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Abstract

Overfitted image codecs like Cool-chic achieve strong com-
pression by tailoring lightweight models to individual im-
ages, but encoding is slow and costly. Non-Overfitted (N-
O) Cool-chic accelerates encoding with a learned inference
model, trading compression performance for speed. We in-
troduce HyperCool, a hypernetwork that generates content-
adaptive parameters for a Cool-chic decoder in a single for-
ward pass, avoiding per-image fine-tuning. Our method re-
duces bitrate by 4.9% over N-O Cool-chic with minimal over-
head and provides a strong initialization for further optimiza-
tion, reducing steps to approach fully overfitted performance.
With fine-tuning, HEVC-level compression is achieved at
60.4% of the cost of fully overfitted Cool-chic. This approach
offers a practical way to accelerate overfitted image codecs
under tight compute budgets.

Introduction

Learned image compression methods can outperform tra-
ditional codecs in rate-distortion (RD) performance, par-
ticularly at low bitrates (Liu, Sun, and Katto 2023; Jiang
et al. 2025). These methods train neural networks end-to-
end to optimize RD metrics, but often impose substan-
tial computational demands. To address the decoding cost,
Cool-chic (Ladune et al. 2023) and the C3 framework (Kim
et al. 2024) introduce a novel approach: instead of relying
on large, fixed, pre-trained models, they overfit lightweight
neural networks to individual images and transmit the net-
work parameters as the compressed representation. This per-
image overfitting yields competitive compression with min-
imal decompression cost, offering a compelling alternative
to autoencoder and diffusion-based schemes, which remain
compute-intensive, particularly at decode time.

Despite its fast decoding, Cool-chic suffers from slow
encoding, requiring iterative optimization of both weights
and latents from scratch per image. To address this, Blard
et al. propose Non-Overfitted (N-O) Cool-chic (Blard et al.
2024), which replaces per-image optimization with an anal-
ysis transform and a universal decoder that produces latents
directly, without iterative rate-distortion optimization. This
yields a substantial encoding speed-up and maintains Cool-
chic’s low decoding complexity. However, it also degrades
compression efficiency, incurring a 56.5% rate increase on
the CLIC2020 dataset.
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Figure 1: BD-rate against encoding complexity when fine-
tuning from different initializations on the CLIC2020
dataset. Numbers next to data points indicate optimization
steps.

This work aims to recover the compression efficiency lost
in N-O Cool-chic while retaining its fast encoding and low
decoding cost. We introduce HyperCool, a new variant of
Cool-chic that restores image-dependent information in the
decoder by employing a hypernetwork to predict decoder
weights conditioned on the input image. HyperCool im-
proves compression performance over N-O Cool-chic while
retaining its fast encoding and maintaining the same low de-
coding cost. On the CLIC2020 dataset, it achieves a 4.9%
BD-rate reduction compared to N-O Cool-chic, narrowing
the gap to fully overfitted methods.

In addition to providing fast and adaptive compression,
HyperCool supports optional fine-tuning of the predicted de-
coder on a single image, effectively using it as a warm start
for full Cool-chic overfitting. This hybrid strategy reaches
HEVC-level compression while requiring only 60.4% of the
original Cool-chic encoding cost and preserving its decoding
efficiency. We also provide a detailed analysis of the trade-
offs between hypernetwork inference, optional per-image
fine-tuning, and the resulting rate—distortion performance.



Original image Feature vector
1.2 4 Synthesis head
nthesis hea -
- 4.3 Y ¢
o
P 2
g —0.1 & Upsampling head &
g .
x
el 0.1 ¢ ARMhead & &
3
Hypernetwork f,

Modulations

< Ay
a # Base parameters w #

_.-'I.Adapted parameters
LT W

v

Decoded image

o
£ 5
hs} =
o} -~ B3
8]
) IS 2
a o 9]
> £ E=l
Q g c
| | _g Q @
c =] ]
N w it
bitstream

Figure 2: Architecture of the proposed HyperCool. The hypernetwork takes an input image and produces weight modulations
for the synthesis, upsampling, and ARM composing a Cool-chic decoder. Only the weight modulations are transmitted.

