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Abstract—Separation-based video coding often fails in low-
latency, noisy wireless scenarios due to channel sensitivity and
lack of task awareness. Semantic communication, leveraging end-
to-end task-oriented architectures such as Deep Joint Source—
Channel Coding (DJSCC), offers a robust alternative. This
paper introduces a lightweight video transmission framework
that integrates a Semantic Attention (SemAtf) module with a
Signal to Noise Ratio (SNR) modulation (SNRMod) for key-
frame encoding and decoding. SemAtt uses semantic segmentation
maps as compact priors to enhance feature discriminability with
minimal computational overhead, while semantic priors also aid
non-key frame reconstruction via lightweight generative models.
Experiments on high-resolution urban scenes show improved
robustness under low SNR, with a 5.2% reduction in LPIPS
and a 6.3% increase in mIoU over conventional coding schemes,
achieved with only a 9.9% increase in GFLOPs and 1.1% in
trainable parameters. The framework is thus suitable for real-
time, bandwidth-constrained wireless applications.

Keywords—Semantic communication, Joint Source-Channel
Coding, deep learning, semantic segmentation.

I. INTRODUCTION

The rapid growth of multimedia platforms and high-
bandwidth wireless access has made video the dominant form
of Internet traffic, accounting for nearly 80% of global traffic
and expected to grow further [1]. This has driven research on
efficient and robust wireless video transmission, traditionally
based on source-channel separation. In these architectures,
source coding (e.g., Advanced Video Coding (AVC)) com-
presses video into bitstreams, while channel coding protects
them from wireless noise impairments. Despite their success,
such designs are sensitive to channel mismatches: when actual
conditions deviate from the assumed code rate, decoding
errors can increase sharply, leading to complete reconstruction
failures, known as the cliff effect. Furthermore, conventional
schemes ignore semantic relevance and downstream task re-
quirements, resulting in inefficient resource utilization [2],
which is critical for emerging applications like wireless vir-
tual and augmented reality requiring ultra-low latency with
constrained devices [2].

Semantic communications have recently emerged as an end-
to-end, task-oriented paradigm [3], transmitting only task-
relevant information and potentially overcoming the limita-
tions of conventional architectures. Deep learning techniques
have proven effective for extracting and leveraging semantic

features in multimedia transmission [4], [5]. In particular,
Deep Joint source-Channel Coding (DJSCC) methods enhance
robustness to channel variations, especially under low SNRs
by providing graceful performance degradation while reducing
latency and improving bandwidth efficiency [4]. Recent video-
focused DJSCC frameworks often adopt key and non-key
frame structures [2], transmit latent features with or with-
out explicit semantic priors [2], [6]-[8], and aim to exploit
task-relevant information. While recent works have success-
fully integrated semantic information for video reconstruction,
many existing frameworks rely on computationally intensive
modules or prioritize the generative reconstruction of non-key
frames. There remains a need for lightweight architectures
that can robustly transmit key frames under variable channel
conditions by fully exploiting compact semantic priors without
incurring significant computational overhead.

Motivated by these limitations, this work makes the follow-
ing contributions:

e We propose a Deep Learning (DL)-enabled DJSCC
framework for key-frame transmission that integrates
semantic attention (SemAtt) modules leveraging segmen-
tation maps as priors to guide encoding and enhance
feature discriminability. We focus on key frames since
semantic errors at this stage can propagate and degrade
the reconstruction of subsequent frames.

« We further introduce a novel Segmentation Adjacency
Matrix (SGM)-based mechanism combined with SNR-
aware modulation, improving semantic interpretability
and reconstruction performance across varying channel
conditions with negligible additional model complexity.

« Experimental results on benchmark datasets demonstrate
high reconstruction fidelity under low SNR. Compared to
conventional separation-based schemes prone to the digi-
tal cliff effect, our approach achieves a 5.2% reduction in
Learned Perceptual Image Patch Similarity (LPIPS) and
a 6.3% improvement in Mean Intersection over Union
(mloU).

The remainder of this paper is organized as follows. Sec-
tion II describes the proposed system and semantic attention
modules. Section III reports performance evaluation, and Sec-
tion IV concludes the paper.
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Fig. 1: Semantic-aided Joint Source-Channel Coding (JSCC) framework overview.

