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Abstract

Existing quality enhancement methods for compressed
images focus on aligning the enhancement domain with the
raw domain to yield realistic images. However, these meth-
ods exhibit a pervasive enhancement bias towards the com-
pression domain, inadvertently regarding it as more real-
istic than the raw domain. This bias makes enhanced im-
ages closely resemble their compressed counterparts, thus
degrading their perceptual quality. In this paper, we pro-
pose a simple yet effective method to mitigate this bias and
enhance the quality of compressed images. Our method em-
ploys a conditional discriminator with the compressed im-
age as a key condition, and then incorporates a domain-
divergence regularization to actively distance the enhance-
ment domain from the compression domain. Through
this dual strategy, our method enables the discrimination
against the compression domain, and brings the enhance-
ment domain closer to the raw domain. Comprehensive
quality evaluations confirm the superiority of our method
over other state-of-the-art methods without incurring infer-
ence overheads.

1. Introduction
With the emergence of the big data era, we have been wit-
nessing an explosive growth in images and videos. Accord-
ing to statistics from Domo [19], Instagram users shared
approximately 66 thousand images every minute in 2022,
marking an 18.3-fold increase over the past decade (i.e.,
3.6 thousand in 2013). Similar trends have been ob-
served on other internet servers, including WeChat and
Twitter. To efficiently store and transmit this vast vol-
ume of images, several lossy image compression standards
have been developed, such as joint photographic experts
group (JPEG) [40], JPEG 2000 [27], and high-efficiency
video coding (HEVC) [37]. However, images compressed
with these standards inevitably suffer from compression ar-
tifacts, such as the effects of ringing, blocking, and blur-
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Figure 1. Top: Frechet inception distance (FID) [18] scores be-
tween enhancement, compression, and raw domains on the DIV2K
validation set [1]. Bottom: Visualization of residual to the com-
pressed image. The results illustrate the enhancement bias towards
the compression domain. Our method effectively mitigates this
bias, bringing the enhancement domain closer to the raw domain.1

ring [34]. These artifacts may significantly degrade the
quality of user experience (QoE) [20, 33].

To address the issue of quality degradation, a series of
methods have been proposed to enhance the quality of com-
pressed images. Unfortunately, the majority of these meth-
ods [11, 15, 42, 45, 47, 48, 54] focus on improving pixel-
wise fidelity, limited in generating realistic textures as noted
by Blau et al. [6]. In response to this limitation, sev-
eral methods [12, 23] have ventured into enhancing percep-
tual quality by predominantly leveraging perception-driven
super-resolution (SR) baselines that employ generative ad-
versarial networks (GANs) [13]. By iteratively training
a discriminator and a generator, the discriminator is opti-
mized to discriminate between the enhancement and raw
domains, and then guides the generator to produce realistic
enhancement-domain images.

In fact, existing methods focus on aligning the enhance-
ment domain with the raw domain, neglecting the crucial

1Three image domains correspond to the distributions of enhanced, raw,
and compressed images. Distances between domains are represented in
triangle plots, adhering to the triangle inequality [46] in our practice.
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role of the compression domain in artifact reduction. To
delve into the ramification of this oversight, we conduct a
comprehensive investigation into these methods. Our find-
ings highlight a pervasive enhancement bias towards the
compression domain in two aspects. 1) A deficiency in
discriminating between the compression and raw domains:
Despite the presence of compression artifacts, these meth-
ods perceive the compression domain as more realistic than
the raw domain. 2) A tendency to generate an enhance-
ment domain more akin to the compression domain than
to the raw domain: For existing methods, enhancement-
domain images are more aligned with compression-domain
images than with raw-domain images. Given these insights,
it becomes clear that the compression domain should not
be overlooked; instead, it is vital to harness its potential for
enhancing image realism and quality.

Building upon these insights, we propose a simple yet
effective method to mitigate the enhancement bias and en-
hance the quality of compressed images. On one hand,
our method discerns the compression domain by employ-
ing a conditional discriminator [29] with the compressed
image as a key condition. We theoretically prove that the
domain discrimination in GAN-based quality enhancement
can be facilitated by our improved discriminator. On the
other hand, our method actively distinguishes the enhance-
ment domain from the compression domain. This distanc-
ing is achieved by a domain-divergence regularization that
promotes the disparity between the enhancement and com-
pression domains. Through this dual strategy, our method
enables the discrimination against the compression domain,
and ultimately brings the enhancement domain closer to the
raw domain to achieve superior image quality, as illustrated
in Fig. 1. Finally, to verify the effectiveness of our proposed
method, we conduct extensive experiments and affirm that
our method proficiently addresses the problems highlighted
in our observations, culminating in a substantial enhance-
ment in image quality.

