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Abstract

Recently, learned image compression methods based on entropy minimization

have achieved superior results compared with conventional image codecs such

as BPG and JPEG2000. However, they leverage single Gaussian models, which

have a limited ability to approximate various irregular distributions of trans-

formed latent representations, resulting in suboptimal coding efficiency. Fur-

thermore, existing methods focus on constructing effective entropy models,

rather than utilizing modern architectural techniques. In this paper, we pro-

pose a novel joint learning scheme called JointIQ-Net that incorporates image

compression and quality enhancement technologies with improved entropy

minimization based on a newly adopted Gaussian mixture model. We also

exploit global context to estimate the distributions of latent representations

precisely. The results of extensive experiments demonstrate that JointIQ-Net

achieves remarkable performance improvements in terms of coding efficiency

compared with existing learned image compression methods and conventional

codecs. To the best of our knowledge, ours is the first learned image compres-

sion method that outperforms VVC intra-coding in terms of both PSNR and

MS-SSIM.
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1 | INTRODUCTION

Recently, significant progress in the development of arti-
ficial neural networks (ANNs) has led to groundbreaking
achievements in various fields of research. In the image
and video compression domain, a number of learning-
based studies [1–18] have been conducted. Specifically,
several recent end-to-end optimized image compression
approaches [6, 10] based on entropy minimization have

already achieved better compression performance than
existing image compression codecs such as BPG [19] and
JPEG2000 [20], despite the short history of the field. The
basic approach to entropy minimization is to train
analysis (encoder) and synthesis (decoder) transformer
networks, allowing them to reduce the entropy of trans-
formed latent representations while maintaining the
quality of the reconstructed images to ensure that they
remain as close as possible to the original images, where
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entropy is calculated based on the distribution models of
the transformed latent representations, which are called
entropy models. Therefore, the distribution modeling of
latent representations is the key element of entropy mini-
mization and allows an entropy model to approximate
the actual entropy of latent representations. Existing
methods [2, 6, 10] adopt single Gaussian-based entropy
models but have limited ability to approximate various
irregular distributions of latent representations. To
address this issue, we propose an improved Gaussian
mixture model (GMM)-based entropy model and demon-
strate that it significantly improves coding efficiency by
estimating the distributions of latent representations
more precisely.

Based on the assumed distribution models of latent
representations, an image compression method estimates
model parameter values such as μ and σ in the case of a
single Gaussian model for each representation element.
During this process, additional information such as previ-
ously decoded neighbor representation values or certain
bit-allocated side information can be used as contextual
information for estimation. Contextual information can
be considered as information provided to the model
parameter estimator that helps predict the distributions
of latent representations more precisely. Previous autore-
gressive approaches [6, 10] have used locally adjacent
representations as additional context. However, they
have not investigated how to utilize globally scattered
representations. In this paper, we define a new type of
global context (GC) utilizing information aggregated
from the global area of latent representations and demon-
strate that it can further improve coding efficiency by
removing remaining spatial correlations across a wider
area of representations. This GC exploitation is motivated
by the concept of known wisdom [21, 22], which exploits
the self-similarity in input images. Although the pro-
posed GC exploitation yields only a marginal improve-
ment in coding efficiency, it is meaningful because it is
the first attempt to utilize global information directly to
estimate the distributions of latent representations.

From an architectural perspective, we propose a sim-
ple but highly effective scheme that incorporates image
compression and quality enhancement techniques.
Recent approaches [2, 6, 10] in the learned image com-
pression domain have focused on constructing effective
entropy models, rather than utilizing modern architec-
tural techniques. In the area of quality enhancement,
research is continuously being conducted from an archi-
tectural perspective, yielding superior results compared
with those of traditional methods, as described in
Section 2. To leverage the advantages of both image com-
pression and quality enhancement approaches, we con-
nected image compression and quality enhancement

subnetworks in a cascade and jointly trained them to
realize improved coding efficiency. Through various
experiments, we determined that this unified scheme sig-
nificantly improves coding efficiency. The key contribu-
tions of this study can be summarized as follows.

• We propose a novel end-to-end learning scheme called
JointIQ-Net that incorporates both image compression
and quality enhancement in a unified architecture.

• We propose an improved entropy-minimization method
that uses a GMM for the distribution modeling of latent
representations, whose parameters are accurately esti-
mated by an improved estimator trained through the
joint optimization of image compression and quality
enhancement, yielding improved coding efficiency.

• To improve entropy minimization further, we utilize a
GC when estimating GMM parameters, capturing
a broader range of contextual information and helping
reduce the spatial correlations between the current
latent representation and other representations in a
nonlocal range.

• To the best of our knowledge, JointIQ-Net is the first
deep image compression scheme that outperforms
VVC intra-coding (VTM 7.1 [23]) in terms of both
PSNR and MS-SSIM and also yields significant
improvements over existing learned image compres-
sion approaches.

