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Abstract—In this paper, we propose a joint source-channel
coding (JSCC) scheme for wireless image transmission, where the
encoder and decoder of the transmission system are implemented
by convolutional neural networks. A neural architecture search
(NAS) method is introduced to find promising network structures
aiming at minimizing the distortion of the target image. Exper-
imental results demonstrate that our proposed scheme, referred
to as NAS-JSCC, significantly outperforms the conventional
manually designed ones in terms of peak-signal-to-noise ratio in
nearly all tested signal-to-noise ratio regions.

Index Terms—Joint source-channel coding, mobile edge com-
puting, neural architecture search, wireless image transmission.

I. INTRODUCTION

Shannon’s source-channel separation theorem is the corner-
stone of the separate design of source coding and channel
coding in modern communication systems, where the source
coding tries to find the most efficient representation of the
source information, while the channel coding fights channel
noise by adding redundancy to improve the system reliability.
However, the increasing demand on the system latency and
robustness is posing a challenge to the underlying assumptions
of the theorem: (i) infinite code length; (ii) stationary, ergodic
source and channel. Violation of either could break down the
optimality of the separated coding scheme [1], [2]. In addition,
the performance of the separately coded system deteriorates
severely once the channel conditions are below a threshold,
displaying cliff effect [3] which damages the robustness of the
desired system. Therefore, it is imperative to develop methods
of joint source and channel coding (JSCC) to further improve
the system performance.

In recent years, deep leaning has found its applications in
numerous areas of wireless communications such as resource
allocation [4], channel prediction [5] and signal processing [6].
JSCC leveraging the data-driven approaches not only achieves
improved performance, but also exhibits considerable potential
to integrate with mobile edge computing, making it highly
valuable for future mobile networks. Typically, the encoder
and decoder can be parameterized as deep neural networks,
whose structures vary with different tasks. In [7], a recurrent
neural network based JSCC is proposed for text transmission,
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which outperforms traditional separate coding scheme in terms
of word error rate owing to the ability of preserving seman-
tic information against noisy channels. Convolutional neural
network (CNN) is applied to a JSCC system for wireless
image transmission [3], which surpasses the classical separate
coding baseline in low signal-to-noise ratio (SNR) regions,
alleviating the cliff effect to a great extent. Inception module
and skip-connection are introduced to the JSCC network in [8],
which achieves performance gain in high SNR regions. In [9],
feedback information is exploited by using multiple parallel
encoders and decoders, which largely enhanced the image
quality at the receiver side. The problem of adaptive-bandwidth
transmission is explored in [10], where the proposed JSCC
scheme enables receivers to choose only the subsets of the
transmission bandwidth for image reconstruction, improving
the system performance in bandwidth constrained situations.
Furthermore, orthogonal frequency-division multiplexing is
combined with JSCC networks to combat multi-path fading
[11]. The proposed system outperforms traditional separately
coded schemes with better transmission quality. However,
complexity is induced due to the incorporation with explicit
signal processing techniques.

The key bottleneck of the aforementioned methods lies in
the design of JSCC networks, which depends heavily on human
expertise and often lead to an error-prone process. To tackle
this issue, neural architecture search (NAS) attracted much
attention due to its capability to algorithmically search for
optimal network architectures [12]-[15]. In [14], the archi-
tecture search is handled with reinforcement learning, where
a recurrent neural network is developed as a controller to
generate the hyperparameters of a feedforward CNN. The
controller is trained with policy gradient algorithm to maximize
the performance of the generated structure. In [15], a strategy to
continuously relax the discrete architecture space is proposed to
allow the architecture search to be implemented using gradient
descent. The method achieves state-of-the-art performance with
orders of magnitude faster search speed. However, the building
block of the searched network, i.e. the cell, involves complex
connection and induced additional complexity [16], making it
less suitable for its deployment on mobile devices.

In this paper, we propose a novel JSCC scheme for wireless
image transmission, where differentiable neural architecture
search is employed to find promising architectures of JSCC
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networks. The method fully exploits the continuous relaxation
of the discrete layer-wise search space considered in our
model, and enables efficient search by using gradient based
architecture search strategy. Experimental results show that
our proposed NAS-JSCC network significantly outperforms the
manually designed networks and the classical separated coding
schemes in terms of peak-signal-to-noise ratio (PSNR).

The rest of the paper is organized as follows. In Section II,
the system model and the problem formulation are described.
The proposed method is illustrated in detail in Section III. Ex-
periments in different scenarios are implemented and analyzed
in Section IV. In Section V, we conclude the paper.

