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Abstract—Digital and analog semantic communications (Sem-
Com) face inherent limitations such as data security concerns
in analog SemCom, as well as leveling-off and cliff-edge effects
in digital SemCom. In order to overcome these challenges,
we propose a novel SemCom framework and a corresponding
system called HDA-DeepSC, which leverages a hybrid digital-
analog approach for multimedia transmission. This is achieved
through the introduction of analog-digital allocation and fusion
modules. To strike a balance between data rate and distortion,
we design new loss functions that take into account long-distance
dependencies in the semantic distortion constraint, essential
information recovery in the channel distortion constraint, and
optimal bit stream generation in the rate constraint. Addi-
tionally, we propose denoising diffusion-based signal detection
techniques, which involve carefully designed variance schedules
and sampling algorithms to refine transmitted signals. Through
extensive numerical experiments, we will demonstrate that HDA-
DeepSC exhibits robustness to channel variations and is capable
of supporting various communication scenarios. Qur proposed
framework outperforms existing benchmarks in terms of peak
signal-to-noise ratio and multi-scale structural similarity, show-
casing its superiority in semantic communication quality.

Index Terms—Semantic communications, multimedia trans-
mission, analog communications, digital communications, hybrid
digital-analog communications.

I. INTRODUCTION

S MOBILE communication systems transition from the
fifth generation (5G) to the sixth generation (6G), there
is a need to address the evolving requirements of seamlessly
integrating virtual/augmented reality, remote control robots,
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and ubiquitous connected intelligence. To meet these demands,
target key performance indicators [2] have been proposed,
aiming to ensure the seamless integration of these advanced
technologies in the next generation of mobile communication
systems, e.g., 107 devices/km? for connectivity, 60 b/s/Hz
for spectral efficiency, and 100 us for end-to-end latency.
To materialize this vision, semantic communications [3] have
been envisioned as one of the potential technologies due to
the low semantic errors, high spectral efficiency, and high
transmission rates. By exchanging semantic information at
both ends, semantic communications can reconstruct sources
or directly perform tasks with the tolerance of transmission
errors. According to the communication paradigm, seman-
tic communications can be categorized into two categories:
analog semantic communications and digital semantic com-
munications.

Analog semantic communications [4], [5], [6], [7], [8],
[9], [10], [11], [12] convey the semantic information using
continuous signals, which takes advantage of deep learning
(DL) to design end-to-end systems and maps the source to
the non-fixed-size constellations directly. There exist many
works for different modal data transmission. Xie et al. [4]
have developed a DL based semantic communication system,
named DeepSC, for text transmission, in which the sentences
are mapped to the embedding vectors and then transformed
to the learned non-fixed-size constellation points. Yi et al.
[5] introduced the explicit knowledge base to the DeepSC as
the side information and integrated the knowledge base into
the end-to-end optimization, achieving the higher bilingual
evaluation understudy (BLEU) score at the low signal-to-noise
ratio (SNR) regions. Weng et al. [6] have proposed an end-to-
end semantic communication system for speech recognition
and speech synthesis tasks, named DeepSC-ST. The speech
signals are processed by the DeepSC-ST and output the con-
tinuous constellation points at the transmitter. Grassucci et al.
[7] have designed a generative audio semantic communication
framework, which transmits the continuous embedding vectors
to generate the audios at the receiver. Dai et al. [9] have inves-
tigated the end-to-end image transmission problem, in which
the image is non-linearly transformed into continuous signals
with different lengths. Wu et al. [11] have investigated the
end-to-end image transmission for multiple-inputs multiple-
outputs (MIMO) channels. Similarly, the images are converted
into continuous semantic features and adaptively assigned to
different subchannels based on the channel state information
(CSI). Wang et al. [12] have proposed a video semantic
communication system, in which the semantic features of
frames are extracted into continuous signals and transmitted
using analog communication methods.

The continuous signals in analog semantic communications
have two benefits. One is to allow gradient propagation and
enable end-to-end optimization. The other is that the contin-
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uous signals have a high degree of freedom that provides the
smoothness performance optimization varying from channel
conditions, enabling better robustness in the low SNR regimes.
However, continuous signals also have flaws. The commer-
cial encryption algorithms are designed for discrete signals,
e.g., bit streams, raising concerns about the data security of
continuous signal-based systems. Besides, in some scenarios
that require accurate transmission at the bit level, analog
semantic communications cannot meet the requirement due to
the approximately infinite candidate sets in continuous signals.
Therefore, digital semantic communications have attracted the
attention of researchers.

Digital semantic communications [13], [14], [15], [16], [17],
[18], [19], [20], [21] transmit semantic information in the type
of discrete signal, which maps the source to bit streams or
fixed-size constellations. Tung et al. [13] have proposed the
quantized joint source-channel coding for image transmission,
named DeepJSCC-Q, by mapping the continuous signals to the
close points in the fixed-size constellations to be compatible
with some protocols. Similarly, Bo et al. [14] improved the
quantized joint source-channel coding by learning transition
probability from source data to discrete constellation symbols,
in which the Gumbel-Max sampling is employed to sample the
constellation points from the learned transition probability so
that avoiding the non-differentiable quantization. Guo et al.
[16] quantized the semantic information with the learnable
non-linear scalar quantizer, which learns to adopt dynamic
quantization levels for different semantic values. Fu et al. [18]
have proposed the vector quantized semantic communication
system, in which the semantic vectors are quantized into
bit streams with the learnable vector quantizer and trans-
mitted with the digital channel codings and modulations.
Gao et al. [20] have developed an adaptive modulation and
retransmission scheme by deriving the relationship between
bit-error-rate and the task performance, in which the seman-
tic information is quantized into fixed-length bit streams.
Huang et al. [21] have proposed an iterative training algo-
rithm for digital semantic communications, in which the deep
source codec are trained according to the chosen channel
coding rate.

The above works on digital semantic communication
achieve accurate transmission at the bit or symbol level and
part of the works can apply the encryption algorithms to
encrypt the bit streams. However, digital semantic commu-
nication systems introduce unavoidable quantization errors
due to the process of quantizing continuous signals to dis-
crete signals, which introduces the leveling-off effect. That is,
the quality of the decoded source signal is limited because
of the quantization errors. Besides, digital semantic com-
munications experience the cliff-edge effect varying from
different channel conditions, which usually results in a drastic
degradation in performance at lower SNRs. Therefore, it is
imperative to adopt a new semantic communication paradigm
that can address the limitations of both analog and digi-
tal semantic communications. This paradigm should enhance
data security and mitigate the leveling-off and cliff-edge
effects. However, designing such a semantic communication
system poses several challenges that need to be overcome,
namely,
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Q1: How to enhance data security and alleviate the leveling-

off and cliff-edge effects?

