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ABSTRACT Distributed source coding (DSC) enables efficient compression of correlated sources by
performing independent encoding and joint decoding. Slepian-Wolf coding plays a central role in DSC,
as it allows near-lossless compression of correlated data at rates asymptotically approaching the joint
entropy.Traditional approaches to constructive Slepian-Wolf coding employ algebraic binning techniques
using channel codes, with decoding performed via algorithms such as belief propagation (BP). While
effective, these methods suffer from high computational cost and suboptimal compression performance.
We propose the first constructive learned Slepian-Wolf decoder for rate-adaptive coding, using a single
multi-rate Transformer model. The architecture is inspired by neural channel decoding, but addresses the
unique challenges of syndrome-based Slepian-Wolf coding based on side information. Furthermore, we
incorporate the proposed rate-adaptive neural Slepian-Wolf decoder into a novel neural layered Wyner-Ziv
code design for the quadratic Gaussian case and into a new layered Wyner-Ziv design for distributed stereo
image coding. For Slepian-Wolf coding of binary sources, our neural decoder improves the compression
performance over traditional BP decoding by up to 11%. In our monolithic and layered Wyner-Ziv designs,
we are between 0.05 and 0.2 bits/sample away from the estimated ideal rate bound, while entropy coding
needs an additional 0.4-1.2 bits/sample compared to the proposed Slepian-Wolf codec. Moreover, our stereo
image coding design reduces the coding rate by 9-19% in low rate settings compared to the state-of-the-art
with minimal loss in image quality. Finally, the proposed decoder is 15 times faster than BP decoding on a
GPU.

INDEX TERMS Neural Slepian-Wolf coding, neural LDPC Accumulate codes, transformers, Wyner-Ziv
coding, layered coding.

I. INTRODUCTION
Distributed source coding (DSC) addresses the compression
of correlated sources that are encoded separately but decoded
jointly, enabling low-complexity and power-limited encoders
while still exploiting inter-source correlation at the decoder.
This setting arises naturally in distributed sensing and imaging
systems such as multi-camera or multi-view image compres-
sion [1] and cooperative perception for autonomous vehi-
cles [2] as well as data-parallel distributed training of deep-
learning models [3], where multiple terminals observe related
signals and must transmit compressed data independently.

A central setting in DSC is to encode a data source X in iso-
lation at the encoder side, while the decoder will have access
to side information Y that is correlated with X . A theoretical
framework was first developed for the noiseless compres-
sion of discrete independent and identically distributed (i.i.d.)
sources [4], named Slepian-Wolf (SW) coding. It is based on a
random binning argument: all possible source realizations are
randomly put into different bins, and only the index of the bin
in which the source data belongs is transmitted. The decoder
can then select the most likely source realization from the
received bin, given the side information. The result was later
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extended to lossy compression of continuous sources, yield-
ing the Wyner-Ziv rate-distortion bound [5]. Wyner-Ziv (WZ)
coding is often realized by quantization followed by com-
pression of the quantization indices with SW coding. Under
certain conditions [4], [5], [6], [7], the minimum achievable
rate for DSC is equal to the minimum rate of a system where
both the encoder and decoder have access to Y . Furthermore,
successive refinement for WZ coding [8] allows quality scal-
ability by sending information in stages, which can be done
without rate loss in certain cases.

The random binning argument used in the information-
theoretic proofs is non-constructive [4], [5], and it took
decades to design practical code constructions. The first
constructive SW designs realized algebraic binning with
channel codes such as low-density parity-check (LDPC) [9]
or Turbo [10] codes. WZ coding was implemented using
SW coded scalar quantization [11], nested lattice quantiza-
tion [12], and trellis coded quantization [13], [14]. Layered
WZ code design based on nested scalar quantization, bit-plane
coding, and LDPC code-based SW coding has also been pro-
posed for successive refinement [15].

An additional challenge in DSC is determining the SW
compression rate at the encoder. If the correlation statistics be-
tween X and Y are well known, we can choose a suitable code
beforehand. However, when these statistics are not known or
are prone to change over time, rate-adaptive schemes with a
feedback channel can be used. With this approach, SW decod-
ing can be performed at the lowest possible rate, depending
on the side information quality. Rate-adaptivity was originally
implemented with punctured Turbo codes [16] and later on
with LDPC accumulate (LDPCA) codes [17].

While this work focuses on decoder-level rate-adaptivity,
which achieves the lowest possible rate for each codeword, a
feedback channel can cause delays and a need for an increased
buffer size at the encoder to store the syndrome bits. However,
in the traditional WZ literature there are works that fully
eliminate the feedback channel; this is achieved by increasing
the encoder complexity to perform an estimation of the side
information and the rate [18]. Moreover, there are hybrid
techniques that allow a feedback channel but optimize it to
allow certain delay from the application [19].

Traditional DSC constructions can approach information-
theoretic limits in wellstudied settings such as the doubly
symmetric binary channel or the quadratic Gaussian case.
However, they struggle when the source statistics are complex
or unknown, as in distributed image [20] or video [21] cod-
ing. Recently, researchers have been increasingly replacing
handcrafted codecs with neural networks that learn both the
encoder and decoder, and compress the resulting quantized
latent representations with entropy coding [22]. Additionally,
joint source-channel coding papers like [23], [24], [25] use
an analog approach, sending features directly over a noisy
channel. In contrast, our work focuses solely on distributed
data compression, leaving the transmission to an outer channel
code. This is justified since the source-channel separation
principle holds in WZ coding over orthogonal links [26].

Moreover, the performance of an analog transmission scheme
degrades as the ratio of maximum energy to minimum energy
of the source component increases [27].

Regarding research on learned distributed compression, the
authors of [28] adapted the single image compression model
from [22] by fusing a side information image into the decoder
network through cross-attention modules. The latent features
generated by the encoder are quantized and entropy coded. In
a similar fashion, [29] presented a vector quantized variational
autoencoder (VQ-VAE), improving over [28]. However, these
models do not explicitly make use of SW coding. Indeed,
when testing the method from [29] on synthetic data like i.i.d.
Bernoulli sources, it exhibits higher error rates than algorith-
mic DSC solutions like DISCUS [13]. This shows the inherent
difficulty in learning good distributed source codes with neu-
ral networks. Another line of work trains simple feedforward
neural networks for Wyner-Ziv coding of quadratic Gaussian
sources, showing they can learn a form of “binning” behavior
reminiscent of SW random binning [30]. The work in [31]
extends this idea with recurrent neural networks (RNNs) that
implement layered Wyner–Ziv coding for successive refine-
ment. Both studies, however, estimate the required rate using
an ideal SW coder rather than an explicit code construction,
so the resulting schemes remain non-constructive. Moreover,
with the exception of [31], none of the above-mentioned neu-
ral DSC models allow for any kind of quality scalability, nor
does any work consider the selection of a proper coding rate,
e.g., with rate-adaptivity. There is one work that tries to esti-
mate a good rate for each modality to minimize transmission
time [32], but it does not allow changing the rate dynamically
during transmission to achieve the optimal rate for the current
data sample.

To address the current shortcomings in neural SW coding,
we present the following contributions:
� We introduce the first data-driven Slepian-Wolf frame-

work, based on learned channel decoding. Since good
channel codes often serve as good SW source codes [6],
[33], it is natural to leverage modern channel-coding
advances for DSC. Inspired by [34], we present a
Transformer-based SW decoder in this paper. The
model-free approach allows the network to learn efficient
decoding strategies for several data statistics, achieving
better compression performance compared to traditional
belief propagation decoding in various scenarios.

� Our SW coding design is also made rate-adaptive, us-
ing a single Transformer network to decode all possible
code rates. This allows to select the right rate for each
data block using a feedback channel, realizing the best
possible compression rates.

� When a Graphics Processing Unit (GPU) is available, the
proposed learned SW decoder decodes 15 times faster
than belief propagation, on top of achieving better com-
pression performance.