II. SYSTEM MODEL AND PROBLEM FORMULATION

Consider the problem of wireless image transmission over a
noisy channel. The input image with 3 color channels of size
H x W is denoted by a vector x € R™ , where n = 3x H xW.
In each transmission, the encoder directly maps the input image
to the complex signal y € C* with the encoding function
Vo) : R" = C* , which is implemented by using a CNN with
architecture a and parameter . Normalization is performed at
the end of the encoder to ensure the output signal z € C* to
have an average power of P, i.e. £ E(|z|?) = P. Consequently,

we have:
kP
2=\l v, (1)
yfy

where (-)# denotes the Hermitian transpose. The normalized
signal is then transmitted through the noisy channel ¢, : C*
CF, after which the decoder receives the distorted signal and
reconstruct the input image using a decoder network @44 :
C* + R™ with architecture a and parameter ¢. The ratio k/n
is defined as the bandwidth compression ratio, indicating the
degree to which the original image is compressed. For AWGN
channel, the channel function is expressed as: ¢,(z) = z + €,
where € ~ CN(0,02I}«;) with 02 being the average power
of the noise.

Following the above description, the image after a single
transmission process can be expressed as:

2 = Pyq) 0 Co 0 Vg () , 2

where o implies function composition. & should approximate
the original image with the least possible distortion d(x,Z).
For a determined network architecture a, this can be achieved
by jointly optimizing the parameters of the encoder and de-
coder to reach the minimal average distortion:

(0(a)”, #(a)") = argmin E, 5 2 (d(x, £)) . 3)
0(a),p(a)
In this paper, we adopt the squared lo-norm as the distortion
measure between the original image and the transmitted one,
which is computed as: d(z, &) = |z — &||°.

Notice that Eqs. (2)-(3) are computable only if the archi-
tecture a is determined from a search space. In this work,
we employ the layer-wise search space as proposed in [16],
where the [-th layer in the network can select the kernel size

from set K; and the filter number from set F; to conduct the
convolutional operation. We explicitly define the search space
of kernel size and filter number as follows:

Ki={(3x3),(6x5),(Tx7)}, le{l,2,. L}
{16,32,48} if 1€ (1,2, LI\ {Le, L}
Fi = 4 {Cout} ifl =L :
(3} ifl=1L

where L. denotes the last layer of the encoder, whose filter
number is set to be ¢, to ensure a fixed bandwidth compres-
sion ratio, and L denotes the last layer of the JSCC network,
whose filter number is set to be 3 to guarantee 3 color channels
of the transmitted image.

The [-th layer-wise search space A; in the network is thereby
represented by the Cartesian product of the two sets: A4; =
K x F;, and the overall search space of the network is further
expressed as:

.AZ.AlX.AgX...X.AL. (5)

The architecture a is determined if and only if the operation
in each layer is determined. Compared with global or cell
based search space, the layer-wise search space enables diverse
operation search across all layers while avoiding the extra
latency induced by the complex and fragmented connection
between layers, which achieves both high flexibility and low
computational complexity.

Given a search space A, our objective is to find the optimal
architecture a € A such that when the parameters of the JSCC
network are successfully trained on the training set ) according
to Eq.(3), the average distortion over the validation set X is
minimized. Consequently, the architecture search focused in
this paper can be formulated as the following optimization
problem:

géiil Ep(m,i)(Hw — ®y(a) © €o 0 Wy(a)- ("3)H2)

st. Cp:(0(a)", d(a)*) = argminE,, o) (ly — §1°)

0(a),¢(a) (6)
Ca: G =Py ocroVya)(y)
C3: ye)y
Cy: e X,

where constraint C,Cs and C3 mean that for any selected
architecture a, the parameter of the network is optimal with
respect to training set image. Constraint C4 indicates that the
objective function is evaluated using the validation set. In
this work, the optimization is conducted for 10-layer JSCC
networks with L. = 5, where the first two layers of the encoder
and the last two layers of the decoder are 2X-downsampling
and 2 X-upsampling convolutional layers, respectively.

IIT. PROPOSED METHOD

The optimization task in Eq. (6) is an intractable combinato-
rial problem with approximately 4 x 10® potential architectures
in the search space, evaluating even one of them would entail
training the network from scratch. To handle the formulated
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Fig. 1. Schematic diagram of the search procedure

problem, we employ the differentiable neural architecture
search method. The key idea is to relax the discrete search
space into a continuous one and optimize the architecture using
gradient based strategy.

A. Continuous Relaxation of the Search Space

In the discrete search space, the candidate operations in each
layer are viewed as directed edges between adjacent nodes. As
depicted in Fig. 1, the network architecture is determined if
and only if an exact operation is selected in each layer, thereby
forming a path between the input node and the output node.
The continuous relaxation is implemented by weighting and
summing all the candidate operations in the [-th layer, where
the weights are introduced as a set of continuous and trainable
parameters, denoted by the vector a(Y), which is normalized
using Softmax function:

0 e
Q= —— - (N
T

with [ being the layer index, and 4() the trainable parameters.
Let ol(-l) (+) be the i-th candidate operation in the I-th layer-wise
search space .4;. Consequently, the output of a single layer can
be expressed as the weighted sum, i.e. the expectation of these
operations:

2l el 0
(@)=Y —— o () ®)
0] xr Oz xr) .