How it be compatible with purely analog and digital

semantic communication?

Q3: How to support the various communication environ-
ments, e.g., the wide bandwidth scenario or the weak
communication scenario?

Q2:

The concept of hybrid digital-analog (HDA) joint source-
channel codes [22] was proposed by Mittal et al. in 2002,
which proves that HDA codes are capable of theoretically
achieving the Shannon limit (theoretically optimum distortion)
and a less severe leveling-off and cliff-edge effects. Since
then, the HDA codes have attracted much attention from
academics and industries [23], [24], [25], [26], [27]. Skoglund
et al. [24] have proposed HDA codes for the bandwidth
compression scenarios, and Koken et al. [26] have analyzed
the robustness of HDA codes with bandwidth mismatch. HDA
transmission is also adopted in the Japanese and Canadian
television signal transmission [28], where video and speech
signals are transmitted by analog and digital transceivers,
respectively. Yu et al. [29] have designed the HDA joint
source-channel coding for scalable video transmission, named
WSVC. which takes the 2D discrete wavelet transform for
analog transmission and H.264/AVC for digital transmission.
Lan et al. [30] have formulated the video transmission distor-
tions first and then proposed a sub-optimal resource allocation
scheme, which allocates the power and quantization bits. Tan
et al. [31] have proposed the optimal resource allocation for the
Internet-of-things (IoT) scenario. Three factors are optimized
to enhance the quality of the recovered image, including digital
bandwidth, orthogonal power, and nonorthogonal power of the
analog signal. Yahampath [32] has considered the imperfect
channel state information (CSI) for the video transmission, in
which the digital power is allocated by considering the CSI
errors, and the remaining power is used to transmit superim-
posed analog QAM symbols. However, these works rely on
linear transforms and ignore the semantic information behind
data, which is unsuitable for non-linear semantic transmission.

Inspired by the concept of HDA codes, we propose a novel
framework called DL-based HDA semantic communication.
This framework integrates the strengths of both analog and
digital semantic communications to effectively tackle the
challenges mentioned earlier. Firstly, the HDA semantic com-
munication systems can improve data security and alleviate the
leveling-off and cliff-edge effects by transmitting part infor-
mation with the continuous signals in analog communications
(Q1I). Besides, analog and digital semantic communications
are special cases of HDA semantic communications. By con-
trolling the ratio between analog and digital components, the
HDA semantic communications not only can be transformed
into purely analog or digital semantic communications (Q2)
but also support the different communication scenarios (Q3).
The main contributions are summarized as follows:

e A novel HDA semantic communication framework is
proposed, which takes advantage of analog and digital
semantic communications and addresses the limitations
inherent in each.

e Based on the HDA semantic communication framework,
we propose an HDA semantic communication system,
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Fig. 1. The proposed hybrid digital-analog semantic communication framework.

named HDA-DeepSC, for multimedia transmission, in
which the new analog-digital allocation and fusion mod-
ules are proposed to generate the analog and digital
components. Besides, the new loss functions are designed
to capture the local and global information, alleviating the
distortions from channels, and balancing the source rate.

e To further improve the quality of the recovered images,
we proposed a diffusion-based framework enhanced sig-
nal detection by designing the variance schedule and
sampling algorithm.

e Based on extensive simulation results, the proposed
HDA-DeepSC outperforms the conventional and DL-
based communication systems and improves the system
robustness at the low SNR regime.

The rest of this paper is organized as follows. The sys-
tem model is introduced in Section II. The HDA semantic
transmission is proposed in Section III. Section IV details the
proposed diffusion-based signal detection. Numerical results
are presented in Section V to show the performance of
the proposed frameworks. Finally, Section VI concludes this
paper.

Notation: Bold-font variables denote matrices or vectors.
C™*™ and R™*™ represent complex and real matrices of size
n x m, respectively. CN (11, 0%) means circularly-symmetric
complex Gaussian distribution with mean p and covariance
o2, N'(u,0?) means Gaussian distribution with mean y and
covariance 2. U(a,b) means continuous uniform distribution
between a and b. (-)* denotes the conjugate operation. x[k]
represents the k-th element in the vector.

II. SYSTEM MODEL

As shown in Fig. 1, we consider a single-input single-output
(SISO) communication system, which aims to send multimedia
over the air. The proposed HDA SemCom framework consists
of the HDA transmitter, the wireless channel model, and the
HDA receiver, which employs both digital semantic transmis-
sion and analog semantic transmission.

A. The Hybrid Digital-Analog Transmitter

The HDA transmitter consists of a semantic encoder that
extracts the semantic information behind images, analog-
digital allocation that allocates the semantic information for
analog and digital transmission, and channel encoders that
protect the information over the air.

Given an image, I € R3*XHXW ' where H and W are the
height and width of the image. The semantic information can
be extracted by

Z:S(I§at)’ (1)

where z € RM*! i5 the semantic information and S(-; o) is
denoted as the semantic encoder with the parameter o;. Then,
z is split into two parts with analog-digital allocation module
by

[za.2p] = A(z; 6¢), (2)

where z 4 and zp are the semantic information transmitted by
the analog transmitter and the digital transmitter, respectively.
A(;0,) is analog-digital allocation with parameters 6.

1) Analog Transmitter: The encoded symbols for analog
semantic transmission are represented as

xa =Ca(za;B8,), 3)

where 4 € CL4*! is the encoded complex symbols and
Ca(+;8,) is denoted as the analog channel encoder with the
parameter 3,.

2) Digital Transmitter: The entropy coding and quantizer
will be employed firstly to convert zp into bit streams by

b=£&(9(zp)), 4)

where b is the bit streams, Q(-) and £(-) are denoted as
the quantizer and entropy encoder, respectively. Then, b is
encoded with digital channel encoders (e.g., LDPC codes) and
fixed-size constellations (e.g., 16-QAM) by

xp =M (Cp(b)), %)

where zp € CEP*! is the encoded symbols, M(-) represents
the fixed-size modulation, and Cp () is denoted as the digital
channel encoder.

