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Abstract— Semantic communication represents a paradigm
shift from traditional bit-level to meaning-centric wireless com-
munication. This paper introduces Knowledge-Enhanced Net-
work (KE-Net) semantic communication, a novel framework that
leverages external knowledge graphs (KGs) to improve semantic
transmission accuracy over wireless channels. The proposed
approach employs a multi-objective optimization strategy com-
bining semantic loss, knowledge integration loss, reconstruction
loss, and channel-aware loss components. Numerical results show
the superior performance of KE-Net semantic communication
over competing techniques.
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I. INTRODUCTION

Traditional wireless communication systems prioritize bit-
level accuracy and transmission reliability through advanced
modulation schemes and channel coding techniques. How-
ever, the exponential growth in data traffic and emergence
of intelligent applications reveal fundamental limitations in
conventional approaches that treat all bits equally regardless of
their semantic importance. Semantic communication, inspired
by Shannon’s original vision [1], represents a transformative
approach that prioritizes the transmission of meaning over
exact symbol reconstruction. Recent advances in deep learn-
ing and natural language processing [2], [3] have enabled
practical implementations of semantic communication systems
[4], [5], with comprehensive surveys highlighting the potential
of this paradigm [6]. Recent studies have demonstrated the
feasibility of end-to-end (E2E) semantic transmission, while
subsequent works have explored various aspects, including
multi-modal communication [7]. However, existing methods
primarily rely on inherent neural network capabilities without
leveraging external knowledge sources, limiting their ability to
understand context-dependent semantics. This work introduces
the Knowledge-Enhanced Network (KE-Net) for semantic
communication, addressing key limitations through the inte-
gration of external knowledge graphs using Graph Attention
Networks (GATSs) [8] to enhance semantic understanding and a
multi-objective optimization framework that balances semantic
fidelity, knowledge integration, reconstruction accuracy, and
channel robustness. To this end, we introduce a mathematical
formulation with gradient derivations for stable training that
is incorporated into the proposed KE-Net semantic communi-
cation scheme. Numerical results assess the proposed KE-Net
scheme against competing approaches under realistic channel
conditions considering rate-distortion trade-offs [9].
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This paper present a short version of our extanded work
[10], accepted for publication in IEEE Transactions on Ve-
hicular Technology, which provides a more comprehensive
treatement of the KE-Net sematic communication framework,
including a complete system design, extended numerical eval-
uation, and rate—distortion analysis. The present paper focuses
on the core system model, the multi-optimization strategy,
and the associated gradient derivations underlying the training
procedure.

This paper is organized as follows. Section II presents
the proposed KE-Net semantic communication system model.
Section III details the proposed multi-objective optimization.
Section IV presents and discusses the numerical results and
Section V draws the conclusions.

II. PROPOSED KE-NET SEMANTIC COMMUNICATION

SYSTEM MODEL

Consider a semantic communication system where a trans-
mitter aims to convey the semantic meaning of message m
to a receiver over a wireless channel. The received signal is

expressed as: y=h®s;+n (1)

where s;,h,y,n € R% denote the knowledge-enhanced
semantic feature vector, channel gain vector, received signal,
and additive white Gaussian noise, respectively, with n ~
N(0,0°1). This element-wise formulation assumes that each
dimension of the semantic feature vector experiences an in-
dependent flat-fading channel gain, consistent with a scenario
in which the physical-layer front-end has already equalized
cross-dimension coupling prior to semantic decoding. This
is a simplifying assumption adopted for analytical and com-
putational tractability. A more general channel model would
instead couple the feature dimensions through a full channel
matrix, y = Hsig + n, with H € Rdsxds extending KE-Net
to this general setting is left for future work.

The proposed KE-Net framework enhances traditional se-
mantic encoding by incorporating external knowledge through
knowledge graph G = (V, £), where V represents entities and
& denotes relationships. KE-Net redefines semantic commu-
nication by introducing a bidirectional knowledge integration
framework that operates at both the transmitter and receiver
ends. In contrast to prior receiver-centric approaches [11], KE-
Net leverages structured KGs and GNNs [12] to maintain se-
mantic coherence throughout the communication process. This
architecture stands out in stark contrast to GenSC [13], which
relies on BART-based generative models that emphasize token-
level dependencies without incorporating external knowledge.
While GenSC conceptualizes semantic communication as a
generative recovery task, KE-Net approaches it as a knowledge
extraction and integration problem. By employing advanced
entity linking and graph traversal techniques, KE-Net captures
domain-specific terminology, contextual cues, and intricate
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Fig. 1: KE-Net architecture showing knowledge graph integra-
tion in semantic communication.

semantic relationships. This transition from simple recon-
struction to semantic reasoning marks a significant evolution
in the field, setting a new standard for intelligent wireless
communication systems.