� We extend our recent coding scheme in [31] and the
original monolithic scheme in [30] by incorporating
the proposed neural Slepian-Wolf code, leading to
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constructive neural-network-based monolithic and
layered Wyner-Ziv coding designs. Earlier work in [30],
[31] was not constructive as it assumed an ideal SW
codec.

� Our SW decoder is used to design a neural SW coded
VQ-VAE system for distributed stereo image coding.
Unlike previous works that use entropy coding [28],
[29], our system is the first SW coded solution, fully
exploiting data correlations and achieving better com-
pression performance at low code rates.

The rest of this paper is organized as follows: Section II
provides background on SW coding, LDPC decoding, rate
adaptivity, and WZ coding. Section III presents the proposed
rate-adaptive Transformer architecture for LDPCA decoding.
Section IV describes our SW coded WZ frameworks and our
SW coded distributed coding system for stereo image coding.
Section V provides the experiments on SW coding, WZ cod-
ing, and stereo image coding, and Section VII concludes the
work.

II. BACKGROUND AND RELATED WORK
This section gives an overview of DSC theory and implemen-
tations, starting with the Slepian-Wolf theorem for lossless
coding. We then provide the theoretical bound for lossy com-
pression, provided by Wyner and Ziv, which is extended
to successive refinement through layered WZ coding. In
Section II-B, we describe neural DSC approaches, mainly for
stereo image coding, which do not implement SW coding of
the quantization indices. Section II-C discusses the duality
between SW coding and channel coding, allowing us to lever-
age existing work on neural channel decoding to create the
proposed architecture for SW decoding.

A. DISTRIBUTED SOURCE CODING
1) SLEPIAN-WOLF CODING
Consider the compression of two correlated, discrete, i.i.d.
random sources X and Y , encoded at rates RX and RY respec-
tively. When both sources are available at the encoder and
decoder, coding can achieve the optimal rate region defined
by:

RX ≥ H (X |Y ), RY ≥ H (Y |X ), RX + RY ≥ H (X,Y ), (1)

where H (X |Y ) is the conditional entropy of X given Y , and
H (X,Y ) is the joint entropy of X and Y . Surprisingly, Slepian
and Wolf proved that this bound is still achievable when
the sources are encoded separately and decoded jointly [4].
This result has also been extended to arbitrary ergodic pro-
cesses [35].

Achievability of the Slepian–Wolf rate region is proven
via an asymptotic (i.e., the source dimensionality n → ∞)
random binning argument. The probability of a decoding error
using this binning argument is asymptotically very small [4].
In constructive implementations, however, n is finite, which
leads to finite-block-length losses, that is, a non-zero gap to
the SW bound and/or non-zero decoding error probability.

For a given block length and error probability, more specific
bounds can be derived [36].

Constructive designs use channel codes to do algebraic bin-
ning, achieving compression rates close to the Slepian-Wolf
bound. In this paper we use syndrome-based coding, origi-
nally proposed in [37]. Assume the correlated sources X and Y
are binary. Syndrome coding maps the vector x to a syndrome
s = Hx, where H is an r × n parity-check matrix. The decoder
receives the syndrome and applies a decoding function to
s and y to get the error vector e. Finally, the sequence is
reconstructed as x̂ = y ⊕ e, where ⊕ is the XOR operation.
Syndrome-based coding has been implemented with, e.g.,
trellis codes [13] and LDPC codes [9].

An important issue in SW coding is rate control when
the correlation between X and Y is not well known and/or
not stationary. The work in [17] proposed LDPCA codes for
rate-adaptive coding. The encoder begins transmission with
a short syndrome corresponding to a high-compression (low-
rate) code. If decoding fails, signaled by the decoder through
a feedback channel, additional syndrome bits are sent incre-
mentally. This process continues until successful decoding is
achieved.

2) WYNER-ZIV CODING
Wyner-Ziv coding is a generalization of the asymmetric
Slepian-Wolf scenario, where x is encoded in a lossy manner.
The decoded sequence x̂ has a maximum average distortion
D = E[d (x, x̂)], with d being a distortion metric like the mean
squared error (MSE). The WZ rate-distortion function is then
given by [5]:

RW Z (D) = inf
p(u|x)

I (X ;U ) − I (Y ;U ), (2)

where the infimum is over all auxiliary variables U satisfying
the Markov chains U ↔ X ↔ Y and X ↔ (U,Y ) ↔ X̂ . It
is proven that under an MSE distortion metric and sources
defined as X = Y + N , where Y is arbitrarily distributed and
N is independent Gaussian noise, there is no rate loss com-
pared to the case where the encoder also has access to the side
information Y [6].

WZ coding is typically realized by sample quantization and
SW coding of the quantization indices using channel codes.
The DISCUS framework [13] uses scalar quantization or trel-
lis coded quantization, combined with scalar or trellis-based
coset codes for SW coding. Other approaches use nested lat-
tice codes followed by SW coding with LDPC codes [38] or
turbo-trellis WZ codes [39].

3) LAYERED WYNER-ZIV CODING
Successively refined WZ coding extends the traditional WZ
framework by encoding a source in multiple stages, where
each stage refines the previous reconstruction under progres-
sively stricter distortion constraints. Each stage consists of an
encoder φk and decoder ψk :

φk : X n → {1, 2, . . . ,Ck}, (3)
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FIGURE 1. Overview of the learned Wyner-Ziv scheme from [30], which
assumes an ideal Slepian-Wolf coder.

ψk : {1, . . . ,C1} × · · · × {1, . . . ,Ck} × Yn → X̂ n, (4)

such that E[d (x, x̂k )] ≤ Dk , with Ck the alphabet size of en-
coder k. WZ coding is said to be successively refinable when
the rate bound at each stage is equal to the bound of mono-
lithic WZ coding at the same distortion level Dk . Sources X =
Y + N , where Y is arbitrarily distributed and N is independent
Gaussian noise, are successively refinable [15]. The authors
of [15] proposed a layered WZ coding implementation, where
the indices of the quantized source vectors are SW encoded
bitplane by bitplane using LDPC codes.

B. NEURAL DISTRIBUTED SOURCE CODING
Constructing coding schemes that approach the theoretical
WZ or SW bound is hard, especially for data sources with
complex statistics. Recent work [30] leverages artificial neu-
ral networks (ANNs) for WZ coding. They learn a one-shot
encoder and decoder, as well as a probability model for rate
estimation. Each sample in the vector x is quantized indepen-
dently by an ANN. The quantization indices u can then be
further compressed with entropy coding or SW coding, using
the learned probability model q(u) or q(u|y) respectively. Af-
ter decompression of u at the receiver side, the source vector
is reconstructed from u and y using the decoder ANN. An
illustration of this approach is shown in Fig. 1. However,
the work in [30] assumes an ideal (non-constructive) entropy
coder or SW coder for the compression of u.

There are also works that tackle distributed image coding
with neural networks, but they do not consider a SW code
either. Both [1] and [28] adapt an image compression net-
work, respectively using [22] and [40] as backbone, adding
in extra modules and modifications to incorporate the side
information. Similarly, the authors of [29] train a VQ-VAE
and a Transformer-based autoregressive prior. After encoding
and vector quantization of the source image, the quantization
indices are compressed with entropy coding using the learned
prior. The decoder network then reconstructs the image from
the quantized features and a side information image. The
authors of [25] rely on a third party to estimate homogra-
phy parameters, violating the WZ constraint that the encoder
does not receive any data derived from the side information.
Additionally, they use an analog joint source-channel coding
pipeline with convolutional neural network (CNN) autoen-
coders, whereas our method focuses on data compression with
rate-adaptive LDPCA codes for better performance under cor-
relation uncertainty.

FIGURE 2. The error correction code Transformer (ECCT) architecture
from [34]. The values of |v| and s depend on whether the model is used for
channel decoding or Slepian-Wolf decoding.

These prior works use entropy coding to compress the
quantized features. However, as long as there is correlation
between the quantization indices and the side information,
which is generally the case, SW coding should be able to
achieve a lower coding rate than entropy coding. However,
SW coding is more complex than entropy coding, making
it challenging to implement in practice. To the best of our
knowledge, there exists no constructive implementation of a
fully-learned distributed coding framework that employs SW
coding.

