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Abstract

Despite significant advances in learning-based lossy com-

pression algorithms, standardizing codecs remains a criti-

cal challenge. In this paper, we present the JPEG Process-

ing Neural Operator (JPNeO), a next-generation JPEG al-

gorithm that maintains full backward compatibility with the

current JPEG format. Our JPNeO improves chroma com-

ponent preservation and enhances reconstruction fidelity

compared to existing artifact removal methods by incor-

porating neural operators in both the encoding and de-

coding stages. JPNeO achieves practical benefits in terms

of reduced memory usage and parameter count. We fur-

ther validate our hypothesis about the existence of a space

with high mutual information through empirical evidence.

In summary, the JPNeO functions as a high-performance

out-of-the-box image compression pipeline without chang-

ing source coding’s protocol. Our source code is available

at https://github.com/WooKyoungHan/JPNeO.

1. Introduction

All compression algorithms depend on how a signal is trans-
formed into a symbol, also known as source coding [14, 38].
With the advancement of Deep Neural Networks (DNNs),
lossy image compression has progressed towards more ef-
fective transformation [8, 9, 33]. DNN-based approaches
utilizing nonlinear transform coding show remarkable per-
formance in compression. Consequently, research on stan-
dardization is actively progressing in line with these ad-
vancements [5, 6].

However, a significant proportion of images have already
been compressed using legacy codecs, and the standardiza-
tion of DNN-based compression methods is expected to re-
quire considerable time. Moreover, among legacy codecs,
JPEG [45] compression is widely integrated into image
signal processors (ISPs) [34], making it an inevitable part
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Figure 1. Overall Concept of the proposed JPNeO method. Our
method enables flexible switching between the conventional JPEG
encoder and decoder as needed. Our approach ensures interoper-
ability, allowing conventional JPEG-encoded files to be decoded
with a conventional JPEG decoder and existing JPEG files to be
decoded using our method.

of the image processing pipeline. Therefore, research on
DNN-based approaches for JPEG is actively ongoing with
a focus on the compression artifact removal [15, 17, 23] and
the exploration encoding images [41, 42]. Several notable
studies have explored processing JPEG images without re-
lying on the conventional decoder. Park and Johnson [36]
bypass the JPEG decoder and apply the data to classification
tasks. Han et al. [22] bypass the JPEG decoder and propose
a DNN decoder generating high-quality images.

Building on these advancements, we propose a complete
JPEG Processing Neural Operator (JPNeO), DNN-based
codec that is fully backward-compatible with the existing
JPEG. Fig. 1 presents the overall concept of our JPNeO.
Our JPNeO consists of a JPEG encoding and decoding neu-
ral operator (JENO and JDNO), allowing flexible replace-
ment with conventional JPEG encoders and decoders. Con-
ventional JPEG decoders rely solely on encoder-constrained
information. To overcome this limitation, we integrate a de-
coder that learns image priors enabling high-quality image
reconstruction. To improve the JPEG encoder, we extend
existing research [41] to develop an encoder that maps im-
ages to a space optimized for JPEG. We hypothesise that
a more efficient latent space exists where the latent vectors

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. Illustration of image sets under the JPEG process.

Eω/JPEG and Dε/JPEG indicate the neural/JPEG encoder and de-
coder, respectively. Eω maps images to a range with lower distor-
tion than the EJPEG range. DJPEG is limited to its original range.
Our JPNeO’s Dε directs images to a range with lower distortion.

are relatively closer to the ground truth. As demonstrated
in Fig. 2, the embedded mutual information of the JPNeO
is leveraged for both encoding and decoding high-quality
images. We provide experimental validation to support this
interpretation. By incorporating a neural operator in the en-
coding and decoding stages, we propose a novel backward-
compatible JPEG processing model that is efficient in pa-
rameters and memory usage.

In summary, our main contributions are as follows:
• We propose a learning-based codec, JPNeO, that is fully

compatible with the existing JPEG storage format in all
cases, ultimately achieving state-of-the-art performance
within the JPEG compression framework.

• We provide experimental validation to demonstrate that
our encoder and decoder increase the mutual information
with the original image at high and low bit rates respec-
tively.

• Our approach is efficient in terms of memory usage and
parameter count, and this efficiency is further enhanced
by the flexibility to decouple the encoder and decoder.

