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Abstract In recent years, traditional communication methods have approached the Shannon lim-
it. Meanwhile, deep learning has achieved revolutionary breakthroughs in areas such as large lan-

guage models, computer vision and speech recognition. To address the challenge of exponentially
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growing network traffic, deep-learning-empowered semantic communication has emerged as a
promising solution. Different from traditional communication methods focusing on the accuracy
of symbol-level transmission, semantic communication focuses on the transmission of semantic
information. This difference makes semantic communication noise-resistant and does not suffer
from a cliff drop in performance in low signal-to-noise ratio (SNR) conditions. Compared to tra-
ditional communication methods, the semantic communication model allows to deliver identical
semantic information with lower compression ratios (CRs) by sharing a semantic knowledge base
between the transmitter and the receiver. So far, semantic communication has been studied in the
context of text, speech, image, video and mixture of them. For image transmission, the main-
stream semantic communication methods are unsupervised and supervised in terms of whether a
method uses information other than images. Among them, unsupervised semantic communica-
tion methods for image transmission aim to generate an image as similar as possible to the origi-
nal one at the receiver. However, the quality of the reconstructed image tends to significantly de-
grade under low CRs or low SNR. Some researchers have tried to solve this problem by introdu-
cing additional information to turn them into supervised methods. These methods mostly use se-
mantic segmentation graphs or image labeling information as supervisory information and have a
stronger semantic transfer capability compared to unsupervised methods. However, such a meth-
od relies on a large amount of manually labeled data or pre-trained models based on labeled data,
which cannot automatically extract high-level semantic information from original images. To ad-
dress the issue above, this paper proposes a semantic communication model that can self-super-
vise to extract and utilize the high-level semantics of an image, and in order to efficiently extract
the hybrid semantic features containing both high— and low-levels, this paper proposes a self-su-
pervised semantic coder based on Momentum Contrast (MoCo). Compared to purely high-level
semantic features, mixed semantic features can improve the similarity between generated images
and the original ones; compared to purely low-level semantic features, mixed semantic features
can better represent the core semantics of images. This paper designs a semantic decoder based
on the diffusion model, aiming to establish a mapping relationship between high-level semantic
features and image pixels and restore the received semantic information to image pixels. The ex-
perimental results show that under low CRs and low SNR conditions, compared with the tradi-
tional communication methods and four unsupervised semantic communication methods, the ima-
ges generated by the proposed model in this paper under Additive White Gaussian Noise
(AWGN) channel, Rayleigh channel and Rician channel are closer to the original dataset in terms
of visual features and have higher correctness rates when classified using third-party image classi-
fiers. Furthermore, the proposed model demonstrates that contrastive learning can provide new
sources of high-level semantics for semantic communication. In particular, analysis of high-level-
to-low-level semantic ratios confirms the better noise immunity of high-level semantics compared

to their low-level counterparts.
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Background

Improving image transmission under constrained condi-
tions is a current focal point in the image semantic communi-
cation research. Within this realm, the predominant ap-
proach is Joint Source-Channel Coding (JSCC), achieved
through unsupervised end-to-end learning to facilitate image
semantics transmission and reconstruction. This method ef-
fectively mitigates the inherent cliff effect in traditional com-
munications and reduces bandwidth consumption. To bolster
model adaptability across diverse Signal-to-Noise Ratio
(SNR) environments, some models integrate an attention
mechanism, incorporating SNR information into the model.
Some researchers posit that different images may necessitate
varying bandwidths to maintain consistent generation quali-
ty. Consequently, they introduce additional decision net-
works to gauge the requisite number of bits based on image
semantics and channel conditions. However, JSCC-based
methods of this nature encounter notable image quality deg-
radation at low Compression Ratios (CRs). To tackle this
challenge, some researchers bolster model performance at
low CRs by integrating high-level semantics. Nevertheless,
this approach mandates artificial labels, necessitating supple-
mentary manual information for model training.

To improve image quality under low CRs and SNR con-
ditions, this paper proposes a semantic communication model

that can self-supervise to extract and utilize the high-level se-

mantics of an image, and replacing the original end-to-end
training process with two sub-processes, called semantic ex-
traction and semantic decoding. In the semantic extraction
sub-process, high-level semantics are incorporated into unsu-
pervised training to enhance model robustness against noise.
By refining the training approach of the self-supervised Mo-
mentum Contrast (MoCo) model and integrating high-level
semantic information with low-level semantics through the
Variational Autoencoder (VAE) model’s decoder. the paper in-
troduces the Momentum Contrast Semantic Encoder (MoCoSE)
model tailored for semantic communication. For the semantic de-
coding sub-process, to enhance the quality of generated images,
this paper establishes a mapping relationship from high-level se-
mantic features to pixel information of the image using the classi-
fier-free diffusion model. Simulation results demonstrate that un-
der low CRs and SNR conditions, the model proposed in this pa-
per outperforms four state-of-the-art models in semantic infor-
mation transmission and restoration, generating images with
more promising visual quality.
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