II. SEMANTIC-AIDED JSCC FRAMEWORK FOR VIDEO
TRANSMISSION

This section introduces a semantic-aided JSCC framework
for key-frame video transmission. Inspired by the object-
attribute-relation paradigm in [7], the proposed architecture
incorporates a Semantic Attention (SemAtt) mechanism that
embeds semantic priors directly into the encoding and decod-
ing stages.

A. Proposed Framework Architecture

Figure 1 illustrates the proposed framework. We consider
wireless video transmission where sequences are divided into
Group of Pictures (GoP), following [2]. The upper pipeline
shows key-frame processing, with key frames defined as the
first frame of each GoP. Semantic features are extracted
from each key frame using pretrained HRNetV2 and Optical
Character Recognition (OCR) models [9]-[11] to generate
high-resolution segmentation maps. These maps, along with
the RGB frame, are fed into the SemAttJSCC module, an
end-to-end trainable system for joint source and channel
coding. The module comprises a SemAttJSCC Encoder at the
transmitter and a SemAttJSCC Decoder at the receiver. The
encoder jointly processes the RGB image and its semantic
map to generate complex-valued symbols transmitted over an
Additive White Gaussian Noise (AWGN) channel. Given their
compact representation, semantic maps are also transmitted
via a parallel conventional source-channel coding pipeline,
using 4-QAM modulation and a 1/3-rate Low-Density Parity
Check (LDPC) code [7]. At the receiver, the decoded semantic
information and key-frame symbols are jointly used by the
decoder to reconstruct the RGB frame, with a symmetric
architecture enabling end-to-end optimization.

The lower branch of the Figure 1, instead, corresponds to
the non-key-frame processing pipeline within each GoP. To
save bandwidth, only their semantic maps are transmitted via
the separate coding scheme. At the receiver, the decoded map
and the previously reconstructed RGB frame are fed into a

vid2vid-based generative model [12] to synthesize the current
frame. The vid2vid model is pretrained on the target dataset
and deployed in inference mode at the receiver. As vid2vid
operates exclusively on non-key frames, it does not impact
the complexity analysis of key-frame transmission.

B. The SemArtJSCC Module
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Fig. 2: SemAttJSCC module architecture.

The proposed SemAtJSCC module, designed for key-frame
transmission, extends the DynamicJSCC framework [13]. As
shown in Figure 2, it comprises a jointly trained encoder-
decoder pair: the SemAttJSCC Encoder and Decoder, each
logically divided into source and channel blocks.

The source encoder Eg receives an RGB image X €
R3*HXW and extracts high-level features, reducing spatial
resolution by a factor G and expanding channel dimension
to C, resulting in Xg € REXH/GxW/G We adopt G =



and C' = 256 as in [13]. The channel encoder E¢ applies
shape-preserving transformations, including a residual block
(ResBlock) and an SNR-aware modulation block (SNRMod),
to incorporate channel state information. A key novelty is
the insertion of a Semantic Attention (SemAtt) block prior to
SNRMod (highlighted in Figure 2), enabling semantic-aware
feature modulation. Inspired by [14], [15], the SemAtt block
exploits semantic segmentation priors via the SGM, guiding
both attention and normalization stages.
The SemAtt block has three stages:
« Attention layer: processes latent features together with
the SGM from a downsampled segmentation map.
« Residual connection: adds the attention output to the
input features for stable gradient propagation [16].
« Semantic-aware normalization: adjusts activations
based on region-specific statistics.
The SGM A € {0,1}£*F is constructed from M semantic
regions S, form=1,..., M, where L = H x W:

1, if pixels 4,5 € Sy,
Q5 = . (D
0, otherwise.

To reduce memory and computation, a compressed rep-
resentation A, € {0,1}2*M is used, preserving semantic
relationships with only L non-zero entries.

The feature tensor is reshaped into F' € RE*L and a
deviation matrix D is computed as

L
> pet fikQr;j
L .
D k=1 Ok;
capturing channel-wise deviations from region-wise means.

