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Abstract—In this work, we propose Progressive Cool-Chic
(PCC), a scalable overfitted neural image codec that can decode
an image at two different resolutions from a single bitstream.
Experiments show that our method reduces the necessary bitrate
to encode two representations of the same image by up to 31.54%
in terms of BD-rate compared to encoding both representations
independently using Cool-Chic while also decreasing the neces-
sary decoding time. The bitstream is structured in a way that
the low-resolution image can already be decoded, when only a
part of the bitstream has been received. The code is available at
https://github.com/mbenjak/Progressive-CC.

Index Terms—Image compression, low-complexity, neural cod-
ing, overfitting, scalable coding, progressive decoding

I. INTRODUCTION

Most lossy image and video codecs since H.261 and JPEG
[1] are based on the transform coding scheme, in which signals
are encoded by quantization and entropy coding in the trans-
form domain rather than the pixel domain. The aforementioned
codecs, as well as more modern ones such as JPEG XL
[2], HEVC [3], and VVC [4], use linear transformations like
the DCT or DST. However, JPEG 2000 [5] takes a slightly
different approach by using a wavelet transform instead.

Neural image codecs [6]–[9] still follow the transform
coding scheme, but they replace a few modules such as the
transform and entropy model with neural networks. These
neural networks are trained using gradient descent and a rate-
distortion loss function on large and varied image datasets
with the goal of having a single codec that performs well on
many different images. Modern neural codecs such as [10]
outperform VVC in image and video compression. However,
neural codecs require up to one million multiplications per
decoded pixel, making them several orders of magnitude more
complex than conventional codecs.

Dupont et al. [11] introduced COIN, which does not follow
the transform coding scheme. Instead, a lightweight Multi-
Layer Perceptron (MLP) maps the coordinates of a pixel to its
RGB values. To encode an image, the MLP is overfitted to the
pixels of a single image and then quantized and transmitted.
Thus, the image information is encoded in the MLP itself.
This approach has the benefit of requiring orders of magnitude
fewer multiplications per pixel than previous neural image
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Fig. 1: Decoding a bitstream into a high-resolution or low-
resolution image. High-resolution images x̂h are decoded from
all L layers of ŷ, while low-resolution images x̂l are decoded
from the L − 1 lower resolution layers of ŷ. The bitstream
contains ŷ together with the neural network weights and can
be split at the truncation point, if only x̂l is needed.

codecs. However, the compression performance of this scheme
is not on par with that of more computationally complex neural
image codecs.

COIN’s relatively low performance is due to the non-local
nature of the MLP, which means that each MLP parameter
affects every pixel of the image and vice versa. To address this
issue, Ladune et al. introduced Cool-Chic (CC) [12], which
extends COIN with a hierarchical latent representation which
contains most of the information. The latent is entropy en-
coded using an Auto-Regressive Model (ARM). After entropy
decoding, the latent is upsampled such that each upsampled
hierarchical layer of it has the same spatial resolution and is
fed into a neural synthesis network which outputs the RGB
values for each pixel. The entire codec is overfitted to a single
image and the ARM and synthesis network, along with the
latent, are quantized, entropy-encoded and signaled together.
Cool-Chic has been iteratively extended: [13] added adaptive
upsampling and replaced the synthesis MLP with a lightweight
CNN; [14] added several optimization improvements as well
as small architectural changes that led to substantial gains;
[15] added a CPU-only decoder, as well as encoder speed-ups;
and [16] made the adaptive upsampling filter separable and



symmetric, which reduces the complexity and leaves headroom
for more complex filters.

Scalable and progressive methods describe very similar
concepts. Scalable coding describes methods that provide
multiple interdependent representations of the same image or
video, varying for example in spatial or fidelity dimensions.
Progressive decoding describes a mode in which the same
bitstream is decoded in several stages, with each consecutive
stage reconstructing the image in a better quality offering
quality and resolution scalability. Progressive decoding is thus
a special case of scalable coding where all representations are
encoded into a single bitstream.

Scalable image and video codecs [4], [17]–[20] encode the
lowest quality representation using a standard encoder such
as VVC or HEVC. LCEVC [17] encodes higher-resolution
representations differentially by subtracting the upsampled
lower-resolution representation from the input image, followed
by transform coding the resulting residual. Neural scalable
codecs, such as [19], work similarly, but instead of differential
coding, conditional coding is used. SHVC [20] and the multi-
layer mode of VVC [4] exploit dependencies between different
layers by processing reconstructed pictures from one layer as
a reference picture for predictive coding in another layer.

