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Abstract

Semantic communication shifts the focus from bit-level accuracy to task-relevant meaning. However, most meth-
ods assume equal importance across semantic units and rely on costly retraining, limiting scalability. This work
proposes an importance-aware framework that accounts for unequal feature contributions. It introduces a new metric,
importance-weighted semantic spectral efficiency (wSSE), to prioritize task-relevant features. It develops an empiri-
cally derived feature-accuracy matrix, inspired by saturation behavior. The framework enables importance-aware fea-
ture selection and subchannel allocation without online learning. This framework targets resource-constrained edge
systems such as IoT cameras, UAV detection, and AR/VR. Experiments show up to 73.3% higher efficiency under
constrained resources.
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1. Introduction

The rapid development of data-driven services such
as autonomous driving, smart healthcare [1, 2], and im-
mersive AR/VR is pushing current communication sys-
tems to their limits [3, 4, 5]. Recent 6G visions empha-
size AI-native control for intelligent, adaptive, and effi-
cient wireless systems [6], prioritizing task-level perfor-
mance and energy efficiency [7]. Conventional bit-level
communication operates in a content-agnostic manner,
transmitting all bits with full fidelity regardless of task
relevance. This approach consumes significant band-
width and energy to achieve task success [8].

Semantic communication (SC) has been proposed to
overcome these limitations. Recent advances in deep
learning have enabled the end-to-end extraction and en-
coding of semantic features [9, 10, 11, 12]. Instead
of delivering every bit of data, SC extracts semantic
information such as entities, relations, or other task-
relevant features [13, 14]. It then transmits a meaning-
ful form that the receiver can accurately interpret [15].
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The goal is not to send exact words but to ensure mu-
tual understanding of the intended message. In prac-
tice, SC uses a semantic encoder to detect and compress
task-relevant meaning [16]. A semantic decoder then re-
constructs or infers the conveyed intent, using shared
knowledge bases and contextual information [17]. This
demonstrates that it can maintain task accuracy while
significantly reducing transmission overhead.

As SC evolves, some studies have introduced se-
mantic metrics [18, 19]. These metrics evaluate task-
level efficiency and user-centric utility rather than bit
fidelity. However, they typically assume uniform impor-
tance across semantic features, overlooking that some
features carry far greater weight in task performance.
Especially, Cheng et al. emphasize that the importance
of semantic features significantly impacts the task [20].

Inspired by [20], this work extends existing metrics
by introducing importance-weighted semantic spectral
efficiency (wSSE) to fill this gap. It explicitly accounts
for unequal feature contributions. The value of redefin-
ing metrics is evident in other communication domains.
New evaluation measures have reshaped how system
performance is assessed [21]. Based on the proposed
metric, an importance-aware end-to-end transmission
control framework is also proposed. It enables efficient
feature selection and subchannel assignment without
expensive online learning. This is achieved by leverag-
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ing an empirically derived task accuracy matrix. It also
achieves high accuracy while reducing the number of
transmitted features and improving semantic efficiency
under limited resources.

1.1. Related Work

Early research in SC introduced semantic-specific
performance metrics. The semantic rate (S-R) and se-
mantic spectral efficiency (S-SE) were proposed in
[18, 19] to measure task-relevant meaning per unit time
and bandwidth. Other semantic-aware metrics include
semantic system throughput [22], semantic-aware qual-
ity of experience [23, 24] and compression-aware utility
functions [25].

In the area of semantic-aware transmission control,
a recent study [26] addressed transmission control by
formulating a mixed-integer programming model that
jointly allocates power and assigns subchannels, with
semantic similarity serving as the optimization objec-
tive.

Zhang et al. [27] applied a deep reinforcement learn-
ing framework to adapt transmission decisions in real
time, enabling robust semantic delivery under dynam-
ically changing channel conditions. Li et al. [28] opti-
mized the transmission pipeline at the training stage by
allocating learning resources to enhance feature-level
discrimination, indirectly improving the encoder’s abil-
ity to support efficient transmission at inference time.
In [29], a transformer-based encoder with a semantic-
aware loss is proposed to produce representations re-
silient to transmission constraints. This design main-
tains higher task performance with limited resources.
However, the studies mentioned above focused on accu-
rately capturing meaning rather than distinguishing the
degree of contribution to the task.