With the analog and digital symbols, the transmitted sym-
bols are & = [x4,zp] € CE*!, where L = L4 + Lp. The

bandwidth compression ratio is defined as n = m

B. Wireless Channel Model
When x is transmitted over the block fading channels, the
received signal can be given by
Yy =hx+mn, (6)

where & is the channel coefficient that remains constant within
a channel coherence time, n is the additive white Gaussian
noise (AWGN), in which nn ~ CA/ (O, o’1 L). For the Rayleigh
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fading channel, the channel coefficient follows h ~ CN (0,1);
for the Rician fading channel, it follows h ~ CN (uh,az)

with g, = \/r/(r +1) and oy, = y/1/(r + 1), where r is the
Rician coefficient. The SNR is defined as E(||z||*)/E(||n?).

C. The Hybrid Digital-Analog Receiver

The receiver comprises signal detection that estimates the
transmitted symbols, a analog-digital fusion module that fuses
the digital and analog semantic information, channel decoders
that alleviate the distortions from the wireless channels, and a
semantic decoder that recovers the images with the received
semantic information.

With the least squares (LS) signal detection, the transmitted
symbols can be estimated by

T=——sy=c+——5n, (N
|h| |hl
where & = [Z4,&p] represents the estimated symbols. We

assume that h is the perfect CSI. After the signal detection,
the semantic features are recovered by the analog and digital
receivers, respectively.

1) Analog Receiver: The semantic features transmitted by
analog communications are estimated by

ta=Cy (2a;8,), 8

where 24 is the estimated semantic features and C;l(g B,)
is denoted as the analog channel decoder with parameter 3,.

2) Digital Receiver: For digital semantic transmission, the
transmitted bit streams are recovered firstly by

b=Cp' (M~ (2p)), )

where 6’51( -) represents the digital channel decoder and
M™1() is denoted as the fixed-size demodulation. Then, the
semantic features transmitted with digital semantic transmis-
sion are recovered by

tp = Q HETHD)),

where £71() and Q~!(-) are denoted as the entropy decoder
and dequantizer, respectively.
With 2 4 and Zzp, the semantic features are fused by

2 = Ail (2A32D; 0r)7

(10)

(1)

where 2 is the recovered semantic information and A~(+; 0,.)
is represented as the analog-digital fusion module with param-
eters 6,.

Finally, the transmitted image can be reconstructed by

j:S_l(i;ar), (12)

where S71(-; av;,-) represents the semantic decoder with param-
eter a,.

III. HYBRID DIGITAL-ANALOG SEMANTIC TRANSMISSION

In this section, we design an HDA semantic communica-
tion system, named HDA-DeepSC, for heterogeneous wireless
communication environments. Then, we develop the new loss
function to train the HDA-DeepSC with the proposed training
algorithm.
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A. Model Design

The proposed HDA-DeepSC is shown in Fig. 2. The design
of each module is detailed below.

1) Semantic Codec: The semantic encoder comprises a
convolutional layer and a residual Swin Transformer block.
The first convolutional layer projects the images into vector-
shaped tokens, which are used as inputs to the residual Swin
Transformer block in a permutation-invariant manner. Then,
the residual Swin Transformer block consists of several Swin
Transformer layers and a convolution layer, in which the Swin
Transformer layer [33] originates from the Transformer and
introduces the local attention and shifted window mechanism
to improve the visual semantic understanding. Besides, a con-
volutional layer with spatially invariant filters in the residual
block can enhance the translational equivariance. The residual
connection allows for aggregation of the shallow and deep
semantic features.

Similarly, the semantic decoder consists of the residual Swin
Transformer block, convolutional layers, and pixel shuffle. The
residual block is to enhance the visual semantic understanding.
The residual connection provides a short connection from
the semantic encoder to the semantic decoder, allowing the
processing of reconstruction to fuse varying levels of features.
The convolutional layers and pixel shuffle form the recon-
struction module, in which the sub-pixel convolutional layer
upsamples the feature and pixel shuffle reallocates the features
to reconstruct the transmitted images.

2) Analog-Digital Allocation and Fusion: At the trans-
mitter, the analog-digital allocation module transforms the
original semantic information into essential and auxiliary
semantic information. The essential semantic information
plays an important role in building the images and the other
parts of semantic information work to improve the quality of
the image. The essential part includes the basic information
about the image, e.g., the low-frequency information, and
needs to be delivered accurately and cryptographically. Only
the essential part cannot be obtained, the image cannot be
built. However, the nature of analog semantic transmission is
continuous signals and not compatible with discrete encryp-
tion algorithms. Therefore, the essential part is transmitted
accurately by digital communication systems, in which the
data encryption methods (e.g., symmetric cryptography and
asymmetric cryptography) can be applied to encrypt the bit
streams to guarantee the data security of the essential part.

A hyper codec is proposed to extract the essential part of
the original semantic information, which is given by

zp = H(z;0:), (13)

where H(z;0;) is denoted as the hyper encoder. As shown
in Fig. 2, the hyper encoder employs two convolutional layers
to downsample the original semantic information, such that
enables a larger receptive field and extracts the essential
semantic information.

The auxiliary part helps improve the quality of the recovered
image, which is transmitted by analog communication systems
with the following benefits. Analog communication systems do
not have a cliff effect and are suitable for optimizing systems
in an end-to-end manner. To extract the auxiliary part, we first
analyze the entropy of z conditioned on 2, H (z|Z), which
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Fig. 2. The structure of the proposed hybrid digital-analog semantic communication system.

qualifies the uncertainty about z when z is known. In other
words, it measures the remaining information of z when 2z is
known. The lower bound of H (z |2) is derived by

H(z|z) = H (z,2) — H (%)

> H(z) - H(2), (14)

where the equals hold when 2z is close to z. 2
H™1(Q71(Q(2p));6,) is the recovered semantic infor-
mation based on essential part without consideration of
transmission errors. H~1(+;0,.) is denoted as hyper decoder,
where two convolutional layers are employed to upsample and
recover the basic semantic information.

By observing (14), we can obtain the remaining information
of z when z is known, i.e., the auxiliary part, by

IA=2—73, (15)

where z4 is transmitted by analog communications. The
derivation is in Appendix A.

At the receiver, the analog-digital fusion module is
employed to obtain the fine semantic information by fusing
the essential and auxiliary parts, which is given by

z=A""(24,20;0,) = H '(2p; 0,) + 2a,

where H~!(-;0,) shares the same weights with the hyper
decoder in the transmitter.

