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Abstract

Learned image lossy compression techniques have surpassed
traditional methods in both subjective vision and quantita-
tive evaluation. However, current models are only applicable
to three-channel image formats, limiting their practical ap-
plication due to the diversity and complexity of image for-
mats. We propose a high-performance learned image com-
pression model for general image formats. We first introduce
a transfer method to unify any-channel image formats, en-
hancing the applicability of neural networks. This method’s
effectiveness is demonstrated through image information en-
tropy and image homomorphism theory. Then, we introduce
an adaptive attention residual block into the entropy model to
give it better generalization ability. Meanwhile, we propose
an evenly grouped cross-channel context module for progres-
sive preview image decoding. Experimental results demon-
strate that our method achieves state-of-the-art (SOTA) in the
field of learned image compression in terms of PSNR and
MS-SSIM. This work extends the applicability of learned im-
age compression techniques to more practical production en-
vironments.

Introduction
In recent years, image compression technology has ad-
vanced rapidly. Subjective visual and quantified indica-
tors such as PSNR (Gonzales and Wintz 1987) and MS-
SSIM (Wang, Simoncelli, and Bovik 2003) have surpassed
existing hand-crafted algorithms like JPEG (Pennebaker
and Mitchell 1992) and VTM (Wien and Bross 2020),
etc. Learned image compression also outperforms these
algorithms in terms of rate-distortion (RD) performance
at the same decoding quality. On one hand, traditional
hand-crafted image compression algorithms typically sup-
port three-channel (RGB), one-channel (grayscale), or four-
channel (RGBA) images, etc. On the other hand, exist-
ing learned image compression methods (Ballé et al. 2018;
Cheng et al. 2020; He et al. 2021, 2022; Gao et al. 2022;
Xu et al. 2022; Lieberman et al. 2023; Lee, Jeong, and Kim
2022; Ali et al. 2024) only model quantization for three-
channel images and cannot be extended to multi-channel im-
ages in general format, such as grayscale images or medical
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Figure 1: Improvement in RD performance by the one-
channel and AARB schemes compared to the baseline
model (He et al. 2022).

tomography images. Expanding the model’s applicability to
general image format compression and progressive decod-
ing is necessary for the practical application of learned im-
age compression techniques.

Significant advancements have occurred in learned im-
age compression, particularly regarding encoding and de-
coding performance. For example, (He et al. 2021) intro-
duced a novel context encoding scheme based on a checker-
board, which enabled parallel computation in autoregres-
sive context encoding and significantly enhanced encod-
ing efficiency. (Minnen and Singh 2020) proposed a chan-
nel context coding scheme with even grouping, substan-
tially improving the decoding process’s efficiency. (He et al.
2022) presented an unevenly grouped channel context en-
coding scheme, further improving decoding efficiency and
introducing a new preview image decoding scheme. Despite
these advancements, extending the learned image compres-
sion technique to a general image format for better RD per-
formance remains challenging. Our research is driven by the
need to use this technique to process any image format and
improve RD performance without compromising en/decode
speed.
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We find that by converting the image (regardless of the
number of channels) into a one-channel two-dimensional
matrix and combining it with an adaptive attention residual
block (AARB). It can effectively avoid the negative effects
caused by channel correlation and improve the homogeneity
index of the potential representation, which in turn improves
the RD performance, as Figure 1.

In this paper, we contribute to this learned image com-
pression field in the following ways:
• We propose a General Format Learned Image Compres-

sion (GLIC) model. It can unify any image format into
a general format for general image compression. It ob-
tains better RD performance than existing models across
multiple datasets.

• We improve an Adaptive Attention Residual Block
(AARB). It extracts the high-level and overall seman-
tic information of an image separately, and obtains their
weights adaptively to make the model more applicable.

• We propose an evenly grouped Cross-Channel Context
(CCCT) module. It priority analyzes the overall informa-
tion of the image, and then gradually decodes the com-
plete image information to achieve fast and high-quality
progressive image decoding.

Related Works
Traditional hand-crafted image compression algorithms are
vital for Internet applications. However, with the growing
demand for massive data storage across various industries,
these traditional methods struggle to meet future needs. Re-
searchers are exploring ways to improve image compres-
sion efficiency using neural network techniques. One of the
earliest techniques combines the Variational Auto Encoding
model (VAE) with the Image Entropy Coding, proving the
feasibility of neural network in image compression. The sub-
sequent introduction of the Hyperprior model, the Autore-
gressive context module, and the Parallel context module has
further improved the rate-distortion performance and co/de-
code speed of learned image compression, making it more
suitable for practical applications.

