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Abstract

In this paper, we introduce an innovative hierarchical joint
source-channel coding (HISCC) framework for image trans-
mission, utilizing a hierarchical variational autoencoder
(VAE). Our approach leverages a combination of bottom-up
and top-down paths at the transmitter to autoregressively gen-
erate multiple hierarchical representations of the original im-
age. These representations are then directly mapped to chan-
nel symbols for transmission by the JSCC encoder. We extend
this framework to scenarios with a feedback link, modeling
transmission over a noisy channel as a probabilistic sampling
process and deriving a novel generative formulation for JSCC
with feedback. Compared with existing approaches, our pro-
posed HISCC provides enhanced adaptability by dynamically
adjusting transmission bandwidth, encoding these representa-
tions into varying amounts of channel symbols. Additionally,
we introduce a rate attention module to guide the JSCC en-
coder in optimizing its encoding strategy based on prior in-
formation. Extensive experiments on images of varying reso-
lutions demonstrate that our proposed model outperforms ex-
isting baselines in rate-distortion performance and maintains
robustness against channel noise.

Introduction

To meet the transmission requirements of heavy data traf-
fic in future sixth-generation (6G) networks, wireless edge
devices need to be equipped with higher transmission effi-
ciency. Most contemporary systems employ a two-step strat-
egy for data transmission: first, the raw data is compressed
using a source codec, such as JPEG (Wallace 1992) and BPG
(Lainema et al. 2012). Then, the encoded bits are protected
with redundancy introduced by a carefully designed chan-
nel codec, such as LDPC and Polar codes (Arikan 2009).
However, in many practical applications, the bit length is
generally finite, making it impossible to guarantee optimal-
ity. In this context, joint source-channel coding (JSCC) has
emerged as a potential solution, offering higher coding gains
than the traditional separation-based coding paradigm.
With the revolutionary progress of deep learning in var-
ious fields, such as image compression (Ballé et al. 2018;
He et al. 2021; Xu et al. 2022b) and generative models
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(Kingma and Welling 2022; Razavi, van den Oord, and
Vinyals 2019), a novel design paradigm for JSCC, called
learned image transmission (LIT), has been conceived by
formulating the communication pipeline as an end-to-end
deep learning model (Bourtsoulatze et al. 2019; Zhang et al.
2024; Sun et al. 2023). Specifically, these methods leverage
powerful neural networks to implement the encoding and
decoding processes. In this approach, the whole system is
viewed as an autoencoder (AE), which can be jointly learned
in a data-driven manner. A notable method proposed by
(Bourtsoulatze et al. 2019) employed CNNs to construct the
source and channel codecs for wireless image transmission,
achieving great performance by mapping the input image di-
rectly into channel symbols. Moreover, Kurka and Giindiiz;
Wau et al. investigate the JSCC with feedback. In this con-
text, the transmission of these representations is divided into
multiple phases, with the transmitter receiving the channel
symbol vector after each phase, which simplifies the encod-
ing process and improves the overall performance.

Beyond deterministic AEs, some studies have employed
variational autoencoders (VAE) to design JSCC systems
(Choi et al. 2019; Bo et al. 2024; Hu et al. 2023), where
the channel symbols are generated through sampling. Part of
these VAE-based methods show superior performance com-
pared to deterministic AE-based methods, particularly un-
der severe channel conditions. Though VAE-based methods
have demonstrated remarkable performance, they experi-
ence significant performance degradation on high-resolution
images. Furthermore, most existing methods only support
fixed-rate coding, which contrasts with emerging works on
transform coding-based image compression (Ballé et al.
2018), where the compression rate for each image is deter-
mined by the estimated entropy of its feature representation
and varies with different samples. Consequently, these meth-
ods are less flexible and adaptive, potentially leading to per-
formance penalties.

