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Abstract—Diffusion models have demonstrated remarkable
performance in semantic communication systems, achieving su-
perior reconstruction quality even under extremely high com-
pression ratios and low signal-to-noise ratio (SNR). However,
diffusion models typically suffer from high computational cost
and lack an explicit latent representation, which limits their
controllability. To overcome these limitations, this paper proposes
a semantic communication system that integrates the variational
autoencoder (VAE) and intermediate-step diffusion model (IS-
VAE-Diff). In the proposed framework, the transmitter employs
a VAE to encode input images into channel-adaptive latent
representations, while the receiver uses the VAE reconstruction as
a conditional input to the diffusion model for perceptual quality
enhancement. Furthermore, reverse diffusion is initiated from
an intermediate step to reduce inference cost while restoring lost
details using the global structures preserved by the VAE. Ex-
perimental results show that the proposed IS-VAE-Diff achieves
favorable reconstruction accuracy and perceptual quality with
substantially lower inference complexity than existing diffusion-
based methods.

Index Terms—diffusion models, joint source-channel coding,
semantic communications, variational autoencoders.

I. INTRODUCTION

Wireless communication systems have continuously im-
proved communication quality by optimizing physical-layer
performance metrics such as throughput and bit error rate.
However, current technologies are already approaching the
Shannon limit, and it has been pointed out that they may
struggle to accommodate the exponentially increasing com-
munication demands in the near future [1]. Semantic commu-
nications have consequently attracted considerable attention as
a promising framework [2]. In semantic communications, the
transmitter extracts meaningful information from the original
data and eliminates redundant components that are unneces-
sary for the task before transmission. This enables a significant
reduction in bandwidth consumption while maintaining the
performance required for the end task. In particular, deep joint
source-channel coding (DeepJSCC) [3] has been widely used
as a representative framework for image transmission, where
source and channel coding are jointly optimized using deep
neural networks.

Building on such deep learning-based image transmission
frameworks, the utilization of generative artificial intelligence
(GAI) models has recently been regarded as a promising
approach to enhance image reconstruction accuracy at the
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receiver in semantic communication systems [4]-[6]. With
the continued advancement of research on GAI applications,
diffusion models have attracted considerable attention, partic-
ularly for image transmission [4]. Among them, the denoising
diffusion probabilistic model (DDPM) [7] has demonstrated
remarkable reconstruction performance in image generation
tasks owing to its strong generative capability and stable
training characteristics, and is widely regarded as a promising
candidate for semantic communications.

S. F Yilmaz et al. [8] proposed a method in which
low-resolution images intentionally degraded by DeepJSCC
are transmitted and then reconstructed at high quality using
DDPM at the receiver. F. Pezone et al. [9] employed a
conditional DDPM (CDDPM) at the receiver to generate high-
resolution images from transmitted semantic segmentation
maps and low-resolution images. C. Liang et al. [10] presented
a selective image generation approach in which the transmitter
extracts image features and category information, and the
receiver uses a CDDPM to generate multiple candidate images,
selecting the most similar to the original using a similarity
metric. In these methods, data compression and transmission
rely on a separate JSCC module, while the CDDPM serves
as an auxiliary reconstruction module at the receiver. This
modular design facilitates integration with existing DeepJSCC
frameworks.

However, a standard CDDPM lacks an explicit latent space,
making it challenging to design conditional inputs that reli-
ably guide the generation toward desired outputs. Moreover,
because image data are high-dimensional and processed se-
quentially through the diffusion steps, these models entail
high computational costs and long inference times [11]. K.
Pandey et al. [12] proposed a method that combines a vari-
ational autoencoder (VAE) with a CDDPM to address the
lack of controllability in the latent space of CDDPM, where
the reconstructed image produced by the VAE is used as a
conditional input for the CDDPM to generate high-resolution
images. The VAE has an explicit latent space and enables
control over the latent-variable distribution [13]. By applying
this property to semantic communication, it becomes possible
to design robust transmission symbols adapted to channel
conditions [14]. However, the reconstructed images from a
VAE tend to be overly smoothed and often lose fine details.
In addition, the increased computational complexity associated
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Fig. 1. The proposed semantic communication system model.

with the diffusion process poses a significant challenge.