The main contributions of this paper are as follows.

1) We revisits the compression domain, an aspect often
overlooked by existing methods. Through this explo-
ration, we identify a significant enhancement bias to-
wards the compression domain, which adversely affects
the performance of quality enhancement.

2) We introduce a new method aimed at mitigating this
bias. This method, characterized by its simplicity and
effectiveness, is model-agnostic and yields a marked im-
provement in image quality without incurring any infer-
ence overhead to existing methods.

3) We conduct a series of comprehensive experiments in-
cluding a thorough set of quality evaluations, demon-
strating the effectiveness of the proposed method.

2. Related Works

In this section, we provide an overview of existing meth-
ods developed for enhancing the quality of compressed im-
ages. Most of these methods [11, 15, 42, 45, 47, 48, 54]
have focused on improving compression fidelity using con-
volutional neural networks (CNNs). For example, Dong et
al. [11] introduced a pioneering CNN-based method for en-
hancing the quality of JPEG-compressed images through
a shallow four-layer artifacts reduction-CNN (AR-CNN).
Following this, Zhang et al. [54] developed the denois-
ing CNN (DnCNN) that combines a 20-layer deep network
with cutting-edge techniques such as residual learning [17]
and batch normalization [3]. Wang et al. [42] designed a
10-layer deep CNN-based auto decoder (DCAD), signify-
ing the first CNN-based quality enhancement method for
HEVC-compressed images. Then, Xing et al. [47] proposed
the resource-efficient blind quality enhancement (RBQE)
method suitable for both JPEG and HEVC-compressed im-
ages, which uniquely incorporates a dynamic inference
structure for blind yet effective quality enhancement. Most
recently, the defocus-aware quality enhancement (DAQE)
method [48] emerged to initially discern region-wise qual-
ity differences via defocus estimation, followed by a region-
wise divide-and-conquer enhancement. However, these
fidelity-oriented methods, despite their advancements, still
face challenges in generating realistic textures and often
produce over-smoothed images [6].

To address the challenges of fidelity-oriented methods,
Ghosh et al. [12] and Kim et al. [23] have focused on en-
hancing the perceptual quality of compressed images. They
both leverage super-resolution (SR) methods [25, 43] as
baselines by incorporating different GANs [13]. Specif-
ically, Ghosh et al. [12] proposed the image enhance-
ment GAN (IEGAN), a method grounded in the SRGAN
method [25] with a standard GAN, for enhancing the quality
of JPEG-compressed images. In [23], Kim et al. leveraged
the enhanced SRGAN (ESRGAN) method [43] for qual-
ity enhancement by inheriting the relativistic average GAN
(RaGAN) [21] and all loss functions. Recently, the Real-
ESRGAN method [44] with a vanilla GAN regularized by
the spectral normalization [31] has demonstrated its capa-
bility in enhancing real-world images that contain compres-
sion artifacts.

Unfortunately, the aforementioned quality enhancement
methods neglect the compression domain for reducing arti-
facts, since they focus intently on aligning the enhancement
domain with the raw domain, in a manner akin to the preva-
lent SR methods. Consequently, their enhanced images ex-
hibit a strong resemblance to the compressed counterparts,
leading to an enhancement bias towards the compression
domain. We shall delve into this bias in the subsequent sec-
tion.

25502



Meth. Data. Raw Enh.
∆

Comp.
∆

to raw to raw

[44]
DIV2K 0.76 0.28 -0.48 0.84 +0.08
Flickr2K 0.74 0.27 -0.47 0.84 +0.10

[43]
DIV2K 0.73 0.27 -0.46 0.76 +0.03
Flickr2K 0.74 0.26 -0.48 0.78 +0.04

Table 1. Discriminator-evaluated realism scores for raw, enhanced,
and compressed images. Higher scores indicate greater perceived
realism. The results reveal that existing methods regard com-
pressed images as more realistic than raw images.