The proposed KE-Net architecture consists of four main
components: the semantic encoder, the knowledge integration
module, the channel simulation module, and the semantic
decoder. Figure 1 illustrates the overall system architecture.
1.

1) Semantic Encoder: The semantic encoder utilizes a
Transformer-based 1" architecture [14] to extract semantic
features from input text. Given an input sequence m =
{my,ma,...,mr}, the encoder produces semantic embed-

dings through multi-head self-attention mechanisms
sp = T(m) € RE*ds (2)

where T'(-) is the mathematical mapping performed by the
Transformer on the input sequence m, where L denotes the
sequence length and d, represents the embedding dimen-
sion. The encoder incorporates positional encoding and layer
normalization to capture sequential dependencies and ensure
stable training dynamics. To derive a unified semantic repre-
sentation for knowledge integration, we apply mean pooling
across the temporal dimensign:

1 d
r:zgkweR- (3)

where s,; denotes the i, contextualized embedding vector.

2) Knowledge Integration Module: The knowledge integra-
tion module employs GNNs to incorporate relevant knowledge
from external KGs. The knowledge base integrates ConceptNet
5.7 [15], WordNet 3.1 [16], and domain-specific ontologies,
creating a unified knowledge graph with 2.5 million entities
and 8 million relationships. The module first identifies relevant
entities in the input text through named entity recognition and
entity linking. For each identified entity e;, the corresponding
subgraph G; is extracted from the knowledge base. A two
layer Graph Attention Network (GAT) is then applied to each
extracted subgraph, where node representations are updated
through neighborhood aggregation. The resulting graph em-
bedding is projected into the sematic feature space and fused
with the sematic encoder and decoder through a learnable
attention mechanism.

The GNN, F, processes each subgraph to generate knowl-
edge embeddings described by
k; = F(G;) € R%. “4)

These knowledge embeddings are then fused with the base
semantic features through an attention mechanism:
Ny
sk=sp+ ) aki=sy+e, 5)

i=1

where «; represents the attention weights computed based
on the relevance of each knowledge component to the input
semantics.

3) Channel Simulation Module: To ensure robustness
across various channel conditions, the training process in-
corporates realistic channel models including AWGN and
Rayleigh fading. The channel simulation module applies chan-
nel effects during training. For AWGN channels, we have

Yy =s; +n. (6)

For Rayleigh fading channels, we employ
y =h®s;+n, )

where each element h;, j = 1,...,ds, is drawn i.i.d. from a
Rayleigh distribution with scale parameter o}, = 1/+/2, giving
unit average power (E[h3] = 1). The channel gain vector h is
assumed constant over each transmitted feature vector (block
fading) and independently redrawn thereafter. Noise power o2
is set according to the target SNR in Section IV.

4) Semantic Decoder: The semantic decoder reconstructs
the original semantic meaning from the received noisy fea-
tures. The decoder employs a Transformer-based architecture
with cross-attention mechanisms to handle the knowledge-
enhanced representations:

m = u(y,9), ®)

The decoder p incorporates beam search for improved recon-
struction quality and supports variable-length output genera-
tion.

III. PROPOSED MULTI-OBJECTIVE OPTIMIZATION

In this section, we present the proposed multi-objective op-
timization strategy. We first detail the adopted multi-objective
loss function, and then we describe the proposed optimization
algorithm along with the expressions of the gradient terms.

A. Multi-Objective Loss Function

The KE-Net training process optimizes a multi-objective
loss function that balances semantic fidelity, knowledge inte-
gration, reconstruction accuracy, and channel robustness. The
total loss is defined as:

Llotal = OéLsemantic"‘BLknowledge""')/Lreconstruclion"V‘(SLchannel7 (9)

where Lsemanlic, Lknowledge, Lreconstruction and Lchannel are the
semantic, knowledge, reconstruction and channel losses, re-
spectively, and «, 3, v and § are their weights, respectively.
The details of the total loss terms are given in what follows.