2. Related Work

Lossy Image Compression Lossy compression is a core
technology that reduces file size by discarding information
while preserving perceptual quality and methods like JPEG
[45] and JPEG2000 [43] have been industry standards based
on transform coding. More recently, re-compression tech-
niques—including JPEG XL [3] and the learned lossless
JPEG re-compression of Guo et al. [20]—have been pro-
posed to achieve higher efficiency while remaining practical
for real-world deployment. Although DNN-based methods
with non-linear transform [8, 9, 33] show remarkable per-
formance in lossy compression, the widespread adoption of
legacy standards makes it challenging to replace existing

standards and image processing pipelines. Therefore, it is
crucial to develop methods that maintain backward com-
patibility with existing standards. In this paper, we focus
on JPEG[45], one of the most widely used compression
standards. The proposed JPNeO is designed to achieve full
backward compatibility by enabling selective use of either
neural or legacy components in both the encoder and de-
coder, thereby allowing seamless operation with existing
JPEG bitstreams.
Deep Learning for JPEG Following the advancement of
DNNs, image restoration methods [7, 10, 11, 15–17, 22,
23, 31] have been proposed to mitigate the distortion in-
troduced during the encoding process. JPEG artifact re-
moval DNNs work as auxiliary decoders integrated into the
JPEG decoder. Ehrlich et al. [17] utilize a JPEG-aware ap-
proach that takes the quantization matrix as a prior and re-
stores luma and chroma components. Jiang et al. [23] pro-
posed a method to restore JPEG images with a blind quality
factor, aiming to address the common problem of multiple
JPEG compression in real-world scenarios. Recently, Han
et al. [22] proposed an approach that decodes images from
spectra, bypassing the conventional JPEG decoding pro-
cess. In addition to decoding strategies, encoding-oriented
approaches have also been explored. Talebi et al. [42] pro-
posed a method that pre-edits images for better compres-
sion. Strümpler et al. [41] suggested a trainable quantiza-
tion matrix and merge with the pre-editing method. Pre-
vious studies have primarily focused on enhancing the en-
coder or decoder respectively and each module operates in-
dependently without sharing information. Building on these
advancements, we have developed a fully JPEG-compatible
codec that takes advantage of handling mutual information.
Neural Operator Several studies interpret an image as a
2D function, i.e., implicit neural representations (INR) [12,
26, 27, 37, 40, 47]. Additionally, [12, 26, 37] applied INRs
to inverse problems. For JPEG, Han et al. [22] interpreted
decoding spectra using an INR method. Recently, a novel
neural operator method that addresses inverse problems by
solving differential equations [21, 25, 28, 32, 46] has shown
remarkable performance. The neural operator was designed
to solve the differential equation below [25]:

(Lau)(x) = f(x), x → D (1)
u(x) = 0, x → ωD (2)

where L : A ↑↓ L(U ;U→) indicates differential operator
and a → A is coefficient functions of the PDE. The neu-
ral operator Gω : A ↑↓ U ↔ u is an empirical solver
for Eq. (1). Previous studies [25, 28] have demonstrated
that the Galerkin-type attention method is equivalent to the
Galerkin method [18] and acts as the solver. We leverage
this approach for both JPEG encoding and decoding to en-
hance our JPEG codec.
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Figure 3. Schematic overview of our JPNeO. JPNeO consists of a JPEG encoding neral operator (JENO (Eω)), a pre-trained quantization
matrix (Qϑ), and a JPEG decoding neural operator (JDNO (Dε)). Our JENO, consisting of a feature extractor (fϖ), sampling (S), and
neural operators (Gϱ) functions as an auxiliary encoder to the existing JPEG encoder (EJPEG). JDNO, conposed of a group embedding (g),
feature extractor fϖ, and Cosine Neural Opearator (Gϱ →Tς → S) can replace the existing JPEG decoder (DJPEG). Ultimately, our JPNeO is
designed to function properly even if each module is selectively applied.