Han et al. [10] improves semantic-aware transmis-
sion via a patch-wise scheduler guided by an image-
captioning attention map. For each input image, an at-
tention heatmap is computed online and used to rank
patches. Higher-scored regions are transmitted first so
that caption quality is preserved with less bandwidth.
However, it prioritizes image regions based on attention
scores from an image captioning model, which limits
generalization to other modalities or tasks.

1.2. Contribution

Based on the above motivation, we propose an
importance-aware framework. The contributions are
summarized as follows:
• An importance-aware end-to-end transmission con-

trol framework is presented. It integrates per-feature

Figure 1. Structure of the importance-weighted semantic network.
The source data is first encoded into semantic features, and each
feature is assigned a weight according to its task relevance.
High-importance features are selected and mapped to sub-channels,
while low-importance features may be pruned. The receiver
reconstructs the task output using the features.

importance into feature selection and subchannel
assignment. It departs from uniform-importance or
similarity-only policies. Combining selection and as-
signment allows for efficient, importance-aware con-
trol.
• wSSE is redefined by extending S-SE to weight fea-

tures based on task relevance. wSSE provides an ex-
plicit efficiency-accuracy objective. It offers a task-
grounded alternative to capacity-based or unweighted
semantic metrics.
• To avoid online retraining to identify important fea-

tures, the empirical accuracy surface is built as an
offline table. The feature-importance vector is ob-
tained through ablation and precomputed based on
the SNR condition. This table is used to select trans-
mission features. Then, it matches users to favorable
subchannels. This two-step framework importance-
aware control with negligible transmission overhead.
• Simulations show that the proposed framework

achieves higher task accuracy and higher semantic ef-
ficiency than benchmarks at all power levels. These
results underscore the practical value of prioritizing
high-importance features.

2. System Model and Problem Formulation

This paper considers a cellular network comprising a
base station (BS), with a set of N users denoted byN =
{1, 2, . . . , i, . . . ,N}, as depicted in Fig. 1. A task-oriented
DeepSC framework is adopted as the SC model, where
the encoder and decoder are optimized to preserve the
semantic information required for executing a specific
task, such as image classification or object recognition.

Each user has a task-driven semantic transmitter that
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extracts high-level task-relevant features from the in-
put source using deep neural networks (e.g., convolu-
tional neural networks or transformer-based encoders
[30, 31, 32, 33]). Instead of transmitting the entire orig-
inal content, each user transmits only the task-critical
semantic features to the BS. These representations are
learned to be robust to subchannel distortion while
maintaining task performance.

The task-oriented DeepSC transceiver is assumed to
be pretrained off-line at the BS or on a cloud-based
training server using task-specific loss functions. After
training, the optimized semantic encoder is distributed
to the users for local use.

The following section presents the semantic transmit-
ter structure at the user side, the transmission model
over the wireless subchannel, and the task-oriented se-
mantic decoder deployed at the BS.

2.1. DeepSC Transmitter

In the proposed model, the ith user generates an im-
age Xi, which is encoded into semantic features fi, j us-
ing a DeepSC-based encoder, as follows:

Xenc
i = [ fi,1, fi,2, fi, j, . . . , fi,F], (1)

where F denotes the number of features, depending on
the encoder architecture. Assuming that the number of
generated semantic features is fixed. Furthermore, the
importance of each semantic feature varies depending
on the task requested by the user. Each feature fi, j is
associated with an importance weight ωi, j, formed as
follows:

ωi = [ωi,1, ωi,2, . . . , ωi,F], where
F∑

j=1

ωi, j = 1. (2)

LetM = {1, 2, . . . ,m, . . . ,M} denote the set of avail-
able subchannels in the network, where M represents
the number of subchannels. A feature selection vector
β = {β1,β2, . . . ,βN} is defined to indicate whether the
ith user transmits the jth semantic feature or not, where
βi = [βi,1, βi,2, . . . , βi,F], and βi, j = 1 if feature fi, j is
transmitted, and βi, j = 0, otherwise. The selection rate
ki is given by the following:

ki =

∑F
j=1 βi, j| fi, j|

|Xi|
, (3)

where | fi, j| and |Xi| denote the (bit-level) size of feature
fi, j and image Xi, respectively. Hence, each user trans-
mits semantic representations derived from the original

image Xi, which are semantically encoded to facilitate
task execution.