Both JPEG and JPEG XL support progressive decoding,
either by grouping DCT coefficients into spectral bands or
by successively encoding higher-precision AC coefficients [1],
[2]. JPEG 2000 uses a discrete wavelet transform to map the
image to a hierarchical subband representation. The bitstream
is structured so that each subband can be reconstructed con-
secutively, providing an inherent progressive decoding mode.
Both JPEG and JPEG 2000 can structure the bitstream in a
way, that the lowest quality representations are signaled first,
enabling lower quality decoding before the whole bitstream is
transmitted.

Progressive decoding has many applications including gen-
erating thumbnails for photo galleries, decoding satellite im-
ages at multiple resolutions, and broadcasting of videos at
multiple resolutions. Compared to independently encoding
different representations, progressive decoding offers lower
total bitrates.

In this work, we extend Cool-Chic with a novel progressive
decoding mode that we refer to as Progressive Cool-Chic
(PCC). Our decoder can decode the same bitstream at two
different spatial resolutions, with a fixed scale factor of two be-
tween them. The benefit of PCC is that it reduces the necessary
bitrate compared to encoding both resolutions independently.
An interesting side effect of our method is that the decoding
time is reduced for both spatial resolutions compared to the
original Cool-Chic. Similar to JPEG 2000, the bitstream is
arranged in such a way, that the low-resolution image can
already be decoded once the first part of the bitstream has
been received.

II. PROGRESSIVE DECODING METHOD

Our codec can encode an image so that both a low-
resolution representation and a high-resolution representation
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Fig. 2: BD-rates between PCC high-res and CC high-res +
low-res over different α (a). Percentage of skip coded latent
elements over bitrate (b).

can be decoded from the same bitstream. The high-resolution
representation has the same resolution as the original image,
while the resolution of the low-resolution representation is
reduced by a scaling factor of two. The decoder can decide
which representations to decode. The decoding pipeline for
low- and high-resolution images is shown in Fig. 1.

The information for the low-resolution and high-resolution
images is mainly encoded in the L-layer latent pyramid
ŷ0,··· ,L−1 = {ŷi ∈ ZH/2i×W/2i , i = 0, · · · , L−1}. The neural
network parameters ϕ, υ, θ, and ψ are overfitted to the single
image they can decode and thus contain some information
about the image as well.

The decoding process for high-resolution images is identical
to [16]: First, ŷ0,··· ,L−1 is entropy decoded using the ARM
fϕ which iterates over all elements of each layer in ŷ0,··· ,L−1

and considers the neighbors of the currently decoded element
to model the probability distribution of the current element.
Then, the latent pyramid ŷ0,··· ,L−1 is upsampled into a tensor
of shape L×H×W using fψ . This is followed by the synthesis
fθ, resulting in the reconstructed image

x̂h = fθ(fψ(ŷ0,··· ,L−1)). (1)

To reconstruct the low-resolution image, the highest-
resolution layer of ŷ0,··· ,L−1 is discarded. Only ŷ1,··· ,L−1 is
entropy decoded using the ARM fϕ resulting in L−1 decoded
layers. Then, the latent pyramid ŷ1,··· ,L−1 is upsampled using
fυ and summed up to a (L−1)×H/2×W/2 tensor. Finally,
the synthesis fθ is applied to this tensor, resulting in the
reconstructed image

x̂l = fθ(fυ(ŷ1,··· ,L−1)). (2)

Note that both the ARM fϕ and synthesis fθ use the same
parameters for high and low-resolution images. The upsam-
plers fυ and fψ have the same architecture, but use different
parameters.

Typically, using the same synthesis for both high- and low-
resolution images would not be possible since the input tensor
to the synthesis has L channels for high- and L−1 channels for
low-resolution images. To mitigate this problem, the weights
of the first layer of fθ, that would be multiplied with the
missing channel, are skipped for low-resolution images. The
other layers of fθ are computed the same way for high- and
low-resolution images.