2 | RELATED WORK

Recently, several learned image and video compression
methods [1, 2, 4–12, 14–17] have been actively studied to
exploit superior transformation capabilities based on the
nonlinearity of neural networks. In contrast, traditional
codecs [19, 20, 24] and approaches [25–29] still utilize lin-
ear transforms such as discrete cosine transform (DCT)
or principal component analysis (PCA). In the research
area of learned image compression, Toderici and others
[16, 17] first introduced a novel image compression
method using a small number of latent binary representa-
tions, which can improve image quality in a progressive
manner. Johnston and others [4] enhanced the network
operation method proposed by Toderici and others [17] to
achieve better coding efficiency. Meanwhile, Ballé and
others [1] and Theis and others [15] introduced novel
image compression methods based on the entropy mini-
mization of latent representations. Ballé and others [2]
enhanced their entropy model by adopting a hierarchical
prior model to estimate the distributions of latent repre-
sentations in an input-adaptive manner, whereas former
approaches [1, 15] learned the distribution parameters of
latent representations directly. Therefore, those
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parameters were fixed during the inference step. Minnen
and others [10] and Lee and others [6] proposed autore-
gressive models that utilize adjacent latent representa-
tions as additional contextual information to estimate the
distribution of the current representation. Both
approaches enhance compression performance and yield
better results than BPG [19], which is an image compres-
sion codec based on HEVC (ISO/IEC 23008-2, ITU-T
H.265) intra-coding [30]. Several variations [11, 31] have
been proposed to train autoregressive models that exploit
cross-channel correlations in latent representations.
He and others [3] utilized a checkerboard-type context to
boost encoding and decoding speed while exploiting the
excellent coding efficiency of the autoregressive model. In
more recent studies [13, 18], Zhu and others [18] replaced
all transform convolutions with Swin Transformer [32]
blocks and Qian et al. [13] utilized a self-attention stack
to replace hyper-encoder/decoder networks.

ANN-based image restoration methods such as super-
resolution (SR) and denoising have become indispensable
because they significantly outperform handcrafted algo-
rithms. The approach proposed by Kim and others [33]
was the first to introduce a deep network architecture
based on residual learning for SR, which they called
VDSR, and achieved a substantial boost in SR perfor-
mance. The method proposed by Zhang and others [34]
achieved an even greater improvement by exploiting
residual dense blocks (RDBs), each of which consist of
densely connected convolutional layers and a local skip
connection. Kim and others [35] proposed a grouped
residual dense network (GRDN), which extended earlier
approaches by grouping multiple RDBs into grouped
RDBs (GRDBs) and arranged multiple GRDBs in a net-
work structure. They also incorporated a deeper architec-
ture that allowed convolutional layers to process
downscaled representations while adopting spatial and
channel-wise attention layers. Based on this enhanced
architecture, they obtained state-of-the-art (SOTA) per-
formance on an image denoising task. Recently, Cho and
others [36] utilized a GRDN [35] to reduce the artifacts
caused by an image codec (namely, the intra-coding of
VVC [24]) and achieved a noticeable quality improve-
ment. However, the GRDN used by Cho and others [36]
was optimized separately from the image codec.

3 | PROPOSED ARCHITECTURE

3.1 | Cascading scheme for image
compression and quality enhancement

Figure 1 presents our end-to-end joint learning scheme
JointIQ-Net for performing image compression and

quality enhancement in a cascade that provides high flex-
ibility and extensibility. In particular, the proposed
scheme can easily accommodate forthcoming advanced
image quality enhancement networks and allows various
combinations of image compression and quality enhance-
ment methods. In other words, separately developed
image compression networks and quality enhancement
networks can be easily combined and jointly optimized
in a unified architecture.

We compared two cascaded versions of a reference
image compression model [6] and enhancement network.
The first cascaded version was optimized for image com-
pression and quality enhancement in an end-to-end man-
ner. The reference image compression network and
enhancement network were trained separately in the sec-
ond cascaded version, where the enhancement network
was trained on reconstructions outputted by the sepa-
rately trained reference image compression network uti-
lizing the same training dataset. The first end-to-end
trained version outperformed the second, particularly in
higher bit rate ranges (see Appendix A); therefore, we
adopted end-to-end training of the cascaded model going
forward. The quality enhancement network can be con-
sidered as the decoder component of the image compres-
sion network. Additionally, increasing the decoder
complexity of the image compression network can result
in a certain level of coding efficiency improvement. How-
ever, the goal of our study was to develop a flexible
scheme for image compression and any image quality
enhancement solution that can be independently devel-
oped separately from image compression. Furthermore,
simply increasing the complexity of the decoder compo-
nent may not provide a meaningful coding efficiency
improvement due to its limited structure.

To select an appropriate quality enhancement
network for our experiments, we combined a reference
image compression method [6] with various quality
improvement methods that are easy to incorporate and
accessible, including VDSR [33], RDN [34], and
GRDN [35], through cascaded connections. When the
numbers of parameters and layers for the quality
enhancement networks were adjusted to provide similar
levels of computational complexity, GRDN [35] yielded

F I GURE 1 Joint learning scheme for image compression and

quality enhancement.
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the best compression performance in combination with
the image compression method. Therefore, we adopted
GRDN [35] in our JointIQ-Net model. The corresponding
test results are presented in Appendix A. It should be
noted that although JointIQ-Net may be able to achieve
even higher coding efficiency when combined with a
more advanced enhancement network, we will leave this
to future work because finding the best architecture for
the enhancement network was not the main objective of
this work.