(16)

The design of analog-digital allocation and fusion can also
be viewed as a coarse-to-fine processing. The digital and
analog component transmits coarse and auxiliary semantic
information about the basics and supplements of the image,
respectively. The receiver fuses the coarse and auxiliary
semantic information to obtain fine semantic information,
which is used to recover the high-fidelity images.

3) Digital Transceiver: The quantizer module rounds ele-
ments of zp to the nearest integer, Zp. Then, the arithmetic
coding converts zp into bit streams, in which the arithmetic
coding is one kind of entropy coding. The entropy coding
requires the distribution of Zp in advance. Similarly to [34],
we model zp using a non-parametric, fully factorized density

model by
33) ) Golid.

a7

p(iEplp) = HpZD[i]|¢[i] <¢[ﬂ *U (

where p[i] is the parameters of each univariate distribution
Pzp[i]|w]i - Like most cases, we model the quantization errors
with the uniform distribution. Therefore, we convolve each
non-parametric density with a standard uniform density to
better match the prior of Zp.

For digital channel codec and modulation, we adopt the
adaptive modulation and coding for different SNRs.
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4) Analog Transeiver: The analog channel codec aims to
compress the semantic features and transmit them effectively
over the air. Similarly to the previous works [35], the analog
channel codec mainly employs the fully connected layers
to transmit the semantic information due to global semantic
information preservation. Compared with the convolutional
neural network (CNN) layer to capture the local information,
the dense layer is good at capturing global information and
preserving the entire attributes, which follows the target of
the analog channel codec. This can enhance the system’s
robustness to channel noise.

B. Loss Function Design

The wireless multimedia transmission problem can be
viewed as the classical rate-distortion optimization problem,
which includes distortion and rate constraints.

1) Loss Function Design for Distortion Constraints: The
distortion constraint can be categorized into semantic and
channel distortion constraints. For semantic distortion con-
straint, except for the pixel difference considered in most
works, we further introduce the frequency difference of the
images. The designed loss function for semantic distortion
constraint is given by

Lsp =E[II =12+ 27 () - FD)I|.  a8)

where Az is the weight and F(-) represents the Fourier
transform. The first item in (18) refers to the pixel difference
of the image, we assume that the pixels of the image follow
the Gaussian distribution without loss of generality and thus
employ the mean-square error (MSE) loss. The second item
in (18) refers to the frequency difference of the image, we
consider the learning of long-range dependencies of the image
and design the Fourier-based loss function. In detail, we
map the images into the frequency domain and compare the
difference between the original and transmitted images. The
reasons behind the design can be summarized as

e The MSE loss guides the neural networks to recover
the local pixels of the images by comparing the pixel
difference, which ignores the long-range dependencies of
the image.

e The Fourier-based loss can help the neural network learn
the long-range dependencies of the image. Because the
same frequency in the frequency domain refers to the
different pixels at the different positions of the image.

For the channel distortion constraint, we consider the

distortions from channels and the transmission of essential
information. The designed loss function is given by

Lop =Ellz =2l - I(z,2p),

where the first item minimizes the distortions from chan-
nels and the second item maximizes the mutual information
between z and Zp to make Zp contains more information
of z. However, directly optimizing the I(z,2p) is hard. We
derive the lower bound of I(z, 2p) by

p(zlzp)

I(z,2p) = / p(eo)log 22

> /p(z, zp)logq(z|zp, 0, ) dzdzp

19)

dzdZp
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- / p(2)logp (2) de

=/p (z2)p(2plz)logq (z|2p, 0, )dzdip+H (2)

=K.y E:pmpiolo) logq (22D, 0, )] + H (2) .
(20)

where the inequation follows KL [p(z|2p), ¢(2|2p, 0,)] > 0,
in which KL[-, -] is the Kullback-Leibler (KL) divergence and
q(z|zp,0,) is the variational approximation of p (z |2p).

For the sake of argument, assume for a moment that the
likelihood is given by

1(zfen,6,) =N (2, (20)7'T). en

where z = H 1 (z2p; 0..). The log-likelihood then works out

to be the squared difference between z and 7 weighted by ..
Then, the I (z,Zp) can be rewritten as

I(z,zp) > —X\E [Hz - ;\\2} + H(z) + constant.  (22)

Submitting (22) into (19) and omitting the constant, the
Lcp can be written as

Lop ~Elllz- 2]+ AE ||z - 22| - HE@). @3
If we freeze the semantic codec during training, H(z) can be
technically dropped out from Lo p.

2) Loss Function Design for Rate Constraints: For rate
constraint, the analog transmitter designs the fixed-length
output. Therefore, we consider the rate constraint for the
digital transmitter, which is given

AcRate =E [_ log(p (ED ‘w)))} )

where p(Zp |¢p) is given in (17). By minimizing the rate
constraint, we can optimize the distribution of zZp and reduce
the number of bits generated by the arithmetic coding.

(24)

C. Training Details

The proposed training algorithm is shown in Algorithm 1.
We adopt three-stage training methods. The first stage is
to train the semantic codec with the Lgp, which enables
effective semantic extraction. After the semantic codec finishes
training, the second stage is to train the hybrid transceiver
with Lop + A-LRate, Which aims to reduce the distortions
from physical channels as well as the number of bit streams.
We can drop out the H(z) in Lcop since we freeze the
semantic codec during training. The non-differentiable opera-
tions, e.g., the quantization, entropy coding, and modulation,
will block the gradient back-propagation from receiver to
transmitter. Therefore, we substitute additive uniform noise
for the non-differentiable operations itself during training,
ie., Zp = zp + w in line 10 of Algorithm 1. Besides, we
choose the error-free transmission for the zp due to two
factors, one is that the number of generated bit streams is
much smaller than the conventional source coding, e.g., JPEG;
another one is the accurate bit transmission characteristic of
digital communication. Finally, we train the whole network
with Lsp + A\ LRate to improve the quality of the recovered
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Algorithm 1 HDA-DeepSC Training Algorithm

Algorithm 2 HDA-DeepSC Inference Algorithm

1 Function Traihh Sem antic Codec(

Input: Sample I from dataset.
z=8(I; ),
I=85"'za),

Compute Lgp with (18),
Train oy, o K Gradient descent withCgp .

e W N

| Retum: S(;aq) and S71 (5 ).
¢ Function Tran Hybrd Transceiver) :
Input: Freeze semantic codec and sample Semantic
features z.
7 Transmitter :
8 // Analbg-b gial Albcation
9 zp = H(z;6),
10 Zp=zp+u ullU (—3,%,
1 z=H1(zp;0,),
12 zZa=z— Z.
13 // Digial Transn iter
14 Transmit Zp error-free to avoid gradient disappear.
15 // Analbg Tranam iter
16 za = Ca(za;By),
17 Power normalization,
18 Transmit @ 4 over the air.
19 Receiver:
20 Receive y 4 with (6) and 2p.
21 // D gial Receiver
22 2D = 2D,
23 2 =H Y2p;6,).
24 // Analbg Receiver
25 Signal detection by(7) to getZ 4,
26 24 =0C;" (2a;8,)
27 // Analbg-b gial Fusin
28 2=24+%.