3. Enhancement Bias Towards Compression
Domain

In this section, we thoroughly examine the enhancement
bias towards the compression domain, a phenomenon we
consistently observe across existing perception-driven qual-
ity enhancement methods for compressed images. As
aforementioned, these methods predominantly leverage
perception-driven SR methods as baselines. We thus
present the analysis results based on [43, 44], given their
prominence in recent perception-driven quality enhance-
ment endeavors. Note that these methods are substantially
different: The former method [43] utilizes a VGG [35]-
based RaGAN [21], while the latter method [44] adopts a U-
Net [32]-based vanilla GAN [13] with spectral normaliza-
tion regularization [31]. We re-train these methods by their
default settings for quality enhancement using the images
from the DIV2K training set [1]. Subsequently, these meth-
ods are evaluated using the images from the DIV2K valida-
tion and Flickr2K [39] datasets. All images are compressed
by better portable graphics (BPG) [4] and JPEG [40].2

Observation 1: Existing quality enhancement methods
fail to discriminate against compressed images, regarding
them as more realistic than raw images.

Analysis. We measure the realism scores of enhanced,
compressed, and raw images evaluated by discriminators.
Specifically, we crop all images into patches with the size
of 128×128 (in accordance with the patch size during train-
ing), which are then sent to the discriminators for evaluat-
ing realism scores. As shown in Tab. 1, the discriminators
effectively discriminate between enhanced and raw images
by assigning higher realism scores to the raw images. How-
ever, these discriminators struggle to distinguish between
compressed and raw images; more surprisingly, the aver-
age realism score for compressed images even exceeds that
of raw images. This reveals that the compression domain
is perceived as more realistic, undermining the efforts to
reduce compression artifacts and leading to the enhance-

2BPG implements the HEVC intra-frame compression [37]. Results
for BPG-compressed images with quality parameter (QP) set to 37 are
presented, while other results are comprehensively provided in the sup-
plementary material.

Realism score: 0.85

Raw

0.28 (-0.57)

Enhanced

0.87 (+0.02)

Compressed

Realism score: 0.66 0.13 (-0.53) 0.85 (+0.19)

Figure 2. Visual demonstrations of realism scores for images as
evaluated by [44]. The results highlight that existing methods
overlook significant compression artifacts in realism evaluation.

ment bias towards the compression domain. Fig. 2 provides
visual demonstrations to further illustrate our observation
that the severe compression artifacts (e.g., blurring) are ne-
glected when evaluating image realism. We argue that these
discriminators predominantly base their judgment on gen-
erative artifacts; as a result, the compressed image appears
more realistic since the introduced compression artifacts
differ significantly from generative artifacts. This insight
wraps up our analysis for Observation 1.

Observation 2: For existing methods, enhancement-
domain images are more aligned with compression-domain
images than with raw-domain images.

Analysis. We analyze the similarity scores among com-
pressed, raw, and enhanced images via utilizing the datasets
and re-trained models above. Here, the similarity is mea-
sured by two widely-adopted metrics for assessing percep-
tual quality enhancement: the Frechet inception distance
(FID) [18] and the learned perceptual image patch similarity
(LPIPS) [55]. As illustrated in Fig. 3, there is a consistent
trend where the enhancement domain exhibits closer align-
ment with the compression domain, compared to the raw
domain. To quantitatively measure this trend, we calculate
the horizontal deviation of each vertex relative to the cen-
troid of its base, which can be equivalently expressed as:

Deviation :=
S2

C,E − S2
R,E

S2
C,R

× 100%, (1)

where SC,E, SC,R and SR,E represent the similarity (in terms
of either FID or LPIPS) between compression and enhance-
ment domains, between compression and raw domains, and
between raw and enhancement domains, respectively. The
obtained results range from -5.71% to -98.43%, demonstrat-
ing the pervasive bias towards the compression domain, as
observed consistently across datasets and similarity metrics.
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Figure 3. Similarity scores between compression, raw, and enhancement domains. Lower FID and LPIPS scores indicate greater similarity.
The horizontal deviation of each vertex relative to the centroid of its base, calculated with float precision on original data, is also shown.
The results underscore the enhancement bias, demonstrating a closer alignment of the enhancement domain with the compression domain
than with the raw domain.

Fig. 4 provides visual demonstrations to further illustrate
our observation. This comprehensive analysis brings us to
the conclusion of Observation 2.