The overall network architecture of JointIQ-Net is
presented in Figure 2. As discussed in Section 3.1, our
image compression network is connected to a GRDN
model, which was adopted as a quality enhancement
subnetwork, in a cascaded manner. The JointIQ-Net
image compression network is based on an existing
approach [6]. Therefore, we used the same rate-distortion
(RD) optimization framework and transformation func-
tions as the original study. JointIQ-Net transforms an
input x into latent representations y, after which y is
quantized into ŷ. Additionally, we use the hyperprior ẑ
proposed by Ballé and others [2], which further captures
the spatial correlations of ŷ. Accordingly, we use four
fundamental transformation functions, namely, analysis
transform gaðx;ϕgÞ, synthesis transform gsðŷ;θgÞ, analysis
transform haðŷ;ϕhÞ, and synthesis transform hsðẑ;θhÞ, as
described in previous works [2, 6]. Specifically, the analy-
sis transform function gaðx;ϕgÞ transforms an input
image x into a latent representation y and the synthesis

transform gsðŷ;θgÞ reconstructs the image x̂ from the
quantized latent representation ŷ. In contrast, the analy-
sis transform haðŷ;ϕhÞ captures the spatial redundancies
of ŷ in a latent representation z, and the synthesis trans-
form hsðẑ;θhÞ generates the context for the model estima-
tion of ŷ. We adopted the same architectures of
gaðx;ϕgÞ, gsðŷ;θgÞ,haðŷ;ϕhÞ, and hsðẑ;θhÞ used in previous
studies [2, 6].

The optimization process ensures that JointIQ-Net
yields the lowest possible entropy values for ŷ and ẑ and
that it yields a x0 reconstructed from ŷ as similar to the
original visual quality as possible. To achieve RD optimi-
zation, in addition to the distortion between the input x
and output x0, the rate is calculated based on the distribu-
tion models of the latent representations for ŷ and ẑ. For
the hyperprior ẑ, we use a simple zero-mean Gaussian
model convolved with U �1=2, 1=2ð Þ, whose standard
deviation values are found during training, whereas the
distribution parameters of the prior latent representation
ŷ are estimated by the model parameter estimator f in an
autoregressive manner, as introduced in a previous
method [6, 10]. However, we use the improved entropy
model proposed in Section 4.

4 | IMPROVED ENTROPY MODEL

To address the limited ability of a single Gaussian-based
entropy model, we adopted the GMM as a distribution

F I GURE 2 Architecture of JointIQ-Net. Each convolutional layer is represented as the number of filters � the filter height� the filter

width divided by the downscale or upscale factor, where " and # denote the upscaling and downscaling via transposed convolutions,

respectively. Input images are normalized to a scale between �1 and 1. N and M in the convolution layers denote the numbers of filters,

whereas M in each fully connected layer denotes the number of nodes multiplied by the accompanying integer.

938 LEE ET AL.
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model for the latent representation yi, which causes the
estimated distribution to fit the actual distribution of
each yi more accurately. Accordingly, f in the proposed
method estimates the parameters of the GMM, as
described in Section 4.1. From a contextual perspective
for autoregressive models, in addition to the two types of
previously utilized contexts [6, 10], as well as the infor-
mation reconstructed from the hyperprior ẑ and adjacent
known representations of ŷ, we let f exploit the GC to
estimate model parameters more precisely, as described
in Section 4.2. In Figure 2, the three contexts (informa-
tion from ẑ, adjacent representations of ŷ, and proposed
GC) are denoted as c0i, c

00
i , and c

000
i , respectively, and the

functions used to extract the three types of contexts are
denoted as E0,E00, and E000, respectively.

Additionally, we enhance the structure of the model
estimator f based on the proposal by Lee and others [6]
by extending it to a new model estimator. The new model
estimator incorporates a model parameter refinement
module (MPRM) to improve the effectiveness of model
parameter estimation, as shown in Figure 2. The MPRM
utilizes a residual learning scheme that includes two
residual blocks, each of which contains fully connected
layers and corresponding nonlinear activation layers.

4.1 | Joint optimization with a GMM-
based entropy model

All elements proposed in our method are jointly optimized
using the objective function defined in (1). Here, the RD
optimization framework used is identical to that used in
existing approaches [6, 10]. The objective function includes
the rate and distortion terms, and the parameter λ is used
to adjust the balance between the rate and distortion dur-
ing the optimization process.