29 Compute Lop + A\-Lpge with (23) and (24).
30 Train 3,,3,,60:,0, X Gradient descent with
Lep + ML Ruge

Retum : C4 (3,), C1* (8,), H(+;6;), and
L H(50,).

31 Function Tran Whok Network(

Input: Sample I from dataset.

32 Repeat lines 2, 8-28, and 3 to gefl.

33 Compute Lsp + A\-Lpge with (18) and (24).
34 Train oy, o, By, 3,,0+,0, ¥ Gradient descent with
‘CSD +)\T£R7te .

| Retum : The HDA-DeepSC.

image and reduce the number of bit streams in an end-to-end
manner, which converges to the global optimization.

When the whole network has been trained, we can employ
the model to transmit the image wirelessly. The inference
algorithm is presented in Algorithm 2. We remove the addi-
tive uniform noise and replace it with the non-differentiable
operations.

The three-stage training algorithm ensures that each stage
can converge to the local optimum and avoids the mismatch
of gradient descent. Besides, the approximate quantized noise

1 Function HDA-DeepSC hiference ()
Input: Sample I from dataset.

Transmitter :
z=8I;ay).
// Analbg-b yial Albcation
zp = H(z; 0:),
zZp = Q(zp),
2=H1(Q ' (2p) 0,).
ZAa=z— Z.
// Dgial Tranan iter
b=E&(2p),
rp = M (CD(b))
// Analbg Tranam iter
xa =Calza;B,),
Power Normalization,
Transmit © =[x 4, zp| over the air.
Receiver:
Receive y with (6).
Signal detection by(7) to getZ4 and & p.
// D gial Receiver
b=Cp' (M (@p) |
zp=Q ' (€7(b).
Z=H Y2p;0,).

o e N R W N

S I N I N e N R S I N N S N S I T
B - N N O S . — V- I - -EEE N B N B N S I
W N
\ngﬁg
0 g m
NS b‘Qb—'
~+9>La
NNgtb’—\'}U
SNER
Q &>8
I B
— @k
I 0
Sr_?vH
0
o]
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helps avoid the disappearing gradient, which enables end-to-
end training. Moreover, the inference algorithm indicates that
the digital component can adopt the encryption algorithm to
protect the digital bits and the adaptive modulation coding
against channel distortions.

IV. DIFFUSION FRAMEWORK ENHANCED
SIGNAL DETECTION

This section provides an overview of the de-noising dif-
fusion framework and its background. Subsequently, we
introduce a novel diffusion-based signal detection method
called DiffSDNet. DiffSDNet is developed by incorporating
a carefully designed variance schedule into the training and
sampling algorithms. The diffusion-based de-noise module is
the optional part of the HDA-DeepSC, which can further
improve the robustness of the HDA-DeepSC.

A. De-Noising Diffusion Framework

Given a random noise as input, the denoising diffusion
framework [36] models the generative processing through
multiple de-noising steps. Each step iteratively enhances the
generative results by removing the predicted noise, akin to
Langevin dynamics. The de-noising diffusion framework is
divided into forward process and reverse process.
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1) Forward Process: The forward process is fixed to a
Markov chain with T steps that gradually adds Gaussian noise
to the data according to a variance schedule 1, - - - , y7, which
is given by

2@ S M) @ T (D) (05

where v(®) is the input information, p(v(t) "u(t_l)) =

N (\/l—v(t)v(t_l),v(t)I), and p(v™) is modeled with

N(0,I). Due to the reparameterization of normal distribution,
v® can be represented as

v® = /1 — 4Ot /5
— /1= (30)%0©® 4 50,

where €®) ~ A(0,1) and 7" = \/1 — 1=, (1 —~®).
Observe (26), the forward process recurrently adds the Gaus-
sian noise step by step to make v(®) approach the normal
distribution, which can be viewed as the encoding processing
without learnable parameters.

2) Reverse Process: The reverse process is also defined as
a Markov chain with T steps starting at v(7), which is given
by

(26)

T-2) Ly )

M) 5 T 5 ol 27)
where g (v~ Y |'v(t)) =N (1 (v®;w),0MI). The reverse
process generates the v(*~1) based on v, in which the mean
of v(*=1 is modeled with neural network with the v® as
input.

From (26), we can observe that v(!~) can be predicted
with v® and v() by removing the added noise. Therefore,

1 (v®;w) can be modeled as

1
(t)' - —_—
w(v';w) 0 (v

where € (v("); w) predicts the noise added to v*). From (28),
the reverse process predicts the Gaussian noise at each step and
then removes the predicted noise to restore the v(©) from v(*)
with learnable parameters, which can be viewed the decoding
processing.

The loss function for the diffusion-based model at step ¢ is
defined as

T

(29)

®)
® _ P_y(t)e(v(t);w)> . (28)
Y

t
‘C(D)iff:E

e(t)—e( 1_(V(t))%(mﬂ(t)e(t);w,t)

During training, we sample the ¢ first and model the v(*)
with v(©) by adding the Gaussian noise with the scheduled
variances.

Compared with the previous de-noise frameworks, e.g.,
DnCNN, that predict the noise with only one step, the
de-noising diffusion framework can predict the noise with
multiple steps, such that matches the distributions of noise
and achieves better performance of de-noise. Therefore, we
propose a de-noising diffusion-based signal detection method.
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B. The Proposed De-Noising Diffusion-Based Signal
Detection
The detected signals in (7) can be rewritten as
r=x+n, (30)

where . = Z—Pn is an effective noise after the signal detec-
tion. We employ the block-fading channel model in (6), where
the i keeps constant. Therefore, the n follows a circularly
symmetric complex Gaussian distribution with zero mean and
scaled variance, 02 = o2 /|h|%.