In this work, we aim to overcome the limitations of previ-
ous methods while enhancing performance. Specifically, we
develop a hierarchical JSCC (HJSCC) framework based on
a powerful hierarchical VAE architecture (Child 2020). Our
transmitter employs both bottom-up and top-down paths to
autoregressively generate multiple hierarchical representa-
tions of the original image. These representations are then
mapped to channel symbols using multiple JSCC encoder



blocks. Building upon this, we further explore the applica-
tion of HISCC in a classical scenario where a feedback link
exists. By modeling transmission over a noisy channel as a
probabilistic sampling process, we derive a novel generative
formulation for JSCC with feedback, which achieves sig-
nificantly better performance than most existing advanced
schemes. While there have been attempts at variable-rate
transmission (Dai et al. 2022; Song et al. 2023; Zhang
et al. 2023; Yang and Kim 2022) in the realm of JSCC
without feedback, the problem of rate-adaptive design for
JSCC with feedback remains underexplored. Unlike exist-
ing works (Kurka and Giindiiz 2020; Wu et al. 2024a; Li
et al. 2024; Jiang et al. 2022), we leverage the prior distribu-
tion (which characterizes the entropy information) of each
representation to generate masks that control the number of
symbols for each representation. This approach allows us to
dynamically adjust the transmission rate. Additionally, we
introduce a rate attention module to guide the JSCC encoder
in adjusting the encoding strategy according to its prior in-
formation.
In summary, our contributions are as follows:

HJSCC Framework: Developing a hierarchical scheme
that is able to support the transmission of high-resolution
images.

HJSCC with Feedback: Extending HISCC to the case
with feedback, by viewing the transmission as a sampling
process and deriving a generative formulation.

Dynamic Rate Control: By utilizing the entropy in-
formation of representations to dynamically control the
transmission rate, this approach bridges the gap of lack-
ing rate-adaptive design when a feedback link is present.

Rate Attention Module: Proposing a spatial grouping
strategy and a rate attention module to improve the over-
all rate-distortion performance.

Experimental Studies: Providing substantial experi-
ments to verify the effectiveness of the proposed method,
demonstrating that the proposed scheme achieves bet-
ter coding gain than emerging deep learning-based JSCC
and separation-based digital transmission schemes.

Related Works

Varational Autoencoder VAE can be employed as deep
generative models capable of generating high-dimensional
data based on a low-dimensional latent space, and is a vari-
ant of autoencoder (Sg nderby et al. 2016; Cemgil et al.
2020). By sampling from the learned latent space distribu-
tion and passing these samples through the decoder network,
VAE can generate new data points that resemble the training
data. However, the original VAE is known to perform worse
than many other generative models, particularly when ap-
plied to high-resolution images. (Vahdat and Kautz 2020;
Child 2020; Yuhta Takida 2024) addressed this by propos-
ing a deep hierarchical VAE, where the latent variable is
divided into several disjoint groups, achieving significantly
better performance than standard VAEs. More recently, VAE
has been applied to compression tasks (Duan et al. 2023;
Lu et al. 2024; Townsend, Bird, and Barber 2019; Kingma,
Abbeel, and Ho 2019).
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Figure 1: Probabilistic model of VAEs and hierarchical
ResNet VAE. The bias is a trainable parameter.

Learned Image Transmission Unlike the separation-
based design described above, recent studies have delved
into the utilization of AE and its variants, e.g., VAE to
design wireless image transmission systems, resulting in a
number of efficient methods (Bourtsoulatze et al. 2019; Xu
et al. 2022a; Zhang et al. 2024; Sun et al. 2023; Xu et al.
2022a; Yang et al. 2024; Saidutta, Abdi, and Fekri 2019).
In particular, (Bourtsoulatze et al. 2019; Wu et al. 2024b)
and (Yang et al. 2024) conceived of using neural networks
to simultaneously finish the source encoding/decoding and
channel coding/decoding, with the goal of jointly optimiz-
ing the entire system to maximize PSNR. The VAE-based
methods adopted probabilistic modeling, wherein the en-
coding process is characterized as a stochastic procedure.
In these systems, channel symbols are generated by sam-
pling from the probability distribution conditioned on the
input image (Bo et al. 2024; Saidutta, Abdi, and Fekri 2019).
These approaches have demonstrated superior performance,
especially under severe transmission conditions.