To address these problems, this paper proposes a novel se-
mantic communication framework, the intermediate-step VAE-
diffusion model (IS-VAE-Diff), which maintains reconstruc-
tion quality while reducing computational cost by initiating the
reverse diffusion process at an intermediate step. The proposed
approach simultaneously ensures robustness and perceptual
quality by leveraging the global structural information pre-
served in the VAE as a conditional input and by allowing the
CDDPM to complement missing fine details.

II. SYSTEM MODEL

The proposed system model consists of a joint source-
channel encoder, a wireless communication channel, a joint
source-channel decoder, and a CDDPM, as illustrated in Fig. 1.
The encoder fp maps the source image = € R™ to transmitted
symbols z € CF:

z = fo(z), (D
where n is the dimensionality of the source data and k is
the dimensionality of the transmitted symbols. The bandwidth
compression ratio is defined as

p==—. ©)

n
The transmitted symbols output by the encoder must satisfy
the following average power constraint before transmission:
1
ZElIzl2] < P (3)
Assuming a Rayleigh fading channel, the received symbols are
given by

z=hz+n,

“4)

where h ~ CN(0,1) is the channel coefficient, and n ~
CN(0,021},) is independent and identically distributed com-
plex Gaussian noise with power o2. The decoder g¢ TECON-
structs an intermediate image & from 2:

T = gg(2). (&)

Finally, the CDDPM r;, generates the reconstructed image &
using « as a conditional input:

(6)

where xp ~ MN(0,I,) is a noise image sampled from a
standard normal distribution, and I,, is the n x n identity
matrix.

.’f} = 7‘¢(:ET, :f:),

III. PROPOSED METHOD

The proposed IS-VAE-Diff consists of two main compo-
nents: a VAE-based JSCC module for obtaining an interme-
diate reconstruction and a conditional diffusion module for
perceptual refinement. The key idea is to use the VAE output
not only as a conditional input but also as the basis for
initializing the reverse diffusion process from an intermediate
step.

A. VAE-Based JSCC
The VAE-based JSCC module directly maps an input image

into channel symbols and reconstructs an intermediate image
from the received symbols. The VAE is trained to minimize
the reconstruction error while regularizing the latent represen-
tation. The loss function is given by

1 - 1 . N
Lvap = —[@ — &[5+ 2dir (a0 (2|2)[p(2)), (D)

where the first term represents the reconstruction loss and the
second term is the Kullback-Leibler (KL) divergence between
the learned latent distribution and the prior distribution. The
KL regularization enables control of the latent distribution
according to the communication channel. In this paper, a
channel-aware prior distribution depending on the channel
noise variance is employed during training.

Since sampling from a probability distribution is non-
differentiable, the reparameterization trick [13] is introduced
under Rayleigh fading:

z=hz+ o€,

®)

where z is the transmitted latent representation, o is the
standard deviation output by the encoder, and €, ~ CA(0, I})
is complex Gaussian noise.
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Fig. 2. Intermediate-step diffusion reconstruction.

B. Conditional Diffusion Reconstruction

To improve the perceptual quality of the VAE reconstruc-
tion, we introduce a conditional diffusion model at the receiver.
In the forward diffusion process, Gaussian noise is gradually
added to the original image xg:

xy = Vauwo + V1 — auey, 9

where €, ~ N(0,I), t € {1,...,T} is the diffusion step,
and &y is determined by the noise schedule. The conditional
diffusion model learns to predict the added noise using the
noisy image x, the diffusion step ¢, and the VAE output & as
the conditional input. The training loss is defined as

1 -
Laig = - llen — ew(wt,tw)llg, (10)

where €., denotes the noise prediction network. In the reverse
diffusion process, the model progressively removes noise
while conditioning on the VAE reconstruction. Through this
process, the diffusion model restores perceptually important
textures and fine details lost in the VAE reconstruction.

