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Abstract

This paper proposes a knowledge graph-enhanced multi-source fusion (KG-MSF) scheme, a novel cross-
modal semantic communication system to robustly fuse visual and textual data for tasks such as visual
question answering (VQA) over wireless channels. The proposed KG-MSF scheme integrates knowledge graph
reasoning into a multi-stage fusion and encoding pipeline, utilizing bidirectional cross-attention between
modalities and structured semantic triplets to enhance semantic preservation and resilience to channel
impairments. Specifically, image objects and question tokens are first aligned via cross-modal attention,
then enriched with shallow and deep semantic triplets extracted through knowledge graphs, which are
subsequently fused and transmitted using joint source-channel coding. Extensive simulation results are
provided to demonstrate that the proposed KG-MSF scheme significantly outperforms the competing ones
under both AWGN and Rayleigh fading channels, indicating KG-MSF’s superior semantic robustness and
efficient cross-modal reasoning in wireless environments.
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1. Introduction
In recent years, knowledge graph (KG) has been
extensively analyzed across a range of application
domains, including natural language processing, cyber-
security, and engineering management [1–3]. For exam-
ple, KG-enhanced text understanding has been evalu-
ated, where the effectiveness of multi-hop reasoning for
improving inference accuracy was emphasized, while
scalability and computational efficiency were enhanced
[4]. Additionally, the performance trade-off between
different multi-modal fusion architectures was system-
atically compared, revealing that graph-based feature
integration significantly improves cross-modal seman-
tic alignment [5, 6]. In cybersecurity applications, KG-
driven entity recognition systems were assessed and
shown to achieve superior precision and recall, particu-
larly in handling rare-event detection scenarios. More-
over, entity concept extraction from knowledge graphs
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for multimodal fake news detection was evaluated,
with notable improvements observed in F1 scores when
compared to traditional deep learning baselines [7, 8].
Across these analyses, it was consistently demonstrated
that integrating knowledge graphs results in signifi-
cant gains in semantic precision, robustness to noisy
or incomplete inputs, and task-specific generalization
[9]. At the same time, researchers have investigated the
graph scalability, dynamic updating, noise resilience,
and real-time inference latency in the field of KG.
Dynamic aspects, such as incremental learning, rela-
tional noise tolerance, and graph sparsification tech-
niques, have been investigated to sustain high infer-
ence efficiency without compromising semantic fidelity,
indicating strong potential for future deployment of
KGs in performance-critical artificial intelligence (AI)
systems.

Semantic communication (SemCom) system has been
proposed with increasing attention to the efficiency in
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transmitting meaningful information over noisy com-
munication channels [10]. In this system, commu-
nication efficiency has been enhanced by leveraging
semantic-based methods that prioritize message con-
tent over raw data transmission [11, 12]. Key per-
formance indicators, including error rates, latency,
and throughput, have been extensively evaluated in
various communication models. Notably, the use of
machine learning-based approaches has shown sub-
stantial promise in improving performance by adapt-
ing to dynamic channel conditions and optimizing the
transmission of semantically relevant data [13]. Perfor-
mance analyses in wireless and optical communication
networks have demonstrated that SemCom can outper-
form traditional methods by reducing communication
cost and enhancing the robustness of information trans-
mission under severe channel impairments [14, 15].
The application of compression technique into semantic
communication has achieved a significant reduction
in the communication cost, while maintaining high
levels of information fidelity [16]. Further, the devel-
opment of intelligent, reconfigurable systems such as
RIS-enabled SemCom has been investigated, where the
performance evaluation has revealed improvement in
signal quality and reliability, especially in resource-
constrained environments [17, 18]. However, challenges
related to real-time processing, resource allocation, and
scalability remain, requiring continued research into
optimizing the balance between semantic richness and
system efficiency.