Proposed Methods
Background

VAE and Hierarchical VAE As stated in (Cemgil et al.
2020), VAE is a stochastic variational inference scheme that
can be applied to various intelligent tasks, such as recogni-
tion, denoising, and generation. As shown in Fig. 1(a), to
formulate a vision-related model, we typically start with the
following premises. Let x denote an image intensity vector,
which is drawn from a dataset X with distribution py. An-
other variable is the latent variable z, with a prior p,. The
main target of a VAE is to learn a generative model (de-
coder) py|, for sampling, and a posterior density model (en-
coder) g, x for variational inference. The objective for learn-
ing a VAE model can be formulated as minimizing the (vari-
ational) upper bound on the marginal likelihood of a batch
of data points, as given by

L (07 ¢) = ]Exwpx,zqu‘x [DKL (QZ\x”pz) - 1ngx|z]7 (D

where Dgr, (¢ujx[|Pz) = 108 (¢zjx/Pz). 6 and ¢ represent
the parameters of the encoder g, and decoder py,, respec-
tively.

Hierarchical VAEs are a series of VAE models that par-
tition the latent variables into several disjoint groups. The
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Figure 2: Diagram of a deep learning-based JSCC system.

probabilistic diagram of a classical hierarchical VAE, the
ResNet VAE, is shown in Fig. 1(b), consisting of a bidi-
rectional encoder and a generative decoder. Specifically, the
latent variables can be denoted by z {z1,29,...,2L},
where L represents the number of groups. The prior for z is
modeled as p,,,, = [], Pz 2., and the approximate poste-
rior is denoted as ¢, = []; ¢z,|z_,,x» Where z; represents
{21,22,...,2;_1}. In general, the dimension of z; is de-
signed to be smaller than that of z;;, fulfilling the target
of capturing the coarse-to-fine nature of images. The objec-
tive for training a hierarchical VAE mode can be obtained by
extending Eq. (1) for multiple latent variables, as given by

L£(6,9)

L
EXNPx,ZNsz( Z Dkr (qzl|Z<z,x||pZz|z<z) _Ingx\z
1=1
(2)
where we define z; as an empty set, and thus p,,|,_, = pa,

and Azi|z<1,x = Qz1|x-

Proposed HJSCC

System Overview Here, we aim to give a brief overview
of deep learning-based JSCC. In particular, the model of
a typical JSCC is shown in Fig. 2. The transmitter em-
ploys a JSCC encoder to map the input image x € RY
directly into channel symbol vector s € C¥ for transmis-
sion, where N denotes the number of pixels and K rep-
resents the number of channel symbols. This process can
be expressed as s = g.(x;6.), where g. signifies the en-
coding function and 6. represents its trainable parameters.
Accounting for the limited transmission power, the trans-
mitted signal should satisfy the power constraint P, imply-
ing that |[s||2/K < P. Subsequently, the channel symbol
vector is transmitted through the wireless channel, as given
by § = s + n, where n ~ AN(0,02I) is additive white
Gaussian noise (AWGN). At the receiver, the received noisy
signal s is processed by a decoder g4 to obtain the recon-
structed image X = g4(8; ¢,), with ¢, denoting the train-
able parameters of the J SCC decoder. The optimization ob-
jective of a deep learning-based JSCC system is to minimize
the difference between x and X, and thus mean-square er-
ror (MSE) can be employed as the loss function. Further-
more, to evaluate the performance of a JSCC system and
ensure fairness, we define the signal-to-noise ratio (SNR)
as SNR = 10log £;(dB), which characterizes the chan-
nel quality of the system. Then, we introduce the channel
bandwidth ratio (CBR) to describe the transmission rate
(overhead), which is expressed as CBR = K /N. Intuitively,
CBR actually signifies the number of symbols for transmit-
ting one pixel, and a higher CBR brings a higher overhead,
while usually resulting in a better system performance.
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While previous studies have achieved excellent rate-
distortion performance based on the framework depicted in
Fig. 2, it is evident that the transmission rate is solely de-
termined by the image resolution. This limitation can re-
sult in performance degradation in overall rate-distortion
due to the inability to adaptively adjust the rate for each
image (He et al. 2022). To address this issue, we propose
our HISCC framework, as illustrated in Fig. 3. Given an
image x, the bottom-up path generates a set of latent fea-
tures, which are subsequently passed to the top-down path
to autoregressively generate the latent representations gt =
{p1, o, ...,y }. These representations are then fed to a
set of JSCC encoders g. = {g¢,92,...,gL}. respectively.
In this way, we are able to obtain a set of channel symbol
vectors s 2 {s;,sp,...,s}, where s; = gl(z;). Then,
these channel symbol vectors are transmitted to the receiver
through the wireless link, and the received symbol vectors
are represented by § {81,82,...,8.}. At the receiver,
the noisy S undergoes processing by the JSCC decoder gfi,
and we obtain i = {fiy, fis,...,ft;}. With fi at hand,
the receiver can reconstruct the image using the top-down
path (decoder), and the reconstructed image is denoted by
Xp. Our objective is to minimize the distortion between the
transmitted image x and Xy.