C. SW CODING AND CHANNEL CODING DUALITY
The work in [6] showed the duality between SW coding
and channel coding, and [33] proved that each SW coding
problem is equivalent to a channel coding problem under
density evolution. Neural decoders for channel codes have
recently been proposed to improve performance and reduce
the decoding time compared to traditional decoders. There are
works using learnable weights [41], recurrent neural networks
(RNNs) [42], graph neural networks [43], and Transformer
networks [34]. In this work, we design a multi-rate SW de-
coder based on the Transformer from [34], which we describe
below.

The error correction code Transformer (ECCT) [34] (see
Fig. 2) assumes that a codeword u is modulated with binary
phase shift keying (BPSK) and sent over an additive white
Gaussian noise channel, resulting in a noisy received vector
v = 1 − 2u + n with n being Gaussian noise. The first part
of the input to the ECCT consists of the absolute values of
the received vector |v|, and the other part is the syndrome of
the binarized received vector: s = Hvbin = 1

2 H(1 − sign(v)).
Each magnitude value in |v| and each syndrome bit in s
becomes its own Transformer token through multiplication
with learned embeddings. The token sequence is then pro-
cessed with Transformer encoder blocks. The Transformer
self-attention is masked based on the Tanner graph of the
parity-check matrix H. Finally, the tokens are transformed
by linear projection and concatenation into a single vector of
length n. The target output of the network is the difference
between vbin and the original codeword u. Denoting the Trans-
former by fθ , the full decoding operation can be written as

û = vbin ⊕ fθ (|v|,Hvbin) . (5)
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There are several challenges in the design of a SW decoder
from a channel decoder. First of all, the SW decoder only
receives a target syndrome, and the rest of the information
should be derived from the side information and the correla-
tion model. This requires changes in the decoding strategy.
Furthermore, SW coding requires rate-adaptivity to cope with
varying correlation between the sources. Whereas ECCT only
supports decoding of a single code rate, our goal is to train a
model that can decode the full rate range, without having to
train, store, and load separate networks for each rate.

III. MULTI-RATE NEURAL SLEPIAN-WOLF CODING
This section describes our proposed multi-rate decoder net-
work for SW coding. We first derive the input processing
necessary to adapt the ECCT model for channel coding [34]
towards an architecture for LDPCA SW decoding. Then,
our core contribution is the proposed multi-rate Transformer
decoder, which allows decoding at all rate settings of an LD-
PCA code with a single neural network. Finally, we discuss
how to generate LDPCA codes with small block sizes for this
architecture.

A. SW DECODING WITH TRANSFORMERS
The proposed design is inspired by Wyner’s scheme [37],
where a parity-check code is adapted for SW coding: Con-
sider a binary communication channel with input an n-length
binary vector u and output vbin = u ⊕ e. In channel coding,
the codeword u is constructed such that the syndrome is:

s = Hvbin = H(u ⊕ e) = He, (6)

where H is an r × n parity-check matrix. This results in a
channel rate of 1 − r

n . A decoding function f can then be
applied to s to derive the error vector e and reconstruct the
codeword as û = vbin ⊕ f (He), analogous to the soft decod-
ing in (5). For any code rate up to the channel capacity C, the
decoding error probability can be made arbitrarily small for
n → ∞.

For SW coding, take the same matrix H and decoding
function f . The SW encoder sends the r-length syndrome
starget = Hu to the decoder, where u is now arbitrary source
data. At the decoder, we generate an estimation vbin of u using
the side information y and calculate

starget ⊕ Hvbin = H(u ⊕ vbin) = He. (7)

In this case, we can also decode e and reconstruct with û =
vbin ⊕ f (He), with the same arbitrarily low error probability
for n → ∞. In SW coding, the correlation between u and y
is considered as a virtual channel with capacity C. Hence the
SW rate r

n must be ≥ 1 − C.
In our approach, the estimate of u from side information is

represented with log-likelihood ratios (LLRs):

vi = log

(
p(ui = 0|yi )

p(ui = 1|yi )

)
, (8)

where the priors p(u|y) are estimated by a separate neural
network qζ (u|y) (see Section IV-A and Section IV-B2), or

determined analytically for known correlation channels (see
Section V-B). Binarizing v yields the estimated code block
vbin, while the magnitude of v provides the confidence for
each bit.

In summary, the ECCT decoding procedure [34] can be
changed to SW decoding as follows:

û = vbin ⊕ fθ
(|v|,Hvbin ⊕ starget

)
, (9)

where v is derived using the LLRs in (8). The ECCT archi-
tecture in Fig. 2 remains unmodified, but now s = Hvbin ⊕
starget . In this work, we always train the ECCT in the SW
regime for simplicity. Similar to [34], we aim to minimize
the binary cross-entropy between the target error and the out-
put of the decoder. Directly minimizing the average bit error
rate actually would lead to the soft bit error loss as derived
in [41], which is subtly different from the cross-entropy loss.
However, we observed no significant differences in training
dynamics between the two loss functions, so for simplicity
we used binary cross-entropy.

B. MULTI-RATE SW TRANSFORMER
One of our main contributions is the design of a multi-rate
neural decoder. To facilitate rate-adaptive compression, the
Transformer should be able to decode multiple code rates,
without requiring a separately trained model for each rate.
Therefore, we adapt the architecture to accommodate all rate
settings of an LDPCA code.

We start with a Transformer model for an n-bit LDPCA
code at rate 1, with n token embeddings for the magnitude
bits, as well as n embeddings for the syndrome bits. The
embeddings are processed by L Transformer encoder blocks,
where the self-attention mask is based on the n × n parity-
check matrix. The 2n tokens are then projected back to a soft
n-bit output.

Rate adaptivity in LDPCA codes is achieved by sending
a number of accumulated syndrome bits, which combines
multiple syndrome bits into one as illustrated in the left part
of Fig. 3. To reflect this in the Transformer, the embeddings
of merged syndrome bits are averaged into a single token:
ei,merged = 1

li−li−1

∑li
j=li−1+1 e j , where li are the indices of the

received accumulated syndrome bits. Since each rate corre-
sponds to a different parity-check matrix, the self-attention
mask is updated accordingly, while the remaining encoder
structure is unchanged. At the output stage, the number of
syndrome tokens depends on the code rate. To preserve a
common projection layer for all rates, zero padding is inserted
at positions corresponding to merged syndrome bits, allow-
ing for a fixed output projection layer. These modifications
together enable training across all code rates without blowing
up the size of the decoder model.

The described modifications to the architecture are high-
lighted in the right part of Fig. 3 in blue. In the remainder of
the paper, we refer to this multi-rate SW Transformer decoder
as SW-ECCT.
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FIGURE 3. Illustration of the proposed multi-rate Slepian-Wolf ECCT decoder (SW-ECCT) for a 4-bit code at rate R = 1
2 . The left part shows the LDPCA

encoding of codeword bits ui into syndrome bits si and accumulated syndrome bits ai , as well as the Tanner graphs when decoding with a1, a2, a3, a4

(R = 1) and with a2, a4 only (R = 1
2 ). On the right, the multi-rate decoder is presented, where the blue color highlights the modifications compared to the

single-rate architecture in Fig. 2.

C. LDPCA CODE DESIGN FOR SMALL BLOCK SIZES
Since SW-ECCT uses a token for each codeword bit, the
computational cost is quadratic with respect to the code’s
block size. Existing LDPCA codes [17] have block lengths
(e.g., 396, 6336) that lead to a high computational cost in
training and inference. We therefore create LDPCA codes
with smaller block sizes, using standard algorithms available
in the literature [44], [45], [46]. As observed in [17], using
smaller block lengths has no significant effect on rate-adaptive
compression performance.