L¼RþλD

withR ¼Ex�pxE~y,~z�q �logp~yjẑð~yjẑÞ� logp~zð~zÞ
h i

:
ð1Þ

The rate term consists of the cross-entropies of ~z and
~yjẑ. To handle the discontinuities caused by quantization,
as in previous works [1, 2, 6, 10], a density function con-
volved with a uniform function U �1=2, 1=2ð Þ is used to
approximate the PMF of ŷi. Correspondingly, for training,
noisy representations ~y and ~z with uniform distributions
and mean values of y and z, respectively, were used to fit
the actual sample distributions to the PMF approxima-
tions. To model the distributions of z, as in the aforemen-
tioned study [6], we used zero-mean Gaussian density
functions whose standard deviations were optimized via
training. However, we extended the entropy model for
~yjẑ based on the GMM as follows:

p~yjẑð~yjẑÞ¼
Y
i

XG
g¼1

πi,gN μi,g,σ
2
i,g

� �
∗U -

1
2
,
1
2

� � !
ð~yiÞ

with πi,g,μi,g,σi,gj1≤ g≤G
n o

¼ f ðc0i,c00i ,c
000
i Þ,

ð2Þ

where G is the number of Gaussian distribution func-
tions. The distribution estimator f predicts 3�G parame-
ters such that each of the G Gaussian distributions has its
own weight, mean, and standard deviation, which are
denoted as πi,g, μi,g, and σi,g, respectively. Figure 3 pre-
sents the estimated distributions of certain latent repre-
sentations based on the estimated GMM parameters of
our final model for the Kodak PhotoCD image data-
set [37]. One can see that weighted sums of three Gauss-
ian components are mostly skewed and difficult to model
using single Gaussian functions. Furthermore, a few dis-
tributions (KODIM6, KODIM19, KODIM20, and
KODIM21) had two peaks, although some of the peaks
were very close to each other. It is noteworthy that the
latent representations in Figure 3 were selected according
to a predefined rule to visualize how GMMs assist with
the generalization of the distributions for latent represen-
tations. However, in many cases, other latent representa-
tions have small values close to zero, resulting in values
of zero following the quantization step. In Equation (1),
the mean squared error (MSE) is used as the primary dis-
tortion term. We also present experimental results for
MS-SSIM-optimized models [38]. Additional implementa-
tion details are provided in Appendix B.

4.2 | Extraction of GC

To obtain better contextual information for the current
latent representation yi, we can use a GC by aggregating
all possible contexts from the entire area of the known
representations y< i to estimate the distribution of yi. To
this end, we define the GC as information aggregated
from the entire area of known representations y< i, which
consists of local and nonlocal context regions. The local
context region is within a fixed spatial distance, denoted
as K, from the current representation yi and the nonlocal
region is the entire causal area outside the local context
region. Figure 4 presents examples of local and nonlocal
context regions.

For the GC c0
00
i , we use a weighted mean value and

weighted standard deviation value over the GC region of
_y. We obtain the GC c0

00
i from the _y representation, which

is a latent representation linearly transformed from ŷ via
a 1�1 convolution layer, instead of from ŷ, to capture
the correlations across different channels of ŷ.

LEE ET AL. 939
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Specifically, the GC c0
00
i ¼ μ ∗

i ,σ
∗
i

� �
consists of the

weighted mean μ ∗
i and weighted standard deviation σ ∗

i ,
which are defined as follows:

μ ∗
i ¼

X
k, l � S

wðiÞ
k,l _y

ðicÞ
ih-k,iv-l

, ð3Þ

σ ∗
i ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
k,l � Sw

ðiÞ
k,lð _yðicÞih-k,iv-l

�μ ∗
i Þ

2

1�Pk,l � Sw
ðiÞ
k,l

2

vuuut , ð4Þ

F I GURE 3 Distributions of several latent representations based on the estimated GMM parameters for the Kodak PhotoCD image

dataset [37]. To demonstrate clearly how generally the proposed GMM model estimates the distributions of latent representations, we

selected a representation ŷi for visualization for each image, according to the predefined rule

argmaxiπi,0πi,1jμi,0�μi,1jþπi,1πi,2jμi,1�μi,2jþπi,2πi,0jμi,2�μi,0j. One can see that the estimated GMM models have various shapes that

cannot be expressed by a single Gaussian model. To obtain the PMF of the discrete representation ŷi from a continuous GMM density

function, we simply convolve the GMM density function with a uniform function U �1=2, 1=2ð Þ, as done in earlier studies [1, 2, 6, 10]. In this

implementation, the probability mass function (PMF) (or CDF) of the GMM is simply calculated via the weighted summation of separate

PMFs (or CDFs) from constitutive Gaussian components.

F I GURE 4 Example aðiÞ with a set of ψðicÞ variables mapped

to the global context region. The softmax operation is applied to aðiÞ

to determine the normalized weight wðiÞ

940 LEE ET AL.
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where i¼ ½ic, ih, iv� is a three-dimensional spatio-
channel-wise position index that indicates the current
position ðih, ivÞ in the icth channel. wðiÞ

k,l is a weight vari-
able for the relative coordinates ðk, lÞ based on the cur-
rent location ðih, ivÞ and _yðiÞih-k,iv-l is a representation of _yðiÞ

at a location ðih-k, iv-lÞ within the GC region S. _yðicÞ

denote the two-dimensional representations within the
icth channel of _y. The weight variables in wðiÞ are nor-
malized weights multiplied element wise by _yðicÞ for the
weighted mean in (3) and by the difference squares of
ð _yðicÞih-k,iv-l

