 network [13] as the encoder backbone and a fully
connected network (FCN) for projecting the 512-dimensional
VGG-19 output into a 64-dimensional semantic symbol. The
receiver decodes the received data with an FCN to produce
classification results. The model is trained under an addtive
Gaussian noise (AWGN) channel with signal-to-noise ratio
(SNR) ranging from 0 to 20 dB and optimized using the
ADAM optimizer. To reduce inter-feature correlation, singular
value decomposition (SVD) is performed on the semantic
symbols, and the transformed results are used as the trans-
mitted data. Other simulation parameters are listed in Table I.
For comparison, two categories of baselines are considered:
1) equal power allocation to each dimension with quantization
bits and PSK modulation order determined using a standard
PPO algorithm [9], and 2) conventional digital transmission
using UINT-8 pixel value representation and various modu-
lation schemes (QPSK, 16QAM, 64QAM), with equal power
allocated to each sub-carrier.
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Fig. 3. CRB and reward during H-PPO training.

In Fig. 3, we show the variations of sensing CRB and RL
reward during H-PPO training, and also mark the CRB for
different digital modulation schemes. From this figure, we first
see that as the reward increases, the sensing CRB decreases.
This implies that the the designed reward function can effec-
tively captured the sensing requirement. We can also observe
that the proposed method achieves a CRB comparable to PSK
modulation with equal power allocation, while reducing CRB
by up to 40% and 58% compared to 16QAM and 64QAM,
respectively. This demonstrates that H-PPO can accurately
allocate resources for different dimensions, ensuring semantic
communication performance and preventing excessive energy
imbalance, which would otherwise significantly increase CRB.

Fig. 4 shows how the classification accuracy changes with
varying communication SNR under AWGN channel. From
this figure, we see that the proposed method can improve
accuracy by up to 8% compared to the baseline of the
first category, where power is equally allocated to each sub-
carrier and only the number of quantization bits is determined
using a PPO algorithm. This stems from the fact that the
proposed method’s ability to allocate resources based on the
task-related importance of each dimension, thereby better
satisfying the SemCom task requirements. Additionally, the
proposed method can enhance task performance by up to 77%
compared to conventional digital transmission schemes at low
SNRs. This significant gain is due to the semantic and DJSC
codecs’ capability to effectively learn channel characteristics
and ensure reliable task completion with the support of the
learned knowledge base.

V. CONCLUSION

In this work, we have designed a novel OFDM-ISAC
framework that integrates digital SemCom and adaptive PSK
modulation to achieve both reliable communication and ac-
curate sensing. In the proposed framework, the BS trans-
mits each dimension of a semantic symbol over different
subcarriers, requiring allocation of an appropriate number of
quantization bits, modulation order, and transmission power
for each dimension based on its task-related importance.
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Fig. 4. SemCom task results with different SNR.
Meanwhile, the power allocated to each subcarrier is adjusted
to optimize the estimation CRB of echo CSI for accurate
sensing. An H-PPO algorithm is developed to solve this
problem. Simulation results show that the designed framework
outperforms conventional digital transmission schemes in both
communication and sensing performance.
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