The bitstream consists of two parts. The first part is suffi-
cient to decode the low-resolution image x̂l and consists of
picture headers, the neural network parameters ϕ, υ and θ
followed by the low-resolution part ŷ1,··· ,L−1 of the latent
pyramid. Together with the first part, the second part of the
bitstream can be used to decode the high-resolution image
x̂h. It consists of the upsampler parameters ψ followed by the
highest-resolution layer ŷ0 of the latent pyramid. All weights
and biases for the neural networks used in the decoding
process are signaled.

III. ENCODING METHOD

An image xh is encoded by learning both the latents
ŷ0,··· ,L−1 and the neural network parameters ϕ, υ, θ, ψ by
minimizing the loss function L:

ŷ∗0,··· ,L−1, ϕ
∗, υ∗, θ∗, ψ∗ = argmin

ϕ,υ,θ,ψ,ŷ0,··· ,L−1

L. (3)

Note that the minimization is performed only on one image
xh, thus the neural networks and latents are overfitted to this
image. The loss function

L = (1− α)D(xh, x̂h) + αD(xl, x̂l) + λR(ŷ0,··· ,L−1) (4)

describes a typical rate-distortion loss function where the
Lagrange multiplier λ balances the rate R and the MSE
distortion D. The weighting factor α controls the trade-off
between low- and high-resolution image quality. The low-
resolution target image xl is obtained by downsampling xh
by a factor of two using a Lanczos filter.

The latents are quantized by rounding to the nearest integer.
However, since the quantization operation is not differentiable,
we use the method proposed in [14] to obtain a differentiable
proxy for the quantization.

After the latents and parameters are overfitted, the neural
network parameters are quantized and entropy coded. The
quantized latents ŷ0,··· ,L−1 are entropy coded adaptively using
the ARM fϕ. All-zero latent layers are signaled using a flag
and skipped during entropy encoding. As in [21], the latent
layers are divided into blocks of size 16×16 or 32×32 during
entropy encoding. If all of the values in a block are the same,
only a single value is signaled for the entire block.

IV. EVALUATION

In this chapter, the evaluation methodology is described and
the results are discussed.

A. Experiment Setting

Our Progressive Cool-Chic (PCC) produces a bitstream that
can be decoded at high- and low-resolutions. Cool-Chic (CC)
[16] encodes only one resolution, thus we compare PCC with
three different variations of CC: CC high-res, CC low-res and
CC high-res + low-res. CC high-res is the regular version of
CC that directly encodes an image. CC low-res downsamples
the image by a factor of two using a Lanczos filter and then
encodes the downsampled image. For CC high-res + low-
res, we encode an image using CC in both high- and low-
resolutions, thus requiring the sum of both bitrates. The two
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ŷ0

High-res
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Fig. 3: Example images encoded at two different bitrates with
our PCC codec for α = 0.4 tested on kodim19 from [22].
High-resolution images are shown reconstructed only from the
highest resolution layer ŷ0, low-resolution layers ŷ1,··· ,L−1,
and from all layers ŷ0,··· ,L−1 of the latent pyramid.
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Fig. 4: Bitrate allocation between highest resolution layer and
low-resolution layers of the latent pyramid for different total
bitrates for our PCC codec at α = 0.4 on Kodak [22].

decoder output resolutions of PCC are referred to as PCC
high-res and PCC low-res.

CC high-res and PCC are encoded with
λ ∈ 0.0001, 0.0004, 0.001, 0.004, 0.02 using the slowest
preset and the highest decoder operating point at 1430 MAC
per pixel. CC low-res is encoded with 77 different λ values
ranging from 2 × 10−5 to 0.03. CC high-res + low-res is a
virtual setting that uses the PSNR values from CC high-res
and the summed up bitrates from CC high-res and CC
low-res. To enable a fair comparison with PCC, CC low-res
is PSNR-matched to PCC low-res.

PCC high-res is a configuration that uses the PSNR of the
high-resolution image x̂h together with the full bitrate. PCC
low-res uses the PSNR of the low-resolution image x̂l together
with the low-resolution part of the bitrate which is measured
from the beginning of the bitstream until the truncation point
(see Fig. 1).

All PSNR values are computed by comparison to original
full-resolution images. Low-resolution images are Lanczos
upsampled prior to the PSNR calculation. All bitrates for high-
and low-resolution images are measured in bit per pixel (bpp)
based on the full image resolution. By this, all PSNR and bpp
values are comparable to each other.