�μ ∗
i Þ in Equation (4). The denominator in (4)

ensures an unbiased estimation.
The key issue is to find an optimal set of weight vari-

ables wðiÞ at every location i in a fixed number of train-
able variables ψðicÞ. The trainable variables ψðicÞ are used
as weight variables (before softmax normalization), but
they cover only the local context region, meaning the
area within a fixed distance K, as shown in Figure 4. To
ensure that the weight variables cover the entire area of
the GC region, we expand ψðicÞ by allocating the nearest
ψðicÞ values to the nonlocal context regions, as shown in
Figure 4. Consequently, we obtain a set of expanded ψðicÞ

variables denoted as aðiÞ, which correspond to the GC
region. Subsequently, the final weight variables wðiÞ are
calculated by normalizing aðiÞ via a softmax operation as
follows:

wðiÞ ¼ softmaxðaðiÞÞ, ð5Þ

where aðiÞ ¼ ψ ðicÞ
clipðk,KÞ,clipðl,KÞjk, l� S

n o
and clipðx, KÞ¼

maxð�K, minðK, xÞÞ. It should be noted that ψ ðicÞ
k,l

remains unchanged in the same channel. Figure 5 pre-
sents the trained ψðicÞ examples for several channels of _y.
Figure 5A presents a case in which the context of the
channel depends on neighboring representations directly
adjacent to the current latent representation, whereas
Figure 5D presents a case in which the context of
the channel depends on broadly spread neighboring
representations.

5 | EXPERIMENTS

5.1 | Experimental setup

To verify the performance of the proposed method, we
measured the average bits per pixel (bpp) and quality of
reconstructed images for the Kodak PhotoCD [37] (24
images of 768�512 or 512�768 pixels in size), CLIC val-
idation [39] (102 images ranging in size from 512�384 to
1520�2048 pixels), and Tecnick [40] (40 images of
1200�1200 pixels in size) image datasets, which are
commonly used in the image compression research area.
The PSNR and MS-SSIM metrics were used to measure
the quality of the results. PSNR is a traditional MSE-
based metric, whereas MS-SSIM [38] is a more recent
human-perception-oriented metric. Both the PSNR and
MS-SSIM metrics have been widely used in recent image
and video compression studies. For each quality metric,
eight models were trained with different λ values, after
which they were evaluated by comparing the
resulting RD curves to those of existing ANN-based
approaches [2, 5, 6, 10, 11, 14, 31] and the conventional
codecs of VVC intra-coding (VTM 7.1 [23]), BPG [19],
and JPEG2000 [20]. It should be noted that in the case of
VVC intra-coding (VTM 7.1 [23]) and BPG [19], we used
the YCbCr 4:4:4 format because it yields the best results
in terms of RGB PSNR BD rate. The input RGB images
were converted into YCbCr 4:4:4 format before compres-
sion and the reconstruction results were converted back
into the RGB format. We compared the results in the
range of 0.1 to 1.5 bpp.

5.2 | Experimental results

We compared the compression performance of our
method to that of the aforementioned approaches based
on RD curves in terms of PSNR and MS-SSIM. Figure 6
presents the coding efficiency curves for JointIQ-Net,
VVC intra-coding (VTM 7.1 [23]), BPG [19],
JPEG2000 [20], and the deep learning-based SOTA
methods [2, 5, 6, 10, 11, 14, 31] on the Kodak PhotoCD
image dataset [37]. As shown in Figure 6A,B, JointIQ-Net

F I GURE 5 Examples of the trained ψðicÞ, each of which is a

set of weights for spatially aggregating contextual information from

the entire spatial area of a specific channel of _y. When a particular

spatial position of _y is not covered by ψðicÞ due to the limited size of

ψðicÞ, the nearest weight value in ψðicÞ is shared with that spatial

position.
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outperformed all of the image compression methods in
terms of both PSNR and MS-SSIM. The BD-rate gains of
JointIQ-Net compared with VVC intra-coding (VTM
7.1 [23]), BPG [19], JPEG2000 [20], and the deep
learning-based SOTA methods [2, 5, 6, 10, 11, 14, 31] are
summarized in Tables 1 and 2. It should be noted that
JointIQ-Net is the first deep image compression method
that surpasses VVC intra-coding in terms of the PSNR
BD rate. In Appendix C, we present the test results for
the CLIC [39] and Tecnick [40] image sets, demonstrat-
ing that the proposed method significantly outperformed
VVC intra-coding (VTM 7.1 [23]) by 4.85% and 7.12%,
respectively, in terms of the PSNR BD rate.

Figure 7 presents a visual comparison of several
reconstructed images produced by JointIQ-Net and the
existing methods [6, 19, 23]. At similar compression

ratios, as shown in Figure 7, JointIQ-Net yielded recon-
structed images of higher quality in terms of both qualita-
tive viewing and quantitative measures (PSNR).

5.3 | Ablation study

To verify the effectiveness of each proposed element, we
conducted an ablation study in which we excluded each
proposed element from the full model and trained the
models in the same manner as described in Section 5.
Subsequently, we compared the test results of each model
with those of the full model. Four different models were
evaluated: one each with the GRDN [35] subnetwork
excluded, GMM excluded, MPRM excluded, and GC
excluded. The GC was also excluded when excluding the
MPRM because the GC is processed by the MPRM in our

F I GURE 6 RD curves of the proposed method and compared methods for the Kodak PhotoCD image dataset [37]. The left and right

plots represent RD curves in terms of (A) PSNR and (B) MS-SSIM, respectively. Note that the measured MS-SSIM values are presented in

units of decibels, as in previous works [2,6,10], to clarify performance differences.