We first generate a low-rate mother code with the
value-node degree distribution λ(x) = 0.3x2 + 0.4x3 + 0.3x4

from [17], using the constrained progressive edge-growth
method [44], [45]. Next, the mother code is successively
split according to Algorithm 2 in [46], while making sure
to increase the rank of the matrix with every split, until an
invertible square parity-check matrix is obtained. Finally, the
transmission order of accumulated syndrome bits is deter-
mined using Algorithm 1 in [46].

The minimum number of LDPCA syndrome bits is 4,
dictated by the value-node degree distribution. The desired
number of rate settings then determines the block size. In our
case, we opt for 16 rate settings, which results in a block size
of 64 and a 4 × 64 mother code. This small code size makes it
easier to learn, but also reduces the decoding complexity and
hence the latency. Additionally, adapting to changing source
statistics is faster with shorter codes. To show the versatility of
our decoder, we also created an 128-bit code with the same 16
rate settings, as well as a 4 × 32 mother code, which is limited
to 8 rates from 4

32 to 32
32 . The performance of our decoder on

these codes is compared in Section V-B.
Since the code construction relies on randomness, multiple

candidate codes for each block size are generated and tested
using rate-adaptive BP decoding on random data and a binary
symmetric correlation channel, as described in Section V-B.
The best performing code is then selected for all further ex-
periments. As this selection procedure might introduce a bias,
we also tested our proposed decoder on the worst and median
code. Since we score the codes based on BP decoding, this
bias works against us, and we actually observed bigger gains
over BP by our decoder for the non-selected codes.

FIGURE 4. Schematic representation of the proposed learned layered
Wyner-Ziv framework using neural Slepian-Wolf coding realized with the
proposed SW-ECCT model.

IV. LEARNED LAYERED WYNER-ZIV CODING WITH
NEURAL SLEPIAN-WOLF DECODER
Another core contribution of this paper is the integration of
our multi-rate SW architecture into two learned WZ coding
designs. This gives rise to the first constructive neural WZ de-
signs with SW coding. The first design replaces the ideal rate
estimation in the learned WZ quantizer scheme [31] with our
SW-ECCT decoder, and the second applies our SW decoder
to stereo image coding using a VQ-VAE [29].

A. LAYERED WZ CODING WITH SW-ECCT
We first describe our WZ design [31], and then show how to
integrate our proposed neural SW design therein, leading to a
constructive neural layered WZ coding scheme.

The system in our recent work [31] consists of three RNNs,
namely, a quantizer, dequantizer and prior model, illustrated
in Fig. 4. Each timestep of the RNNs constitutes a refinement
stage k. The quantizer RNN outputs for every stage a dis-
tribution over the quantization indices pθ (uk|uk−1, x) given
the input sample x. The notation uk−1 indicates the series
of previous quantization indices u1, u2, . . . , uk−1, and u0 is
an empty sequence. Samples uk are drawn from this distri-
bution, SW encoded, and transmitted to the decoder. At the
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decoder side, the prior RNN estimates the probability distri-
bution qζ (uk|uk−1, y) conditioned on the side information y
and previously decoded stages. Once the quantization indices
uk are decoded from the received syndrome bits and side infor-
mation, they are passed to the dequantizer RNN together with
y. The dequantizer outputs a reconstruction x̂k = gη(uk, y) for
each stage.

The differential rate �RW Z (Dk ) is defined as the rate re-
quired to send the quantization indices of refinement stage k
to the decoder, while achieving a distortion not more than Dk :

�RW Z (Dk ) = RW Z (Dk ) − RW Z (Dk−1)

= I (X ;Uk |U k−1,Y ).
(10)

Similar to [30], we define a variational upper bound on the
differential rate:

�RW Z (Dk ) ≤ Ex,y∼p(x,y)
uk∼p(uk |x)

[
log

pθ (uk|uk−1, x)

qζ (uk|uk−1, y)

]
. (11)

The hard constraint on the maximum distortion, Ex[d (x, x̂)],
with d the mean square error, is relaxed using a Lagrange
multiplier:

Lk = E

[
log

pθ (uk|uk−1, x)

qζ (uk|uk−1, y)
+ λ d

(
x, gη(uk, y)

)]
. (12)

The subscripts of the expectation operator are omitted for
brevity. The whole system can then be trained end-to-end by
minimizing the sum of per-stage losses

∑
k Lk .

1) LOWER BOUND ON THE RATE
Prior works [30] and [31] do not implement a constructive SW
codec, and instead take the cross-entropy

Rk = E

[
− log qζ

(
uk |uk−1, y

)]
(13)

as a lower bound on the rate, using the learned prior. The
cross-entropy is estimated by averaging over N = 105 sam-
ples drawn from p(x, y). The corresponding average distortion
is calculated by passing the x samples through the encoder and
assuming perfect transmission of the quantization indices uk :

Dk = 1

N

N∑
n=1

d
(

xn, gη
(

uk
n, yn

))
. (14)

In a real implementation, the quantization indices should be
compressed using SW coding. This will introduce additional
overhead, resulting in a gap between the theoretical bound and
the achieved rate. In the next paragraph, we will describe how
our SW-ECCT coder is used to create a constructive system.

2) SW-ECCT
After training the RNN-based quantizer, dequantizer, and
prior, their weights are frozen, and SW-ECCT is trained to de-
code the quantization indices uk using the encoded syndrome
bits and the LLRs derived from the prior. The same SW-ECCT
model is trained to decode all stages. At inference, decoding
starts from the lowest rate and progressively increases the

number of transmitted syndrome bits until successful decod-
ing. Finally, the decoded indices are passed through the frozen
dequantizer to reconstruct the samples.

B. LEARNED STEREO IMAGE CODING WITH VQ-VAE AND
SW-ECCT
Furthermore, we propose a SW coded VQ-VAE system
for distributed coding of stereo images, using the VQ-VAE
from [29] as a baseline.

1) BASELINE
In [29], a source image x is encoded into a feature tensor with
smaller spatial dimensions. Each vector of channel values is
then quantized using a learned codebook. The indices of the
codebook vectors u are compressed and sent to the decoder,
which also has access to a correlated side information image
y. At the decoder, the codebook indices are decompressed,
mapped back to codebook vectors, and combined with fea-
tures extracted from y to reconstruct the image.

The uncompressed data rate is determined by the spatial
downscaling factor and the codebook size, and can be fur-
ther reduced by exploiting the non-uniform distribution of
the codebook indices. Therefore, [29] also trains an autore-
gressive Transformer prior and uses it for entropy coding of
the vector indices. While the authors of [29] claim to use
arithmetic coding to compress the vector indices, in reality
they report the theoretical cross-entropy, which is only a lower
bound on the performance of a real entropy coder. For a fair
comparison, we adapt their implementation to use a rANS
coder [47].

2) PROPOSED APPROACH
To fully exploit the correlation between stereo images, we
replace entropy coding of the VQ-VAE indices by SW cod-
ing. This is supported by distributed source coding literature
showing that a combination of a good sphere covering code
(i.e., vector quantizer) and a sphere packing code (e.g., chan-
nel code) leads to compression performance close to the WZ
bound [38]. To this end, we introduce a conditional prior
q(u|y) on the quantization indices, where y denotes the side
information. This prior models the correlation between the
source and the side information required for WZ coding [48].
The resulting architecture is shown in the top part of Fig. 5.
The encoder, codebook, decoder, and side-information mod-
ules are trained as in [29] on the KITTI dataset, which is
described in more detail in Section V-A. After VQ-VAE train-
ing, its weights are frozen, and the conditional prior is trained
separately using the quantized source indices as targets. It
consists of one 3 x 3 convolutional layer and two linear layers,
joined by LeakyReLU activations. Similar to [30], [31], a
relaxed Gumbel-softmax distribution is used to sample the
prior during training. We also evaluated more complex prior
models, but these did not perform as well as the three-layer
one.
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FIGURE 5. Top: diagram illustrating our proposed layered neural
Slepian-Wolf coded VQ-VAE architecture for distributed stereo image
compression. Our contribution as opposed to [29] is highlighted with the
dashed blue rectangle. Bottom: Example visualizing the bitplane splitting
operation.