3. Problem Formulation

Preliminary Let X → RH↑W↑3 be a ground-truth image.
The JPEG [45] contains an encoder (EJPEG : X ↑↓ Y↓) and
a decoder (DJPEG : Y↓

↑↓ X̃). A source coding of the JPEG
is demonstrated by the equation below:

EJPEG︷ ︸︸ ︷
X

↔→2
↗↓ X↓ DCT

↗↓ Y
↗·/Q↘
↗↓ Y↓ ·≃Q

↗↓ Ỹ
DCT↑1

↗↓ X̃︸ ︷︷ ︸
DJPEG

, (3)

where Y and Y↓ indicate discrete cosine transform (DCT
[2]) spectra and symbols, respectively. We notate (̃·) as a
distorted signals and (̂·) as predictions. X is divided into
luminance (XY ) and chroma (XC) components from RGB,
and ↘↑2 indicates chroma subsampling. The range resolu-
tion of the ↘↑2 operation is optional between 4:4:4 (H≃W ),
4:2:2 (H ≃ W/2), and 4:2:0 (H/2 ≃ W/2). The EJPEG
quantizes the 8≃ 8 DCT spectrum (Y) with the predefined
quantization matrix (Q → [1, 255]8↑8). The DJPEG decodes
Y↓ in reverse order of EJPEG. In summary, all JPEG losses
originate from quantization and chroma subsampling, high-
lighted in red in Eq. (3). However, due to the principle of the
data processing inequality [14] and the nature of the JPEG,
the mutual information I(X; X̃) is limited to the EJPEG.
Neural Decoder To address this, the Neural JPEG decoder
(:= Dω) learns an image prior from datasets, thereby em-
bedding the image prior into a trainable parameter ε. From
the perspective of mutual information, it follows:

I
(
X;D

ω̂
(EJPEG(X))

)
⇐ I(X; X̃) + I(X̃; ε̂), (4)

ω̂ := argmax
ε




∑

x→X,ỹ→Ỹ

log p
(
x | Dε(ỹ)

)
+ log p(ω)



 . (5)

Eq. (4) indicate that it is equivalent to obtaining additional
mutual information from the trained parameters by Eq. (5).

Neural Encoder In JPEG encoder, an entropy (:= H(·)) of
the spectrum satisfies H(Y) ⇒ H(Y↓), enabling compres-
sion. However, the mutual information between an original
image and symbols satisfies I(X;X↓) ⇒ I(X; X̃), result-
ing in a loss for the image. We optimize two objectives:
1) increasing I(X;Eε(X)) and 2) minimizing H(Y↓) with
the Neural JPEG encoder (:= Eε).

I(X;DJPEG(Eε(X))) ⇒ I(X; X̃), (6)
s.t. H(X) ⇒ H(EJPEG(X)) ⇒ H(Eε(X)). (7)

To satisfy the Eq. (6), we add mutual information in a man-
ner of Eq. (4) such as:

I
(
X;Eε(X)

)
⇐ I(X;X↓) + I(X↓;ϑ), (8)

ϑ̂ := argmax
ε

[
∑

x⇐X

log p
(
x | x

↓
)
+ log p(ϑ)

]
. (9)

In Eq. (8), we add mutual information from the trained pa-
rameters by Eq. (9). In other words, our method focuses on
specifically addressing the errors introduced during chroma
subsampling (i.e. ↘↑2). The continuous function property
of INRs, which benefits image upsampling and subsampling
[35], is extended to the neural operator while preserving
these advantages.

4. Method

Training Quantization Matrix (Qϑ) Inspired from
Strümpler et al. [41], our JPNeO uses the pre-trained quanti-
zation matrix instead of using the existing quantization ma-
trix. Fig. 4 illustrates training procedure of Qϑ . The round
operation (⇑·⇓) banishes gradients of the network. There-
fore, it is replaced to 3rd order approximation:

⇑x⇓ ⇔ ⇑x⇓+ (⇑x⇓ ↗ x)3. (10)
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Figure 4. Overview of learning the quantization matrix. Only
one linear layer is trained. Since quantization is not differentiable,
it is replaced with an approximation operation (blue area).
Unlike existing work [41] that uses trainable parameters,

we use a standard quantization map (quality factor = 50) as
an input of the linear layer which is equivalent to initializing
the parameters (i.e. Qϑ = Linear(Q) ;Linear : R128

↑↓

R128). The loss function is calculated using the following
formula:

L(X, X̃|Qϑ) = ϖ · Ld(X, X̃) + Lr(Q;ϱ), (11)

Ld(X, X̃) :=||X↗ X̃||2, Lr(Q;ϱ) := ||1/Qϑ||1. (12)

