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Abstract—Neural image compression has proven to be highly
effective compared to conventional approaches such as JPEG,
HEVC or the latest standard VVC.

Recently low complexity neural image coding using overfitting
has proven to reach the level of performance of VVC. Indeed, at
the CLIC 2024 image challenge, Cool-chic demonstrated to be
perceptually equivalent to the VVC performance at the 3 target
bitrates. The decoding complexity was limited, with less than
2200 operations per pixel, permitting decoding on any legacy
CPU.

For this CLIC 2025 candidate, it is proposed to improve Cool-
chic quality using a perceptually driven distortion metric and the
addition of a random noise.

This paper describes the approach and presents a preliminary
subjective evaluation that demonstrates the effectiveness of the
solution: 50% rate reduction is demonstrated with the proposed
distortion metric. The decoder complexity is reduced to approxi-
mately 1700 operations per pixel, it is written in C language and
it is operated on CPU.

All contributions are made open-source at https://github.com/
Orange-OpenSource/Cool- Chic/tree/clic2025) [1]].

Index Terms—Image coding, perceptual distortion, overfitted
neural coding

I. INTRODUCTION

In the past few years, the CLIC challenges have demon-
strated that neural image coding significantly surpasses con-
ventional coding in terms of perceptual quality. The best
performing neural coders rely on the auto-encoder approach,
optimised using a mixture of distortion metrics (often the
Mean Square Error, the MS-SSIM [2] and the LPIPS [3]).
Adpversarial training techniques (such as GAN) and style losses
are also largely used [4], [S].

Although the perceptual performance of theses auto-
encoders is significantly higher than the conventional codecs,
they exhibit an important decoding complexity that might
prevent their adoption in the market: indeed, they require a
number of Multiplication Accumulation (MAC) operations per
pixel often in the order of 100,000 or more. As such, they
require dedicated and powerful devices that incorporate neural
units (GPUs, NPUs, etc.).

Another paradigm involves overfitted neural codecs. The
image representation is made of a latent representation as for
auto-encoders but also includes the decoder neural weights.
These weights, specifically adapted to the image, are conveyed
in the compressed representation. As the decoder is specific
to the image, it does not need to generalise to other types
of images and can consequently be much lighter than usual
neural decoders: Cool-chic [6], [7] typically uses less than
2000 neural weights and typically requires in the order of
300-2500 MAC per pixel.
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Fig. 1: Functional description of a Cool chic decoder with
common randomness, illustration extracted from [[10]

Although perceptual tuning of overfitted codecs has been
proposed in the past [8], [9], it was limited to the usage
of MS-SSIM optimisation. This paper proposes to apply the
approach proposed in [10] which motivates the Wasserstein
distance applied to a VGG latent representation [11] to drive
the Cool-chic perceptual optimisation. As proposed by Ballé
et al. [10], the addition of a random noise with a constant seed
(called common randomness) is also considered.

The objectives of this paper are to:

1) Optimise Cool-chic perceptually using the approach

of [10];

2) Assess the effect of the Wasserstein distance and further

adapt the distortion metric to improve visual quality;

3) Provide the community with open software and example

bitstreams to reproduce and continue the approach [l1]].

The paper is organised as follows: in a first section, we
briefly present the Cool-chic architecture and the encoding
strategy. This encoding strategy is examined using the Wasser-
stein distance in the subsequent section and motivating an
adaptation of the initial method toward a better visual quality.
The encoding process and the results, provided using visual
testing, conclude this paper.

II. OVERVIEW AND ADAPTATION OF COOL-CHIC

A Cool-chic decoder is made of four elements as shown in

figure [1]:
1) a series of L = 7 latents, organised in a pyramidal
fashion: their resolution ranges from 1 to 6—14 of that of
the image;

2) an entropy decoder, based on an autoregressive MLP,
which provides a statistical description of the latents.
These statistics drive a binary arithmetic decoder;

3) a linear upsampling block, built with a series of x2
upsamplers to convert the pyramidal latents to a dense
representation for the latents, at the image resolution;
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Fig. 2: Wasserstein distance computation illustration extracted
from [10]

4) a synthesis neural network which takes the resulting
dense latents and outputs the RGB image color channels.
Depending on the desired complexity, the autoregressive and
the synthesis networks complexity is adjusted by adding more
neurons and hidden layers.

The key objective of Cool-chic is to provide a low com-
plexity decoder whose weights are learned in an end-to-
end fashion. The quantised latents are trained alongside the
decoder weights in a rate distortion manner, such that the
quantity J(A\) = D 4+ A - R is minimised. Any derivable
distortion D can be used in that context as shown in [8], R is
the number of bits per pixel and X balances the two quantities.

The standard Mean Square Error (mse) metric is often used,
although perceptual tuning using distortions more aligned with
the human visual system have been successfully tested [§], [9].

In [10] it is suggested to complement the latent repre-
sentation with a pyramid of noise latents. Those latents are
obtained by drawing i.i.d. elements from a gaussian pseudo-
random number generator with fixed seed. The training process
uses this conditioned random noise which is identical at the
decoding side using the same seed and generator.

This noise component helps at generating a decoded image
whose distribution is similar to the original image. A simple
pixel-wise distance is not relevant for that purpose and a dis-
tance that considers distribution distance is more appropriate:
the Wasserstein is suggested in the same paper.