Since the proposed SW decoder operates on binary data, the
quantization indices are split into bitplanes, which are coded
progressively. This bitplane splitting strategy is standard in
DSC literature and avoids the added complexity of non-binary
channel codes while retaining competitive performance [38],
[48], [49], [50]. The splitting process is illustrated at the bot-
tom of Fig. 5. The bitplane priors are derived from q(u|y) by
summing all the values q(u = Mi|y) where Mi has a one (or
zero) at the relevant bit location. For example, for a codebook
size of 4, the prior for the least significant bit is given by

q(b2 = 0|y) = q(u = 0|y) + q(u = 2|y),

q(b2 = 1|y) = q(u = 1|y) + q(u = 3|y).

The LLRs can then be calculated with (8).
After training the VQ-VAE and the prior, the SW-ECCT

decoder is trained and inserted into the full architecture as
illustrated in Fig. 5, using rate-adaptive coding to gradually
increase the rate until successful recovery of u.

V. EXPERIMENTS AND RESULTS
In Section V-A we discuss the implementation of our SW-
ECCT decoder, the learned WZ quantizers, and the VQ-VAE.
The models are then evaluated in several settings. Section V-B
considers SW coding of binary data with simple correlation
statistics. Sections V-C and V-E study monolithic and lay-
ered learned WZ coding on quadratic Gaussian sources, while
Section V-D evaluates learned BP [41] on monolithic WZ
coding. Subsequently, Section V-F presents distributed stereo
image coding experiments using the proposed SW-coded VQ-
VAE. Finally, Sections V-G, V-H, and V-I report throughput

TABLE 1. Average Rate Reduction [bits/sample] of SW-ECCT Over BP
Decoding With BSC and BIAWGN Correlations

comparisons, ablation studies, and the effect of SW decoding
errors on image reconstruction quality, respectively.

A. IMPLEMENTATION DETAILS
Throughout all experiments, unless mentioned otherwise,
SW-ECCT consists of 15 Transformer encoder blocks, with
a token embedding dimension of 64, resulting in 767 × 103

learnable parameters. The network is trained similarly to [34],
for 1000 epochs of 105 codewords each, using the Adam
optimizer. The learning rate is initialized to 10−3 with a cosine
decay down to 10−6. However, whereas the ECC Transformer
from [34] is trained on a single code rate, our SW-ECCT
model is made to decode all the possible rate settings of the
given LDPCA code. Each batch of 100 codewords is encoded
at a different rate, cycling through all code rates.

For the BP implementation, the code from [41] is used
without any parameter learning or adaptivity. All weights are
set to 1, resulting in plain BP. Unless mentioned otherwise, we
stop the BP algorithm after 100 iterations. Experiments were
also conducted using adaptive learned BP in Section V-D.
However, as no improvements over plain BP could be ob-
served for decoding LDPCA codes, all other experiments only
compare SW-ECCT with plain BP decoding.

In order to evaluate our decoder in rate-adaptive settings
and simplify the comparison with BP in Sections V-B, V-C,
V-E, V-F, and V-H, we assume perfect detection of SW de-
coding errors. While this isolates decoder performance, it
also yields optimistic results: in practice, undetected decoding
errors would cause erroneous reconstructions, and incorrectly
flagged errors would increase rate and latency by requesting
unnecessary additional bits. The oracle assumption is relaxed
in Section V-I, where we report results with a practical SW
error detection method for stereo image coding.

The layered WZ quantizer, dequantizer, and prior model
all use RNNs of 3 hidden layers with 100 hidden units each,
LeakyReLU activations, and linear layers at the output. All
WZ networks, including the monolithic ones from [30], are
trained using the Adam optimizer for 180 epochs. The initial
learning rate is 10−3, which is decreased by a factor of 0.3
every 40 epochs. One epoch consists of 2 × 105 randomly
generated samples (xn, yn), which are passed through the
networks in batches of 1000. The output of a quantizer or
quantizer stage is always binary to simplify the SW coding.
For the layered quantizers we use 3 stages.

The training of the VQ-VAE and autoregressive prior on
the KITTI dataset is identical to [29]. The VQ-VAE itself uses
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the Adam optimizer for 1000 epochs with an initial learn-
ing rate of 2 × 10−4 with a linear warmup, cosine annealing
decay, and a batch size of 32. The autoregressive prior is
trained instead with an initial learning rate of 3 × 10−4, a
batch size of 128, and 100 epochs. Analogous to [51], stereo
image pairs are sampled from the KITTI Stereo 2012 and
2015 datasets [52], [53]. These stereo images are taken with
two RGB cameras mounted on a car 54 cm apart. As such,
they provide slightly different viewpoints of the same street
scene. The conditional prior used for SW coding is trained
on the same KITTI dataset or on random data with BIAWGN
correlation for 100 epochs with a batch size of 500 using the
Adam optimizer. The initial learning rate of 10−3 is decreased
by a factor of 0.3 every time the validation loss stops improv-
ing.

All rate-distortion curves in the paper are created using 105

codewords per bitplane or correlation level. Bit error rates
(BERs) and block error rates (BLER) are calculated with at
least 105 codewords, increasing the number of codewords
until we observe at least 100 errors or until we hit 107 code-
words.

The experiments on binary symmetric channel (BSC) cor-
relation in the next section were run 5 times to measure
the variance in the results. For BP, the standard deviation is
0.00036 bits/sample and is below the rounding error of the
reported numbers. For SW-ECCT, the standard deviation is
only slightly higher at 0.00076 bits/sample. To reduce the
computational cost and because this variance does not affect
any conclusions of the paper, all subsequent results are based
on outputs from a single run.

B. RESULTS ON SLEPIAN-WOLF CODING
We first evaluate SW-ECCT in a controlled SW
coding setting with an i.i.d. uniform binary source
X ∼ B(0.5) and side information Y generated through
a BSC or BIAWGN correlation channel. For the
BSC case, 9 b error probabilities are chosen: pe ∈
{0.013, 0.0311, 0.0532, 0.0794, 0.11, 0.146, 0.189, 0.243, 0.
316}, resulting in a conditional entropy H (X |Y ) from 0.1
to 0.9. This covers the full range of useful correlation
levels. For H (X |Y ) = 0.1 and a block size of 64, 43%
of the side information vectors will be exactly equal to
x, and for H (X |Y ) = 0.9 the average rate is almost one,
as around 70% of the blocks do not benefit from the
side information and are transmitted uncompressed. For the
BIAWGN correlation, the bits X are mapped to {+1,−1} akin
to BPSK modulation. Subsequently, Gaussian noise is added
with 9 logarithmically spaced power levels σ 2 from 0.3 to 2.
Similarly to the BSC, this covers both extremely high and low
correlations.

A single SW-ECCT model is trained on all code rates
and all 9 correlation levels of each correlation channel. As
described in the implementation details, during training the
SW-ECCT already cycles through the LDPCA code rates. To
enable training on all 9 correlation levels, we add an inner
loop that cycles through the correlation levels. This setup is

significantly more challenging than those in previous works,
which train on a single code rate or a limited communication
noise range [34], [42], [43].

At test time, rate-adaptive coding is used, increasing the
rate for each data block until perfect decoding. We evaluate
three LDPCA codes of different block sizes, namely 32, 64,
and 128 bits. At moderate correlation levels, SW-ECCT can
reduce the rate by up to 0.030 bits/sample (11%) for the BSC
and 0.034 bits/sample (10%) for the BIAWGN channel. For
each code size, the rate gains of SW-ECCT are averaged over
all correlation levels and reported in Table 1 for the BSC and
BIAWGN channel. For the BSC channel, the rate is only 17%
above the theoretical SW bound. SW-ECCT improves over
BP for both channels and all block sizes, but the performance
is the best for the smaller codes. These results show that our
proposed learned decoder can outperform classical BP decod-
ing in a variety of settings. Consequently, we will experiment
with our decoder incorporated in more elaborate frameworks
with more complex correlation statistics. In the remainder of
the experiments, we focus on the 64-bit code.