The hyperparameter ϖ controls the ratio of the distortion
loss function (Ld(·, ·)), and the bitrate loss function (Lr(·))
for the determination of the compression ratio. One model
is trained per ϖ. Given that Qϑ is not large, we found that
it is effective to store the result Qϑ after training and use
them as a lookup table.
JPEG Encoding Neural Operator (JENO) We propose a
novel JPEG encoding neural operator that addresses chroma
subsampling. The training procedure of our JENO is il-
lustrated in Fig. 5. Our JENO (Eε : (X, (ςY , ςC)) ↑↓

(XY ,XC)) takes RGB image (X) and coordinate of
Y/CbCr components (:= ςY,C → Rr1H↑r2W↑2) as in-
puts. Note that r1,2 → {0.5, 1} are determined by the sub-
sampling mode of JPEG. JENO consists of the feature ex-
tractor (fϖ : X ↑↓ z → RH↑W↑K), sampling [12, 26]
(S : (z, ς) ↑↓ z0 → RH

↓↑W
↓↑K

↓
) and Galerkin-Attention

module (Gϱ) [25, 46]. Our JENO utilizes a neural operator
as an auxiliary encoder for JPEG such that:

X̂ = Gϱ(S(fϖ(X), ς)) +X↓
, (13)

S(z, ς) := {[si · z(ςi),!ςi]
j

i=1, c}, (14)
where ςi are the coordinates of the nearest for neighbors
of ς, !ς = ς ↗ ςi, c = (2/r1, 2/r2), and si = !ςi,h ≃

!ςi,w local area of an image. We optimize a set of trainable
parameters ϑ = {φ;↼} as below:

ϑ̂ := argmin
ε

||X↗ U(X̂ε)||1, (15)

where U(·) indicates a bilinear upsampling. As a result, our
JENO learns high-frequency components of X by rewriting

Figure 5. Schematic flow of training our JENO. JENO takes X
and coordinates of the X and downsampled chroma image as in-
put. The predicted image of JENO is produced by a JPEG decoder
without the quantization process.

Figure 6. Schematic flow of Cosine Neural Operator (CNO).

Eq. (13) as below:

X̂ = U(Eω(X)) + U(X↑) (16)
↑ HPF (X) + LPF (X) (17)

↭ U(Eω(X)) ↑ HPF (X) (↫ U(X↑) = LPF (X)), (18)
where HPF,LPF are a high-pass filter and a low-pass fil-
ter, respectively.
JPEG Decoding Neural Operator (JDNO) For decoding
symbols, we introduce JDNO (Dω : (YY ,Y↓

C ;Q) ↑↓ X̂).
Our JDNO is inspired by the JPEG decoding INR proposed
by Han et al. [22]; however, JDEC [22] does not support
4:2:2 or 4:4:4 chroma subsampling. JDNO consists of three
parts: 1) the group embedding (g : (ỸY , ỸC) ↑↓ z →

RH/B↑W/B↑3B2

), 2) the feature extractor (fϖ), and 3) the
neural operator with continuous cosine function (Gϑ↖Tς).
g takes chroma and luma spectra as input and embeds them
as below:

g(ỸY , ỸC) := [DB(D↓1
8 (ỸY )),DB(D↓1

8 (U ↑ · ỸC))] (19)

where DN indicates 2D-DCT with size of N ≃ N and
U

↓ is an impulse response of U . In fϖ : z ↑↓ z↓ →

RH/B↑W/B↑K , feature is extracted as in JENO. We utilize
continuous cosine formulation [22] into Cosine Neural Op-
erator (CNO) which comprises three modules: hf : RK

↑↓

R2M , coefficient estimator ha : RK
↑↓ RM , and quantiza-

tion matrix encoder hq : R128
↑↓ RM . Then, CNO formu-

late the latent vector z↓ as below:
Tς(z

↑
, ε;Q) =A↓ (cos(ϑFh ↓ εh)↔ cos(ϑFw ↓ εw)) (20)

where A = hq(Q)↔ ha(z
↑), F = hf (z

↑). (21)