We have extended the existing C++ implementation of the
Cool-Chic decoder to support PCC bitstreams. PSNR values
and decoding times are measured using the C++ implementa-
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Fig. 5: PSNR and decoding time for our method Progressive Cool-Chic (PCC) and Cool-Chic (CC) in high and low-resolution.
CC high-res + low-res combines the PSNR from CC high-res and the bitrate from both CC low-res and CC high-res. The
weighting factor α is set to 0.4 for Kodak and 0.3 for CLIC 2020.

tion with the decoding time being averaged over ten runs on
an Intel i9-9900K CPU @ 3.60GHz. The datasets used for our
experiments are Kodak [22] and CLIC 2020 evaluation [23].

B. Bitrate Allocation

The focus of the encoder and by that the bitrate allocation
between high- and low-resolution can be controlled using α ∈
[0, 1]. As Fig. 2(a) shows, the smallest BD-rate between PCC
high-res and CC high-res + low-res is achieved at α = 0.4
for Kodak and α = 0.3 for CLIC 2020.

Fig 3 shows images encoded with PCC at two different
bitrates. It is visible that the highest resolution layer ŷ0 stores
high-frequency information, such as edges, while the other
layers ŷ1,··· ,L−1 contain low-frequency information. As the
bitrate increases, more information is stored in ŷ0. The same
behavior can be observed in Fig. 4.

C. Rate-Distortion Performance and Decoding Time

Fig 5 shows rate-distortion (RD) curves evaluated on Kodak
and CLIC 2020 at their corresponding optimal α settings. The
RD curve of PCC high-res consistently falls between CC high-
res and CC high-res + low-res. Thus, PCC is better than
encoding both resolutions in separate Cool-Chic bitstreams,
but worse than encoding a single resolution using Cool-Chic.
Table I lists the corresponding BD-rates.

TABLE I: BD-rates and decoding times of our method PCC
vs. CC with α = 0.4 for Kodak and α = 0.3 for CLIC 2020.
Negative values indicate better performance for PCC.

Dataset
PCC high-res vs.

CC high-res + low-res
PCC high-res vs.

CC high-res
PCC low-res vs.

CC low-res
BD-rate Dec. time BD-rate Dec. time BD-rate Dec. time

Kodak [22] -31.54% -6.15% 10.41% -6.15% 11.96% -2.83%
CLIC 2020 [23] -28.33% -5.44% 6.80% -5.44% 54.21% -3.66%

PCC low-res requires higher bitrates than CC low-res at the
same quality. This makes sense since minimizing equation (4)
aims to minimize the overall bitrate and does not enforce a
small bitrate for the low-resolution latents ŷ1,··· ,L−1.

Fig 5 and Table I show that our PCC has a lower decoding
time than CC on low-resolution images. This is to be expected,

since PCC low-res decodes only 6 latent pyramid layers, while
CC low-res decodes all 7. Unexpectedly, however, PCC high-
res also has a lower decoding time than CC high-res, even
though the decoding process is identical for both. The reason
is that the highest-resolution latent pyramid layer ŷ0 of PCC
high-res contains only sparse high-frequency information, in-
creasing the number of latent elements that are skipped during
entropy encoding and decoding (see Fig. 2(b)). The average
entropy decoding time is 14.69% lower for PCC high-res than
for CC high-res.

D. Ablation

The three neural networks within the decoder can use shared
or separate weights for high- and low-resolution images.
The most efficient setting is to share the weights of the
ARM and synthesis modules, while using separate upsampler
weights (see Table II). Signaling the weights for the ARM and
synthesis modules twice incurs a cost greater than that which
separate modules for high- and low-resolutions can offset.

TABLE II: BD-rates for all combinations of shared model
weights evaluated on Kodak [22] with α = 0.4.

Shared Weights
ARM Upsample Synthesis BD-rate

✓ ✗ ✓ -31.54
✓ ✓ ✓ -31.15
✗ ✗ ✓ -30.80
✓ ✗ ✗ -30.77
✗ ✓ ✓ -30.55
✓ ✓ ✗ -30.42
✗ ✗ ✗ -30.06
✗ ✓ ✗ -29.92

V. CONCLUSION

In this paper, we propose a progressive decoding mode
for Cool-Chic that allows the decoder to decode the same
image at two different spatial resolutions. This reduces the
total bitrate by up to 31.54% in terms of BD-rate compared
to encoding two independent bitstreams. The new architecture
has the added benefit of reducing the decoding time for both
low-resolution and high-resolution images.
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