4. Mitigating Enhancement Bias for Quality
Enhancement of Compressed Images

Given the above observations, we propose a simple yet
effective method that aims at mitigating the enhancement
bias to improve the quality of compressed images. First,
our method discerns the compression domain by utilizing a
conditional discriminator [29], wherein the compressed im-
age serves as a pivotal condition. Second, our method ac-
tively distinguishes the enhancement domain from the com-
pression domain via a proposed domain-divergence regu-
larization. Employing this dual strategy, our method facil-
itates effective discrimination against the compression do-
main, and consequently aligns the enhancement domain
more closely with the raw domain. Ultimately, by miti-
gating the enhancement bias, our method significantly en-
hances the quality of compressed images.

4.1. Discrimination against Compression Domain

Existing methods predominantly utilize GANs [13] to syn-
thesize realistic images. Specifically, given a compressed
image IC, these methods focus on training a generative net-
work G(·), which produces an enhanced image denoted as
IE = G(IC). Simultaneously, an image-realism discrimi-
nator D(·), designed to distinguish between the enhanced
image IE and the raw image IR, is optimized via an adver-
sarial loss function:

max
D

LD = E[log
(
1−D(IE)

)
] + E[logD(IR)]. (2)

Here, the discriminator aims to output 1 for IR and 0 for IE.

Enhanced Residual to comp. Residual to raw

Figure 4. Residual comparisons between enhanced images [44]
and their compressed/raw counterparts. These visualizations re-
veal a stronger resemblance of the enhanced images to their com-
pressed counterparts, as indicated by the weaker residual.

However, we note that IC is derived from compressing
IR and is subsequently used to produce IE, suggesting that
IR and IE have correlated distributions. Contrarily, most
GANs are established on the principle of independent gen-
erated and real image distributions, typically with generated
images sampled from random noise [13]. The violation of
this independence may lead to mode collapse [2, 26], result-
ing in enhanced images that are deficient in realism. This
outcome aligns with what we have identified as biased en-
hancement in our observations.

Indeed, IR, IC, and IE constitute a basic probabilistic
graphical model (PGM), comprising a three-node directed
acyclic graph (DAG) [38] as depicted in Fig. 5. Recall
that IC results from compressing IR and is later enhanced
to form IE. This underlying causal graph underpins the
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fc fe

Figure 5. Causal relationships among the raw, compressed, and
enhanced images, where fc and fe denote the image compression
and quality enhancement respectively.

Data. Raw Enh.
∆

Comp.
∆

to raw to raw

DIV2K 0.87 0.04 -0.83 0.05 -0.82
Flickr2K 0.86 0.03 -0.83 0.05 -0.81

Table 2. Realism scores evaluated by our method using [44] for
raw, enhanced, and compressed images. Higher scores indicate
greater perceived realism.

Bayesian D-separation relationship:

p(IR, IE|IC)=p(IR|IC)·p(IE|IR, IC)︸ ︷︷ ︸
Chain rule

=p(IR|IC)·p(IE|IC)︸ ︷︷ ︸
Causality

,

(3)
thereby indicating IR and IE are conditionally independent
given IC, denoted as IR⊥⊥IE | IC.

This insight allows us to treat the enhanced and raw im-
ages as independent variables when IC is provided for train-
ing both enhancement and discrimination networks. Thus,
we deploy a conditional discriminator [29], incorporating
the compression image as a key condition for quality en-
hancement:

max
D

LD = E[log(1−D(IE|IC))] + E[logD(IR|IC)]. (4)

Empirical evidence strongly supports our method’s effec-
tiveness; providing the discriminator with concatenated in-
puts of compressed and enhanced/raw images markedly en-
hances realism evaluation, as evidenced in Tab. 2. More
importantly, the enhanced discriminator effectively distin-
guishes the compression domain, which is achieved without
modifying network architectures or optimization strategies.

4.2. Distancing from Compression Domain

Existing methods leverage a weighted combination of three
distinct loss functions to optimize the generator G(·):

LG = λrLrecon. + λpLpercept. + λdLdiscrim.. (5)

In this formulation, Lrecon. and Lpercept. assess the pixel-wise
and feature-wise mean absolute error (MAE) respectively,
both between IE and IR; Ldiscrim. quantifies the discrimina-
tion loss associated with IE. Notably, the compressed im-
age IC, indicative of the presence of compression artifacts,
is largely overlooked. However, as outlined in Observa-
tion 2, enhancement-domain images in these methods are
more aligned with compression-domain images than with
raw-domain images.
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Figure 6. Visualization of domain disparity by our method using
[44], as applied to randomly cropped patches from the DIV2K val-
idation set. Linear regression lines are also illustrated.