The selection matrixDi ≜ diag(βi) ∈ {0, 1}F×F for-
malizes the feature selection. With the encoder output
Xenc

i , the transmitted semantic vector becomes

X̃i = Xenc
i Di = [ fi,1βi,1, . . . , fi,Fβi,F ], (4)

so that only features with βi, j = 1 are sent, and the others
are null.

2.2. Transmission Model

In this paper, considering an orthogonal frequency di-
vision multiplexing (OFDM) based system where each
user is assigned to at most one orthogonal subchannel.
The wireless subchannel between user i and the BS in-
cludes large-scale fading gi and small-scale Rayleigh
fading hi,m. Thus, the SNR is given by

γi,m =
Pigi|hi,m|

2

WN0
, (5)

where Pi, W, and N0 denote the transmit power, band-
width, and noise power spectral density, respectively.
Furthermore, the subchannel allocation is managed us-
ing a binary variable α = {α1,α2, . . . ,αN}, where
αi = [αi,1, αi,2, . . . , αi,M]T . Further, αi,m ∈ {0, 1}, that is,
αi,m = 1 indicates that user i is assigned with subchannel
m, and αi,m = 0, otherwise. Each user and subchannel is
limited to a one-to-one pairing:

N∑
i=1

αi,m ≤ 1, ∀m and
M∑

m=1

αi,m ≤ 1, ∀i. (6)

2.3. Task-Oriented DeepSC Receiver

At the BS, the signal from the ith user assigned to
subchannel m can be expressed as follows:

Yi =
√

gihi,m(X̃i,m) + z, (7)

where z denotes the additive white Gaussian noise , and
each element of z follows CN(0,N0). The received sig-
nal is decoded using the subchannel decoder and is fur-
ther processed using the semantic decoder to reconstruct
the original semantic content Xi.

2.4. Task Performance Metric

To evaluate the semantic transmission performance, a
task accuracy metric ξ is defined as the average outcome
of the binary task performance function fsucc(·) applied
to each received signal Y under (q, γ) conditions. Here,
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q denotes the importance level, defined as the cumula-
tive sum of the importance weights of the selected fea-
tures (i.e., q = βω⊤)

ξ(q, γ) = EY∼prob(q,γ)[ fsucc(Y)] ≈ lim
T→∞

1
T

T∑
t=1

fsucc(Yt),

(8)

where T denotes the number of samples , and fsucc(·)
outputs 1 if the task is successful and outputs 0 other-
wise.

The task accuracy ξ is in the range [0, 1], where ξ =
1 indicates perfect alignment in task-relevant features,
and ξ = 0 indicates a complete mismatch with respect
to the task objective.

2.5. Importance-Weighted Semantic Information

S-SE is extended by introducing wSSE, which eval-
uates each feature’s task contribution and prioritizes
high-utility features under constraints. The wSSE Φi,m

is defined using the task-accuracy function ξ(qi,m, γi,m)
as follows:

Φi,m =
I

Fki
ξi,m(βiω

T
i , γi,m), . (9)

where I =
∑F

j=1 −P( fi, j) log P( fi, j) denotes the expected
amount of semantic information contributed by the fea-
tures, and P( fi, j) represents the probability of occur-
rence of feature fi, j in the dataset or task context.

2.6. Problem Formulation

The objective is to maximize the system-wide wSSE,
measuring task performance per unit bandwidth.