Cross-modal learning has been proposed to optimize
the fusion of data from different modalities, such
as visual, auditory, and textual information, to
enhance task-specific performance in various AI
applications [19], where the efficiency and effectiveness
of algorithms in integrating and interpreting these
heterogeneous data types has been widely investigated.
In particular, cross-modal deep learning models,
such as those using transformer architectures, have
been extensively explored, with key performance
metrics including accuracy, computational efficiency,
and robustness to noise [20, 21]. Moreover, it has
been demonstrated that multi-modal fusion strategies
can significantly improve model performance in
tasks like visual question answering (VQA), speech
recognition, and object detection [22]. Notably, the
integration of cross-modal embeddings into SemCom
system can help enhance both the semantic alignment
and the robustness of AI systems, with substantial
improvement in the generalization over single-modality
systems [23]. Additionally, the scalability of cross-
modal models has been examined, through aligning
unstructured data, such as matching images with
corresponding text or speech with video frames.
Performance benchmarks have revealed that the cross-
modal attention mechanisms and generative model,

can outperform traditional models, particularly in
environments with incomplete or noisy data [24]. In
further, the cross-modal learning has been investigated
in the imbalanced datasets, where the computational
complexity and model interpretability were analyzed
[25, 26].

Motivated by the above literature review, this work
introduces a knowledge graph-enhanced multi-source
fusion (KG-MSF), a novel semantic communication sys-
tem for robust cross-modal information transmission
over wireless channels, with a focus on visual ques-
tion answering tasks. The proposed KG-MSF scheme
extracts semantic features from both images and ques-
tions, aligns them using a bidirectional cross-attention
mechanism, and enhances the fused representation
through structured shallow and deep-level triplets
derived from a knowledge graph. This enriched seman-
tic representation is then transmitted using a joint
source-channel coding strategy to preserve informa-
tion integrity under channel impairments. Simulation
results are provided to demonstrate the advantages of
the proposed KG-MSF scheme over the competing ones.
In particular, under Rayleigh fading at 6 dB SNR, KG-
MSF reaches 0.3878 accuracy. These results validate
that KG-MSF effectively enhances semantic robustness
and cross-modal reasoning, offering consistent perfor-
mance gains across diverse wireless environments.

2. System Model
In this paper, we consider a semantic communica-
tion system tailored for cross-modal data sources,
where modality-specific semantic representations are
extracted, fused, encoded, transmitted, decoded, and
finally used for downstream tasks such as visual
question answering. The objective of the considered
semantic system is to preserve semantic integrity
across heterogeneous modalities while ensuring robust-
ness against wireless channel degradation. Let D =
{D1, D2, . . . , DM } denote a collection of input data
modalities. Here, each D i corresponds to the input data
of modality i (e.g., image, audio, or text), and M is the
total number of modalities considered. To capture the
semantic essence of each modality, we define a semantic
encoder Fi

s specific to the i-th modality. The extracted
semantic representation from modality D i is given by,

Si = Fi
s(D

i), (1)

where Si = [s1, . . . , sni ] ∈ R
Lis×ni consists of ni semantic

vectors sj ∈ RLis . These vectors can encode embeddings,
object entities, relationships, or temporal features,
depending on the modality.

To unify the semantic knowledge from heterogeneous
modalities, we introduce a fusion function FKG that
utilizes a knowledge graph to enhance cross-modal
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semantic alignment. The KG allows explicit modeling
of relationships among entities across modalities using
triplets of the form (h, r, t), where h and t are entities
and r is the semantic relation. The fused semantic
representation Sf is computed as:

Sf = FKG(S1,S2, . . . ,SM ), (2)

where Sf ∈ RLf ×nf and each row or tensor component
in Sf encodes a knowledge-enriched feature vector.
The fusion process not only consolidates cross-modal
features but also introduces auxiliary information
gKG, such as prior entity distributions or contextual
embeddings from the KG.

After that, the fused semantic features Sf are encoded
into transmittable symbols using a joint source-channel
(JSC) encoder FC . Unlike traditional separation-based
systems, JSC coding simultaneously compresses the
source and adds redundancy to resist the channel
impairment,

X = FC(Sf ), (3)

where X ∈ CLx×1 is a complex-valued vector that
satisfies an average power constraint, given by,

E
[
∥X∥22

]
≤ P . (4)

This constraint ensures the transmitted symbols
conform to practical hardware and spectral efficiency
limit.