For each semantic region S,,, the attention map W= ¢ RE*¢
is defined by [15]:

di; = fij — , ()

ws o TomT Lkesy, dindin 3)
ij T C > dindin
Sm kE€ESm TURTI
E:j:l elsm] <

The attention output is equal to:
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followed by semantic-aware normalization:

1 E i
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Var[cpijm 7]
where w,b € RE*M are learnable parameters. Assuming

region-wise feature consistency, this reduces parameters by a
factor M /L. The output is reshaped to Z € RE*H/GxW/G
and passed to SNRMod. After SNRMod, a Conv2D-K layer
projects features to K channels, followed by power normal-
ization and mapping to complex symbols Xp € CF, with
k = (K/2)x H/GxW/G. The channel is modeled as AWGN:

Yr=Xp+n, n~CN(0, L), (6)
with SNR = 101og;,(1/0?) dB.

The bandwidth compression ratio is R = k/n, with
n = 3HW, controlled via K. At the receiver, Yr is mapped
back to a latent tensor and processed by the channel and
source decoders Dc and Dg, mirroring F¢ and FEg, to
reconstruct Y. The module is trained end-to-end to minimize
the reconstruction Mean Square Error (MSE):

1 N
== X; Y%, 7
L=yl || )

where [V is the number of training samples.

III. EXPERIMENTAL RESULTS

We evaluate the proposed JSCC framework for key-frame
transmission on the Cityscapes dataset [17], a standard bench-
mark for semantic urban scene understanding. The dataset
contains 2 975 training images and 500 validation images with
resolution 1024 x 2048 and pixel-level annotations across 34
semantic classes.

The SemAttJSCC model is trained with the Adam op-
timizer [18] (learning rate 5 x 10~%, batch size 2) on a
single NVIDIA A100-SXM4-40GB GPU (CUDA 12.2). Early
stopping with a patience of 14 epochs is applied, yielding
convergence after roughly 35 epochs. During training, the SNR
is uniformly sampled in [0, 20] dB. Two bandwidth compres-
sion ratios are considered: R = 1/12 and R = 1/6. The
DynamicJSCC baseline [13] is trained under identical con-
ditions. Crucially, since this baseline already incorporates the
SNRMod modulation mechanism, the performance comparison
presented in this section effectively serves as an ablation study,
isolating the specific contribution of the proposed SemAtt
module.
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Fig. 3: PSNR comparison between SemA#tJSCC and the
baseline for varying SNR and R.

A. Comparison with Baseline JSCC Scheme

Performance is evaluated using both fidelity-based and
task-oriented metrics. Peak Signal-to-Noise Ratio (PSNR)
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Fig. 4: SSIM comparison between SemAttJSCC and the
baseline for varying SNR and R.
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Fig. 5: LPIPS comparison between SemAttJSCC and the
baseline for varying SNR and R.

and Structural Similarity Index Measure (SSIM) quantify
pixel-level reconstruction quality, while LPIPS [19] measures
perceptual similarity. Ground-truth segmentation maps are
used to isolate transmission effects, and downstream semantic
performance is evaluated via a pretrained HRNetV2+OCR
model [9], [10], [20], computing mloU on reconstructed
images.

Figures 3 and 4 show that SemAttJSCC consistently outper-
forms the baseline across all SNR values and both compression
ratios. Gains are more pronounced at stronger compression
(R = 1/12) and low SNR, confirming improved robustness
under adverse channel conditions. A maximum PSNR gain of
1.5% occurs at SNR = 0 dB and R = 1/12, while the largest
SSIM improvement is 0.7% at SNR =0 dB and R = 1/6.
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Fig. 6: mloU comparison between SemAttJSCC and the
baseline for varying SNR and R.

Figure 5 shows that SemA#tJSCC achieves consistently
lower LPIPS scores than the baseline across all channel con-
ditions, indicating superior perceptual quality. The maximum
reduction is 13.7% at SNR = 0 dB and R = 1/6. Figure 6
demonstrates higher mloU values, particularly under strong
noise and compression, with the largest gain of 1.6% at R =
1/12 and SNR = 5 dB. These results confirm that semantic-
aware encoding effectively preserves class-discriminative in-
formation for downstream tasks.