Basic model
Learned lossy image compression (Ballé et al. 2018; Cheng
et al. 2020; He et al. 2021, 2022; Mentzer et al. 2018; Min-
nen, Ballé, and Toderici 2018; Minnen and Singh 2020;
Ballé, Laparra, and Simoncelli 2016; Yang and Mandt 2024;
Li et al. 2024; Liu, Sun, and Katto 2023) is an end-to-end op-
timization technique that combines transform coding (Goyal
2001; Ballé et al. 2020) and entropy coding techniques (Ris-
sanen and Langdon 1981; Martin 1979; Van Leeuwen 1976),
its optimization objective requires a trade-off between rate-
distortion and image distortion:

L = R(ŷ) + λ ·D(x, gs(ŷ)) =

Ex∼px [− log2 pŷ|ẑ(ŷ|ẑ)− log2 pẑ(ẑ)]

+ λ · Ex∼px
[d(x, x̂)] (1)

where R is the rate term, D is the distortion term, and λ is the
Lagrange Multiplier Hyperparameter, which is used to con-
trol the distortion trade-off. As Figure 2a, x = {x1, x2, x3}

is the original image, x1, x2 and x3 are the three channels
of a RGB image. x̂ = {x̂1, x̂2, x̂3} is the decoded image.
y is the latent representation before quantization, and ŷ are
discrete symbols that need to be persistently saved after en-
tropy encoding. ŷ = ⌈ga(x)⌋ is a quantization of the la-
tent representation obtained by the image analysis transform
y = ga(x), ⌈ · ⌋ is a quantitative operation. x̂ = gs(ŷ) in-
dicates that a decoded image is obtained by image synthesis
transform from the quantization result. U |Q are quantiza-
tion and entropy coding operations. During training, quan-
tization is emulated using uniform noise U

(
− 1

2 ,
1
2

)
to pro-

duce noisy codes ỹ. In the en/decode stage, U |Q denotes the
actual round quantization responsible for generating ŷ.

Hyperprior and Context model
(Ballé et al. 2018) posit that the elements of ŷ exhibit a sig-
nificant spatial scale dependence. To encapsulate this spatial
dependence, they introduce an additional set of random vari-
ables, denoted as z̃ in Figure 2b. ŷ is modeled as a Gaussian
distribution with zero-mean and a standard deviation of σ.
This standard deviation is predicted by applying the para-
metric transformation hs to z̃. The compressed hyperprior
could be added as edge information to the bitstream in per-
sistent storage, which allows the synthesizer to use the con-
ditional entropy model.

(Minnen, Ballé, and Toderici 2018), based on the work
of (Ballé et al. 2018), joint the mean-scale hyperprior and
added an autoregressive context module, denoted as Cm

in Figure 2c. Although the autoregressive context model
achieves better RD performance by correlating the currently
decoded symbols with the already decoded symbols, its in-
ability to perform parallel computation greatly affects the
en/decode speed. Its usual coding and decoding time for a
image reaches an intolerable number of seconds. Therefore,
solving the parallelism problem of the context model be-
comes the key to improve the efficiency.

Parallel context model
(He et al. 2021) proposes to separate symbols (ŷ =
{ŷ1, ..., ŷh×w}) as anchors and non-anchors (Eq 2) and
implements parallel decoding of anchors and non-anchors
using a checkerboard space context convolution Φsp,i =
gsp(ŷ<i), ŷ<i = {ŷ1, ..., ŷi−1}.

ŷ
(anchor)
<i = ∅, ŷ

(nonanc)
<i = ŷ(anchor) (2)

(Minnen and Singh 2020) proposed a channel-wise con-
text model. In this model, symbols (ŷ) are unevenly split into
K chunks, as Figure 2d, and then all chunks are processed
sequentially through autoregressive context decoding. Ex-
cept for the first chunk, subsequent context decoding utilizes
information from the already decoded channel chunks:

Φ
(k)
ch = g

(k)
ch (ŷ<k) (3)

where, ŷ<k = {ŷ(1), ..., ŷ(k−1)} represents the chunks that
have already been decoded. They set K = {2, 3, 4, 5, 8, 10}
and confirmed through experimentation that larger K exhibit
better RD performance, but with a corresponding decrease in
decoding speed.
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(a) Base (b) Hyperprior (c) Joint (d) Channel context

Figure 2: Learning image compression frameworks.