During the transmission, the encoded signal X is
perturbed by a fading channel and additive white
Gaussian noise (AWGN). The received signal Y at the
receiver is given by,

Y = HX + B, (5)

where H ∈ CLy×Lx is the channel matrix with i.i.d.
elements subject to CN (0, 1) under Rayleigh fading,
and B ∼ CN (0, σ2I) is AWGN noise. The instantaneous
signal-to-noise ratio (SNR) at the receiver is given by,

SNR =
∥HX∥2

σ2 . (6)

Assuming perfect channel state information (CSI) at
the receiver, the transmitted signal X can be recovered
using least squares (LS) channel equalization:

X̂ = (HHH)−1HHY, (7)

where HH denotes the Hermitian transpose of H.
Subsequently, the inverse JSC decoder F−1

C is used to
reconstruct the semantic features:

Ŝf = F−1
C (X̂), (8)

where Ŝf ∈ RLf ×nf and the decoder is often parame-
terized as a neural network trained end-to-end with
FC to preserve semantic consistency despite channel
distortion. Finally, the recovered semantic features are
fed into a task-specific inference model. For the VQA
task, this function FA maps the semantic space to the
answer space, given by,

A = FA(Ŝf ), (9)

where A denotes the predicted answer. This stage
may involve attention mechanisms, transformer-based
reasoning, or logical inference over the semantic triplets
and fused information.

3. Proposed Method
In this paper, we propose a knowledge graph-enhanced
cross-modal semantic fusion (KG-MSF) scheme to
enable efficient and robust fusion of visual and textual
information for downstream semantic tasks such as
visual question answering. This system consists of
two primary stages, where one stage is semantic
information extraction from images and questions, and
the other one is semantic fusion using structured
triplets that incorporate knowledge graph reasoning.
These components work in concert to bridge low-level
perceptual features and high-level abstract semantics
under the influence of knowledge-driven interactions.

In the semantic extraction module, image inputs Ii
are processed using a pre-trained object detector to
identify a set of visual entities or objects {o1, o2, . . . , oe}.
For each detected object oi , two following types of
features are extracted: the spatial position feature fpi ∈
Rdp , and the region of interest (RoI) feature froi

i ∈
Rdr . These features are projected into a common
semantic space using learnable transformations and
then combined via layer normalization to form the
object embedding, given by,

oi =
1
2

[
LN(Wpf

p
i + bp) + LN(Wroif

roi
i + broi)

]
. (10)

This formulation ensures that both spatial and
semantic content are represented in a normalized
and comparable form, facilitating the integration with
linguistic features.

In parallel, the corresponding question Ti is tok-
enized into a sequence of words {q1, q2, . . . , qt}, where
each word token qj is embedded using two components:
a pre-trained word embedding and a learned positional
index embedding. These are summed and then normal-
ized to produce the final token representation:

qj = LN(WordEmbed(qj ) + IdxEmbed(vj )). (11)

This ensures that the question representation captures
both semantic and syntactic structures essential for
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reasoning, particularly for tasks where word order and
relational structure are important.

To effectively align and integrate the visual and
textual modalities, the proposed scheme employs
a bidirectional cross-attention mechanism. In this
module, each image object attends to relevant words
in the question, and vice versa. Specifically, for each
image-to-text alignment, attention scores are computed
as,

q̃(l)
i←j = softmax

((
WQq

(l−1)
i

)T (
WKo

(l−1)
j

))
WV o

(l−1)
j ,

(12)

while the reciprocal question-to-image alignment is
given by,

õ(l)
i←j = softmax

((
WQo

(l−1)
i

)T (
WKq

(l−1)
j

))
WV q

(l−1)
j .