To address this challenge, we incorporate a domain-
divergence regularization that accounts for the disparities
from the compression domain to both the raw and enhance-
ment domains:

LR =

{
DC,R −DC,E, if DC,E < DC,R

0, otherwise
, (6)

DC,R = |ψl(IR)− ψl(IC)|, (7)
DC,E = |ψl(IE)− ψl(IC)|. (8)

Here, ψl represents the final convolution layer within the
l-th block of a pre-trained VGG-19 model [35]. During
the training process, this regularization promotes a larger
disparity between the enhancement and compression do-
mains, especially when it is less pronounced than the dispar-
ity between the raw and compression domains; otherwise,
this regularization exerts no influence on training. Conse-
quently, the loss function evolves to:

LG = λrLrecon. + λpLpercept. + λdLdiscrim. + λRLR. (9)

As substantiated in Fig. 6, this regularization effectively en-
larges the disparity between the compression and enhance-
ment domains, both pixel-wise and feature-wise, to a degree
comparable with the compression-to-raw domain disparity.

Discussion. While many conditional-discriminator-
based methods have shown advancements in tasks such as
underwater enhancement [51], de-raining [53], interactive
editing [8], and neural codecs [28, 50], this paper pioneers
advances in the field of quality enhancement. It also pro-
vides a unique perspective to understand these advance-
ments through our bias analysis. Our proposed method pro-
ficiently addresses the challenges of enhancement bias in a
simple yet highly effective manner. Its model-agnostic na-
ture facilitates seamless integration with a wide range of en-
hancement methods, without incurring inference overheads.
Furthermore, an extensive array of SR methods can be en-
hanced and employed as baselines for perception-driven
quality enhancement. We further investigate the efficacy
of our method for quality enhancement in the subsequent
section.
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Metric Comp. [11] [42] [54] [16] [56] [47] [52] [43]
Ours

[44]
Ours

w/ [43] w/ [44]

↑ AHIQ [24] .433 .443 .451 .453 .459 .450 .454 .454 .456 .463 .454 .471
↑ CLIP. [41] .494 .538 .548 .553 .572 .551 .556 .558 .662 .672 .645 .660
↓ DISTS [10] .126 .134 .143 .143 .140 .144 .142 .141 .060 .058 .064 .062
↓ FID [18] 9.73 10.3 10.4 10.7 10.7 10.6 10.3 10.3 8.84 7.50 10.6 8.77
↑ Hyper. [36] .459 .507 .541 .549 .560 .544 .545 .553 .557 .576 .563 .580
↓ LPIPS [55] .218 .215 .214 .212 .206 .213 .210 .208 .120 .114 .116 .113
↑ MUSIQ [22] 60.7 62.2 63.0 63.1 63.7 63.0 63.1 63.3 65.1 65.6 64.9 66.2
↓ NIQE [30] 4.22 4.49 4.61 4.60 4.63 4.65 4.61 4.65 2.87 2.80 3.14 2.92
↓ PI [7] 4.35 4.52 4.59 4.58 4.60 4.61 4.58 4.60 3.15 3.12 3.43 3.24
↑ PSNR (dB) 30.8 31.2 31.4 31.5 31.7 31.5 31.5 31.6 29.0 29.6 29.8 30.6
↑ TOPIQ [9] .721 .716 .713 .713 .724 .711 .716 .720 .811 .822 .810 .821

Table 3. Objective quality of enhanced BPG-compressed images with QP set to 37. Results for other QPs and JPEG-compressed images,
following similar trends, are detailed in the supplementary material. All results are to three significant figures.

5. Experiments

In this section, we present experimental results to verify
the performance of our proposed method for the quality en-
hancement of compressed images.

5.1. Settings

Image dataset and compression. We utilize the high-
quality raw images from the DIV2K dataset [1] for training
and evaluation. Given the widespread adoption of BPG [4]
and JPEG [40] as image compression codecs, we compress
all images using these two codecs. Specifically, we employ
five different compression settings for each codec: the QP
for BPG is set to 27, 32, 37, 42, and 47, whereas the qual-
ity factor (QF) for JPEG is set to 10, 20, 30, 40, and 50.
These settings are in alignment with the common practices
in previous quality enhancement works [14, 49, 57].