(P1) max
α,β

N∑
i=1

M∑
m=1

αi,mΦi,m(βiω
T
i , γi,m), (10a)

s.t. C1 : αi,m ∈ {0, 1}, ∀i ∈ N , ∀m ∈ M,
(10b)

C2 :
N∑

i=1

αi,m ≤ 1, ∀m ∈ M, (10c)

C3 :
M∑

m=1

αi,m ≤ 1, ∀i ∈ N , (10d)

C4 : βi, j ∈ {0, 1}, ∀i ∈ N ,∀ j ∈ {1, . . . , F},
(10e)

C5 : ξi,m ≥ ξth, ∀i ∈ N , ∀m ∈ M. (10f)

In (P1), (10a) denotes the objective function that finds
optimal subchannel allocation and feature selection.

Constraints (10b), (10c), and (10d) are subchannel as-
signment constraints.

Constraint (10e) represents binary feature selection,
and (10f) guarantees that the success rate of the

task, ξi,m, for reliable task execution meets a minimum
threshold ξth.

However, due to the non-convexity of (P1), it is chal-
lenging to solve using conventional convex optimization
methods.

3. Proposed Approach

A semantic-importance-aware framework is designed
to integrate feature selection with subchannel assign-
ment for the formulated optimization problem.

3.1. Feature-Importance Task-Accuracy Table

A task-accuracy table is first constructed that maps
combinations of semantic-importance levels and SNR
values to task accuracy, enabling semantic-aware opti-
mization.

3.1.1. Feature-Importance Extraction
A feature-importance vector ωi is extracted using a

pretrained semantic transceiver. An ablation-based esti-
mation is employed, where the importance ωi, j of fea-
ture fi, j is measured as the normalized decline in task
performance when that feature is masked. This method,
widely employed in interpretable deep learning [34],
eludes gradient backpropagation and yields stable, task-
specific importance values. Concretely, a one-at-a-time
ablation is performed with the transceiver frozen at
a nominal SNR to decouple channel randomness. For
each feature fi, j, let ξfull denote the batch-averaged task
accuracy when all features are used, and ξ− j the accu-
racy when fi, j is masked (set to zero). The feature’s con-
tribution is defined as the non-negative drop in accuracy
caused by masking. Contributions across all features are
then normalized so that the resulting importance scores
are comparable and sum to one, yielding a probability-
like importance vector. To improve stability and repro-
ducibility, the ablation is repeated on randomly drawn
mini-batches, and the final importance scores are ob-
tained by averaging over these runs [35].

3.1.2. Quantization of Total Importance
The total importance score q is discretized into |Q|

representative levels, Q = {q̃1, q̃2, q̃l, . . . , q̃|Q|}.
For each q̃ ∈ Q, the corresponding selected feature

subsetLi,q̃l is determined, whose cumulative feature im-
portance is closest to q̃.
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If multiple subsets satisfy this condition, the subset
with the smallest number of features is selected to min-
imize transmission costs and enhance efficiency, while
still meeting the intended importance level.

The set Li = {Li,q̃l | q̃l ∈ Q} represents the feature
combination table, mapping each quantized importance
level to its selected feature set.

3.1.3. Construction of Task-Accuracy Table
This approach simulates transmission over varying

SNR conditions γ ∈ G using a deep learning-based se-
mantic transceiver (e.g., DeepSC [23]). For each (q̃, γ)
pair, the simulation is performed using the correspond-
ing feature subset Li,q̃, and the resulting value of the
semantic task-accuracy function ξ(q̃, γ) is recorded in
a task-accuracy table Ti(q, γ). This method ensures
that the table values are empirically grounded rather
than based on synthetic models. Avoiding closed-form
evaluation or real-time decoding is suitable for delay-
sensitive applications. Empirically, the task-accuracy
function ξ(q, γ) exhibits saturation-like characteristics:
accuracy increases sharply in the low-to-mid ranges of
importance sum q or SNR γ, and gradually flattens at
higher levels. This S-shaped behavior, consistent with
observations in semantic similarity studies [19, 36]. It
motivated the choice of quantization levels to capture
both the steep growth and plateau regions. The con-
structed table reflects realistic diminishing returns in se-
mantic task performance. Algorithm 1 summarizes this
process.

3.2. Proposed Optimization Framework

Based on the constructed feature-importance-based
task-accuracy table, this section describes the proposed
algorithm that maximizes the total wSSE of the system
under the given constraints. Algorithm 2 summarizes
the complete optimization pipeline.