Related Work and Background
Learned Image Compression

Autoencoder-based learned image codecs (Balle, Laparra,
and Simoncelli 2017; Ballé et al. 2018) work by an encoder
mapping the image x to latents y, which are quantized to y
and entropy-coded. A decoder reconstructs the image from
y. These models are trained end-to-end with a rate-distortion
loss that balances reconstruction quality and bitrate:

L =R(y) + \D(x,%) (1)

where D is a distortion metric (e.g., MSE), R estimates the
bitrate, and \ controls the trade-off.

Overfitted Codecs

Overfitted codecs train a dedicated model per image.
COIN (Dupont et al. 2021) encodes each image as a fully
connected network mapping coordinates to RGB values.
COIN++ (Dupont et al. 2022) introduces a meta-learned
base network shared across images and small per-image
modulations, which are quantized and entropy-coded.
Cool-chic (Ladune et al. 2023) extends these by: (1)
Representing images with hierarchical latent grids y
U1, ---,9n. (2) Using a small synthesis network fy to re-
construct images from upsampled latents. (3) Compress-
ing latents with an image-specific autoregressive entropy
model f, conditioned on causal context. Cool-chic overfits
{¥,0, v} per image by minimizing a rate-distortion loss:

where p,;, is modeled autoregressively:
po(¥) = I] po(Ginlein)- 3)

i,k
Cool-chic offers strong compression with a lightweight de-
coder but, high encoding cost.

Subsequent works improved Cool-chic via refined ar-
chitecture, quantization, and training strategies (Kim et al.
2024; Leguay et al. 2023; Philippe et al. 2024). The Cool-
chic implementation (Orange OpenSource 2025) integrates
these improvements and serves as our starting point.

Reducing Encoding Complexity

Non-Overfitted (N-O) Cool-chic (Blard et al. 2024) speeds
up encoding by removing per-image optimization and learn-
ing: (1) An analysis transform f, that maps images to la-
tents in a single forward pass. (2) A universal upsampling,
synthesis network, and entropy model. The model is trained
end-to-end by minimizing:

min By [AD(x, f5(Ups(fa(x)))) — logpy (fa(x))]. (4

N-O Cool-chic enables fast encoding but loses some com-
pression efficiency relative to fully optimized Cool-chic.

Metalearning methods like MLIIC (Zhang et al. 2025) use
meta-learned initializations to speed up adaptation, but the
code is unreleased and the results unverified.

Method

We propose a hypernetwork-based method that merges N-O
Cool-chic’s efficiency with the adaptability of overfitted de-
coders, reducing encoding time while boosting compression.
Figure 2 illustrates the encoding and decoding process.
Starting from a pretrained N-O Cool-chic base model with
decoder parameters w and an analysis transform f, map-
ping images to latent grids y, we train a hypernetwork f}, to
produce image-conditioned modulation parameters A, :

Aw = fn(x). (5)

As shown in Figure 2, the hypernetwork f; has two com-
ponents: a pretrained ResNet-50 backbone, followed by
separate MLP heads generating modulations for the upsam-
pling, synthesis, and autoregressive entropy modules.

The modulation Ay, is transmitted alongside the latent
representation y. Modulations are encoded like the Cool-
chic neural network parameters: quantized, then entropy-
coded using Exp-Golomb coding. To decode the image, the
image-adapted parameters w, are constructed by adding the
base decoder parameters w and the modulation Aw:

(6)

These image-adapted parameters are then used to compute
the decoded image from the latent representation.