(He et al. 2022) proposed an unevenly grouped channel
context model. They found that in the channel-wise con-
text model (Minnen and Singh 2020), which is split into 10
groups, the feature maps with higher information entropy
are distributed in the top channels, so they grouped them un-
evenly by K = 5, G = {16, 16, 32, 64, 192}. Each group
is decoded separately using checkerboard context. Based on
this, they propose a thumbnail synthesizer that decodes the
first 128 channels to generate preview images.

Methods
The information entropy and homomorphism of the inter-
mediate feature maps of neural network have an significant
impact on the performance of image entropy coding. We find
that the information entropy is similar for one-channel and
multi-channel images after coding. However, the homomor-
phism of latent features is reduced due to inter-channel in-
teractions in multi-channel images compared to one-channel
images. We conjecture that multi-channel image compres-
sion mode is unfavorable for image entropy coding. There-
fore, we propose a general format learned image compres-
sion model and accompanying modules.

One-channel learned image compression
Existing learned image compression techniques are mod-
eling end-to-end rate distortion on three-channel input im-
ages. We try to transform an arbitrary channel image into
a one-channel image by performing a tiling operation, and
then perform entropy modeling. For instance, for a three-
channel RGB image, we vertically stitched the input image
(3, H,W ) into a one-channel image of (1, 3 × H,W ) and
fed it to the encoder ga.

Generally, when the U |Q module quantizes and entropy
encodes y, the feature map size (3 × h,w) obtained from
the one-channel model via ga is much larger than the feature
map size (h,w) of the three-channel model. We further
calculate the Image Information Entropy (Eq 4) and Homo-
geneity Index (Eq 5) of y for both schemes.

H(X) = −
∑
i=0

p(xi) log2 p(xi) (4)

where p(xi) denotes the probability of the i-th gray level in
the image, obtained from the image histogram. Image infor-
mation entropy , quantifies the complexity of an image based
on its gray level or color distribution. High entropy images
are rich in details and textures, whereas low entropy ones

Figure 3: Information entropy and homogeneity. The re-
sults come from existing learned image compression mod-
els: Ballé2018 (Ballé et al. 2018), Cheng2020 (Cheng et al.
2020), He2022 (He et al. 2022), Minnen2018 (Minnen,
Ballé, and Toderici 2018) and our proposed GLIC model.
The results are run in kodim11 (Eastman Kodak Company
1999) and the similar experimental results are obtained in
other images.

tend to be more uniform.

fhomogeneity =
∑
i,j

P (i, j)

1 + (i− j)2
(5)

where P (i, j) is the value of the Gray Level Co-occurrence
Matrix (Haralick, Shanmugam, and Dinstein 1973) for the
i-th row and j-th column, which represents the probability
that a pixel with gray level i and a neighboring pixel with
gray level j co-occur in the image. The homogeneity index
is a metric used to measure the local consistency within an
image. A higher homogeneity index indicates a more uni-
form texture.

Entropy coding compresses image by assigning shorter
codes to frequently occurring symbols. Image information
entropy provides a theoretical lower bound for information
storage. Image entropy coding attempts to approach this
lower bound through coding techniques to achieve efficient
image compression.

Our experiments, as Figure 3, indicate that the one-
channel model maintains the theoretical efficiency of en-

10817



Figure 4: Information entropy distribution. This result is the
Information Entropy Distribution of the M = 320 output
feature maps obtained by ga in kodim11. We obtained simi-
lar results for other images.

Figure 5: Cross-channel context.

tropy coding, even with enlarged feature maps. However,
analyzing the average homogeneity index of the output fea-
ture maps of ga, the one-channel model preserves the dis-
tribution of approximate pixels (i.e., less noise, more homo-
geneous texture, and more continuous gray scale variation)
more efficiently. This is attributed to multi-channel inputs
altering the original pixel distribution during convolution. In
contrast, a dense distribution of identical pixels is more fa-
vorable for image entropy coding. Thus, the approach aligns
better with entropy coding principles, ensuring closeness to
its theoretical efficiency.