TAB L E 1 PSNR BD-rate gains of JointIQ-Net (MSE

optimization) against existing methods on the Kodak PhotoCD

image dataset [37].

Reference method BD-rate gain (%)

VVC intra-coding (YCbCr 4:4:4) [23] 1.65

BPG (YCbCr 4:4:4) [19] 22.57

JPEG2000 [20] 45.48

Minnen and Singh [11] 4.07

Liu et al. (opt. for MSE) [31] 10.94

Minnen et al. [10] 13.17

Lee (opt. for MSE) [6] 16.96

Ballé et al. (opt. for MSE) [2] 26.58

Theis et al. [15] 50.73

TABL E 2 MS-SSIM BD-rate gains of JointIQ-Net (MS-SSIM

optimization) against existing methods on the Kodak PhotoCD

image dataset [37].

Reference method BD-rate gain (%)

VVC intra-coding (YCbCr 4:4:4) [23] 48.40

BPG (YCbCr 4:4:4) [19] 57.35

JPEG2000 [20] 73.65

Liu et al. (opt. for MS-SSIM) [31] 9.07

Lee et al. (opt. for MS-SSIM) [6] 14.83

Ballé et al. (opt. for MS-SSIM) [2] 26.65

Klopp et al. [5] 28.35

Rippel and Bourdev [14] 40.47

942 LEE ET AL.
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full model. Additionally, as a baseline, the compression
performance of the model presented by Lee and others [6]
was included in the comparison. Figure 8A presents the
PSNR performances of the various versions of the model
considered in the ablation study. One can see that when
the GRDN [35] is excluded, a significant performance
degradation occurs. This indicates that the proposed joint

learning scheme plays an important role in improving
coding efficiency. When a single Gaussian model is used
instead of a GMM, a similar level of performance degra-
dation occurs over the entire bpp range. To assess the
effectiveness of the proposed GMM model, we performed
an additional comparison test between the reference
model using a single Gaussian model and the same

F I GURE 7 Comparison of sample reconstruction images showing the ground truth, proposed JointIQ-Net results, VVC intra-coding

results (VTM 7.1) [23], results of the method presented by Lee et al. [6], and BPG results [19].
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model with the proposed GMM model, without other
architectural or contextual changes. As shown in
Figure 8B, we obtained a coding gain of 3.63% when
using the proposed GMM model compared with the ref-
erence model. In this case, the two networks had the
same architecture, except for the number of output nodes
of the model estimator f . The GC also improved perfor-
mance, but only yielded a relatively marginal gain of
0.33%. To verify the effectiveness of the GC, we compared
our final model in Figure 6 to its fine-tuned version,
which was trained for a further 0.5M iterations with
dummy GC values set to zero. As a result, we obtained a
similar 0.27% improvement, indicating that the proposed
GC exploitation helps improve coding efficiency. In the
future, we plan to study how to utilize global representa-
tions more effectively. When both the MPRM and GC
were excluded, performance degradation became more
noticeable. The results also indicate that the MPRM has a
greater impact in the higher bpp range. Table 3 compares
the quantitative results of the final model and each of the
element-excluded models in terms of BD-rate loss.

5.4 | Decoding time

To verify how each component of JointIQ-Net affects
decoder complexity, we measured the average decoding
times for the JointIQ-Net variations on the Kodak
PhotoCD image dataset [37]. It should be noted that the
functions related to the model parameters, namely, f
(including the MPRM) and hs, must operate identically as
on the encoder side without precision differences in the
floating point computations between the encoders and
decoders, but GPUs sometimes introduce these types of
discrepancies, as discussed in the literature [41]. Accord-
ingly, we used a CPU for the model parameter-related
functions f and hs. The synthesis transform function gs
and quality enhancement subnetwork Q are free from
this computational discrepancy issue between the
encoder and decoder, so they were executed on a GPU.

Figure 9 presents the decoding times of our models
(N : 192, M: 256) for a moderate bpp range, where the
proposed components are added incrementally. Entropy
model parameter estimation requires much more time
than the synthesis transform function gs and quality
enhancement subnetwork Q on the GPU because entropy

F I GURE 8 PSNR performance on the Kodak PhotoCD [37]

image set: (A) JointIQ-Net variations and (B) a reference model [6]

using a single Gaussian model and the same model with the

proposed GMM model.

TABL E 3 BD-rate losses of element-excluded models in

comparison with the full model, namely, JointIQ-Net (anchor).