III. DISTORTION METRIC FOR TRAINING

The paper [[L1] suggests the use of a Wasserstein distance in
a feature domain to evaluate the perceptual distance between
images. The principle of the computation is displayed in
figure 2] A VGG network is applied to both the original image
and the decoded one. The obtained features are used to derive
the latent’s first and second order moments at different scales.
The Wasserstein distance is evaluated through a pooling kernel
whose spreading (o, ) is adjustable and can vary inside the
image. The spreading function can be made made narrow or
wide to account for the distribution difference on small or large
areas. If the area is small, this is equivalent to a pointwise
distance similar to the the LPIPS computation.

Ballé et al. [10] also suggest to adjust the spreading fol-
lowing a saliency map where smaller spreading is chosen in
image regions that are likely of interest, and larger spreading
otherwise. In this paper, we prefer focusing on the use of the
Wasserstein solely with a constant spreading value (o = 8)
for all image regions.
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Fig. 3: Subjective test results for different balance factor «

To appreciate the effect of the Wasserstein distance ap-
proach in Cool-chic , a preliminary experiment is conducted
where the Cool-chic training distortion is chosen as:

D= allz — ” + =2 WD(x, 2) (1)
200 ’

Where « balances the mean square error and the Wasser-
stein distance computed between the target and reconstructed
images. When a = 1 the mse is used, while when o = 0 the
Wasserstein is solely considered.

The distortion with different o is used to encode the
validation set of this edition of CLIC and we target two bit
rates for each value: around 0.10 and 0.25 bit per pixel (bpp).
We run the experiment with o = {0.0,0.2,0.3,0.5,1.0} and
evaluate through a subjective test the average quality of the
decoded images.

The raters are asked to rate the quality of the coded items
on a scale bad, poor, fair good and excellent. The raters
can interactively and instantly switch on demand between
any coded item and the explicit original image. The scale is
continuous where the intervals are 0-20 for bad, 0-40 for poor,
40-60 for fair, 60-80 for good and excellent above. The scores
among raters and image clips are averaged and the confidence
intervals derived. Figure |3| reports the results.

As it can be noticed that the worse performing solution is
the one labeled mse where o« = 1. The version using solely
the Wasserstein distance, when o = 0, is significantly rated
above this pure mse version. The best performing balances
are for « = 0.2 and @ = 0.3 which appear statistically
indistinguishable.

Based on this experiment, we retain o =
distortion term used in the encoding process.

0.2 for the

I'V. TRAINING PROCEDURE AND RESULTS

For the challenge, we select the high operating point (hop
configuration) of Cool-chic as a baseline for the experiment.
For this level of complexity, Cool-chic uses an autoregressive
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Fig. 4: Subjective test results on the CLIC 2025 test set.

modeling with 2 layers of 16 neurons and it uses 16 context
pixels. The synthesis uses a first hidden layer with 48 outputs
and feeds the second one that outputs 3 latents. Those 3 latents
are subsequently filtered using 2 cascaded convolutional layers
giving the reconstructed RGB image.

Compared to the usual Cool-chic hop configuration, 7
additional common randomness latents are added, thus the
pyramidal latent domain is doubled from 7 to 14. Overall
the decoding complexity for this candidate is consequently
increased from 1536 to 1728 MAC per pixel.

The training is performed with 30,000 iterations (called
the medium preset) which gives a good compromise in terms
of encoding time versus quality. A set of 14 different rate-
distortion balance A is selected to provide for each clip a range
of bit rate largely exceeding the 0.075-0.30 bpp challenge
range.

After encoding, the number of bit per pixel for each image
is selected to get the best overall distortion (in the sense of
the distortion used during training) given the overall bitstream
size constraint.

The decoder is identical for the 3 image challenge targets.
It is written in C language and is run on CPU to demonstrate
the portability of the Cool-chic approach on any device.

In order to verify the submission, a subjective evaluation
was organized to compare the proposal with two anchors: the
VTM encoder, the reference implementation of VVC (labeled:
vtm) and Cool-chic optimised using with the mean square error
as distortion (labeled cc_mse).

The 3 testing points are the ones selected for the challenge:
0.075 bpp, 0.15 bpp and 0.3 bpp. The subjective testing
methodology follows the one described above. The results are
reported in figure [4]

Two main conclusions can be derived from this subjective
assessment:

1) Cool-chic optimised using mainly the Wasserstein dis-

tance (labelled cc_perceptual) surpasses significantly the
2 other codecs.

2) The proposed approach provides approximately 50% bit
saving over the legacy Cool-chic when optimised using
the mean square error.

V. CONCLUSION AND FURTHER WORK

The purpose of this challenge submission is to demonstrate
that a lightweight neural decoder can offer a significant im-
provement over the latest compression standard such as VVC.
This neural decoder can be operated on any device and does
not require any particular neural accelerator.

The gap in quality compared to the legacy Cool-chic ap-
proach is obtained through the approach presented in [10]
where the usage of the Wasserstein distance is motivated along
with the addition of a random noise in the latent space. Indeed,
the gains obtained are impressive according to the viewers
involved in the subjective assessment. It is evaluated that the
bit savings is in the order of 50%.

Instead of using a saliency map in the distortion metric
we preferred to study solely the effect of this new distortion
metric. The usage of a saliency map, as suggested in the cited
paper, constitutes an obvious perspective for this work. Also,
the incorporation of the VGG neural network used to derive
the Wasserstein in the training process leads to a significant
increase in the encoding time, being 3 times slower than the
usual mse optimisation. Accelerating the encoding time is also
a dimension of exploration for future developments.
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