Cross-channel context module
Module design We visualize the information entropy dis-
tribution of the output feature maps of the one-channel syn-
thesizer ga, as Figure 4. After splitting all the feature maps
into 8 groups in index order, we statistic all the informa-
tion entropy and find that the mean value of each group is
quite close to each other. (He et al. 2022) confirmed that
the feature map information entropy of the multi-channel
image compression model exhibits an uneven distribution,
and proposed to decode the first 4 chunks (128 channels) for
progressive preview image decoding. Obviously, the one-
channel learned image compression model is more suitable

Figure 6: Progressive image decoding.

Figure 7: Adaptive attention residual block.

for the evenly divided channel method.

Based this analysis, we propose an evenly grouped cross-
channel context (CCCT) Module, as Figure 5. The method
is able to quickly obtain the global information of the
image and then decode the complete information step by
step. Specifically, evenly split the M = 320 channels
of ŷ into K = 8 chunks with 40 channels each, then
sort the odd-indexed chunks in front of the even-indexed
ones: ŷ(Split) = {ŷ(1), ŷ(3), ŷ(5), ŷ(7), ŷ(2), ŷ(4), ŷ(6), ŷ(8)},
ŷ<k = {ŷ(1), ŷ(3), ŷ(5), ..., ŷ(k−1)}. Then, we adopt (He
et al. 2022) similar combining methodology, using checker-
board spatial context g(k)sp (He et al. 2021) to obtain spatial
redundancy Φ

(k)
sp,i for the k-th chunk, and the channel con-

text g(k)ch is used to obtain the channel redundancy Φ
(k)
ch for

the channel chunks that have been decoded ŷ<k. Further, the
hyperprior parameter fusion module P (k)

ch,sp,hyper is used for

Φ
(k)
ch , Φ(k)

sp,i and hyperprior information Ψ, in order to obtain

the gaussian conditioning parameter Θ(k)
i = (µ

(k)
i , σ

2(k)
i ).

Finally, uniform noise U(− 1
2 ,

1
2 )) is added to ŷk (an alter-

native quantization operation (Ballé et al. 2018)) and entropy
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Figure 8: Network architecture. The Reconstruction Split and Concat (SC/RSC) module is used to split and reorganize images
of any format into one-channel matrices (and inverse operations). The Q is a quantization operation (the training process is
replaced by the addition of uniform noise). AE/AD is an arithmetic en/decode operation.

coding is performed using Θ
(k)
i :

p
ŷ
(k)
i |Θ(k)

i
(ŷ

(k)
i |Φ(k)

ch ,Φ
(k)
sp,i,Ψ)

= (N(µ
(k)
i , σ

2(k)
i ) ∗ U(−1

2
,
1

2
))(ŷ

(k)
i ) (6)

Progressive image preview High-quality and fast pro-
gressive decoding is an important application of image com-
pression techniques. In applications such as file previews,
file thumbnails, and web image thumbnails, where only a
low quality preview image needs to be displayed, there is a
high demand for image decoding speed.

Based on the cross-channel context model, we propose a
progressive image decoding technique: construct 8 levels of
image synthesizer g(1,2,3,4,5,6,7,8)s , where gks is used to de-
code ŷ<(k+1), i.e., to decode the information of k×40 chan-
nels. Specially, g(8)s is performed for decoding the complete
image information. When g

(8)
s decodes the image, experi-

ments confirm that the CCCT and the channel-wise context
module achieve the same performance. However, further ex-
periments confirm that the CCCT has better progressive pre-
view (g(<8)

s ) image decoding performance than the channel-
wise context module. As Figure 6, the potential representa-
tion ŷ is divided into 8 groups, and when the k-th level of
preview decoding is performed, g{k}ch and g

{k}
sp are used first

to obtain the channel and spatial context information for the
k chunks. Then preview decoding is performed using g

{k}
s

to get the preview image.
Our experiments also confirm that prioritizing the de-

coding of even-channel blocks before odd-channel blocks
achieves the same model performance. This paper focuses
on a more intuitive implementation.

Adaptive Attention Residual Block
(Cheng et al. 2020) proposed that the Residual Attention
Block (RAB) can effectively improve the RD performance.
This module has significant effect on high-level semantic

information, however, when multiple Residual Bottleneck
Block (RBs) stacks model the overall probability distribu-
tion of an image, the RAB needs to extract the high-level
semantic information while keeping the low-level semantic
information intact, regardless of the importance of these se-
mantic information.