;Z'f_‘ﬁ'

In this way, the discrete search space is relaxed to the con-
tinuous and trainable probabilities of the distribution over the
candidate operations, and the architecture index a becomes the
set of trainable operation weights o« = {a(l) } Different from
the original search space where the information flows through a
specific path between the input and output nodes, in the relaxed
space, the information flows through all the paths between the
input and the output node simultaneously, with the weights

representing the likelihood of each candidate operation. The
procedure of searching for the optimal architecture is thereby
transformed into optimizing the distribution of the candidate
operations. When the search procedure converges, we need to
discretize the search space to perform architecture selection.
As illustrated in the lower part of Fig. 1, we use the argmax
strategy to heuristically choose the most weighted operations in
each layer to form the overall network architecture. Note that
when there exists a weight that converges to 1 in every layer of
the network, the continuously relaxed architecture converges to
a specific architecture in the original search space accordingly.

B. The Search Algorithm

To make the notations more compact, the transmission
function in Eq. (2) can be rewritten as:

T = fw(a) (CB7Q) ’ &)

where w(a) = (¢(a),0()) is the parameter set of the en-
coder and decoder networks. We denote the average distortion
over the training set and the validation set by £y and Ly,
respectively:

yey
rxe X .

(10)
Hence, the continuously relaxed version of Eq. (6) can be
formulated as follows:

Ly(w(a), @) = Epiy.g) |y = Futer @, )|,
La(w(@),a) = Eyma) (| = fur (@ )|,

mog'n Lxy(w(a)", a)

(1)

s.t. w(e)* =argmin Ly(w(a), a) .

Note that this is a bilevel optimization problem, where the
upper-level variable o encodes the architectural information,
and the lower-level variable w is the network parameter. For
each «, the derivation of w(«a)* requires a full training process
of the network, which is infeasible due to computation cost. To
tackle this issue, the optimal parameter w(«)* is approximated
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Algorithm 1 Architecture search for NAS-JSCC

Input A, X, ), 14, N, 0, Co
1: Initialize: vV = 0,1 = )1,2, ey

!
) _ e“’g i =
[ [ORAEE
A e

2: Compute: « 1,2,..., A4

3: repeat

4 Update: o <— a — 1o Vo Ly (w — 0V, Ly(w, @), a)
5 Update: w < w — 1y, Vi Ly (w, @)

6: until « is converged

7: for [ =1,2,....,n do

3 O]

i <= argmax a;

J
o o) =0o"()
10: end for
Output: The searched NAS-JSCC network structure

by a single gradient update, i.e. w(a)* &~ w—3JV,, Ly [15]. The
intuition behind the approximation is from related techniques
in meta learning [17], where we aim to obtain the network
parameters that are adaptable and transferable to other network
architectures such that only a small number of gradient steps
will lead to huge performance gain. In effect, the upper-level
variable « is optimized to improve the overall performance
of the architecture, and the lower-level variable w is trained
to obtain high transferability, which in turn promotes the
optimization of «. Thereby, the prohibitive training process of
the inner parameters w is evaded, and the subsequent gradient
steps of the architectural parameter o will converge efficiently.

We are now able to employ a gradient based strategy to
solve Eq. (11), which is detailed as follows. First, we input
the required search space, dataset, learning rates and a channel
function. We consider AWGN channel in this work. We ini-
tialize the trainable parameters v(*) to be 0, which equalizes
all of the operation weights in a. Second, the architecture
parameters « is updated by a single gradient descent step using
the aforementioned approximation. Third, the inner parameter
w of the network is updated using gradient descent on the
training set data. The second and the third step are repeated
until the architecture « is converged. Then, we determine
the overall architecture by heuristically selecting the most
weighted operation in each layer, after which we train the
searched NAS-JSCC network from scratch. The outline of the
procedure is given in Algorithm 1.

IV. EXPERIMENTAL RESULTS

We conduct our experiments on CIFAR-10 dataset, which
contains 50000 training data and 10000 testing data. The
training data is randomly splitted in half to obtain the validation
data before searching. In the search phase, the learning rate 7,
N are set to 1073 and 0.015, respectively. The step length § is
equal to 7,,. Cosine annealing is applied to both the searching
and the training phase. Adam optimization is used to update
the network parameters, and the operation weights are updated
using stochastic gradient descent. Moreover, nonlinearity is
added by PReL.U function in the first 9 layers, and by Sigmoid

Convergence of «
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Fig. 2. Operation weights as a function of search epoch

function in the last layer. We adopt the mean squared error
function to approximate the average distortion in the objective
functions of (6) and (11):

N
o112 1 .2
L=Epea(lz—2)~ 5D lzi—al" . (2
i=1

with NV being the batch size, which is set to 128. The search is
conducted in AWGN channel at a predefined SNR each time,
with the transmission power P normalized to 1. The SNR is
thus computed by:

1
SNR = 10 - log, ( ) (13)

o?