↙ ,∝ denote Hadamard and Kronecker product, respec-
tively. Fig. 6 shows overall flow of our CNO. X̂ is com-
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Figure 7. Quantitative ablation study on our JENO (top), JDNO (bottom), and Qϑ (PSNR(↗)/SSIM(↗)). The label indicates ‘Encoder
(Eω/EJPEG)’+‘Q/Qϑ’+Decoder (Dε/DJPEG)’. The RD curves were measured on validation set of LIVE1 [39] and BSDS500 [4] dataset.
The 4:2:0 chroma downsampling was used.
pleted by decoding z0 = T↽(z↓, ς;Q) JENO’s neural oper-
ator process (Eq. (13)) i.e:

X̂ = Gϱ(S ↖Tς(fϖ(X), ς)). (22)

The trainable parameters of JDNO ! := {φ; ↽;↼} is opti-
mized with the equation below:

”̂ = argmin
!

||X↗ X̂!||1. (23)

5. Experiments

5.1. Network Implementation Details

Quantization matrix (Qϑ) Only one linear layer is trained
for Qϑ , and it is not used after trained. We apply a scaled
sigmoid layer (:= 254 · sig(·)+1) to limit the output value.
After training, Qϑ is stored as an integer [1,255]. We set
ϖ by sampling the values from [1e⇒4

, 1e6]. As a result, we
save 17 different Qϑ , excluding duplicate values.
JENO (Eε) We use the EDSR-baseline [30] which has 16
residual blocks with 64 (= K) channels for feature extrac-
tor (fϖ) of our JENO. Therefore, the latent vector for the
neural operator contains 266 (= K

↓) channels. Following
the configuration of [46], Gϱ comprises 256 channels with
16 heads, and two iterations for the kernel integral.
JDNO (Dω) Following the previous decoding method [22],
we adopt the SwinV2 attention module [29] with 256 chan-
nels (= K) as feature extractor (fϖ). For group-embedding

(g(·, ·)), we set the block size as 4 (= B). In JDNO, the co-
sine features (Tς(z)) contain 128 channels (= M ), resulting
in a total of 512 input channels for the neural operator (Gϱ).
hf and ha consist of a single 3≃3 convolutional layer, while
hq is a single linear layer. Gϱ performs two iterations with
16 heads, following the same configuration as in JENO.

5.2. Training

Dataset For training JPNeO, we use DIV2K and Flickr2K
[1] following the previous work [17, 22, 23] which contains
800 and 2,650 images, respectively. We crop images with
size of 112 ≃ 112 which is the least common multiple of
JPEG (= 16 by considering subsampling) and the window
size of Swin architecture (= 7) [13, 22, 36]. For JENO,
we randomly choose a chroma subsampling mode between
4:2:0 and 4:2:2. For JDNO, we combine standard quanti-
zation matrix Q with steps of 10 in the range [10,90] and
pre-trained [Qϑ] and randomly sample one.
Implementation Detail We use 4 GPUs (NVIDIA RTX
3090 24GB) for training. Our JPNeO is optimized by
Adam [24] for 1,000 epochs with batch size 64. The learn-
ing rate is initialized as 1e-4 and decayed by factor 0.5 at
[200, 400, 600, 800].

5.3. Evaluation

Module-Wise Evaluation We conduct an evaluation on
each part of JPNeO: JENO and JDNO. We use LIVE1[39]
and the test set of BSDS500 [4]. In Fig. 7, we fix the en-
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JPEG+Q+JPEG

0.2618/19.91/0.559

JPEG+Qϑ+JPEG

0.2602/21.21/0.581

JPEG+Q+JDNO

0.2618/22.27/0.643

JPEG+Qϑ+JDNO

0.2602/23.10/0.661

JPNeO

0.2597/23.36/0.680

Ground Truth

bpp(→)/PSNR(↑)/SSIM(↑)

0.1668/23.71/0.667 0.1606/25.31/0.676 0.1668/27.17/0.788 0.1606/28.06/0.789 0.1605/28.45/0.790 bpp(→)/PSNR(↑)/SSIM(↑)

Figure 8. Qualitative ablation study in highly compressed images based on the quantization map (Q/Qϑ) and decoder (JPEG/JDNO). Red
and blue colors indicate the best and the second-best performance, respectively.