Inspired by the image super-resolution net AAN (Chen,
Gu, and Zhang 2021), we combine the Attention in Atten-
tion Block (AAB) (Chen, Gu, and Zhang 2021) and the
RAB (Cheng et al. 2020) to propose an Adaptive Atten-
tion Residual Block (AARB) module that adaptively distin-
guishes the importance of semantic information, as Figure 7.
The AARB module separates the Attention module and lets
it focus on extracting high-level semantic information. The
Non-Attention module is utilized to retain the overall se-
mantic information. At last, the importance of the two kinds
of semantic information is decided adaptively. Dynamic At-
tention Module is used to adaptively assign the importance
of different levels of semantic information. Softmax module
outputs two weight parameters, wnon + watt = 1.

Analyzer ga Synthesizer g(k)s

input:1 channel input:k × 40 channel
output:320 channel output:1 channel
Conv 5 × 5, s2, N AARB, k × 40
ResBottleneck × 3 TConv 5 × 5, s2, k × 24
Conv 5 × 5, s2, N ResBottleneck × 3
ResBottleneck × 3 TConv 5 × 5, s2, k × 24

AARB, N AARB, k × 24
Conv 5 × 5, s2, N ResBottleneck × 3
ResBottleneck × 3 TConv 5 × 5, s2, k × 24
Conv 5 × 5, s2, M ResBottleneck × 3

AARB, M TConv 5 × 5, s2, 1

Table 1: Network details. k ∈ {1, 2, 3, 4, 5, 6, 7, 8}
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Hyperprior analyzer ha Hyperprior synthesizer hs

input:320 channel input:192 channel
output:192 channel output:640 channel
Conv 3 × 3, s1, N TConv 5 × 5, s2, N

ReLu ReLu
Conv 5 × 5, s2, N TConv 5 × 5, s2, N × 1.5

ReLu ReLu
Conv 5 × 5, s2, N TConv 3 × 3, s1, M × 2

Table 2: Hyperprior network details.

Architecture
Our proposed methods are all integrated in the GLIC model
as Figure 8. Through the SC/RSC module with an improved
network channel connection structure, our method is able to
adapt to image compression tasks in any format. The CCCT
module successfully achieves efficient parallel computation
by decoding the reorganized symbols ŷ step by step. Based
on the priority of cross-channel decoding to obtain the over-
all semantic information, according to the practical applica-
tion requirements, the progressive image decoding can be
achieved using the preview image synthesiser g(<8)

s , which
is extremely fast in preview image decoding, however, its
decoding quality is only slightly lower than the complete
decoding. The difference between g

(<8)
s compared to g

(8)
s

is only in the width of the network, the size of the output
preview image is the same as the size of the original image.

Experiments
Comprehensive experiments are conducted in order to
demonstrate the superiority of GLIC in the following as-
pects: the RD performance, the effectiveness of arbitrary for-
mat image compression applications, the reliability of pro-
gressive decoding, and the validity of subjective visual judg-
ment. In addition, to verify the effectiveness of the proposed
one-channel scheme, the AARB module, and the CCCT
module, we perform ablation studies.

Code — https://github.com/DuBianJun-007/GLIC-
General-Format-Learned-Image-Compression

Model design details
Figure 8 gives a graphical representation of the GLIC net-
work architecture. Table 1 and Table 2 give the detailed con-
figuration of the network. We use N = 192 and M = 320 to
denote the number of intermediate channels in the network.
The input and output channels become one-channel tensor
(1×H ×W ).

Figure 8 gives the Reconstruction Split and Concat
(SC/RSC) module, which is an image preprocessing oper-
ation in which the SC module tiles an arbitrary channel im-
age (C,H,W ) to obtain a one-channel image matrix, which
can have the shape (1, C × H,W ) or (1, H,C × W ) or
(1, C1 ×H,C2 ×W ), where C1 × C2 = C. The SC mod-
ule needs to save the shape parameters of the original im-
age after the image preprocessing is completed for the RSC

module to reorganize the decoded image to be restored to
the original image format.

Our code examples uploaded on GitHub give the above
three preprocessing implementation schemes. In practical
application scenarios, arbitrary reducible image flattening
operations can be performed according to different applica-
tion requirements.