Baselines and metrics. Our method is compared with
a range of widely-used quality enhancement methods3, in-
cluding AR-CNN [11], DCAD [42], DnCNN [54], CBD-
Net [16], RDN [56], RBQE [47], and MPRNet [52]. All
of these methods are re-trained using our dataset for a fair
comparison. In addition, GAN-based SR methods [43, 44]4

are adopted as baselines given their prominence in recent
perception-driven quality enhancement endeavors. Accord-
ingly, our training settings are consistent with these meth-
ods. Specifically, λr, λp, λd, and λR are set to 1e−2, 1,
5e−3, and 1e−1 respectively for [43], and are set to 1, 1,
1e−1, and 1e−1 respectively for [44]. The evaluation is
conducted using a comprehensive set of metrics5, namely
AHIQ [24], CLIP-IQA [41], DISTS [10], FID [18], Hy-
perIQA [36], LPIPS [55], MUSIQ [22], NIQE [30], PI [7],
PSNR, and TOPIQ [9].

3https://github.com/ryanxingql/powerqe
4https://github.com/XPixelGroup/BasicSR
5https://github.com/chaofengc/IQA-PyTorch
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Figure 7. Rate-distortion curves comparing bits per pixel (BPP)
against distortion measured by FID and LPIPS. Additional results
using other metrics are provided in the supplementary material.

5.2. Evaluation

Objective quality evaluation. Tab. 3 presents the objec-
tive quality of enhanced compressed images. As detailed
in Tab. 3, our method consistently enhances the perception-
driven SR baseline methods [43, 44] across all metrics. For
instance, the FID score by [44] stands at 10.6, which is even
higher than the 9.73 baseline for compressed images, in-
dicating a post-enhancement degradation in fidelity to raw
images. On contrary, our proposed method effectively ad-
dresses this by lowering the FID score to 8.77. Further-
more, while these SR baseline methods surpass the tradi-
tional fidelity-oriented methods [11, 16, 42, 47, 52, 54, 56]
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Metric [11] [42] [54] [16] [56] [47] [52] [43]
Ours

[44]
Ours

w/ [43] w/ [44]

AHIQ [24] -5.63 -10.4 -12.0 -18.8 -11.6 -15.6 -15.6 -24.6 -29.3 -28.3 -41.5
CLIP. [41] -29.5 -38.1 -40.8 -55.7 -42.9 -46.0 -47.2 -93.2 -93.5 -94.8 -96.8
DISTS [10] +12.4 +26.5 +26.4 +21.6 +28.9 +26.2 +23.9 -75.5 -75.8 -69.5 -72.0
FID [18] +6.73 +9.01 +11.5 +14.9 +11.0 +11.8 +10.7 -21.7 -24.3 +3.64 -13.7
Hyper. [36] -46.3 -62.9 -65.9 -74.6 -65.8 -66.6 -68.9 -82.1 -98.5 -83.5 -95.3
LPIPS [55] -5.44 -6.64 -7.92 -12.6 -6.90 -9.66 -11.4 -61.2 -63.5 -64.7 -66.2
MUSIQ [22] -24.7 -34.1 -35.0 -42.5 -35.2 -36.3 -38.9 -71.9 -81.6 -64.2 -77.9
PSNR -11.3 -15.3 -16.7 -20.6 -16.3 -18.3 -19.0 +58.7 +36.9 +30.7 +5.71
TOPIQ [9] -1.46 -1.65 -2.03 -7.05 -1.48 -3.55 -5.19 -36.0 -39.8 -36.7 -40.3

Table 4. BD-BR (%) performance applied to BPG-compressed images. Negative values indicate a reduction in bit rate for the same quality.
Results for JPEG-compressed images are available in the supplementary material. All results are to three significant figures.
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Figure 8. FID scores between three domains of the evaluation set compressed by BPG with QP set to 37. The horizontal deviation of each
vertex relative to the centroid of its base, calculated with float precision on original data, is also shown.

in most metrics, they fall short in PSNR, which does not
aligned with perception as noted by [6]. Nevertheless, our
method also enhances the PSNR performance of these SR
baseline methods by at least 0.6 dB. This advancement is
particularly meaningful to recent perception-driven qual-
ity enhancement endeavors, which predominantly employ
SR baseline methods. In summary, our method not only
achieves state-of-the-art performance in enhancing the per-
ceptual quality of compressed images, but also significantly
improves the fidelity quality by perception-driven SR base-
line methods.