The performance of each network structure is evaluated in
terms of PSNR.

Fig. 2 shows the convergence property of the architecture

search. The JSCC network is searched when the channel SNR

is equal to 15dB and the bandwidth compression ration is 1/6.

AWGN Channel, k/n=1/6

A4

30

PSNR (dB)
S
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Fig. 3. PSNR performance as a function of test SNR
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Fig. 4. PSNR performance as a function of test SNR

The weight of each operation in the first layer is examined
during the first 50 epochs of iteration. The weights for other
layers display the same behavior, and are not shown due to
the length of the paper. At the beginning of the search, the 9
candidate operations have equal weights of 1/9. The weight a7
attenuates during the first 10 epochs of search, and is not the
most weighted before the first 15 epochs. This reveals that the
architecture during this phase changes with epoch and is not
converged. After 15 epochs, the rest of the weights attenuate to
0 while a7 rapidly converges to 1. Consequently, the operation
corresponding to a7 becomes the target operation to be selected
at the end of the search.

Fig. 3 compares NAS-JSCC with a manually designed
baseline, referred to as D-JSCC [3] and the separately coded
scheme. In the separated coding scheme, we adopt the JPEG
algorithm for source compression and the 1/2-rate low-density
parity-check code for channel coding. Besides, the Quadrature
Phase Shift Keying is also introduced for digital modulation.
The NAS-JSCC is searched at 15dB, and both of NAS-JSCC
and D-JSCC are trained at 15dB with compression ratio equal
to 1/6. All evaluations all repeated 100 times for each test
SNR to remove randomness. The separated coding scheme
outperforms the manually designed baseline in high SNR
regions. However, its performance deteriorates drastically when
channel condition is below 10dB, displaying the notorious
“cliff effect”. The NAS-JSCC shows superiority in all SNR
regions, outperforming the D-JSCC and the separated coding
significantly with relatively subtle performance degradation in
poor channel conditions.

Fig. 4 compares the performance of the proposed NAS-JSCC
networks with D-JSCC and the networks derived using random
search. We conduct the search in 6 different scenarios where
the channel SNR are 15dB, 10dB, 5dB and the compression

AWGN Channel, NAS-JSCC searched at 15dB, k/n=1/6

32 |

<

=15dB
train
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train
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train
5dB

—A—NAS-JSCC, SNR
—7— NAS-JSCC. SNR
—+—D-JSCC, SNR
—— D-JSCC, SNR

22

train

15

-5 0 5
SNR (dB)

10

Fig. 5. PSNR performance as a function of test SNR in different training
settings

ratio are 1/6 and 1/12, respectively. All networks have the same
depth to avoid the unfairness brought by extra computation,
and are trained with the same setting until convergence. The
experimental results demonstrate that our proposed NAS-JSCC
networks reconstruct the image with the best quality in nearly
all scenarios, exhibiting a performance gain of nearly 2dB
when searched and trained at the channel SNR of 15dB. Note
that the random search method achieves the worst performance,
indicating that randomness doesn’t contribute to the perfor-
mance gain and the gradient based strategy indeed generated
satisfactory architectures from the search space.

We study the adaptability of NAS-JSCC when the SNR
for searching mismatches the SNR for training in Fig. 5. We
conduct the architecture search at the channel SNR of 15dB
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and train the searched network at 15dB and 5dB respectively.
Results show that networks trained at higher SNR performs
better at higher test SNR regions, while networks trained at
lower SNR exhibit more gentle degradation when the channel
condition deteriorates. Besides, NAS-JSCC searched at 15dB
outperforms D-JSCC in all tested SNR regions when trained
at 5dB, and in regions where SNR>0 when trained at 15dB,
showing that the proposed scheme has significantly better per-
formance. The results further demonstrate that the architecture
search at a specific SNR does not affect the adaptability of the
searched network, which allows the searched NAS-JSCC to be
trained in various SNRs to adapt to different channel qualities.

V. CONCLUSION

In this paper, we presented a novel NAS-JSCC scheme
for wireless image transmission. The differentiable neural
architecture search method is employed to search for promising
structures of the encoder and decoder network to minimize
the distortion of the transmitted image. Experimental results
demonstrate that the proposed NAS-JSCC network significant-
ly outperforms the classical separated coding scheme and the
manually designed JSCC network in various scenarios, which
indicates a prosperous future of incorporating automatically de-
signed networks into the task of image and video compression
and transmission.
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