C. Intermediate-Step Diffusion Reconstruction

Standard conditional diffusion reconstruction starts the re-
verse process from pure Gaussian noise xp, requiring 7’
reverse diffusion steps. Although this process can improve
perceptual quality, it incurs high computational cost. To reduce
the inference cost, IS-VAE-Diff starts the reverse diffusion
process from an intermediate step 7 instead of 7', as illustrated
in Fig. 2. The key observation is that the VAE reconstruction
generally preserves global structures such as object shape and
spatial arrangement, whereas diffusion models are effective at
restoring fine textures and contours [7], [15]. Therefore, the
proposed scheme skips the early reverse diffusion steps and
performs only the latter refinement process.

Specifically, we generate an intermediate noisy image from
the VAE reconstruction as

z. ~N (Va-z, (1—a,)l,) . (11)

The reverse diffusion process is then performed from ¢ = 7 to
t = 0 using x as the condition. This reduces the number of
reverse diffusion steps from 7" to 7. The selection of 7 involves

TABLE I
NETWORK ARCHITECTURES

VAE-based JSCC module
Conv. Block (32)
Conv. Block (64) |
Conv. Block (128) |
Conv. Block (256) |
Lin. (2k) | / Lin. (2k) |
Reparam. Trick
Lin. 4 x H x W) 1
Tr. Conv. Block (128) 1
Tr. Conv. Block (64) T
Tr. Conv. Block (32) 1
Tr. Conv. Block (3)

CDDPM module

Conv. (64)
Residual + Atten. Block (64) |
Residual + Atten. Block (128) |
Residual + Atten. Block (256) |

Residual + Atten. + Residual Block (256) 1
Residual + Atten. Block (256) 1
Residual + Atten. Block (128) 1
Residual + Atten. Block (64)
Conv. (3)

a tradeoff between reconstruction quality and inference cost.
A smaller 7 requires fewer reverse steps and preserves more
information from the VAE output, while a larger 7 allows
stronger diffusion-based refinement but increases the inference
cost. In this paper, we set 7' = 1000 and 7 = 100, reducing
the number of reverse diffusion steps to 10% of the full 7-
step reverse diffusion process as a practical tradeoff between
reconstruction quality and inference cost.

D. Network Architecture

Table I summarizes the architectures of the VAE and
CDDPM modules. Here, the values in parentheses denote the
number of output channels. The symbols | and T represent
downsampling and upsampling operations, respectively. The
VAE module consists of four convolutional blocks, one linear
layer, and one normalization layer in the encoder, and one
linear layer and four transposed convolutional blocks in the
decoder. Each convolutional block includes a convolutional
layer, a parametric rectified linear unit activation function, and
a batch normalization layer. The CDDPM module adopts a U-
Net architecture [16] composed of three downsampling mod-
ules, one bottleneck module, and three upsampling modules.
Each module consists of residual and attention blocks, and
skip connections are employed between the downsampling and
upsampling modules.

IV. NUMERICAL RESULTS

This section presents the performance evaluation of the
proposed scheme. The Flickr-Faces-HQ (FFHQ) dataset [17]
with a resolution of 64 x 64 pixels is used in the simulations.
To evaluate the end-to-end performance, structural similar-
ity (SSIM) [18], learned perceptual image patch similarity
(LPIPS) [19], and Fréchet inception distance (FID) [20] are
employed as image reconstruction metrics. All experiments
are conducted on a workstation equipped with an Intel Core
i9-14900K CPU and an NVIDIA GeForce RTX 4090 GPU.
To verify the effectiveness of the proposed scheme, Deep-
JSCC [3], VAE [5], and the diffusion-based semantic com-
munication system [8] are used for comparison.

A. Performance Against Varying Bandwidth Compression Ra-
tios

Fig. 3 shows the performance at different bandwidth com-
pression ratios p under Rayleigh fading. During both training
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Fig. 4. Performance comparisons at various SNR levels over the Rayleigh fading channel at p = 0.010.

and validation, the SNR is fixed at 0 dB or 10 dB, and the same
SNR is used in both phases to consistently assess performance
across compression ratios. For the VAE, the prior distribution
is set to (0, I) independently of the SNR. Here, VAE-Diff
can be regarded as a special case of IS-VAE-Diff with 7 =T,
in which the reverse diffusion process starts from the initial
noise state.