Models BD-rate loss (%)

Without GRDN 8.87

Without GC 0.33

Without GC/MPRM 3.96

Without GMM 3.01

F I GURE 9 Decoding time of our methods: we measured the

average decoding time of each model on the Kodak PhotoCD image

dataset [37] with an RTX Titan GPU and Intel Xeon Gold

5122 CPU.
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model parameter estimation is processed in an autore-
gressive manner on a CPU. This slow operation can be
accelerated using wavefront parallel processing, which is
beyond the scope of this study because our goal was sim-
ply to compare the numbers of operations required by
the components of JointIQ-Net. Additionally, the pro-
posed GMM requires G times the computational com-
plexity to determine the CDF of each quantized latent
representation, which does not significantly increase
decoding time because G elementary CDFs can be calcu-
lated in parallel. Therefore, for a more precise compari-
son, we excluded the time required for CDF computation
and symbol (quantized latent representation) extraction,
as shown in Figure 9. It should be noted that the GMM
in Figure 9B and image quality enhancement network in
Figure 9C increase decoding time by a negligible amount,
indicating that these two components are effective and
simple enough to be adopted in real-world applications.
Furthermore, it should be noted that the GMM model
and quality enhancement subnetwork can be exploited
on top of hyperprior-based approaches [2], where decod-
ing can be performed fully in parallel. However, the
MPRM requires a larger portion of the total decoding
time as a result of its CPU operations, which also results
in a significant coding gain. We plan to address this issue
in our future studies.

6 | CONCLUSION

In this paper, we proposed a novel image compression
method called JointIQ-Net that outperforms VVC intra-
coding (VTM 7.1), BPG, JPEG2000, and SOTA ANN-based
image compression approaches. To the best of our knowl-
edge, the proposed JointIQ-Net is the first learned image
compression approach that surpasses VVC intra-coding in
terms of both PSNR and MS-SSIM. To improve the coding
efficiency of JointIQ-Net, we designed a novel joint learn-
ing scheme that incorporates both image compression and
quality enhancement with an improved entropy model
that utilizes a GMM as a more generalized distribution
model for transformed latent representations. Addition-
ally, we enhanced model parameter estimation by utilizing
GCs, which can reduce the remaining correlations over
the global region of transformed representations.
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APPENDIX A: ADDITIONAL EXPERIMENTAL
RESULTS FOR CHOOSING AN ENHANCEMENT
NETWORK

Figure A1 presents the coding efficiencies of the two
JointIQ-Net variations for the different training methods.
We jointly trained the image compression and enhance-
ment subnetworks in one version and separately trained
them in the other version. Figure A2 presents the coding
efficiencies of the JointIQ-Net variations combined with
various quality enhancement methods.

APPENDIX B: ADDITIONAL
IMPLEMENTATION DETAILS

The detailed structure of JointIQ-Net is presented in
Figure 2, where N and M are set based on the corre-
sponding λ values. The values of N and M for different λ
values are listed in Table B1. We set G, which is the num-
ber of Gaussian PDFs for each representation, to three.

F I GURE A 1 Coding efficiencies of two JointIQ-Net variations

with different training methods. We jointly trained the image

compression and enhancement subnetworks for one version and

separately trained them for the other version.

F I GURE A 2 Coding efficiencies of the JointIQ-Net variations

combined with various quality enhancement methods.
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Therefore, the model parameter estimator f outputs 9�
M values for M representations of ŷi located at the spe-
cific spatial position of ŷ. To determine the global con-
text, we set K to seven, which is approximately half of the
maximum spatial distance between representations in ŷ
when 256�256 image patches are used for training. We
utilized the global context only when the number of rep-
resentations in the global context region was at least
30 to maintain the statistical significance of the global
context. For fewer than 30 representations, we set all
values in the global context to zero. For the GRDN in our
final model, we set the number of GRDBs, RDBs in each
GRDB, convolutional layers in each RDB, and kernels
used by each convolutional layer to 4, 4, 8, and 64, respec-
tively. Notably, the GRDN presented in Figure 8 is a
lightweight version for which the above parameters were
set to 4, 3, 3, and 32 for simulations with low complexity.

For training, we extracted 51,140 256�256 patches in
a non-overlapping manner from the CLIC [39] training
image set. The batch size was set to eight and all models
were trained using the ADAM optimizer [42] with its
default settings. The models were trained using the indi-
vidual initial learning rates listed in Table B1. We applied
gradient decay by reducing the learning rate by half every
50,000 steps during the final 300,000 steps. To ensure
suitable scaling of the λ range, Equation (B1) was used as
an objective cost function in the actual implementation.

L¼ λ

Wy �Hy �256Rþ
1� λ

1000
D: ðB1Þ

Here, Wy and Hy denote the weight and height of y,
respectively. To train the final models compared in
Figure 6, which include the deeper Q (GRDN) subnet-
works, we used the same 256�256 input patches but ran-
domly extracted patches 96�96 in size from the outputs
of the I subnetwork and then fed them into the Q subnet-
work. The distortion term was calculated based on the
corresponding area of the input patches and the rate term
was calculated based on the corresponding 6�6 area of

the 16�16 spatial area of ŷ. To reduce training time, we
utilized pre-trained I subnetworks for the models with
lightweight Q subnetworks. First, we trained the deeper
Q subnetwork using only the distortion term for 100K
iterations, and then further optimized the I and Q sub-
networks in an end-to-end manner for an additional 1M
iterations. When training the MS-SSIM-optimized version
of our final model, we calculated MS-SSIM based on
three different scales, rather than five widely used scales.
However, it should be noted that we calculated all MS-
SSIM values based on five scales for testing.