C. RESULTS ON WYNER-ZIV CODING
The first WZ scheme we evaluate is the learned monolithic
WZ scheme of [30]. In contrast to [30], which assumes an
ideal SW coder, we use a real SW codec employing either
SW-ECCT or BP for decoding.

The continuous source X and side information Y follow
quadratic Gaussian statistics,

X = Y + N, where Y ∼ N (0, 1) and N ∼ N (0, σ 2
n ), (15)

with a correlation noise variance σ 2
n of either 0.1 or 0.01.

Samples are grouped into blocks of 64, matching the LDPCA
block size. The frozen quantizer and prior from [30] generate
binary indices ui and prior probabilities p(ui|yi ), from which
syndrome bits and LLRs are computed and supplied to the
SW-ECCT or BP decoder. We trained one SW-ECCT model
on all code rates for σ 2

n = 0.1 and another one for σ 2
n = 0.01.

We evaluate the SW coding with rate-adaptivity, by using
a feedback channel to the encoder to request more syndrome
bits when decoding fails [54]. This ensures lossless transmis-
sion of the quantization indices, allowing a direct comparison
of the theoretical rate and the rates achieved by SW-ECCT
and BP, since the distortion will remain the same. This can
be seen near the bottom of the graphs in Fig. 6, which shows
the estimated rate-distortion point for an ideal SW coder [30],
as well as the rates achieved when using SW-ECCT or BP
decoding. For σ 2

n = 0.1, the SW-ECCT decoder gains 0.023
bits/sample or 5.7% over BP, while for σ 2

n = 0.01 the gain
is 0.013 bits/sample or 2.3%. These rates are still 0.054 and
0.077 bits/sample away from the Slepian-Wolf bound esti-
mated by the ANN prior model.

Additionally, we test the SW decoders without rate-
adaptivity on each rate setting of the LDPCA code. For each
fixed code rate, the reconstructed indices ui are passed to
the frozen dequantizer of [30] to evaluate the distortion. We
provide the average distortion for each code rate in Fig. 6,
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FIGURE 6. Rate-distortion points for the WZ monolithic coding case,
comparing BP with SW-ECCT. The single points show the average rate when
using rate-adaptive coding, while the curves show the average distortion
when coding at a fixed rate.

averaged over 105 samples (x, y). Since the minimum required
rate for successful decoding is different for each codeword,
some codewords will be encoded with too many bits, while
others will fail to decode when using a single code rate. This
combination of excess bits and decoding failures explains the
gap between fixed rate and rate-adaptive coding, considering
that rate-adaptive coding can select the best rate for each
codeword to ensure successful decoding.

In the non-rate-adaptive case, our SW-ECCT can achieve
up to 0.16 dB lower distortion levels in the middle of the rate
range, and the gain averaged over all code rates is 0.039 dB.
At very low rates, the amount of information available is so
low that even a very good decoder will have a high error rate,
masking any differences in decoder performance. On the other
hand, at a high enough rate, the BERs are so low that further
gains do not noticeably affect the average distortion anymore.
Nevertheless, when looking at the BERs and block error rates
(BLERs) in Fig. 7, we see that SW-ECCT still improves over
BP at high rates.

D. COMPARISON WITH LEARNED BP IN WZ CODING
In order to compare with another neural channel decoder,
we also tested learned BP (LBP) [41] inside the monolithic
WZ framework of the previous subsection. We trained LBP
models consisting of 183 learnable weights with a batch size
of 100 and a learning rate of 10−3 for 50 epochs. We used
the same optimizer, multi-loss function, learning rate decay,
and gradient clipping as [41]. Unlike SW-ECCT, which is
trained across all code rates from 4

64 to 64
64 with negligible

performance loss, multi-rate training of LBP led to significant
performance degradation. Therefore, a separate LBP model
was trained for each code rate and evaluated on the same fixed

FIGURE 7. Bit error rates (BER) and block error rates (BLER) for each 64-bit
LDPCA code rate for the WZ monolithic coding case, comparing BP with
our SW-ECCT.

rate, following the same approach as Section V-C. Comparing
the performance of BP, SW-ECCT and LBP on the fixed-rate
coding, we observed that while our SW-ECCT model lowers
the average distortion by 0.039 dB compared to BP, the LBP
models actually increased the distortion by 0.010 dB.

This experiment with LBP shows two key advantages of our
multi-rate SW decoder. Firstly, the large, model-free network
enables improvements over BP decoding of LDPC codes,
while other methods only show significant gains on code
families not specifically designed for BP decoding [41], [42],
[43]. Secondly, a single SW-ECCT model can be trained on
the full rate range on an NVIDIA GeForce RTX 3090 GPU
in 5.5 hours, while LBP requires 15 separate models trained
in 21 minutes each, resulting in a similar training cost for an
inferior decoding performance. Due to the poor performance
of LBP, in subsequent experiments we will only retain BP as
a baseline method for comparisons.

E. RESULTS ON LAYERED WZ CODING
Following the experiments on monolithic WZ coding, we
continue with layered WZ coding, using the RNN-based
framework from [31] with a conditional prior. The RNNs
are trained on the same WZ statistics (15) as in Section V-C
and our SW-ECCT decoder is integrated into the WZ RNNs
as discussed in Section IV-A. This experiment is more chal-
lenging than the monolithic WZ scenario, as our proposed
decoder leverages inter-bitplane correlation. It also links to
Section V-F, which discusses the layered WZ coding of stereo
images.

In Fig. 8, the rate-distortion curves are shown for the theo-
retical rate estimation from [31], rate-adaptive and fixed rate
coding using both SW-ECCT and BP as decoders, as well
as entropy coding. For the fixed rate coding, we chose for
each bitplane the rate that achieves the best rate-distortion
point. In this setting we may encounter SW decoding errors,
resulting in a higher distortion at each bitplane compared to
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FIGURE 8. Rate-distortion curves for layered WZ coding, using our 64-bit
LDPCA code. We compare rate-adaptive and fixed rate SW coding using BP
or the SW-ECCT for decoding, as well as entropy coding.

the other approaches. In order to show that there is still con-
siderable correlation between the output of the WZ quantizer
and the side information, we also check the rate achieved
by entropy coding of the indices, which does not make use
of the side information. To create a probability model that
is not conditioned on the side information, 106 values are
sampled from the source X and passed through the quan-
tizer RNN. For each possible set of earlier stage outputs,
we count the frequencies of every quantization index and
normalize. Consequently, estimates of the probability distri-
butions p(u1), p(u2|u1), . . . , p(uK |uK−1) are obtained. The
quantization indices are then compressed at the encoder using
rANS coding [47]. However, the implementation of the rANS
entropy coder used is limited to outputting 32-bit words. If
blocks of 64 bits are coded using the rANS coder, this has
a big impact on the resulting rate. Therefore, we also show
the entropy coding results for a block size of 104, in order to
reduce the effect of the excess bits.

Overall, rate-adaptive SW coding comes closest to the ideal
rate as estimated by the learned prior model, with a rate
overhead of around 19%. When comparing SW-ECCT and
BP, SW-ECCT achieves rate gains of 0.021, 0.042, and 0.038
bits/sample or 5.4, 5.8, and 2.7% respectively for each bit-
plane at σ 2

n = 0.1, and 0.017, 0.030, and 0.022 bits/sample for
σ 2

n = 0.01, or 3.3, 2.7, and 1.1%, respectively. When using
fixed code rates for each bitplane, both the distortion and
rate are higher than for rate-adaptive coding. Nevertheless,
SW-ECCT gives a distortion 0.068-0.088 dB below BP for

σ 2
n = 0.1, and 0.12-0.20 dB below BP for σ 2

n = 0.01. It is also
clear from the graphs that entropy coding gives significantly
worse rates than SW coding, even when accounting for excess
bits due to implementation details. This shows there is still
correlation between the quantized source samples and the side
information, necessitating the use of SW coding to achieve the
maximum possible compression.