B. Comparison with Conventional Coding Schemes

We further evaluate the proposed SemAttJSCC framework
against conventional separate source and channel coding
pipelines, following [7]. In these reference schemes, images
are first compressed using JPEG2000 or BPG [21], then
protected via LDPC coding [22] and digitally modulated. We
consider LDPC code rates of 1/3, 1/2, and 2/3, with BPSK,
4-QAM, 16-QAM, and 64-QAM modulation. Perfect Channel
State Information (CSI) is assumed at the receiver for log-
likelihood ratio (LLR) computation [23]. For fair comparison,
the compressed file sizes are matched to the number of trans-
mitted symbols used by SemAttJSCC, including the overhead
associated with transmitting the compressed SGM. It is worth
noting that this overhead is minimal, amounting on average to
0.4% of the compression bandwidth ratio R.

Figures 7 and 8 highlight that JSCC-based methods in-
herently avoid the digital cliff effect typical of conventional
digital pipelines. In terms of perceptual quality (measured
via LPIPS), SemAttJSCC consistently outperforms JPEG2000-
based schemes across all SNR values. Compared to BPG-
based pipelines, the proposed method achieves superior recon-
struction fidelity in low-SNR regimes, where digital schemes
often fail due to unrecoverable bit errors. Specifically, at
SNR = 0 dB, SemAttJSCC reduces LPIPS by 5.2% and
increases mloU by 6.3% relative to the BPG+1/3LDPC+BPSK
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Max. LPIPS
Architecture GFLOPs  Parameters (M) Reduction
vs. Baseline
Baseline JSCC 2079 6.57 -
SemAttJSCC 2285 6.64 13.7%
Baseline JSCC + 3326 11.33 11.0%

Convolutions [7]

TABLE I: Computational complexity and number of trainable
parameters for the proposed SemAttJSCC, the baseline JSCC,
and the convolution-enhanced JSCC model [7], evaluated
at bandwidth compression ratio R = 1/12 for key-frames
transmission

configuration. While BPG demonstrates competitive perfor-
mance at high SNR due to efficient source coding, this advan-
tage primarily stems from optimized compression rather than
transmission robustness, which is the focus of our study. Ad-
ditionally, the high-resolution images (1024 x 2048) pose ad-
ditional challenges for conventional and learned methods [7],

[23]. Future work could explore increasing the latent channel
dimensionality K to better balance spatial compression and
feature richness under a fixed bandwidth constraint. Similar
trends are observed for downstream semantic tasks. Fig-
ure 8 shows that SemA#tJSCC significantly outperforms both
JPEG2000- and BPG-based pipelines in terms of mloU, par-
ticularly at low SNR, confirming the effectiveness of semantic-
aware encoding in preserving task-relevant information. A
qualitative example is provided in Figure 9, showing recon-
structed key frames and corresponding segmentation outputs
at SNR = 0 dB. The proposed method better preserves fine
structures and semantic boundaries compared to conventional
schemes, even under severe channel noise. In addition to
improved performance, SemAttJSCC introduces only modest
computational overhead. As summarized in Table I, GFLOPs
and trainable parameters increase by only 9.9% and 1.1%,
respectively, relative to the baseline JSCC. By contrast, the
convolution-enhanced model in [7] incurs substantially higher
overhead (60.0% GFLOPs and 72.5% parameters) while
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Fig. 9: Visual comparison of reconstructed key frames (top row) and corresponding segmentation outputs (bottom row) at

SNR =0 dB.

achieving a smaller maximum LPIPS reduction (11.0% vs.
13.7%). These results, albeit obtained on datasets of different
resolutions, underscore the efficiency of integrating compact
semantic priors directly within the JSCC framework.

IV. CONCLUSION

We introduced SemAitJSCC, a semantic-aware DJSCC
framework for efficient key-frame transmission over
bandwidth-limited, noisy wireless channels. By integrating
compact semantic priors (SGMs) via lightweight attention
mechanisms, the system guides feature allocation and channel
adaptation. Experiments on high-resolution urban scenes
show consistent gains over baseline JSCC in reconstruction
(PSNR, SSIM), perceptual quality (LPIPS), and downstream
semantic accuracy (mloU), particularly under low SNR
and strong compression. Compared to conventional digital
pipelines (JPEG2000/BPG + LDPC), SemAtJSCC avoids
the cliff effect and maintains semantic integrity. Future
work will explore more realistic channel models, adaptive
GoP structures, key-frame selection under strict latency
and bandwidth constraints, and generative schemes for
reconstructing non-key frames from semantically transmitted
key frames..
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