1) Semantic Loss: The primary evaluation metric is the
BLEU score [17], computed for n-gram orders 1 through 4:

N
1
BLEU,, = BP - exp (N ;log pi>

The BLEU evaluation metric incorporates a brevity penalty
(BP) to discourage translations that are too short, which may
inflate precision while omitting important content. The penalty

is defined as 1,
BP = {

(10)
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where c is the length of the candidate translation and 7 is the
length of the reference translation. This ensures that overly
brief outputs are penalized proportionally. In addition to BP,
BLEU evaluates translation quality using n-gram precision,
typically from 1-gram to 4-gram, to capture lexical accu-
racy and contextual fluency. For example, in the sentence:
" Semantic communication improves efficiency. " 1-gram
:["Semantic", "communication", "improves", "efficiency" ];
2-gram : ["Semantic communication”, "communication im-
proves", "improves efficiency"]; 3-gram : ["Semantic com-
munication improves", "communication improves efficiency"];
and p; represents the precision for the i-th. The semantic loss is
formulated based on BLEU scores, which quantify the quality
of semantic reconstruction:

1
¥ > w, - log(BLEU,,),

n=1

12)

L semantic —

where w,, denotes the weights for different n-gram orders,
typically set to w,, = 1/4 for balanced evaluation.
2) Knowledge Loss: The knowledge loss ensures effective

integration of external knowledge:
Ny

Lknowledge = Z —Wj [tl

i=1

dogt; + (1 —t;) -log(1 — )], (13)

where t; and ¢; represent the ground truth and predicted
knowledge relevance scores, and w; are importance weights.
3) Reconstruction Loss: The reconstruction loss measures

the fidelity of semantic feature reconstruction:
S|

1 .
Lreconstruction = E Z ||Sj - Sj ||§ (14)
j=1

This loss ensures that the semantic features are accurately
preserved through the transmission process.

4) Channel-Aware Loss: The channel-aware loss accounts
for channel impairments during training:

Lhannel = ]Eth(h) [”y -ho y”%] (15)

This loss term ensures robust performance across different
channel realizations.

During training, the expectation is approximated using
Monte Carlo sampling over channel realizations. For each
mini-batch, independent channel coefficients are randomly
generated according to the assumed channel distribution
(AWGN or Rayleigh fading), and the empirical average over
the mini-batch is used to estimate the expectation.

B. Optimization Strategy

The training process employs the Adam optimizer [18] with
dynamic loss coefficient adaptation. The loss coefficients are
adjusted during training to balance different objectives:

(16)
a7

ap = agp - exp(—Ap - t)
Br = Bo - (1 + tanh(Xz - (£ —t0)))

The optimization process continues until convergence, defined
as: \L(t) L= 1)|

total total

(18)

< €conv

where €.y = 1 x 107° is the convergence threshold. The
Adam optimizer parameters are updated according to:

n .
m
\/’[Jt+€ !

where m; and 0; are bias-corrected moment estimates.

Orp1 = 0, — (19)

C. Gradient Derivations and Optimization Analysis

The gradient of the total loss function with respect to model
parameters 6 is computed as:

VG Ltolal = aVHLsemamic + ﬂVOLknowledge

+ ”Yvo Lieconstruction + 6V0Lchannel (20)
For the semantic loss gradlent
Vo Lsemantic = V¢BLEU,, 21

N BLEU
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We then obtain the final expression:
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The knowledge loss gradient involves the GNN parameters
OoNn:

Ny

6Lknowledge j :

_— = —_— w'L .
0fonn —

0 . -
m [ti log(tz) =+ (1 — ti) IOg(l — tl)]
(23)

Nt -
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i=1
(24)
This gradient is essential in optimizing binary classification
models and is commonly found in logistic regression and
neural networks. The reconstruction loss gradient with respect

to encoder parameters Gep: s

2
VGe"C reconstruction — | S| g

Algorithm 1 summarizes the complete KE-Net training pro-
cedure, integrating the semantic encoding, knowledge fusion,
channel simulation, and multi-objective loss computation steps
described above.

$i) Vo, (s; —8;) (25

D. Computational Complexity Analysis
The Transformer encoder/decoder has complexity O(L?dy)

per sample. For the knowledge integration module, each two-
layer GAT pass over a subgraph G; costs O(|V;|d? + |€;|ds);
with Ny, linked entities, the total overhead is O(Nyd?), which
remains modest since N, < L and subgraphs are restricted
to bounded local neighborhoods.