F. RESULTS ON WZ CODING OF STEREO IMAGES
As described in Section IV-B, we finally evaluate the proposed
SW-ECCT in a learned VQ-VAE system for distributed stereo
image coding. We compare four coding strategies for the
quantized vector indices: uncoded, entropy coding with the
autoregressive prior of [29], and SW coding with a learned
conditional prior using BP decoding or our SW-ECCT de-
coder. This is the most challenging scenario, as we depart
from known synthetic data distributions to complex, unknown
correlation statistics.

Table 2 reports the rate-distortion performance for a scale
factor of 8 and codebook sizes 2, 4, 8, and 256. Image quality
is measured in peak signal-to-noise ratio (PSNR) and multi-
scale structural similarity index measure (MS-SSIM), and
rates are provided for uncoded quantization indices, entropy
coding with rANS [47], SW coding with BP and SW coding
with SW-ECCT. We consider two versions of SW-ECCT: one
trained on codebook indices and prior probabilities derived
from the KITTI Stereo data (12,608 training examples), which
we refer to as SW-ECCT KITTI in Table 2, and one trained
on random source bits with a BIAWGN side information
channel as in Section V-B (108 training samples), which we
refer to as SW-ECCT Synthetic. This allows us to assess the
robustness of SW-ECCT under a correlation model mismatch
between training and inference. The results in Table 2 show
that SW-ECCT KITTI performs worse than SW-ECCT Syn-
thetic, indicating that the limited size of the KITTI training set
is insufficient to properly learn a general decoding procedure.
On the other hand, SW-ECCT Synthetic performs well despite
the data mismatch between train and test time, which shows
we obtained a robust decoder that does not heavily depend on
a specific correlation model.

For small codebook sizes, SW coding with a BP decoder
already outperforms entropy coding, and SW-ECCT Synthetic
further improves the rate, yielding a rate reduction of 18 and
8% over rANS for the two smallest codebooks. At larger
codebook sizes however, entropy coding outperforms SW
coding. One reason is that for higher bitplanes, the correlation
between the source and side information decreases, leading
to SW coding becoming less efficient than entropy coding.
This inefficiency also accumulates as the number of bitplanes
increases. One mitigation would be to implement different
coding modes and dynamically switch between them during
coding, as proposed in [55]. Another approach would be to use
e.g., disparity compensation algorithms like [56] to increase
the quality of the side information, since the conditional prior
we trained is very simple, and likely does not fully exploit
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TABLE 2. Compression Rates for KITTI Stereo Images Using a VQ-VAE, and Entropy Coding or SW Coding Trained on KITTI or Synthetic Data

TABLE 3. SW Decoding Throughput and Memory Usage for Different
Numbers of Iterations/Layers N Using a 64-Bit LDPC Code

the spatial correlations and inter-bitplane relations. This is re-
flected in the SW bound estimated by the learned conditional
prior, shown in the last column of Table 2. For codebook size
2, the estimated SW bound is 30% lower than the entropy
coding rate, while for codebook size 256, the gap is less
than 9%. This indicates that the prior is less able to model
the image correlation at high codebook sizes. With a more
elaborate design of the prior, modeling correlations between
bitplanes, considering the properties of natural (stereo) images
and training on large image datasets, it may be possible to
further improve the prior model and SW coding, but this is
outside the scope of this paper.

G. COMPLEXITY EVALUATION
We also compare the decoding speed of SW-ECCT, BP, and
LBP on the CPU and GPU under the task of SW coding
for BSC correlation using a fixed rate of 32

64 bits/symbol. All
decoders are implemented in PyTorch. The same settings are
used for the decoders as in Section V-B, but we also provide
the throughput of BP limited to 15 iterations, matching the 15
layers of SW-ECCT. The 15-layer SW-ECCT decoder con-
sists of 767 × 103 parameters, while LBP has 183 learnable
parameters, and BP has no trainable weights. After a warmup
run, all decoders are run on 104 codewords (each with a
length of 64 bits), using a batch size of 100. We report the
decoding throughput of each method in codes per millisecond
in Table 3, tested on an AMD Ryzen 9 5950X CPU and an
NVIDIA GeForce RTX 3090 GPU.

Since Transformers are not designed to run on a CPU, the
SW-ECCT runs 5 times slower on the CPU than 100 iterations
of BP. On the GPU on the other hand, SW-ECCT is 15 times
faster than BP, and simultaneously provides lower error rates
than BP as shown in Section V-B. For reference, we also

TABLE 4. Average Rate Increase [bits/sample] for Model Variations on the
Chosen SW-ECCT Architecture

compare with 15 iterations of BP and LBP. However, even
compared to these settings, our SW-ECCT is still more than
twice as fast while achieving better decoding results. It is
worth noting that, while the BP and LBP implementations
make use of the sparsity of the parity-check matrix to reduce
the computational time, our SW-ECCT is not optimized in this
regard. It has been shown that by incorporating this sparsity
in the self-attention layer and with quantization of the model
parameters, significant reductions in computational cost can
be achieved for (SW-)ECCT [57]. Alternatively, the cross-
attention architecture from [58] can be considered, which also
provides a more efficient channel decoder. Overall, the decod-
ing performance and throughput of SW-ECCT, even without
an optimized architecture, make it an attractive decoder for
neural DSC frameworks, where the presence of a GPU is
already required for the rest of the system.

H. SW-ECCT VARIANTS AND HYPERPARAMETER
SELECTION
1) SW-ECCT EMBEDDINGS
To justify our architectural decisions on the SW-ECCT model,
we assess the SW coding performance of different variants
of the model on random binary data with BSC and BI-
AWGN correlation statistics as in Section V-B. The variants
are trained in exactly the same way on 9 correlation levels
and all code rates, but have different token dimensions or use
another method to handle the different code rates. The results
are listed in Table 4. They show the increase in rate, averaged
over all correlation levels, between the tested model variant
and the SW-ECCT architecture used in the rest of the paper.

Firstly, we look at the effect of the token embedding di-
mension on the model performance. By reducing the token
dimension from 64 to 32, we see a significant drop in perfor-
mance, almost halving the gain of SW-ECCT over traditional
BP. On the other hand, increasing the token dimension to 96
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yields no noticeable difference. Increasing the dimension even
further to 128 results in divergence during training. Therefore,
the chosen 64-dimensional embeddings provide a suitable
tradeoff between model capacity and complexity.

Additionally, we evaluate alternative options to handle
the multiple code rates in the SW-ECCT model instead
of syndrome embedding averaging. For the no syndrome
embedding averaging row in Table 4, we only select the syn-
drome embeddings corresponding to the current code rate,
and do not average the embeddings of merged syndrome
bits. For the BSC correlation channel this does not make a
difference, but for BIAWGN statistics there is a significant
performance penalty. Another approach is to use a separate set
of syndrome embeddings and final projection layer for each
code rate. The performance of this model variant is shown in
the last row of Table 4, and also results in an increase in av-
erage rate. In conclusion, our method of averaging syndrome
embeddings is a valid choice for the SW-ECCT. This is further
confirmed in the next section, which shows that our multi-rate
model achieves almost the same performance as training a
separate model for each code rate or correlation level.

2) SINGLE-RATE AND SINGLE-CORRELATION MODELS
While the multi-rate SW-ECCT model outperforms tradi-
tional BP decoding, it is still possible that we lose perfor-
mance by training on different correlation levels and code
rates simultaneously. Therefore, we revisit the experiment
on BSC statistics from Section V-B and train a separate
(multi-rate) SW-ECCT model for each of the 9 correlation
levels. Moreover, we take the monolithic WZ experiment from
Section V-C for σ 2

n = 0.1, and train a SW Transformer de-
coder for each code rate separately.