We =W+ Ay



P
= 34 0.0% 0
=)
<32
o 10
30
i Cool-chic 4.0
28 ===
HEVC (HM 16.20) 22.9% 20
2 —@— HyperCool (ours) 24.4%
| =4 - N-O Cool-chic e
30

24+ i T T T T T T
000 025 050 075 100 125 150 175 200
Rate [bpp] ¢

(a) Kodak dataset

BD-rate vs. HM [%]

)
= 344
o
&
a 324
Cool-chic4.0
301
——- HEVC (HM 16.20) 10
28 —®- HyperCool (ours) | 14.4%
! =& = N-O Cool-chic 19.3% 20

0.00 0.25 0.50 0.75 1.00 1.25 1.50
Rate [bpp] { BD-rate vs. HM [%]

(b) CLIC2020 pro validation dataset

Figure 3: HyperCool rate-distortion performance. Results are averaged across the whole test dataset.

At inference, the hypernetwork predicts modulation pa-
rameters. These modulations adapt the decoder to the image,
improving compression. However, transmitting the modula-
tions introduces a small rate overhead. At the encoder side,
it is verified if the modulations improve performance. If not,
they are discarded. This ensures our method never underper-
forms the N-O Cool-chic and often improves upon it.

Results

Training

HyperCool is trained on 500,000 images from the Openlm-
ages dataset (Kuznetsova et al. 2020), using random 256 x
256 patches. The hypernetwork is learned on top of pre-
trained N-O Cool-chic models' using our method. One op-
timization step consists of the encoding and decoding de-
scribed in Section and depicted in Fig. 2.

Only the hypernetwork parameters h are trained i.e., the
backbone and the different MLP heads. All the N-O Cool-
chic parameters remain fixed, including the base decoder pa-
rameters w and analysis transform f. Since the latent is not
optimized, latent quantization remains non-differentiable,
simplifying training. The training loss is the standard rate-
distortion objective, defined in Equation (1). Note that dur-
ing training, the rate term only accounts for the latent rep-
resentation’s bitrate (via the adapted ARM), excluding the
modulation parameters’ rate.

Compression and Encoding Complexity Trade-Off

We evaluated our methods on the Kodak (Eastman Ko-
dak Company 1999) and CLIC2020 professional validation
(CLIC Challenge Organizers 2020) datasets. Kodak contains
24 images at 768 x 512 resolution, while CLIC2020 includes
41 images ranging from 512 x 384 to 2048 x 1370.

Figure 3 shows the rate-distortion performance of Hyper-
Cool compared to the N-O Cool-chic baseline and the origi-
nal overfitted Cool-chic 4.0. Our method improves compres-
sion over N-O Cool-chic on both datasets. Gains are more

'We thank Théophile Blard for training these models.

pronounced at higher bitrates and on larger images, such as
those in CLIC2020.

Table 1: Encoding complexity and BD-rate against HEVC
of the proposed HyperCool compared to N-O Cool-chic.

Complexity [KMAC / pix] | | BD-rate [%] |

Method Analysis Hypernet Total |Kodak CLIC20
N-O Cool-chic 99 / 99 244 19.3
HyperCool 99 24 123 229 144
Cool-chic fast / / 64,000 | -11.8  -16.9
Cool-chic slow / / 450,000 | -16.6  -23.9

Table 1 compares the BD-rates of the proposed Hy-
perCool against HEVC, along with encoding complexity.
It shows that HyperCool improves compression over N-O
Cool-chic, with only a slight increase in encoding cost. We
also compare HyperCool’s encoding complexity to standard
Cool-chic using the fast and slow presets from the official
open-source implementation (Orange OpenSource 2025).
HyperCool is 500 to 3000 times cheaper to encode than fully
overfitted Cool-chic, though at the cost of reduced compres-
sion performance.

Modulations Rate Overhead and Usage

Adapting decoder parameters to the image using modula-
tion parameters A, requires transmitting them, adding rate
overhead. Therefore, modulations are only used if the com-
pression improvement outweighs their signaling cost. This is
determined at the encoder via a simple test, which disables
modulations when counterproductive.

Figure 4 shows the proportion of images using modula-
tions under different rate constraints and datasets. At higher
rates, nearly all images use the hypernetwork modulations,
as more bits are available for parameter signaling. However,
under stricter rate constraints, many images do not use mod-
ulations e.g., only 20 % of the images at the lowest rate
on CLIC2020. This behavior explains the improved perfor-
mance of HyperCool on CLIC2020, where larger images
permit greater use of modulations due to higher bit budgets.
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Figure 4: Usage of the modulation parameters Ay, across
different bitrates.