Training Objective Formulation

We aim to develop a rate-adaptive JSCC model capable of
adjusting the transmission rate, CBR, based on the source
content. To this end, we propose an inherited training strat-
egy motivated by (Dai et al. 2022), where the objective of
minimizing d(x,%y) is guided by a learned image coder.
Specifically, we have designs for the posteriors, priors, and
training objectives as follows (Duan et al. 2023).
Posteriors: The posteriors g, |, _, « i$ st to a uniform dis-

tribution
02 [Tt (5~ ol? +
(1)

where U denotes a uniform distribution centered on y; ’, and
Mz( ") is the i-th element of parameter p;, which is obtained
from the [-th posterior branch.

Priors: The conditional prior distribution p,|,_, is de-
fined to be a Gaussian distribution convolved with a uniform

distribution (Ball€ et al. 2018):
H/v ( )y ) cU (-1,

where * represents the convolution operation.

Training Loss: With the posteriors and priors defined
above, the loss function (2) for an image compression model
(Duan et al. 2023) can be expressed as

+A- d(X, i)] )

L= prx;ZN(Iz|x [Z log
)

where ) is the introduced weight to control the tradeoff be-
tween rate (the first term) and distortion (the second term)

1

.0

QZl|z<l,x(Zl|Z<l7

), 4

1
pz;\z<, Zl‘z<l 2

pzl\z<l(zl|z<l)
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Figure 3: The probabilistic diagram of the proposed HISCC. The transmitter employs the bottom-up and top-down paths for
encoding, while the receiver reconstructs the image with the received symbols.
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Figure 4: The probabilistic diagram of the proposed HISCC with feedback.
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X
d(x,%). Thus, (5) can be utilized for image compression to

achieve a trade-off between rate and distortion. Under the
guidance of (5), we further develop the optimization prob-
lem for HISCC as follows:

L= Ex"’vaz""h\x [
L

Z —alogpz,|Z<l (z1|z<i) +X - (d(x, %) + d(x,%n)) ]»
=1

weighted distortion

transmission rate

(6)
where the calculation ways of each variable can be found
in Fig. 3. Intuitively, there are two main differences from the
loss function (5). The first is the additional distortion term to
optimize the transmission distortion d(x, Xy), which helps
to obtain a robust representation against noise. The second
is the scaling parameter « to control the relation between the
entropy of the latent z; and the transmission rate for s;.

To flexibly adjust the CBR for different images, a natu-
ral choice for reference is the prior of latent variable z; that
is correlated to the bit length after entropy coding, where
we assume the entropy of z; is positively related to the en-
tropy of p;. Thus, the CBR for encoding p,; is designed to
be proportional to the prior py, |, _,. Moreover, noting that the
channel bandwidth is determined by reducing the number of
the channel symbols, we achieve rate adjustment by masking
the channel symbol vector according to the transmission rate
APz, |z, » Which will be introduced in the following sections.
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HJSCC with Feedback

Building upon previous designs, we further investigate the
JSCC scenario with feedback link from the receiver to the
transmitter. In this scenario, image transmission is divided
into multiple phases, allowing the transmitter to use the re-
ceived channel symbol vectors from previous phases when
encoding channel symbols in the current phase.