Implementation details
During model training, we use a subset of the ImageNet
dataset (Deng et al. 2009), including 14,206 images for
training and 3,465 images for testing. These images require
preprocessing operations to unify the format into a one-
channel image as training input. We use the Mean Square
Error (MSE) as the distortion term for optimization. The op-
timizer we employ is Adam (Kingma and Ba 2014). The
hyperparameter λ is set to these values: {0.002, 0.0042,
0.0075, 0.015, 0.03, 0.045, 0.07, 0.09}. Using a learning rate
of 1×10−4 and batch size=16, the main network is trained
for 100 epochs. Subsequently, 2000 epochs of fine-tuning
with a learning rate of 1× 10−5 ensure its convergence.

After the above training, all parameters of the main net-
work are frozen, only the gradient of g(<8)

s is turned on, and
independent training is performed using a learning rate of
1×10−5. Each preview synthesizer requires 2000 epochs,the
lower the preview level,the more training time is required.

Data set Channel BPP PSNR MS-SSIM (dB)
LUNA16 Multi-C 1.05 41.43 25.58
MURA 1 0.41 44.79 25.91

Bluetooth 1 3.34 37.75 22.79

Table 3: Multi-channel image compression. The number of
image channels in the LUNA16 dataset varies from tens to
hundreds. The MURA dataset consists of one-channel im-
ages. The Bluetooth dataset is derived from spectral I/Q data
and is also one-channel.

Rate-distortion performance
As Figure 9, we validated the BPP-PSNR and BPP-MS-
SSIM (dB) of the GLIC model in the Kodak (Eastman Ko-
dak Company 1999), with MS-SSIM converted to decibel
representation (−10log10(1 −MS-SSIM)). We benchmark
GLIC with popular learned image compression models and
hand-crafted image compression algorithms. A portion of
the experimental data came from CompressAI (Bégaint et al.
2020). Experimental results indicate that GLIC outperforms
existing models in terms of RD performance. This further
affirms that the one-channel model preserves the homomor-
phism of image information more efficiently than the multi-
channel model. Additionally, the information entropy of the
intermediate feature maps remains unchanged after flatten-
ing the image into a large one-channel image.

Preview synthesizer
Each model derived from different λ has 8 synthesizers
g
{1,2,3,4,5,6,7,8}
s . These synthesizers are responsible for de-
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Figure 9: Rate distortion performance. The results are derived from various image compression methods: Ballé2018 (Ballé
et al. 2018), Minnen2018 (Minnen, Ballé, and Toderici 2018), Cheng2020 (Cheng et al. 2020), He2022 (He et al. 2022),
MLIC+ (Jiang et al. 2023), CTC (Jeon et al. 2023), Lee (Lee et al. 2022), Jhonston (Johnston et al. 2018), Liu2023 (Liu, Sun,
and Katto 2023), JPEG (Pennebaker and Mitchell 1992), VTM (Wien and Bross 2020), WebP (Pintus et al. 2012), JPEG2000
(Taubman and Marcellin 2002), BPG (Bellard 2015), AV1 (Norkin et al. 2022) and our proposed GLIC model.

Figure 10: Progressive image decoding on Kodak.

coding various numbers of chunks. As Figure 10, different
synthesizers demonstrate the progressive decoding RD per-
formance. The advantage of lower quality decoding is that it
provides a quick preview of the image. Notably, g{1,2,3}s did
not capture the overall features of the images, resulting in a
significant RD performance gap with the higher-quality syn-
thesizer g{>3}

s . Conversely, g{>3}
s shows a consistent trend

of improved performance.

General format results
The general format learned image compression technique
is a downscaling solution designed for image compression
across various channels, not just limited to three-channel im-
ages. As Table 3, GLIC has seen successful implementation
in multiple image formats with λ = 0.09 for the model.

For example, this method has undergone testing on spe-
cialized medical imaging datasets, specifically the subset0
dataset from Lung Nodule Analysis 2016 (LUNA16) (Setio
et al. 2017), and the validation set from the Musculoskele-
tal Radiographs (MURA) (Rajpurkar et al. 2018). Beyond
the realm of medical imaging, GLIC can also be extended
to archive large volumes of historical Radio Frequency (RF)
data in electromagnetic spectrum management. An exam-
ple of this involves the In-phase and Quadrature phase (I/Q)
data from Bluetooth devices (Uzundurukan, Dalveren, and
Kara 2020). In this scenario, we convert the I/Q data into
a one-channel matrix (grayscale image) for storage. These
outcomes verify the effectiveness of GLIC in handling im-
ages of arbitrary channel, demonstrating its potential as a
general format image compression solution.