Table 2: Change in compared to N-O Cool-chic when using
different modulations. Averaged across rates.

Modulations Rate [bpp] | PSNR [dB] 1
ARM Ups Syn | Modulation Latent Total
+0.003  -0.019 0

+0.008  -0.019
+0.005 0 +0.005

Figure 5 illustrates that modulation parameters Ay, are
more compact than the full parameters w,.. We confirm this
by comparing the standard deviations of Aw and w,, com-
puted from a Laplace distribution fitted to the parameters.
Modulations show lower variance, indicating better com-
pressibility with Exp-Golomb coding.

Hypernetwork Ablation Experiments

To assess the contribution of each hypernetwork module, we
start from the full HyperCool model and selectively disable
modulations for different components. Table 2 summarizes
the average change in bitrate and PSNR compared to the
base N-O Cool-chic across rate points. Using only ARM
modulations reduces the latent bitrate without improving
PSNR. In contrast, applying only upsampling and synthe-
sis modulations improves PSNR but increases the total bi-
trate. Combining all modulations yields a bitrate reduction
of 0.011 bpp and a PSNR increase of 0.071 dB. Together,
they improve both compression rate and image quality, with
only a slight increase in modulation bitrate.

HyperCool as an Overfitting Initialization

Standard Cool-chic encodes an image through the overfitting
of the latent representation and decoder parameters, starting
from a random initialization. Both N-O Cool-chic and the
proposed HyperCool provide a strong initial guess for the
latent and decoder parameters, improving initialization for
subsequent overfitting.

Figure 1 compares Cool-chic encoding using three differ-
ent initializations: random, N-O Cool-chic, and HyperCool.
Across all encoding complexities, HyperCool initialization
consistently outperforms N-O Cool-chic, highlighting the
hypernetwork’s effectiveness. Moreover, HyperCool enables
reaching HEVC-level compression 40% faster than random
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Figure 5: Comparison of the standard deviation of image-
adapted and modulation parameters on CLIC2020.

initialization. However, standard Cool-chic with random ini-
tialization achieves better asymptotic performance, suggest-
ing HyperCool may converge to a local minimum.

Limitations and Future Directions

Although our results are positive, there are notable limita-
tions that must be further investigated. The performance ad-
vantage of our hypernetwork is most pronounced at medium
to high bitrates. At low bitrates, the quantization process of-
ten favors excluding the hypernetwork’s output to save on
the additional rate, leading to performance nearly identi-
cal to the underlying N-O Cool-chic model. Additionally,
our approach depends on the quality of the pre-trained N-O
Cool-chic base model, as the hypernetwork only generates
modulation parameters for it.

Future work could explore several directions. Alter-
native hypernetwork architectures may yield further im-
provements. It would be valuable to compare HyperCool
with other meta-learning strategies. For example, COIN++
(Dupont et al. 2022) and MLIIC (Zhang et al. 2025) apply
MAML (Finn, Abbeel, and Levine 2017) to learn a base net-
work for task-wise adaptation. A hybrid method combining
MAML-based adaptable bases with our hypernetwork mod-
ulation could better parametrize the base model, improving
BD-rate while keeping computational cost unchanged.

Conclusion

This work addresses the main drawback of overfitted codecs:
slow encoding that requires per-image optimization. We in-
troduce a novel hypernetwork that builds upon the Non-
Overfitted Cool-chic framework to generate image-adaptive
parameters in a single forward pass. HyperCool improves
compression efficiency without per-image optimization,
providing a step toward practical overfitted codecs.

Our method achieves a 4.9% BD-rate reduction over
the N-O Cool-chic baseline with minimal computational
overhead. Additionally, the hypernetwork output provides
a strong initialization for full Cool-chic decoder optimiza-
tion, reducing the number of fine-tuning steps by 40%. This
makes our approach a practical way to accelerate overfitted
codecs and broaden their range of applications.
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