As shown in the left framework of Fig. 4, we formulate
our HISCC with feedback by viewing the received symbols
vector S; as the latent variable. In this case, the loss function
for training HISCC with feedback can be written as

q
L= B pac ~gs Zl

S118<1,x (Sl|§<lax)

pSL\S<l(Sl|§<l)

—IOg Px|s
(7

Intuitively, we view the transmission over noisy channels
as a process of sampling. In particular, since we consider
AWGN channels, i.e., S; = s; + n; ,the posteriors Gsi|s<1,x
is actually a Gaussian distribution
2
o),

x) & HJ\f (sl(z)

where s; can be directly computed with known x and S;.
Besides, with this formulation, the generation of the [-th
channel symbol vector S; is conditioned on the received vec-
tors in the former phases. It enables the HISCC to adjust the
transmitted symbols based on feedback signals. In this way,

®)

gs, |§<l,x(§l |§<l7
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Figure 5: The illustration of the process of the JSCC encoder and JSCC decoder for transmitting latent representation ;.

we also fortunately find that the term log gs,|5_, x(51/S<1,X)
in (7) is only related to the channel noise and will not in-
troduce gradient to the whole model. Thus, this term can be
directly dropped from the loss function.

We aim to achieve rate-adaptive transmission for HISCC
in the presence of feedback link. Similar to the scenario
without feedback, we are able to take the prior informa-
tion pg,|s_, (81/S<;) as a rate indicator. However, the calcu-
lation of this prior depends on the values of S;, which is un-
known before transmission. As shown in the right of Fig.
4, we address this by proposing a new prior p,,s5_, (z1[S<i)
as a substitution, where z; is sampled from a uniform dis-
tribution centered on p;. This is inspired by the fact that
Pzjs-, (Z1[S<1) is positively related to pg,js_,(5i/S<;), and
thus can be employed as the rate term when training the
model. As a result, the loss function for training the HISCC
with feedback can be Written as

Zlo

where [ denotes the scaling factor.

const

g O Rn)) |

©))

L= B~ pac g5
z1|8<

Masking and Length Information Reduction

A visualized example of our proposed masking strategy is
shown in Fig. 5. Particularly, we employ the Swin Trans-
former blocks to implement our JSCC encoder, since we
find that this architecture presents better robustness against
channel noise. In this way, the shape of the output fea-
ture at the [-th layer, r;, can be denoted as C' x H x W,
which is the same as that of pu;. We split the output of
the Swin Transformer blocks, r;, into HW sequences r7,
foro = 1,2,..., HW, where the length of each r} is C.
Then, we include a rate-matching layer after the Swin Trans-
former blocks. It accepts two inputs, r; and APy |z;s and
generates the masked channel symbol vector s;. Specifi-
cally, the length for each vector s? will be constrained to

kp = chzl -« Ingz("'°>\z<l (ZZ(O,C)|Z<1), which actually
l
represents the summation of entropy along all the C' dimen-

sions of z7. We adjust the length by generating a mask vector
myj, which can be written as

m; =[1,1,...,

kp

1,0,...,0], (10)
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indicating that only the former k} elements of rj will be
used as the channel symbols, i.e., s; = rj © mj, where ©
denotes the element-wise multiplication.

Though this enables the transmitter to determine the trans-
mission rate adaptively for each image, this design intro-
duces a length-matching issue. Specifically, the receiver
needs to know the length of each transmitted symbol vector
to identify the channel symbols from different spatial posi-
tions and layers. This requirement, however, adds an over-
head of communicating this information to the receiver. To
mitigate this overhead, we propose two practical designs:

Firstly, instead of considering infinite precision, we opt
for a finite set of length options, comprising {24} inte-
gers, where N, is a selected integer. We define the op-
tional length set as @ = {q1,q2,...,qy~, }. Then, for

each s?, the transmission rate is quantilized to k7

Qk7) = QL —alogp.o, (°|z<)) with the
optional length set Q. Therefore, we incorporate an extra
link to transmit NN, bits as side information to inform the
length for each s?, where we assume this information should
be transmitted without errors. The additional overhead for

. logy N, X
each sy is —£2=¢ where C, denotes the channel capacity.

Secondly, for each s; we need in total HW N, extra bits
as the side information. In comparison to the transmission

overhead at the [-th layer, Zfﬂ/ l;:l", this amount of side in-
formation will be quite significant when C' is small. To ad-
dress this issue, we design a spatial grouping strategy. As
shown in the middle part of Fig. 5, we split the r; into mul-
tiple patches along the width and height dimensions, where
the channel symbol sequence at each patch is assigned with
the same length value (number of symbols). This grouping
strategy is inspired by the findings that the allocated rates
within the kind of patch are rather similar, and thus it will
not lose much flexibility even if we force the vectors within
a patch to have the same length. With the spatial grouping,
only one length scalar is required for multiple sequences in
r;, and thus the overhead can be mitigated.