Qualitative results
Subjective visual evaluation is an important qualitative met-
ric for judging the quality of lossy image compression.
Therefore, we perform a visual comparison. The focus is on
comparing the texture details preserved in decoded images
at similar compression bit rates. As Figure 11, shows the re-
constructed image and details. Compared to other methods,
GLIC has better RD performance and visual discrimination,
and our method preserves more texture details.
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Figure 11: Comparison of reconstructions of c26847af1470e880236db4766b42c09d.png (CLIC Organizing Committee 2024).

(a) Channel number. (b) AARB and RAB. (c) Context module.

Figure 12: Ablation experiment.

Ablation Study
Number of channels To confirm the one-channel model’s
superiority for entropy coding, we compared it with the tra-
ditional three-channel model. We keep the structure of the
main, hyperpriori, and context modules constant to control
for ablation variables, the only difference being the num-
ber of model channels. As Figure 12a gives the evalua-
tion results on Kodak(Eastman Kodak Company 1999). The
RD performance of the one-channel model is significantly
higher than that of the three-channel model. This strengthens
the assertion that the multi-channel model’s homomorphism
feature is negatively impacted by inter-channel information.

Furthermore, we observe an unusual phenomenon: when
the multi-channel model is paired with the CCCT, the model
inconsistently fails to encode and decode the same image,
meaning it can’t reliably compress images. However, when
the multi-channel model is used alongside the channel-wise
module, this issue doesn’t occur. This is the reason why the
RD performance plummets when the three-channel model
is combined with CCCT in the experimental results. We
consider that the multi-channel model produces significant
channel correlation, which can be eliminated by CCCT.

To summarize, it is clear that channel interactions can
negatively affect entropy coding. The one-channel model
solves this problem by eliminating this strong channel cor-
relation.

AARB and RAB module To verify the effectiveness of
our improve AARB module in combination with the one-

channel model. We replace only the AARB with the RAB
proposed by (Cheng et al. 2020) to train the model with
8 levels, where the hyperparameters λ are set to: {0.0015,
0.004, 0.008, 0.015, 0.025, 0.04, 0.06, 0.08}. The RD curves
are shown in Figure 12b. The AARB module combined with
the one-channel model structure achieves better RD perfor-
mance. Combined with the model structure analysis, it can
be seen that the attention branch of AARB has the same abil-
ity to extract local deep semantic information as the RAB
module, and the non-attention branch can better retain the
overall semantic information. The adaptive module weight
assignment block can effectively discriminate the impor-
tance of overall and local semantic information.

CCCT and Channel-wise context module The differ-
ence between CCCT and channel-wise context module
(Minnen and Singh 2020) is that CCCT can earlier extract
the overall information of the image and then gradually ob-
tain the complete information. To verify the effectiveness
of CCCT, we only replace the context module for experi-
ments to compare the RD performance of the preview im-
age for decoding half of the chunks, i.e., g(4)s . As Figure
12c gives the conclusions drawn on Kodak (Eastman Ko-
dak Company 1999). The complete decoded image RD per-
formance of both context modules is almost the same, but
the preview image RD performance of CCCT is better than
channel-wise context. This result confirms that CCCT is able
to capture the overall image information earlier and is more
suitable for progressive image decoding tasks.
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Conclusion
We propose the General Format Learned Image Compres-
sion (GLIC) model, which can be widely applied to various
image compression tasks. We analyze the intermediate fea-
ture maps of the multi-channel and the one-channel model,
which reveals that separating the inter-channel correlations
can enhance the homogeneity of the feature maps without re-
ducing their information entropy. This is more favorable for
image entropy coding. Therefore, we propose a scheme to
unify any images into a general format, and combine it with
an improved Adaptive Attention Residual Block to achieve
excellent rate-distortion performance. Further, we propose
Cross-Channel Context Module, which quickly captures the
overall semantic information and realizes high-quality pro-
gressive preview image decoding. Our experimental results
show that GLIC achieves excellent improvements in both
rate-distortion performance and model applicability.
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