Algorithm 1 KE-Net Training Algorithm

Require: Dataset D, knowledge graph G, hyperparameters
Ensure: Trained KE-Net parameters 6™

1: Initialize 6y randomly, optimizer parameters

2: for epoch = 1 to Nepochs do

3:  for batch in D do

4 Extract features: s, = T(x)

5: Link entities: Gre = EntityLink(m, G)
6: Embed knowledge: k = F(Grel)

7: Fuse: si = Attention(sp, k)

8: Channel: y = Channel(h ® s, + n)
9: Decode: 1 = pu(y, G)

10: Compute Lo, update 6, adapt weights
11:  end for

12:  if convergence met then

13: break

14:  end if

15: end for

IV. NUMERICAL RESULTS

The performance evaluation of the proposed KE-Net scheme
against competing techniques employs a dataset of 50,000
sentences constructed from three publicly available corpora:
AG News [19] (40%), Sentiment140 [20] (35%), and the arXiv
dataset [21] (25%). The samples are randomly selected from
each corpus, preprocessed using the same tokenization and
normalization pipeline, and partitioned into training (70%),
validation (15%), and test (15%) sets. The identical dataset and
preprocessing procedure are used for all compared methods to
ensure fair and reproducible evaluation. The performance of
the proposed framework is evaluated using BLEU-1 to BLEU-
4 scores. The training parameters include a learning rate of
10~%, batch size of 32, the Adam optimizer with 5, = 0.9
and B2 = 0.999, and loss weights of @« = 1.0, 8 = 0.5,
v=10.3, and § = 0.2.

Table I summarizes the performance metrics obtained for
KE-Net, GenSC, and DeepSC. As shown in Fig. 2 and Fig. 5,
KE-Net achieves substantial gains in both 1-gram and 4-gram
BLEU scores over DeepSC under AWGN conditions, with
the relative improvement being more pronounced for higher-
order n-grams. KE-Net consistently outperforms GenSC and
DeepSC across all SNR values (0-18 dB) and n-gram config-
urations, with AWGN channels yielding higher BLEU scores
than fading channels for all three systems. As expected, BLEU
scores degrade as the n-gram order increases, reflecting the
increasing difficulty of preserving longer semantic sequences
intact over noisy wireless channels. Figs. 3 and 4 show the
corresponding 2-gram and 3-gram BLEU performance. The
relative ranking of the three systems remains consistent with
the 1-gram and 4-gram cases, with KE-Net maintaining a clear
advantage over GenSC and DeepSC under both AWGN and
fading conditions. These intermediate n-gram results confirm
KE-Net’s superior preservation of semantic structure across
varying channel conditions.

Notably, the performance gap between systems widens
under adverse channel conditions, with KE-Net exhibiting the
greatest robustness to channel impairments among the three
methods across all n-gram orders. This robustness advantage
highlights the benefit of incorporating knowledge-graph-based

TABLE I: Performance Comparison: Average BLEU Scores
and Improvements

Average BLEU Score

Method
I-gram  4-gram Overall
KE-Net 0.837 0.565 0.693
GenSC 0.785 0.505 0.638
DeepSC 0.568 0.280 0.407
Improvement vs GenSC 6.6% 7.8% 8.6%
Improvement vs DeepSC ~ 47.4%  101.8%  70.3%
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Fig. 2: 1-GRAM BLEU Score Performance Comparison for
AWGN and Rayleigh Fading Channels

semantic reasoning for reliable performance in practical wire-
less deployment scenarios.

A. Ablation Study

Table II presents an ablation study of the proposed KE-Net
framework. The results show that knowledge graph integra-
tion improves semantic reconstruction performance, while the
proposed bidirectional transmitter-receiver integration achieves
the highest BLEU scores.

V. CONCLUSIONS

This paper introduced KE-Net, a knowledge-enhanced se-
mantic communication framework. KE-Net integrates external
knowledge graphs into the encoding process via graph neural
networks. It further applies multi-objective optimization with
mathematically derived gradients to jointly balance semantic,
Knowledge, reconstruction, and channel losses. Numerical
results show that KE-Net achieves robust performance under
realistic channel conditions and consistently outperforms exist-
ing methods across multiple BLEU-based evaluation metrics.
Extending KE-Net to Portuguese would require a Portuguese
knowledge base for entity linking.

Future research directions include extending the framework
to multi-modal communication scenarios, developing more
efficient knowledge integration mechanisms, and exploring
applications in emerging 6G wireless technologies. The pro-
posed KE-Net framework is a significant advancement toward
practical semantic communication systems.
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