"=

Since the coefficients of p (v® [0~V in (25) should
2
satisfy (\/ 1-— v(t)) +~+® =1, we rewritten & as
1 + (o
x €,
Vi14o; Vi14o;

where £ = &/v/1+ 07, and n = o€, ~ CN(0,1).

Comparing (31) with (26), we find that the wireless trans-
mission is similar to the forward process. We model  and &
in (31) as 0@ and v® in (26). It is natural to employ the
reverse process to refine &, such that obtains the more accurate
x. Given the  and o, we adopt (27) to remove the noise
in & to closer the . However, the existing variance schedule
of p (v® [v(*=1) and sampling algorithm are unsuitable for
wireless communications. We need to design the variance
schedule and sampling algorithm by considering the channel
SNR.

1) Variance Schedule Design: A variance schedule refers
to the way in which the mean and variance of the added
noise changes over the course of the diffusion process. During
this process, the mean and variance of the added noise is
adjusted at each step, affecting the amount of noise introduced
at each stage, therefore variance schedule determines how the
noise level evolves during the diffusion process. A variance
schedule can impact the quality of generated « and the model’s
convergence behavior.

The variance schedule should satisfy the 7(7) — 0. Based
on the constraint, we design the variance schedule with 7' = 50
steps, which is given by

T =

€1y

= — 32
v T (32)
which 70 x 76375 ~ 1 | The designed variance schedule
includes 50 different noise levels. The reasons behind the
designed variance schedule can be summarized as

e Compared with the conventional diffusion-based frame-
work with 1,000 steps for generative tasks, we empirically
find that the de-noise task does not need too many steps
due to the low complexity of the de-noise task.

e We design a monotonic function of 4(*) to achieve coarse-
to-fine de-noise processing, which has an unequal interval
SNR, e.g., a small interval in high SNR regions and a
large interval in low SNR regions. The unequal interval
SNR can speed up the de-noise processing with fewer
steps at low SNR regions.

2) Sampling Algorithm: The sampling algorithm performs
the reverse process by sampling the steps. For example, the
conventional diffusion-based framework usually samples 1,000
steps from 7' — 0 [36] or 100 steps with the subsequence
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Algorithm 3 Dynamic Sampling Algorithm

1 Function Dynam ic Sam pling (

Input: The detected signalr and o.
2 Initialize & as the starting pointp®).
3 Find the ¢ by (33) with o5.
4 fort=tX 1do K " K
s L ot — ﬁ V) — 1R w)
L Retum : v©

of T — 0 [37], in which v(T) is the first sampled step.
However, starting from v(7) is unsuitable for signal detection.
The detected signals will start from different v(*) where ¢
depends on the received SNR at the receiver. Therefore, we
propose a dynamic sampling algorithm shown in Algorithm 3.

Firstly, given the known o5, we search the starting point ¢
at the reverse process, which is given by

1

V1+os

Then, the signal detection aims to recover the transmitted

signals as more accurate as possible. Therefore, we change

the random sampling to deterministic sampling. In detail,

we reduce the degree of randomness in the reverse process

by setting ¢*) in (27) equals to zero, which means that

the g (v(®V "v(t)) changes from N (p (v®;w),0®I) to
deterministic 1 (v®); w).

€ [r,539). (33)

V. NUMERICAL RESULTS

In this section, we compare the proposed HDA-DeepSC
with DL-based semantic communication systems and digital
communication systems over AWGN and Rician fading chan-
nels, where we assume the perfect CSI for all schemes.

A. Implementation Details

1) The Dataset: We choose the DIK2K dataset [38] for
training, which contains 1,000 images with different scenes.
The Kodak dataset is used for testing.

2) Training Settings: The semantic codec consists of 6
Swin-Transformer layers, respectively. Each layer is with 6
heads and a width of 120. The diffusion-based model adopts
the structures of OpenAl-UNet. The A, A, and A, is 0.1,
0.1, and 0.0005, respectively. The learning rate is 2 x 1074,
The device for simulation consists of Intel®) Xeon(®) Platinum
8352V and the NVIDIA GeForce RTX 4090. The encryption
algorithm is AES encryption.

3) Benchmarks and Performance Metrics: We adopt the
separate source-channel coding, the DL-based analog semantic
communication system, the DL-based digital semantic com-
munication system, and the one-step denoising network as the
benchmarks, which are detailed as follows.

e Separate source-channel coding: Employ the source and
channel coding separately to transmit the images, we use
the following technologies, respectively:

e Better Portable Graphics (BPG) for image source
coding, the state-of-the-art image compression
method.
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Fig. 3. The PSNR performance comparison between Analog DeepSC and
Analog DeepSC with different denoisers on the Kodak dataset.

e Low-density parity check (LDPC) coding and
capacity-achieved coding are used for the channel
coding.

e The adaptive modulation and coding (AMC) is
employed for different SNRs, including 1/2 coding
rate with BPSK, 1/2 coding rate with QPSK, 3/4 cod-
ing rate with QPSK, 1/2 coding rate with 16QAM,
and 3/4 coding rate with 16QAM.

e Analog semantic communication systems: The purely
analog semantic communication of HDA-DeepSC trained
with MSE loss.

e Digital semantic communication
DeepJSCC-Q proposed in [13].

e Conventional HDA transmission systems with 2D discrete
cosine transform and scaler quantization [30].

e Denoising convolutional neural network (DnCNN) as the
one-step de-noise benchmark

The LDPC codes we use are from the 802.11ad standard,

with blocklength 672 bits for both the 1/2 and 3/4 rate codes.
The coherent time is set as the transmission time for each
image in the simulation. We set = 1 for the Rician channels
and h = 1 for the AWGN channels. Peak signal-to-noise ratio
(PSNR) and multi-scale structural similarity (MS-SSIM) are
used as the metrics to measure the local and global quality of
images. The unit of MS-SSIM is dB by

MS — SSIM(dB) = —10log,o(MS — SSIM).

systems:  The

(34)

B. Denoising Networks Comparisons

Fig. 3 presents the PSNR performance for the analog
DeepSC with different denoisers. First observe that the analog
DeepSC with denoiser has a larger PSNR than that without
denoiser in the low SNR regimes. This validates the effective-
ness of the denoiser in reducing the noise level. For the small
noise level at the high SNR regimes, the analog DeepSC is
capable of restoring the signals therefore all methods achieve a
similar PSNR as the SNR increases. Furthermore, we observe
that the analog DeepSC with DiffSDNet outperforms that with
DnCNN with 0.6dB in terms of PSNR. This suggests that the
multiple-step denoiser has a stronger power of denoising than
the one-step denoiser.
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Fig. 4. Comparison between HDA-DeepSC and the Analog DeepSC, DeepJSCC-Q, and BPG with different channel coding on the Kodak dataset over AWGN
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Fig. 5. Comparison between HDA-DeepSC and the Analog DeepSC, DeepJSCC-Q, and BPG with different channel coding on the Kodak dataset over Rician

channels.