Furthermore, as the JSCC encoder is required to encode
the images into symbols of different numbers, we devise a
rate attention module by incorporating the prior information
in the encoding process. The rate attention involves two in-
puts, the latent representation p; of shape (H, W, C') and the
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Figure 6: The end-to-end distortion performance versus over different datasets. The results are evaluated on (a) Kodak and (b)
CLIC2022 datasets, at SNR = 10 dB. (c) The end-to-end distortion performance on Kodak dataset versus the SNR.

prior information p,,|,_,. We calculate the length value for
different vectors in p;, obtaining in total H W real length
values. Then, we calculate the merged length values after
the spatial grouping. As we allocate the same length value
to the vectors within a patch, the merged value is calculated
by averaging the real length values in a sample patch. The
rate attention operation accepts two inputs. The first is the
concatenated information from the representation and prior
information, while the second is the concatenated matrix of
the real length value vector and the merged length value vec-
tor. Through this operation, the index information can be
fused to the encoding process, enabling the JSCC encoder
block to adaptively adjust the encoding process.

Experiments

Metrics and Test Datasets For performance evalua-
tion, we consider the pixel-wise peak signal-to-noise ratio
(PSNR)!. We quantify the performance by considering the
following datasets of different resolutions with necessary
preprocessing. Kodak (Kodak 1993): The dataset consists of
24 images of resolution 512 x 768 or 768 x 512. CLIC2022
Test (Toderici et al. 2022): The test set contains 30 images
up to size 1365 x 2048.

Benchmarks To verify the performance of our image
transmission models, we compare them with a range of
benchmarks. First, we consider emerging deep learning-
based schemes, including DeepJSCC (Bourtsoulatze et al.
2019), SwinJSCC (Yang et al. 2024), and the nonlinear
transform source-channel coding (NTSCC) (Dai et al. 2022).
Second, we compare our methods with separation-based
schemes widely used in real transmission systems. These
include powerful image codecs such as BPG, JPEG, and
JPEG2000, combined with a practical LDPC code (Shahid
and Yahampath 2013), labeled as “BPG + LDPC”, “JPEG

!Codes are given in https://github.com/zhang-guangyi/HISCC.
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+ LDPC”, and “JPEG2000 + LDPC”, respectively. In addi-
tion to these hand-crafted image codecs, we also consider
the learning-based image codecs combined with LDPC,
(Ballé et al. 2018) and (Minnen, Ballé, and Toderici 2018).
For the feedback JSCC schemes, we consider the most ad-
vanced JSCCformer-f (Wu et al. 2024a) and the classical
DeepJSCC-f (Kurka and Giindiiz 2020). In our experiments,
we test various schemes across different CBRs and SNRs
under AWGN channels. We take the architecture in (Duan
et al. 2023) as the backbone model.

Comparisons and Results Analysis

In Fig. 6 (a) and (b), we evaluate the transmission perfor-
mance at different CBRs under AWGN channels, with the
test SNR set to 10 dB. To ensure a reliable transmission
link, we adopt 16-order quadrature amplitude modulation
(16QAM) combined with an LDPC rate of 2/3, in accor-
dance with the 3GPP standard. The results indicate that
our proposed HISCC significantly outperforms the fixed-
rate schemes, DeepJSCC and SwinJSCC. Compared with
NTSCC, the proposed scheme achieves comparable perfor-
mance. The performance gap widens with increasing image
resolution and CBR. Additionally, compared to hand-crafted
schemes, the proposed method achieves substantially better
PSNR performance. This demonstrates the potential of uti-
lizing HISCC in practical wireless communication systems.

Fig. 6 (c) demonstrates the transmission performance
across varying channel SNR levels. To ensure fairness, the
CBR for these schemes is constrained to 0.0625. For Deep-
JSCC and NTSCC, the training SNR equals the testing SNR
to achieve optimal performance. For the separation-based
methods, we test these schemes across different channel
coding rates and modulation orders to determine the op-
timal settings’, and then the image codec needs to com-
press the source with the resulted bits per pixel (bpp) value.