In Fig. 3 (a), VAE achieves the highest SSIM at SNR =
0dB, while IS-VAE-Diff performs best at SNR = 10dB.
This indicates that VAE-Diff contributes more to perceptual
quality improvement than to structural similarity under low
SNR conditions. In the LPIPS results shown in Fig. 3 (b), both
VAE-Diff and IS-VAE-Diff outperform the other methods.
In Fig. 3 (c), VAE-Diff again achieves the best FID result,
confirming that an increased number of reverse diffusion steps
tends to improve perceptual quality.

B. Performance Against Varying SNR

In this subsection, we evaluate the robustness of the pro-
posed scheme under channel conditions different from those
used during training. Specifically, models trained at a fixed
SNR are tested under multiple SNR conditions, and recon-
struction accuracy is measured to assess their stability under

SNR variation. The bandwidth compression ratio is set to
p = 0.010, assuming a Rayleigh fading channel model.

The SSIM curves in Fig. 4 (a) indicate that VAE attains
the highest scores in the low-SNR regime, whereas IS-VAE-
Diff consistently provides the best performance at high SNR.
These observations imply that, unlike the conventional VAE,
which cannot adapt its learning to the channel noise variance,
the proposed scheme can effectively exploit the noise statis-
tics, yielding substantial gains, particularly under high-SNR
conditions. For LPIPS in Fig. 4 (b), both VAE-Diff and IS-
VAE-Diff produce the lowest values over the entire SNR range,
confirming their consistent advantage in terms of perceptual
quality. For FID in Fig. 4 (c), VAE-Diff achieves the best
performance, followed by IS-VAE-Diff.

C. Visualization

Fig. 5 shows the reconstructed images over the Rayleigh
fading channel with SNR 10dB and p = 0.031. In
Fig. 5 (b), the images reconstructed by DeepJSCC exhibit pro-
nounced global distortions, where large-scale warping signifi-
cantly degrades the overall facial structure. The VAE results in
Fig. 5 (c) show fewer distortions compared to DeepJSCC, but
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Fig. 5. Reconstructed images over the Rayleigh fading channel with SNR =
10dB at p = 0.031.

TABLE 11
COMPUTATIONAL COMPLEXITY OF EACH METHOD.
Method FLOPs Time [s] LPIPS FID
Deep]SCC [3] 4941M  1.69 x 103 0.3970  151.69
VAE [5] 816.5M  1.81 x 1073 0.3928  105.74
Diffusion [8] 7.295T 5.43 0.3937  107.73
VAE-Diff 7.296 T 5.87 0.2764 7.44
IS-VAE-Diff 0.7303T 0.521 0.2693 23.30

the overall images appear excessively smoothed. The Diffusion
results in Fig. 5 (d) alleviate the smoothing effect observed in
the VAE results; however, some local distortions still remain.
In contrast, VAE-Diff in Fig. 5 (e) suppresses over-smoothing
and reconstructs clearer facial features. Finally, as shown
in Fig. 5 (f), IS-VAE-Diff maintains reconstruction quality
comparable to that of VAE-Diff while substantially reducing
the computational cost of inference.

D. Computational Complexity Analysis

Table II compares the computational complexity, processing
time, and reconstruction performance of each method under
Rayleigh fading with SNR = 10dB and p = 0.010. The
processing time corresponds to the average time required
from encoding to image reconstruction. DeepJSCC and VAE
achieve low computational cost but show inferior perceptual
quality. Although VAE-Diff improves reconstruction perfor-
mance, it incurs significantly higher computational cost and
processing time. In contrast, IS-VAE-Diff substantially reduces
floating-point operations (FLOPs) and processing time while
maintaining high reconstruction quality. In particular, IS-VAE-
Diff achieves the best LPIPS performance, demonstrating an
effective tradeoff between inference efficiency and perceptual
quality.

V. CONCLUSION

This paper proposed IS-VAE-Diff, a semantic communi-
cation system integrating a VAE and a CDDPM for high-
quality image transmission. The proposed scheme employs
intermediate-step reverse diffusion to improve inference ef-
ficiency while restoring fine details from the VAE reconstruc-
tion. Numerical results demonstrated that the proposed scheme

achieves superior perceptual quality and reconstruction perfor-
mance compared with conventional methods while reducing
the computational cost of inference.
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