TABLE I

THE PSNR COMPARISON BETWEEN THE ANALOG DEEPSC WITH
DIFFERENT DIFFUSION-BASED DENOISERS AT SNR=0DB

Sampling Steps | 10 | 20 | 30 | 40 | 50
DDPM | 293 | 29.0 | 289 | 28.8 | 29.0
DiffSDNet | 29.1 | 29.5 | 299 | 30.1 | \

Table I shows the comparison between analog DeepSC with
DDPM and DiffSDNet. The proposed DiffSDNet can achieve
higher PSNR with fewer sampling steps than the DDPM,
confirming the effectiveness of the designed variance schedule
and sampling algorithm. Especially, the PSNR of analog
DeepSC with DDPM will decrease as the number of sampling
steps increases. This is due to the high degree of randomness
introduced in the reverse process.

C. Communication System Comparisons

Figs. 4 and 5 report the PSNR and MS-SSIM comparison
between the various methods over AWGN channels and Rician

channels with a 1/6 bandwidth compression ratio. For AWGN
channels, we can see in Fig. 4 that our HDA-DeepSC out-
performs all the benchmarks. This indicates that the discrete
signals of the digital component can accurately deliver crucial
semantic information for details recovery and the continuous
signals of the analog component can prevent the leveling-off
and cliff-edge effects for lower quantization errors. Besides,
the HDA-DeepSC achieves the best performance in terms of
MS-SSIM, which means that the images transmitted by HDA-
DeepSC have better global quality. This is likely because we
introduce the Fourier-based loss function that makes the model
learn the long-distance dependencies. For the Rician channel
case shown in Fig. 5, we observe that the DL-based analog
systems are more robust to channel changes due to the high
degree of freedom in continuous signals, in which the HDA-
DeepSC is beneficial from the analog component. Moreover,
the low bandwidth consumption of the digital part allows us to
use low-rate channel coding to achieve accurate delivery while
transmitting a small number of symbols, such as ensuring
robustness in the low SNR regimes. This is the reason why
we assume error-free transmission while training the digital
part. Besides, if the communication environment is terrible,
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PSNR and MS-SSIM performance for different bandwidth compression ratios on the Kodak dataset over AWGN channels.
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Fig. 7. PSNR and MS-SSIM performance for different bandwidth compression ratios on the Kodak dataset over Rician channels.

TABLE I

THE ABLATIONS OF FOURIER-BASED COMPONENT: MSE LOSS,
MSE Loss WITH FOURIER-BASED MODULE, AND MSE
Loss WITH FOURIER-BASED LOSs

MSE loss + MSE loss +
Method ‘ MSE loss Fourier-based Module | Fourier-based loss
PSNR \ 48.09 \ 50.35 \ 52.19
MS-SSIM \ 33.01 \ 35.23 \ 40.01

in which the digital signals cannot be successfully decoded,
this system will experience the cliff-edge effect due to the
employed entropy coding. This can be improved in several
ways. One is to replace the entropy coding module with the
learning-based quantization module. Another is to introduce
error transmission during training. Both methods can lead the
model to learn to correct the errors in digital transmission.
Visual examples are presented in Appendix B.

In Table II, we study the ablations of Fourier-based com-
ponents by only considering the semantic codec, in which the
MSE loss with Fourier-based module means that we insert
the pluggable Fourier-based modules [39] into the semantic

codec and train the semantic codec with MSE loss function.
The Fourier-based module or loss can improve the quality
of images with more than 2dB in terms of PSNR and MS-
SSIM due to the long-distance dependencies learning in the
frequency domain. Besides, we observe that the Fourier-based
loss can largely increase MS-SSIM than the Fourier-based
module. The reason behind that is the Fourier-based module
introduces the additional Fourier-based parameters making it
challenging to further improve its performance. This suggests
that Fourier-based loss can directly capture the global infor-
mation of images without additional parameters and hence as
an attractive loss to improve the global quality of images.

D. Bandwidth Compression Ratio Comparisons

Figs. 6 and 7 demonstrate the comparisons for different
bandwidth compression ratios over AWGN and Rician chan-
nels at SNR=10 dB. The HDA-DeepSC outperforms all the
benchmarks in terms of PSNR and MS-SSIM. For example,
the HDA-DeepSC achieves the same PSNR as separate cod-
ings (the BPG with 1/2 LDPC and 16QAM) with a 33%
improvement on bandwidth compression ratio. This suggests
that the HDA-DeepSC can provide a higher data transmission
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Fig. 8. PSNR and MS-SSIM performance for different digital-analog ratios on the Kodak dataset over AWGN channels.

(a) Original Image (b) BPG+Y% LDPC+16QAM

(Unencrypted Bits)

(c) HDA-DeepSC w/ 0.2 DA ratio  (d) HDA-DeepSC w/ 0.2 DA ratio (e) HDA-DeepSC w/ 0.87 DA ratio

(f) HDA-DeepSC w/ 3 DA ratio
(Encrypted Bits)
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Fig. 9. Visualized examples for different methods transmitted over AWGN channels at SNR=10dB: (a) original image; (b) image recovered by BPG with
172 LDPC and 16QAM; (c) image recovered by HDA-DeepSC with 0.2 DA ratio using unencrypted bits; (d)-(f) image recovered by HDA-DeepSC with 0.2,

0.87, and 3 DA ratio using encrypted bits, respectively.

rate than the benchmarks for a given PSNR or MS-SSIM.
Besides, we find that the learning-based methods outperform
the BPG in terms of MS-SSIM, indicating the neural networks
operate as the better content generator, thereby generating the
image with global consistency.