(13)

Here, WQ,WK , and WV are the weight matrices for the
query, key, and value components of the Transformer,
and l denotes the layer index in the cross-attention
block. These equations enable the model to dynamically
utilize and integrate relevant visual and linguistic cues.

The fused semantic representation is further
enhanced through multi-layer triplet reasoning
inspired by knowledge graphs, where shallow-
level triplets, such as (oi , a, v), are constructed to
capture observable attribute-object associations, and
deep-level triplets, such as (qi , r, oj ), which encode
relational reasoning patterns derived from the co-
dependency between questions and visual elements.
A knowledge-graph-based fusion function aggregates
these structured triplets, given by,

Sf = F
triplet
KG (õi←j , q̃i←j ,Graph(h, r, t)), (14)

where Graph(h, r, t) represents learned or inferred
semantic relations, and F

triplet
KG models their interac-

tions. This enables both direct grounding of seman-
tic elements and higher-order inference across modal-
ities, laying a strong foundation for robust seman-
tic communication in downstream tasks. The shallow-
level triplets capture direct correlations between image
objects and question-relevant attributes. These are con-
structed using object representations õ containing con-
textual cues from the question, with attributes derived
from the visual features of the objects. Specifically,
the head is set as the object embedding õ, the tail
corresponds to the attribute information extracted via
a pre-trained module (e.g., attribute classifiers), and
the relation is denoted as cls, encapsulating the overall
contextual interaction between the question and image.
These triplets are grounded in visual semantics and are
primarily used to encode observable correlations.

In contrast, the deep-level triplets encapsulate
abstract relational reasoning that emerges from logi-
cal inference over question-object interactions. These
triplets are intended to model the deeper semantic
alignment between the question and the most seman-
tically relevant image object. The head of the deep-level
triplet, denoted as headd , is identified by computing a
similarity-based attention matrix between the image I
and question T , given by,

WC =
(
W T

C T
)T (

WO
C I

)
, (15)

where W T
C and WO

C are learnable parameter matrices.
The most relevant object to the question is selected via
a weighted maximization strategy, given by,

headd =
e∑

i=1

Fd

(
max

j
W

ij
C

)
oi , (16)

where Fd is a scoring function over the relevance matrix,
and oi is the i-th object. The tail of the deep-level triplet
is the correct answer to the question, thereby facilitating
semantic reasoning from image to language.

As to the model training, the proposed scheme
employs a three-stage training pipeline that enables
structured reasoning and robust semantic encoding
across modalities. In the first stage, the network focuses
on learning semantic relations within triplets using the
classical TransE objective. For a given triplet (h, r, t),
a margin-based ranking loss is defined to encourage
semantic consistency, given by,

LTransE =
∑

(h+,r,t+)∈P+
(h−,r,t−)∈P−

[γ + d(h+ + r, t+) − d(h− + r, t−)]+ ,

(17)

where d(u, v) is the cosine distance between two vectors,
γ > 0 is a margin hyperparameter, and [x]+ = max(0, x).
In addition, P+ and P− denote the sets of positive and
negative triplets, respectively, where negative samples
are generated by perturbing the head or tail of valid
triplets. This stage ensures that meaningful semantic
relationships are preserved and distinguishable in the
embedding space.

The second stage involves training the joint source-
channel encoder and decoder, which are critical for the
transmission and reconstruction of semantic features
over noisy wireless channels. The fused semantic
representation Sf , obtained from triplet fusion, is
passed through the JSC module, and the reconstructed
features Ŝf are compared using a mean squared error
objective, given by,

LJSC = E
[∥∥∥Ŝf − Sf ∥∥∥2

2

]
. (18)
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Algorithm 1 Knowledge Graph-enhanced Multi-Source
Fusion (KG-MSF)

1: Input: Image I , question T , knowledge graph G,
channel model p(Y |X)

2: Output: Predicted answer Â
3: Semantic Extraction: Detect objects {oi} in I and

extract spatial f p
i and RoI f roi

i features. Form object
embedding oi = 1

2 [LN(Wpf
p
i ) + LN(Wroif

roi
i )]. Tok-

enize T into {qj } and embed each as qj =
LN(WordEmbed(qj ) + IdxEmbed(vj )).