APPENDIX C: EXPERIMENTAL RESULTS ON
THE CLIC AND TECNICK IMAGE SETS

As described in the main paper, JointIQ-Net is the first
model that surpasses the coding efficiency performance
of the most recent and advanced image compression
codec, namely, VVC intra-coding (VTM 7.1 [23]), which
is nearly finalized for standardization. This appendix pro-
vides numerous experimental results that support the
superiority of JointIQ-Net compared with SOTA image
compression methods.

To assess the effectiveness of JointIQ-Net thoroughly,
we performed experiments comparing our model and
SOTA methods, namely, VVC intra-coding (VTM
7.1 [23]), BPG [19], and the model proposed by Lee and
others [6], on two different image datasets, namely, the
CLIC [39] validation set and the SAMPLING test set of
the Tecnick [40] image set. Table B2 presents the BD-rate
gains of the proposed JointIQ-Net versus VTM 7.1 [23]
and BPG [19] on the CLIC [39] validation set and versus
VTM 7.1 [23] and BPG [19] on the Tecnick [40] image
set. It is clear that JointIQ-Net significantly outperformed
the SOTA methods in terms of coding efficiency, outper-
forming VTM 7.1 [23] by averages of 4.85% and 7.12% on
the CLIC [39] validation set and Tecnick [40] image set,
respectively. It should also be noted that we utilized one
line of padding for each input image (feature map) in a
convolution layer when downscaling was needed.

TAB L E B 1 Hyperparameter configurations for different λ values.

λ N M No. of iterations Initial learning rates

0.5 128 128 1.2M 1e-4

0.35 128 128 1.2M 1e-4

0.23 128 192 1.5M 1e-4

0.12 192 256 1.5M 1e-4

0.06 192 420 2.0M 5e-5

0.03 192 420 2.0M 5e-5

0.017 256 600 3.0M 5e-5

0.01 256 600 3.0M 3e-5
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Specifically, when the numbers of horizontal and vertical
lines in an input image (feature map) were odd and the
input image (feature map) needed to be downscaled, one
additional horizontal line and one additional vertical line
were added as padding to the bottommost and rightmost
areas, respectively, to ensure even line numbers prior to
horizontal and vertical downscaling. Furthermore, the
sizes of the file headers, which indicate the original input
sizes, were included in the bpp calculation. To perform
evaluation using the CLIC [39] validation set and

SAMPLING test set of the Tecnick [40] image set, we lim-
ited the maximum horizontal and vertical distances,
which c

000
i is calculated over, to 16.

Figures B1 and B2 present the coding efficiency
curves corresponding to the results in Table B2 for the
CLIC [39] validation set and SAMPLING test set of
the Tecnick [40] image set, respectively. It is noteworthy
that in Figures B1 and B2, one can see that JointIQ-Net
outperformed all the SOTA methods over the entire bpp
range.

TAB L E B 2 BD-rate gains of the proposed JointIQ-Net against VVC intra-coding (VTM 7.1 [23]) and BPG [19] on the CLIC [39]

validation set and against VTM 7.1 [23] and BPG [19] on the Tecnick [40] image set.

CLIC [39] Tecnick [40]

VVC intra-coding [23] BPG [19] Lee [6] VVC intra-coding [23] BPG [19] Lee [6]

MSE opt. 4.85% 28.16% 21.03% 7.12% 35.93% 28.21%

MS-SSIM opt. 52.60% 62.19% 21.25% 37.85% 54.78% 21.97%

Note: The third row presents the coding gains of our MSE-optimized model in terms of the PSNR-based BD rate, and the fourth row presents the coding gains
of our MS-SSIM-optimized model in terms of the MS-SSIM-based BD rate.

F I GURE B 2 RD curves of JointIQ-Net and the SOTA methods VTM 7.1 [23] and BPG [19] on the TECNICK image dataset [40]. The

left and right plots represent RD curves in terms of PSNR and MS-SSIM, respectively.

F I GURE B 1 RD curves of the proposed JointIQ-Net and SOTA methods VTM 7.1 [23] and BPG [19] on the CLIC validation image

dataset [39]. The left and right plots represent RD curves in terms of PSNR and MS-SSIM, respectively.

LEE ET AL. 949

 22337326, 2024, 6, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.4218/etrij.2023-0275 by E

lectronics and T
elecom

m
unications, W

iley O
nline L

ibrary on [06/01/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense


	An end‐to‐end joint learning scheme of image compression and quality enhancement with improved entropy minimization
	1  INTRODUCTION
	2  RELATED WORK
	3  PROPOSED ARCHITECTURE
	3.1  Cascading scheme for image compression and quality enhancement

	4  IMPROVED ENTROPY MODEL
	4.1  Joint optimization with a GMM‐based entropy model
	4.2  Extraction of GC

	5  EXPERIMENTS
	5.1  Experimental setup
	5.2  Experimental results
	5.3  Ablation study
	5.4  Decoding time

	6  CONCLUSION
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	ORCID
	REFERENCES
	ORCID
	APPENDIX A ADDITIONAL EXPERIMENTAL RESULTS FOR CHOOSING AN ENHANCEMENT NETWORK
	APPENDIX B ADDITIONAL IMPLEMENTATION DETAILS
	APPENDIX C EXPERIMENTAL RESULTS ON THE CLIC AND TECNICK IMAGE SETS