JPEG+Q+JPEG

1.465/39.30/0.955

JPEG+Qϑ+JPEG

1.387/40.04/0.958

JENO+Q+JPEG

1.462/39.60/0.964

JENO+Qϑ+JPEG

1.408/40.23/0.965

JPNeO

1.381/43.02/0.977

Ground Truth

Chroma

Ground Truth

bpp(↔)/PSNR(⇑)/SSIM(⇑)

Figure 9. Qualitative comparison of chroma components in high-bpp images based on the encoder (JENO) and the quantization matrix
(Q/Qϑ). Red and blue colors indicate the best and the second-best performance, respectively.

Figure 10. Rate-Distortion cuvre comparisons with the JPEG artifact removal networks on LIVE-1 [39] (left) and BSDS500 [4] (right).
We highlight the highly compressed parts in the bottom right part of each graph. We show PSNR as a measure of distortion (higher is
better).

coder or decoder as (EJPEG, DJPEG) and measure the per-
formance of our JENO and JDNO, respectively. The per-
formance gain is more pronounced in JDNO at low bpp,
whereas JENO shows greater improvement at high bpp. In
other words, JENO enhances the upper bound of image
quality, while JDNO raises the lower bound, and Q,Qϑ

determines the path between them. To demonstrate this, we
highlight the high bpp region for JENO and the low bpp re-
gion for JDNO, and present the corresponding SSIM results
in Fig. 7. In Fig. 8 we demonstrate the qualitative analy-
sis for our JPNeO. The performance of JDNO depends on
the quality of the encoded image. Using both JENO and
JDNO reduces both file size and distortion. In Fig. 9, a

qualitative comparison of chroma components at high bpp
demonstrates that JENO is robust to chroma subsampling.
Regardless of Q, JENO preserves chroma components bet-
ter than the conventional JPEG encoder, achieving higher
performance at lower bpp.

Quantitative Result To validate our JPNeO, we compare
JPNeO with existing compression artifact removal models:
DnCNN [48], QGAC [17], FBCNN [23], and JDEC [22].
JDEC [22] is designed to directly decode spectra into JPEG
images, whereas the others act as auxiliary decoders for
DJPEG covering a wide range of quality factors with a sin-
gle model. For fair comparison, we evaluate JPNeO using
the standard quantization matrix Q instead of Qϑ and 4:2:0
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DnCNN [48] QGAC [17] FBCNN [23] JDEC [22] JPNeO GT
Figure 11. Qualitative Comparison in color JPEG artifact removal against JPEG artifact removal networks (q = 5 (top), q = 0 (bottom)).

q
=

1
0

C
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a

DnCNN [48] QGAC [17] FBCNN [23] JDEC [22] JPNeO GT
Figure 12. Qualitative Comparison in color JPEG artifact removal with chroma components (q = 10).

Methods JPEG[45] QGAC[17] FBCNN[23] JDEC[22] JPNeO

Dataset q #Params. 259.4M 70.1M 38.9M 29.7M

LIVE-1 [39]

0 20.89|19.73 16.33|15.99 21.70|21.19 20.76|20.07 23.15|22.64
0.540 0.318 0.577 0.542 0.631

10 25.69|24.20 27.65|27.43 27.77|27.51 27.95|27.71 28.15|27.55
0.759 0.819 0.816 0.821 0.829

20 28.06|26.49 29.88|29.56 30.11|29.70 30.26|29.87 30.49|29.69
0.841 0.882 0.881 0.885 0.890

30 29.37|27.84 31.17|30.77 31.43|30.92 31.59|31.12 31.83|30.94
0.875 0.908 0.908 0.911 0.915

40 30.28|28.84 32.08|31.64 32.34|31.80 32.50|31.98 32.83|31.91
0.894 0.922 0.923 0.925 0.929

BSDS500 [4]

0 20.82|19.57 16.61|16.17 21.63| 21.08 20.63|19.89 23.10|22.58
0.517 0.314 0.558 0.514 0.618

10 25.84|24.13 27.75|27.48 27.85|27.53 28.00|27.67 28.06|27.29
0.759 0.819 0.814 0.819 0.824

20 28.21|26.37 30.04|29.55 30.14|29.58 30.31|29.71 30.36|29.31
0.844 0.884 0.881 0.885 0.887

30 29.57|27.72 31.36|30.73 31.45|30.74 31.65|30.88 31.70|30.49
0.880 0.911 0.909 0.912 0.914

40 30.52|28.69 32.29|31.53 32.36|31.54 32.53|31.68 32.70|31.40
0.900 0.926 0.924 0.927 0.929

Table 1. Quantitative comparisons (PSNR (dB) | PSNR-B (dB)
(top), SSIM (bottom)) with the JPEG artifact removal networks.
Note that the JPEG artifact removal networks are auxiliary decoder
of the JPEG. We highlight the best and the second-best perfor-
mance with red and blue colors, respectively.

chroma subsampling. Consistent with previous works, we
use LIVE-1 [39] and the test set from BSDS500 [4]. As
shown in Fig. 10, JPNeO achieves superior performance
compared to all other methods, even at extremely low bpp
(′ 0.5).