4: Cross-modal Alignment: Perform bidirectional
cross-attention between {oi} and {qj } to obtain
aligned features õi and q̃j .

5: Knowledge-guided Fusion: Construct shallow
triplets (oi , a, v) and deep triplets (qi , r, oj ). Fuse
them via G to form semantic representation
Sf = F

triplet
KG (õ, q̃,G).

6: Joint Source-Channel Transmission: Encode Sf
into symbols X = FC(Sf ), transmit over channel,
receive Y , and decode Ŝf = F−1

C (Y ).
7: Answer Prediction: Predict Â = FA(Ŝf ) using task-

specific reasoning (e.g., VQA).

This loss function minimizes distortion introduced dur-
ing transmission, encouraging semantic preservation
under practical communication constraints.

In the third stage, the end-to-end joint training is con-
ducted to simulate real-time semantic inference during
practical communication scenarios. After transmission,
the shallow-level triplet features and global auxiliary
information {q̂1, . . . , q̂t , cls} are reconstructed. The pre-
trained extraction module from stage one is reused to
recompute headd , and the answer is inferred from the
deep-level representation space. Finally, the prediction
is evaluated by using the cross-entropy (CE) loss, given
by,

LA = −P (A) log P (Â), (19)

where A and Â represent the ground-truth and
predicted answers, respectively. This step ensures end-
to-end consistency and fine-tunes all components,
including the triplet construction, JSC modules, and
the final task-specific prediction layer. The whole
procedure of the proposed knowledge graph-enhanced
multi-source fusion is summarized in Algorithm 1.

4. Simulation Results and Discussions
In this part, we assess the performance of the
proposed KG-MSF scheme under both AWGN and
Rayleigh fading channels. The transmit SNR is
swept from -10dB to 20dB to evaluate robustness
under varying channel conditions. For each SNR,
the answer accuracy is averaged over a large set
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Figure 1. Answer accuracy versus SNR in AWGN channels.

of visual question answering samples. The dataset
includes image-question-answer triplets, and object
detection is performed using a pre-trained Faster R-
CNN model. Word embeddings are initialized using
GloVe vectors, and positional encodings are added
to preserve sequence structure. The semantic encoder
and decoder are both implemented as transformer-
based architectures with multi-head attention layers.
The knowledge graph triplets are constructed using
ConceptNet, incorporating both shallow attribute-
based relations and deep reasoning patterns. During
the training, all models are optimized using the Adam
optimizer with an initial learning rate of 1e-4, batch
size of 64, and trained for 100 epochs. Joint source-
channel coding is implemented via a neural encoder-
decoder pair trained end-to-end to preserve semantic
consistency under channel distortions. Each simulation
result is averaged over at least 1000 independent trials
with different channel realizations to ensure statistical
reliability.

Fig. 1 and Table 1 show the answer accuracy of
the proposed KG-MSF versus the transmit SNR under
AWGN channels, where two competing schemes of
DeepSC-VQA and MSF are considered and SNR ranges
from -10dB to 20dB. From this figure and table, we can
find that across the entire SNR, the proposed KG-MSF
scheme demonstrates consistently better performance
than the two competing schemes. Specifically, at -10dB,
the proposed KG-MSF scheme achieves an accuracy
of 0.280, which is substantially higher than MSF’s
0.180 and DeepSC-VQA’s 0.080. As SNR increases,
the accuracy of all schemes improves, but KG-MSF
still maintains its lead. For instance, at 0dB, KG-
MSF reaches 0.520, outperforming MSF at 0.420 and
DeepSC-VQA at 0.280. Even at high SNRs like 15dB
and 20dB, KG-MSF records 0.840 and 0.870, ahead
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Table 1. Numerical answer accuracy in AWGN channels across various SNR levels.