Rate-distortion performance evaluation. In this sec-
tion, we conduct a thorough evaluation of the rate-distortion
performance of our and compared methods. Fig. 7 presents
the rate-distortion curves for both BPG-compressed and
JPEG-compressed images. Notably, the curves correspond-
ing to our method are consistently lower than those of the
compared methods, highlighting the enhanced image qual-
ity by our method across codecs and bitrates. Moreover, we
quantify the rate-distortion performance through the Bjon-
tegaard delta bit rate (BD-BR) [5] metric. As illustrated in
Tab. 4, our method demonstrates a significant reduction in
bitrate while maintaining the same perceptual quality com-
pared to other methods, as evidenced by the minimal BD-

BR values. Even when considering PSNR, our method en-
hances the baseline performance by a minimum of 21.8%.
In summary, our method significantly advances the state-of-
the-art rate-perception performance, and also improves the
rate-fidelity performance of perception-driven SR baseline
methods.

Enhancement bias mitigation. The foremost objective
of our method is to mitigate the enhancement bias, thereby
enhancing the quality of compressed images. In this sec-
tion, we examine the enhancement bias for both compared
and our methods to validate the efficacy of our method in
bias mitigation. Figs. 8 and 9 present the similarity scores
between three domains, as measured by FID and LPIPS re-
spectively. The results indicate that fidelity-oriented meth-
ods [16, 42, 47, 52, 54, 56] exhibit a pronounced enhance-
ment bias towards the compression domain. This is evi-
dent as their enhancement domain closely resembles the
compression domain rather than the raw domain, a phe-
nomenon observable in the left-leaning triangles. In addi-
tion, employing perception-driven SR methods [43, 44], re-
sults in a modest reduction of the enhancement bias which
remains noticeable. Conversely, our proposed method sub-
stantially diminishes this bias, aligning the enhancement
domain more closely with the raw domain. Fig. 10 pro-
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Figure 9. LPIPS scores between three domains on the evaluation set compressed by BPG with QP set to 37. The horizontal deviation of
each vertex relative to the centroid of its base, calculated with float precision on original data, is also shown.

Compressed [43] [44]

Raw Ours with [43] Ours with [44]

Figure 10. Visualization of residual to the compressed image. Ad-
ditional examples are provided in the supplementary material.

vides a visual demonstration, further illustrating the signifi-
cant impact of our method in mitigating enhancement bias.
In conclusion, our proposed method proficiently addresses
the prevalent enhancement bias found in existing methods.

5.3. Ablation Study

In our ablation study, we focus on two pivotal mechanisms
of our proposed method: (1) the conditional discriminator,
which aids in discerning the compression domain, and (2)
the domain-divergence regularization, designed to more dis-
tinctly separate the enhancement domain from the compres-
sion domain. As depicted in Tab. 5, the employment of ei-
ther the conditional discriminator or the domain-divergence
regularization leads to improvements in both FID and PSNR
metrics across various baseline methods, highlighting their
efficacy in enhancing the quality of compressed images.
Moreover, our comprehensive method that integrates both
mechanisms achieves the most significant advancements.

Baseline [43] ∆ to ori. [44] ∆ to ori.

Vanilla 8.84/29.0 - 10.6/29.8 -
With (1) 8.05/29.4 -0.79/+0.38 9.21/30.0 -1.39/+0.24
With (2) 7.67/29.2 -1.17/+0.22 9.70/30.4 -0.90/+0.59
Ours (Full) 7.50/29.6 -1.34/+0.63 8.77/30.6 -1.83/+0.79

Table 5. FID/PSNR (dB) scores for enhanced BPG-compressed
images with QP set to 37, using various configurations.

6. Conclusion

In this paper, we systematically explored and addressed
a critical issue prevalent in existing quality enhancement
methods: the enhancement bias towards the compression
domain, which detrimentally affects the quality of enhanced
compressed images. Our research introduced a simple yet
effective method to mitigate this bias, thereby improving the
quality of compressed images. Our method utilizes a con-
ditional discriminator for discerning the compression do-
main, enabling a clear distinction between the raw and en-
hancement domains. This distinction is further reinforced
by a domain-divergence regularization mechanism, effec-
tively separating the enhancement domain from the com-
pression domain. Experimental results validated the effec-
tiveness of our approach, showing significant improvement
in image quality by more accurately aligning with the raw
domain. Our research not only achieves the state-of-the-
art performance in quality enhancement, but also provides
a novel perspective of evaluating the enhancement bias in
future advancements of quality enhancement.
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