For a numerical comparison, we report PSNR, struc-
tural similarity index (SSIM), and PSNR-B against base-
lines with the number of parameters in Tab. 1. We compare
the existing artifact removal networks with quality factors
{0, 10, 20, 30, 40} for both datasets. As demonstrated in
Tab. 1, JPNeO demonstrates superior performance in terms

Methods DnCNN [48] QGAC [17] FBCNN [23] JDEC [22] JPNeODataset q

LIVE-1 [39]

0 23.80|29.27 16.76|29.61 23.23|29.86 22.89|28.75 24.20|32.30
0.304|0.044 0.135|0.039 0.286|0.068 0.270|0.054 0.342|0.125

10 28.39|34.47 28.70|37.02 28.76|37.35 28.83|37.95 28.77|38.56
0.582|0.101 0.602|0.206 0.600|0.255 0.604|0.274 0.616|0.291

20 30.77|37.15 31.01|39.01 31.13|39.64 31.16|40.25 30.88|41.52
0.697|0.175 0.708|0.281 0.707|0.330 0.711|0.355 0.713|0.391

30 32.14|38.27 32.40|40.20 32.53|40.63 32.55|41.31 32.18|42.72
0.748|0.221 0.756|0.324 0.756|0.372 0.758|0.402 0.759|0.452

40 33.14|38.98 33.37|40.79 33.53|41.23 33.53|41.92 33.18|43.47
0.776|0.256 0.782|0.351 0.783|0.399 0.785|0.431 0.785|0.494

BSDS500 [4]

0 23.22|28.42 16.72|28.78 22.70|29.18 21.96|27.84 23.72|31.79
0.306|0.058 0.141|0.045 0.294|0.091 0.271|0.035 0.360|0.164

10 27.50|34.91 27.72|37.70 27.75|37.81 27.78|38.42 27.89|39.01
0.582|0.101 0.636|0.264 0.630|0.302 0.634|0.321 0.649|0.138

20 29.72|37.99 29.92|40.36 29.98|40.41 30.00|41.02 29.95|42.64
0.740|0.218 0.753|0.346 0.751|0.376 0.755|0.407 0.758|0.448

30 31.12|39.30 31.31|41.36 31.39|41.39 31.41|42.15 31.27|44.11
0.797|0.270 0.806|0.389 0.805|0.409 0.808|0.444 0.809|0.508

40 32.14|40.23 32.32|42.19 32.41|42.06 32.43|42.81 32.32|45.20
0.829|0.315 0.836|0.422 0.836|0.436 0.837|0.472 0.839|0.567

Table 2. Quantitative comparisons of luminance and chroma
components. (XY -PSNR|XC -PSNR (top),XY -SSIM|XC -SSIM
(bottom))

of PSNR and SSIM when compared to existing networks.
Notably, the performance of the proposed model is particu-
larly pronounced in quality factor 0. We report PSNR and
SSIM of each luminance and chroma component in Tab. 2
for a detailed comparison. The results demonstrate that the
enhanced performance of JPNeO is a consequence of its
ability to restore chroma components more effectively than
other methods.
Qualitative Result We show qualitative results against
JPEG artifact removal networks with low quality factors {0,
5} in Fig. 11. While other networks do not fully remove
JPEG artifacts with low-quality factors, our JPNeO signifi-
cantly removes the artifacts such as the monarch of the sec-
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PSNR (dB) #Params. Mem. Time MACs LIVE1 [39] BSDS500 [4]
Method (M) (GB) (ms) (K/Pixel) q = 0 q = 40 q = 0 q = 40

FBCNN [23] 70.1 0.61 71.95 1131 21.70 32.34 21.63 32.36
JDEC [22] 38.9 1.76 224.79 1605 20.76 32.50 20.63 32.53
JPNeO↑ 8.0 0.09 222.95 1045 22.98 32.72 22.73 32.63
JPNeO 29.7 0.26 562.42 3489 23.15 32.83 23.10 32.70

Table 3. Quantitative comparison of computational costs & decod-
ing performance.