3.2.1. Optimal Semantic Feature Selection (Phase-1)
A wSSE-feature matrix F is constructed for all users

and subchannels, where F of (R, feature set)N×M . For
each subchannel m of user i, the SNR γi,m is identified,
and the candidates quantized importance levels q̃l ∈ Q

are retrieved from the precomputed table Li to satisfy
the accuracy constraint in (10f), that is, T (q̃l, γi,m) ≥ ξth.

For a given γi,m, among the feature sets correspond-
ing to these candidates q̃l, this approach selects the
one that yields the maximum wSSE, preferring subsets
with fewer features when multiple sets achieve the same
wSSE value. Then, the selected feature set and its wSSE
value are stored in Fi,m. For example, if q̃ is quantized as

Algorithm 1 Feature-Importance Task-Accuracy Table
Construction

1: Input: Pretrained semantic transceiver, importance
vector ωi = [ωi,1, ωi,2, ωi, j, . . . , ωi,F], SNR set G,
quantization levels Q = {q̃1, q̃2, q̃l, . . . , q̃|Q|}

2: Output: Task-accuracy table Ti(q, γ) for all q ∈ Q
and γ ∈ G

3: for each quantized importance sum q̃ ∈ Q do
4: Determine the feature subset Li,q̃ whose total

importance is closest to q̃ and has the minimum
number of features among such subsets

5: end for
6: for each SNR value γ ∈ G do
7: for each quantized sum of importance q̃ ∈ Q do
8: Simulate the transmission using selected se-

mantic features Li,q̃ at SNR γ
9: Compute the task-accuracy function ξ(q, γ)

from the transceiver output
10: end for
11: end for
12: Return: Feature-importance-based task-accuracy

table Ti(q, γ)

[0, . . . , 0.30, 0.32, 0.34], q = 0.31, Li,0.32 contains three
features, andLi,0.34 contains two features, the latter may
be selected if it has a higher wSSE value.

Then, F is again reduced to F ∈ RN×M so that
each element F i,m maintains only the best wSSE value.
Therefore, for all user-channel pairs, the optimal seman-
tic feature selection is determined.

3.2.2. Optimal Subchannel Assignment (Phase-2)
The optimal user-channel matching is determined

based on the wSSE matrix F obtained in Phase-1.
This problem can be considered a standard maximum
weight assignment problem; therefore, the Hungarian
algorithm can be employed to obtain the optimal assign-
ment. The optimal subchannel assignment is saved in a
matrix Γ (for N , M, zero-weight dummy nodes are
added to convert the matrix to the square form). Each
user-subchannel pair with Γi,m = 1 is scheduled, and its
corresponding optimal feature set stored in F is trans-
mitted.

Remark 1. By nature of OFDM links, a high peak-
to-average power ratio forces power-amplifier backoff,
limiting usable transmit power. This constraint makes
feature prioritization particularly useful in budget-
constrained situations [37]. In practical, low-power in-
dustrial Internet of Things anomaly detection [38, 39,
40], transmitting only the most important features can
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Algorithm 2 Importance-based Subchannel Allocation

Require: Precomputed feature-importance-based task-
accuracy table T (q, γ) by Algorithm 1; SNR values
γi,m for all i ∈ N ,m ∈ M; importance vector ωi for
each user i; threshold ξth

Ensure: Optimal subchannel assignment α and feature
selection mask βi for each user

1: Initialize the wSSE matrix F ∈ RN×M

2: for each user i ∈ N do
3: for each subchannel m ∈ M do
4: Retrieve Ti(q̃l, γi,m) for all ql ∈ Q from the

precomputed table Li

5: Identify feasible ql values satisfying
Ti(ql, γi,m) ≥ ξth

6: Select q̃l that maximizes Φi,m =
Ti(q̃l,γi,m)∑F

j=1 βi, j

7: Set feature mask βi ← Li,q̃l

8: Compute set F i,m ← Φ
max
i,m =

Ti(q̃l,γi,m)∑F
j=1 βi, j

9: end for
10: end for
11: Apply the Hungarian algorithm on matrix F to

solve the optimal subchannel assignment
12: Return subchannel assignment matrix Γ and se-

lected feature masks βi for each user

accurately convey the meaning of the detection data
[41]. This reduces latency and energy consumption si-
multaneously. Furthermore, in vehicle-to-everything co-
operative perception, prioritizing hazard-relevant fea-
tures sustains situational awareness under congestion,
adapts quickly to SNR/load changes via lookup, and
avoids online retraining [42].