’Given a bpp value, the CBR p can be calculated as p
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Figure 7: PSNR performance with feedback links.

Our results indicate that the proposed HISCC significantly
outperforms other schemes. Additionally, HISCC achieves
a substantial performance gain compared to the emerging
method (Minnen, Ballé, and Toderici 2018), with the perfor-
mance gap becoming more pronounced at SNR levels above
10 dB. Furthermore, separation-based systems are known to
suffer from the cliff effect, where reliable transmission can-
not be maintained when the channel coding and modulation
schemes fail. In contrast, the proposed HISCC provides a
graceful degradation as the SNR decreases, demonstrating
its robustness in varying channel conditions.

Fig. 7 presents the PSNR performance of different
schemes, where JSCCformer-f (Wu et al. 2024a) and
DeepJSCC-f (Kurka and Giindiiz 2020) are JSCC schemes
with a feedback link. Compared with them, our proposed
HISCC shows much better PSNR performance, with a gain
of about 1 dB at high CBR region. Besides, the introduc-
tion of the feedback link also provides significantly larger
gain, especially at high average CBR values. This stems
from rate-adaptive capability of HISCC-feedback as well
as its generative formulation, making it the state-of-the-art
JSCC schemes in the presence of a feedback link. In addi-
tion, when the feedback is noisy, we can see a slight degra-
dation in PSNR performance. Besides, the performance im-
proves with the feedback link quality, where a higher feed-
back SNR can produce better PSNR performance.

Ablation Studies

Ablation on the spatial grouping. In this work, we pro-
pose a spatial grouping strategy to reduce the transmission
overhead to inform the receiver of the vector length for rate
matching. To show the effectiveness, we report the perfor-
mance on CBR saving. Particularly, we compare the CBRs
for transmitting the channel symbols s and the vector length

K — bpp — bpp
CXHXW Cxlogo M XR. Cxlogo MXR:’

lected modulation order and R. denotes the channel coding rate.
For example, p = bpp/8 when 16QAM and rate 2/3 are selected
for SNR = 10 dB.

where M is the se-
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| X | CBR | CBR(s) | CBR (k) | PSNR

Grouping 64 | 0.0403 | 0.0378 0.0025 | 32.03
No grouping | 64 | 0.0590 | 0.0390 0.0200 | 32.24
Grouping 16 | 0.0249 | 0.0224 0.0025 | 29.96
No grouping | 16 | 0.0430 | 0.0230 0.0200 | 30.13

Table 1: Ablation analysis on the spatial grouping strategy.

Kodak dataset and CLIC2022 dataset

—s=— HJSCC (with attention) CLIC2022
—=— HJSCC (without attention) CLIC2022
—e— HJSCC (with attention) Kodak

—e— HJSCC (without attention) Kodak

—
/

0.03 0.04 0.05

Average CBR

0.06 0.07

Figure 8: Ablation analysis on the rate attention module.

information % in Table 1. All the models are optimized on
ImageNet dataset. From the results, the overall CBR can be
significantly reduced by the spatial merging strategy, at the
cost of a slight performance degradation.

Ablation on rate attention module. Moreover, we also
verify the effect of the proposed rate attention module, as
shown in Fig. 8. We compare the performance of using and
not using this module on the Kodak and CLIC2022 datasets,
over the AWGN channels, where the SNR is set to 10 dB.
From the results, we find that the proposed rate attention
module significantly improves the PSNR performance over
different average CBR values. This performance gain stems
from the ability of the rate attention module in guiding the
JSCC encoder to encode the latent representation into chan-
nel symbol vectors of different length values, demonstrating
the effectiveness of this module.

Conclusion & Discussion

In this work, we introduced a high-efficiency JSCC frame-
work for wireless image transmission based on hierarchical
VAE. Unlike conventional methods, our proposed scheme
learns a hierarchical latent representation and employs mul-
tiple JSCC encoder/decoder pairs to transmit these latent
representations. We formulate a novel generative formula-
tion for HISCC with feedback by viewing the transmission
as a sampling process. By leveraging the learned prior in the
JSCC encoder, our proposed HISCC can dynamically adjust
the transmission rate according to the data distribution, mak-
ing it a rate-adaptive scheme compared to existing solutions.
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