JENO (Eω) JDNO (Dε) JPNeO
fϑ Gϖ Total fϑ Tϱ Gϖ Total

#Params. (M) 1.220 1.663 2.883 22.72 0.902 3.16 26.78 29.663
MACs (K/Pixel) 609 541 1150 732 10 1664 2339 3489

Time (ms)1 177.85 398.8 562.42
Mem. (MB) 26.85 189.81 246.62

Table 4. Module-wise resource consumption (parameters, MACs,
and time& memory consumption) within the encoder and decoder.

Figure 13. Mutual information with the ground-
truth image (I(X; X̂)) across quality levels in Kodak
[19] (4:2:0 subsampling). The label indicates ‘Encoder
(Eω/EJPEG)+‘Q/Qϑ’+Decoder (Dε/DJPEG)’

ond row of Fig. 11 maintaining the color tones. In Fig. 12,
the comparison shows qualitative results in the RGB and
chroma domains with quality factor 10. While the results
in the RGB domain show a slight perceptual difference, the
results in the chroma components show that JPNeO restores
more fine details than the other networks.

6. Discussion

Computational Costs In Tabs. 3 and 4, we report computa-
tional cost and performance, including network parameters,
time and memory consumption, and Multiply–Accumulates
(MACs) per pixel. We further includes a lightweight variant
(JPNeO⇒) evaluated under similar MAC/pixel constraints
for a fair comparison. The size of the input for the compari-
son is 560≃560. Notably, our JPNeO and JPNeO⇒ surpass
the performance of FBCNN[23] and JDEC[22] while re-
quiring only a minimal amount of resources which is a sig-
nificant outcome considering the adoption of JPEG across
ISP pipelines. In Tab. 4, we decompose each model to com-
pare parameter counts and MACs at the module level.
Mutual Information In Sec. 3 and Eqs. (4) and (6), the mu-
tual information between the prior embedded in the MAP-
trained parameters ε and X̃ provides advantages for im-
age restoration. Similarly, the mutual information between
I(X↓;ϑ) enhances encoding performance. To validate this,

1Per-module measurement are excluded due to GPU kernel overlap.

Figure 14. t-SNE [44] clustering analysis by quality factor on
the LIVE-1 [39]. Encoded images with our JENO (Eω) (reds) and
JPEG encoder (EJPEG) (blues).

we calculate the mutual information using the symbol statis-
tics from the Kodak dataset [19] while switching the en-
coder and decoder between (Eε/EJPEG + Dω/DJPEG). In
Fig. 13, key observation is that as the quality increases,
JENO’s mutual information rises, eventually exceeding the
mutual information gain achieved by JDNO. However, at
low quality, JDNO achieves a larger increase in mutual in-
formation. In conclusion, using only JENO at high bpp
and only JDNO at low bpp is resource-efficient, while using
both at intermediate quality levels is preferable.
t-SNE Clustering We compare the latent distances when
using JENO for compression with those obtained from stan-
dard JPEG to support Fig. 2 and our hypothesis in Sec. 1.
Fig. 14 presents the clustering results after extracting latent
vectors using a quality predictor of FBCNN [23]. The dis-
tance between GT region and the range of Eε is less than
the distance between GT region and the range of EJPEG.
Fig. 14 show that JPEG compression produces significantly
larger distances between latent vectors at the same quality
level.

7. Conclusion

We propose JPNeO, a learning-based codec that remains
backward-compatibility with the existing JPEG format
while enhancing compression efficiency and reconstruction
quality. By applying neural operators in both encoding and
decoding and training a new quantization matrix, we sig-
nificantly reduce quantization loss. Experimental results
show that JPNeO successfully restores color components
and achieves better PSNR and SSIM compared to existing
approaches. The memory-friendly design and flexible ar-
chitecture allow seamless integration with legacy JPEG sys-
tems. Moreover, JPNeO leverages learned image priors to
maintain high-fidelity details at both low and high bit rates.
Thus, it shows strong potential for next-generation JPEG
pipelines.
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