4. Experiments

Feature importance was calculated using an ablation,
one feature at a time, with a fixed SNR in Python (Spy-
der). Pytorch was used for inference. CIFAR-100 was
used as the source dataset. The importance of each fea-
ture was normalized. Feature selection and channel as-
signment simulations were run multiple times using a
fixed seed in Python (Colab), and the results are mea-
sured as a trial average. To improve stability, this proce-
dure was repeated for multiple randomly sampled mini-
batches using a fixed seed, and all values were averaged.
To assess the effectiveness of the proposed importance-
aware transmission strategies, the proposed scheme is
compared with the following baselines. Simulation pa-
rameters are summarized in Table 2.

Table 1
Simulation Parameters

Parameter Value

Number of users, N 5
Number of subchannels, M 5
Number of encoded semantic features, F 64
Channel bandwidth, W 180 KHz
Noise power spectral density, N0 -174 dBm/Hz
Pathloss model 128.1 + 37.6 log10(d [km]) dB
Shadow effect factor 6 dB
Transmit power, P 10 dBm
Task-accuracy threshold, ξth 0.8

Figure 2. Sum of wSSE versus the selection rate.

• Semantic-Without-Importance (SWI): It assumes that
all semantic features have identical importance. For
each subchannel condition, the system dynamically
determines the number of features to transmit to max-
imize the wSSE metric under a uniform-importance
constraint.
• Shannon-Ideal (SI): Following the approach in [43],

it employs the widely used lossy compression (e.g.,
JPEG), and classification accuracy was measured
across varying compression ratios and SNRs. The re-
sulting accuracy values were converted into the wSSE
form using the same computation as for the semantic
scheme.
Fig. 2 plots the sum wSSE against the feature-

selection rate. SWI, which ignores feature importance,
requires a selection rate of 0.44 to meet the threshold
and produces lower peaks. This is because it fails to
distinguish between features that actually contribute to
the task. SI requires significantly more features to reach
the task success threshold. Therefore, wSSE remains
close to 0 until the selection rate increases. Meanwhile,
the proposed method selects features with high impor-
tance first. Therefore, a small subset of features quickly
reaches the importance required for task success. This
exceeds the accuracy threshold at a selection rate of
0.25. After reaching the peak, most of the additional fea-
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Figure 3. Sum of wSSE versus the number of subchannels.

Figure 4. Sum of wSSE versus the transmission power.

tures contribute less to the task, so wSSE decreases as
the selection set grows. That is, the proposed approach
meets the accuracy threshold, much earlier than SWI,
and achieves a peak wSSE 73.3% higher.

Fig. 3 shows the sum of wSSE versus the number
of subchannels M. All methods improve with an in-
creasing M value due to the greater flexibility in user-
channel matching, but the proposed approach consis-
tently achieves the highest performance by integrating
importance-aware feature selection. SWI saturates at
relatively low wSSE because irrelevant features waste
resources. While SI remains lower overall since it ig-
nores semantic relevance.

Fig. 4 shows wSSE versus transmission power. The
proposed approach yields the highest values, with sharp
gains at low-to-mid power by prioritizing important fea-
tures. SWI grows more slowly since power is wasted
on less-relevant features, while SI under different com-
pression factors performs worst, requiring more power
to satisfy accuracy.

5. Conclusion

This paper proposes an importance-aware semantic
transmission framework that jointly optimizes feature
selection and subchannel assignment under constraints.
A new metric, wSSE, captures the task relevance of
transmitted features, supported by an empirical accu-
racy table enabling real-time decisions. Simulations re-
sult demonstrate that the proposed method achieves
higher task accuracy and wSSE than both uniform-
importance and Shannon-based baselines, particularly
under stringent transmission budgets.
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