SNR (dB) DeepSC-VQA KG-MSF MSF
-10 0.080 0.280 0.180
-5 0.150 0.380 0.280
0 0.280 0.520 0.420
5 0.450 0.650 0.580

10 0.600 0.780 0.720
15 0.700 0.840 0.800
20 0.780 0.870 0.850
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Figure 2. Answer accuracy versus SNR in Rayleigh channels.

of MSF’s 0.800 and 0.850, and DeepSC-VQA’s 0.700
and 0.780, respectively. These comparisons indicate
that KG-MSF not only handles low-SNR conditions
with greater robustness but also maintains superior
semantic preservation and answer accuracy as the
channel becomes cleaner. This consistent advantage
across all SNR levels shows the effectiveness of KG-
MSF’s knowledge-guided multi-source fusion strategy
in improving semantic communication performance
over AWGN channels.

Fig. 2 and Table 2 present the answer accuracy versus
SNR under Rayleigh fading channels, comparing the
proposed KG-MSF scheme with MSF and DeepSC-
VQA, where the transmit SNR varies from -10dB to
20dB. From this figure and table, we can see that
the proposed KG-MSF scheme clearly outperforms
the competing ones across all tested SNR levels,
demonstrating strong resilience to multipath fading
and channel noise. Specifically, at a very low SNR
of -10dB, the proposed KG-MSF scheme achieves
an accuracy of 0.1633, while MSF barely reaches
0.0025 and DeepSC-VQA performs even worse. As SNR
improves, the performance gap remains significant.
For example, at 0dB, the proposed KG-MSF scheme

reaches 0.3696, surpassing MSF’s 0.2473 and DeepSC-
VQA’s 0.1007. A similar advantage is evident at 6dB,
where the proposed KG-MSF scheme achieves 0.3878,
outperforming MSF at 0.3676 and DeepSC-VQA at
0.3047. Even at high SNRs like 15dB and 20dB,
the proposed KG-MSF scheme continues to lead with
accuracies of 0.6808 and 0.7323, while MSF reaches
0.5955 and 0.7037, and DeepSC-VQA trails at 0.5657
and 0.6689. These consistent gains, ranging from 5%
to over 10% relative to MSF and even larger compared
to DeepSC-VQA, confirm that the integration of
knowledge graphs and multi-source fusion in KG-MSF
enables robust semantic reasoning and enhanced cross-
modal alignment, particularly under more challenging
wireless conditions like Rayleigh fading.

5. Conclusion

This paper proposed an knowledge graph-enhanced
multi-source fusion scheme, a new semantic commu-
nication system for robust cross-modal information
transmission over wireless channels, with a focus on
visual question answering applications. The proposed
KG-MSF scheme extracted semantic features from both
visual and textual inputs, integrated them through
a bidirectional cross-attention mechanism, and fur-
ther enriched the fused representation by construct-
ing structured shallow and deep-level triplets guided
by a knowledge graph. To preserve semantic integrity
under noisy channel conditions, the fused features
were transmitted using a joint source-channel coding
strategy that balanced the compression efficiency and
resilience to channel impairments. Extensive simula-
tion results were proided to validate the superiority of
the KG-MSF scheme over competing ones. For example,
under Rayleigh fading conditions at 10dB SNR, the
proposed KG-MSF scheme achieved an answer accuracy
of 0.6498, outperforming MSF (0.5147) and DeepSC-
VQA (0.4799). These findings demonstrated that KG-
MSF significantly enhanced semantic robustness and
cross-modal reasoning performance, delivering consis-
tent gains across diverse wireless environments.
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Table 2. Numerical answer accuracy in Rayleigh channels across various SNR levels.

SNR (dB) DeepSC-VQA KG-MSF MSF
-10 0.0000 0.1633 0.0025
-5 0.0000 0.2504 0.1247
0 0.1007 0.3696 0.2473
5 0.2899 0.5018 0.4477

10 0.4799 0.6498 0.5147
15 0.5657 0.6808 0.5955
20 0.6689 0.7323 0.7037

5.1. Copyright
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