Using a separate model for each BSC correlation level low-
ers the achieved rate by 0.003 bits/sample, averaged over all
correlation levels. For the monolithic WZ coding, using sepa-
rate decoders for each code rate reduces the average distortion
by 0.004 dB. Especially for the monolithic WZ coding, the
gain in performance is negligible compared to the increase
in model parameters and training compute by a factor of
15. When using a single SW-ECCT model for multiple BSC
correlation levels, the increase in rate compared to separate
models for each level starts to become noticeable. However,
this difference of 0.003 bits/sample is still less than 1% of the
overall data rate, and reduces training cost and model storage
by an order of magnitude. Consequently, our proposed multi-
rate SW-ECCT, trained on the whole useful correlation range,
has almost the same performance as a group of specialized
models, while reducing the storage and training costs by two
orders of magnitude. This is a significant improvement over
existing neural decoders, which are limited to single code
rates and narrow communication noise ranges.

3) COMPARING SW-ECCT MODEL SIZES AND BP
CONVERGENCE
In this section, we justify our choice for a 15-layer SW-ECCT
model and a BP iteration limit of 100. The performance of

FIGURE 9. Performance of BP and SW-ECCT for different numbers of
iterations/layers on rate-adaptive SW coding with BSC correlation
statistics.

FIGURE 10. Performance of BP and SW-ECCT for different numbers of ite-
rations/layers on rate-adaptive monolithic WZ coding.

our SW-ECCT as a function of the number of Transformer
layers is analyzed and compared with the convergence of BP.
Other model parameters, like the token embedding size and
the number of attention heads, are kept fixed. For rate-adaptive
SW coding with BSC statistics like in Section V-B, we use a
single error probability of 0.11, which results in a conditional
entropy H (X |Y ) of 0.5 bits/sample. The achieved rates for
different numbers of BP iterations and different SW-ECCT
model sizes are shown in Fig. 9. We also test the SW decoders
in the WZ setting of Section V-C. With rate-adaptivity, the
distortion is always the same, and we can also just compare
the achieved rates. The results for the WZ setting are shown
in Fig. 10.

For the BSC correlation channel, SW-ECCT always outper-
forms BP when the number of layers is equal to the number
of BP iterations. For the WZ coding, there is a crossover
point between 5 and 10 layers, after which SW-ECCT also
beats BP at an equal number of iterations. On top of that, a
15-layer SW-ECCT model achieves lower rates than BP at
convergence. Adding another 5 layers to the model reduces
the rate further, but the gain in compression rate becomes
smaller. Hence, we choose to use 15 layers for the SW-ECCT
in all experiments, in order to limit the computational cost.
As for the choice of the BP iteration limit, we observe that
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TABLE 5. Stereo Image Coding Performance With SW Decoding Errors and a Finetuned VQ-VAE Decoder

the difference between the rates at 100 iterations and 2000
iterations is just below 0.01 bits/sample for both the BSC
channel and the WZ settings. The iteration limit of 100 thus
provides a good tradeoff between decoding performance and
computational costs.

I. EFFECT OF SW DECODING ERRORS ON STEREO IMAGE
CODING
Up until now, we have assumed perfect decoding of the
rate-adaptive SW decoders. However, in real applications the
decoder cannot compare with the ground truth data to have a
perfect classification of decoder success or failure. To create
a framework that is usable in the real world, we replace the
oracle implementation with practical decoder checks based
on the syndrome of the reconstructed codeword and the de-
coder confidence. First, we check that the syndrome of the
reconstructed codeword is equal to the syndrome we received
from the encoder. This allows us to already discard more than
90% of the incorrect codewords. Subsequently, we define a
confidence threshold on the magnitude of the output LLRs of
the BP decoder or the logits of the SW-ECCT decoder. Unfor-
tunately, the distributions of confidence values for correct and
incorrect codewords overlap, so there is a tradeoff between
block error rate and data rate.

In this section, we test the effect of SW decoding errors
on the reconstruction performance of the VQ-VAE model for
stereo image coding from Section V-F. We choose the decoder
confidence thresholds to obtain a good rate-distortion trade-
off, while keeping the rates similar to the SW-ECCT values
in Table 2. However, SW decoding errors have a significant
impact on the reconstruction performance, which drops by up
to 1.1 dB in PSNR. In order to make the VQ-VAE decoder
more robust to incorrect codebook vectors, we finetuned the
decoder on SW-decoded indices containing decoding errors.
We finetuned for 100 epochs using the AdamW optimizer, a
learning rate of 10−3 and a weight decay of 0.1. The recon-
struction performance after finetuning is shown in Table 5,
together with the numbers for the entropy coded VQ-VAE
which does not suffer from decoding errors.

Finetuning the VQ-VAE decoder helps to recover from SW
decoding errors, especially for the small codebooks, resulting
in an image quality that is on par with the performance of
the entropy coded VQ-VAE without decoding errors. Ad-
ditionally, the SW decoders with realistic (yet imperfect)
error detection even achieve slightly lower rates than the

FIGURE 11. Comparison between NDIC [59], NDSC [29], and the proposed
SW-ECCT coded VQ-VAE with perfect error detection (oracle) and practical
error detection (realistic).

SW decoders with perfect decoder success classification from
Table 2. Overall, our proposed practical decoding error de-
tection performs similarly to the oracle detection results,
demonstrating the practical viability of the SW-ECCT-based
stereo image coding framework. We also provide a visual-
ization in Fig. 11, which shows the rate-distortion curves for
the VQ-VAE model with rANS coding from [29] (NDSC)
and the VQ-VAE model with our proposed SW-ECCT codec,
using either perfect error detection (oracle) or practical er-
ror detection checks (realistic). Additionally, we compare
with another state-of-the-art method NDIC [59], using [22]
and [40] as backbones. It is clear in Fig. 11 that our pro-
posed approach outperforms both versions of NDIC at all
rate-distortion points. Moreover, we also outperform NDSC at
low rates, while for the highest rate we need a better prior or
disparity compensation to match the performance of NDSC,
as discussed in Section V-F. In conclusion, our proposed
practical SW coding can significantly reduce the data rate
compared to the state-of-the-art in distributed stereo image
coding, with minimal losses in image quality.

VI. LIMITATIONS
As also mentioned in Section III-C, SW-ECCT is limited to
small block sizes due to the computational complexity of
the self-attention layer. Furthermore, larger block sizes are
more difficult to learn due to the exponentially increasing
code space, which results in reduced improvements of the
learned decoder. Consequently, our model is mostly suited for
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small to medium block sizes. However, our architecture is not
really optimized, so there are multiple options [57], [58] to
create more efficient models. A related issue is the relatively
poor decoding throughput of our network on a CPU. This
can likely also be improved by more optimized architectures.
Nevertheless, SW-ECCT is an attractive decoder for neural
DSC frameworks, where the presence of a GPU is already
required for the rest of the system.

In the application of stereo image coding, our SW-ECCT
model performs worse than entropy coding at high rates. This
is, however, mostly a limitation of the simple conditional
prior model. This issue may be resolved with more complex
correlation models and/or disparity compensation algorithms.

VII. CONCLUSION
We present the first neural architecture for learned Slepian-
Wolf decoding of LDPCA codes. It can be trained simul-
taneously on all possible code rates and side information
correlation levels, reducing storage and training costs by
at least an order of magnitude compared to existing neu-
ral decoders, which are limited to single code rates and
narrow communication noise ranges. Compared to classical
belief propagation decoding, our decoder reduces the SW
rate of synthetic sources by up to 11%, while simultaneously
achieving a 15 times higher throughput than BP on a GPU.
Furthermore, our codec is integrated into learned Wyner-Ziv
frameworks, providing the first constructive learned WZ sys-
tems, as earlier works assumed a non-constructive, ideal SW
codec. Additionally, we incorporate our SW decoder into the
more realistic and challenging scenario of distributed image
coding. At low data rates, our method reduces the rate by up
to 19% compared to the state-of-the-art, with minimal loss in
image quality. This work shows the viability of SW coding
in practical neural distributed coding architectures, translat-
ing information theory into real-world systems. Nevertheless,
several research directions remain open for exploration. The
architecture can be made more efficient, and its robustness on
different source statistics and correlation model mismatches
could be further investigated. Especially for the stereo image
coding scenario, more advanced correlation models and dis-
parity compensation algorithms may be explored, as well as
adaptive mode decision to switch dynamically between SW
coding and entropy coding for each bitplane.
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