E. Digital-Analog Ratio Comparisons

Fig. 8 shows the comparisons across different digital-analog
(DA) ratios by changing the ratio between the number of
transmitted symbols of digital and analog components, where
the total number of transmitted symbols is fixed. The larger
DA ratio means more semantic information is transmitted
with the digital transmitter and vice versa. We can observe
that the PSNR and MS-SSIM decrease as the DA ratio
increases, which is caused by the unavoidable quantization
errors introduced by the digital transmitter. The more semantic
information transmitted through the digital transmitter, the
larger the quantization errors introduced to the transmitted

TABLE III

THE PSNR PERFORMANCE FOR THE ENCRYPTED AND UNENCRYPTED
BiTs OVER AWGN CHANNELS AT SNR=10DB

DARatio | 02 | 04 | 0875| 15 | 3
Encrypted Bits | 13.75 | 13.67 | 13.61 | 13.56 | 13.52
Unencrypted Bits | 37.69 | 36.62 | 3530 | 34.80 | 3351

information. This suggests that the analog transmitter oper-
ates as a continuous signal-based system, thereby effectively
reducing the quantization errors by decreasing the DA ratio.

F. Data Security

Table III reports the PSNR performance for the encrypted
and unencrypted bits, where these terms refer to whether the
encryption algorithm encrypts the bit streams transmitted by
the digital transmitter. We assume that the eavesdropper is
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TABLE IV

THE RUNNING TIME PER IMAGE COMPARISON BETWEEN
THE HDA-DEEPSC AND BPG

HDA-DeepSC | HDA-DeepSC BPG
(GPU) (CPU) (CPU)
Running time | 67ms | 208ms | 179ms

incapable of decoding the encrypted bits and only decodes
the semantic information transmitted by the analog transmitter,
where the HDA-DeepSC model is known to the eavesdropper.
From Table III, the PSNR of encrypted bits is 20dB lower
compared to that of unencrypted bits, indicating the images
recovered by encrypted bits are little like the original ones. In
other words, the eavesdropper obtains less information from
the semantic information transmitted by the analog transmitter.
Besides, the PSNR of encrypted bits slightly decreases as
the DA ratio increases. This suggests that the HDA-DeepSC
effectively safeguards data with few bits while achieving the
high PSNR. Visual examples are presented in Figs. 9(c)-(f),
where Figs. 9(d)-(f) are the images recovered by encrypted
bits. Interestingly, the essential information is protected by the
HDA-DeepSC, e.g. the color, the background, and the textures,
which proves the effectiveness of the HDA-DeepSC in data
security.

G. Computational Complexity

The proposed HDA-DeepSC adopts the Swin-Transformer
as the semantic codec, in which the window multi-head
self-attention (W-MSA) module has high computational com-
plexity. The computational complexity of W-MSA is O(N x
hxwx (4C%42M?C)), in which N, C, and M are the number
of layers, the width of the layer, and the number of patches,
respectively. The channel codec consists of several dense
layers, the computational complexity of which is also linear in
the number of pixels. Therefore, the computational complexity
of the proposed HDA-DeepSC is linear encoding/decoding
time in the number of pixels. To complete our discussion
of computational complexity, we have measured the average
running time per image which is shown in Table IV. We can
observe that the running time of HDA-DeepSC on the CPU
is slightly slower than that of BPG on the CPU. However,
the GPU can significantly accelerate the running time of
HDA-DeepSC, which means it can effectively support some
delay-sensitive applications.

H. Discussion of Hardware Implementation

It is possible nowadays to implement analog systems with
high-precision digital circuits, called pseudo-analog transmis-
sion. For example, the pseudo-analog system SoftCast [40]
does not adopt the conventional constellations but modulates
the normalized 2D discrete Fourier coefficients to the transmit-
ted symbols directly. There are a lot of follow-up efforts, and
some of them [40], [41] have been validated on software radio
platforms with orthogonal frequency division multiplexing
(OFDM). Therefore, it is feasible to achieve hybrid analog
and digital transmission on one hardware platform. For low-
precision digital circuits, we can employ the quantization
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method to reduce the bit budget of learned constellations, such
as achieving low-precision pseudo-analog transmission. The
cost is slight performance degradation.

VI. CONCLUSION

In this paper, we have introduced an innovative HDA seman-
tic communication framework that combines the strengths
of analog and digital semantic communications. Our frame-
work aims to overcome the inherent limitations associated
with each approach. Building upon the framework, we intro-
duced a robust HDA semantic communication system called
HDA-DeepSC, specifically designed for multimedia transmis-
sion. HDA-DeepSC leverages digital communication methods
to transmit crucial semantic information, ensuring accurate
delivery and data security. Additionally, it utilizes analog
communication methods to transmit auxiliary semantic infor-
mation, effectively mitigating the leveling-off and cliff-edge
effects associated with traditional approaches. We also intro-
duced analog-digital allocation and fusion modules to separate
and fuse the digital and analog components, respectively.
Besides, we have designed the Fourier-based loss function to
guide the model in learning the long-distance dependencies
and combined the rate constraint with the non-parametric,
fully factorized density model. Moreover, we have proposed
the diffusion framework enhanced signal detection, named
DiffSDNet, by multiple denoising steps to reduce the noise
level at the low SNR regimes, in which we customized the
variance schedule and sampling algorithm for wireless com-
munication environments. The numerical results have proved
the effectiveness of DiffSDNet in denoising and demonstrated
the superiority of HDA-DeepSC in terms of robustness, trans-
mission rate, and data security, especially in low SNR regimes.
Therefore, the proposed HDA semantic communication frame-
work shows great promise as a candidate for the new semantic
communication paradigm, offering significant potential for
real-world implementations.

APPENDIX A
DERIVATION OF (15)

Assume the x;, ¢ = 1,2,--- , N follows the N i.i.d. Gaus-
sian sources (variables) with zero mean and variance o; normal
distribution, then the discrete entropy of © = [z1, 22, - , ZN]
can be written as

N
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With the (35), we can derive the following relationship,
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where o; and &; are the variance of z; and z;, respectively. o

is the maximum value between o; and G;. )

We can observe the second term of (36), i.e., %, is the
constant. Especially, when % is close to z, the second term
will be zero. Therefore, we can drop the second term during
training and only consider the first term of (36). With the
Monte Carlo method, the entropy can be written as

H()—HQE) ~2-7

(36)

(37

Considering the computation and training complexity, we relax
the (37) to the subtraction between z and z, which is the (15)
as follows.

APPENDIX B
VISUALIZED RESULTS

In Fig. 9(a)-(c), we can observe the proposed HDA-DeepSC
can restore more details, e.g., the mouth and feathers of
the parrot, than the BPG with LDPC and 16QAM due to
delivering essential semantic information accurately by the
digital transmitter.
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