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Figure 1. Comparison of five compression and/or compensation frameworks at the same LPIPS 0.164. The proposed Lo-Hi framework
achieves up to 60.29% and 43.75% BPP savings compared to JPEG and SOTA NN-based CAR method, respectively. Moreover, the

proposed framework achieves 376.75x and 153 x latency reduction compared with VVC and HEVC, respectively.

Abstract

Compression artifacts removal (CAR), an effective post-
processing method to reduce compression distortion in edge-
side codecs, demonstrates remarkable results by utilizing
convolutional neural networks (CNNs) on high computa-
tional power cloud side. Traditional image compression
reduces redundancy in the frequency domain, and we ob-
served that CNNs also exhibit a bias in frequency domain
when handling compression distortions. However, no prior
research leverages this frequency bias to design compres-
sion methods tailored to CAR CNNs, or vice versa. In this
paper, we present a synergistic design that bridges the gap
between image compression and learnable compensation for
CAR. Our investigation reveals that different compensation
networks have varying effects on low and high-frequencies.
Building upon these insights, we propose a pioneering re-
design of the quantization process, a fundamental component
in lossy image compression, to more effectively compress
low-frequency information. Additionally, we devise a novel
compensation framework that applies different neural net-
works for reconstructing different frequencies, incorporating
a basis attention block to prioritize intentionally dropped
low-frequency information, thereby enhancing the overall
compensation. We instantiate two compensation networks
based on this synergistic design and conduct extensive exper-
iments on three image compression standards, demonstrating
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that our approach significantly reduces bitrate consumption
while delivering high perceptual quality.

1. Introduction

The surge in mobile data has increased the need to trans-
mit vast volumes of internet traffic from edge devices to the
cloud [3]]. Addressing this challenge typically involves two
solutions: (1) high-quality compression at low-bitrate on the
edge (2) low-quality post-compensation in the cloud [21]].

At the compression stage, advanced codecs such as
H.265/HEVC and H.266/VVC [6], achieve lower bi-
trates at high perceptual quality, yet at the cost of increased
computational complexity. In contrast, earlier codecs like
JPEG, while computationally simpler, consume more bi-
trates to maintain perceptual quality, as illustrated in Fig. [T}
The resource-constrained edge devices make the computa-
tionally heavy approach impractical. Thus, achieving high
perceptual quality at low bitrates on resource-constrained
edge devices remains challenging.

At the compensation stage, the cloud’s extensive compu-
tational resources enable the use of complex post-processing
methods, i.e., neural network-based CAR models
[32]], which correct distortions introduced by edge compres-
sion. However, the compensation benefits are gradually
diminished by increasing computational complexity or en-
larging the model size. One significant reason is that the
design of compression and compensation are separate, fail-
ing to exploit the inherent connection between compression
and compensation in information processing. Therefore, we
aim to develop a synergistic design to fully explore potential
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of the compression and compensation system.

Recent work [38] improves compression algorithms by
considering the compensation network, training a compres-
sion parameter prediction network to provide block-wise
parameters based on a specific restoration network. How-
ever, it does not achieve a synergistic optimization, since
it remains strongly coupled to the compensation network,
thus limiting the adaptability of the edge-side compressor,
and the prediction network adds computational overhead,
posing challenges for edge deployment. These limitations
motivate us to develop a synergistic and edge-friendly design
of compression and compensation stages.

We adopt this co-design approach, but in a completely
distinct manner. A crucial insight enabling this design is our
observation of specific frequency characteristics present in
both stages—namely, frequency bias in the compensation
stage and frequency selectability in the compression stage.
Frequency bias: Recent works [16| 24] study the frequency
bias of CNNs towards image restoration. We further ex-
plore such bias through a well-controlled experiment with
results aligning with works [[16} 24]. As shown in Fig.
various types of CNNs exhibit distinct effects across fre-
quency bands, with a tendency toward better recovery of
low-frequency component (FC) information than high FC.
Frequency selectability: Image compression generally con-
sists of three main steps—transformation, quantization, and
entropy coding. The primary information loss occurs during
quantization, where traditional codecs, designed with human
visual system (HVS) alignment in mind, often prioritize pre-
serving low-frequency components. Increasing the step size
reduces the retained information and vice versa, enabling
selective preservation of specific frequencies as required.

In summary, CNNs are more effective at compensat-
ing low-FCs, while traditional codecs are inherently opti-
mized to preserve these low frequencies. In other words,
there remains low-frequency redundancies across exist-
ing compression-compensation frameworks. Therefore,
we aim to release the redundancies by embracing the intrin-
sic characteristics of compression and compensation stages
in a synergistic design.

Building on the analysis, we propose a synergistic frame-
work that combines standard image codecs with compensa-
tion neural networks. Specifically, we redesign the quantiza-
tion process in standard codecs by increasing the quantiza-
tion step for selected low-frequency components through a
statistical-based quantization method, as these components
are more easily recovered by CNNs. For the compensation
network, we adopt a two-part design: a heavy-weight regres-
sion network dedicated to low-frequency compensation and
a light-weight generative network focused on high-frequency
restoration. And we design the base attention block (BAB)
tailored to restore the low-frequency components intention-
ally reduced during compression. Our contributions can be

summarized as follows:

1. We analyze, for the first time, the frequency bias in
CNN compensation, guiding the design of the synergistic
framework for compression and compensation.

2. We propose a statistical quantization, called Lo-Hi sen-
sitive quantization, to selectively compress more low-
frequency components.

3. We develop a two-step Lo-Hi compensation framework
and a dedicated frequency restoration block, the base
attention block (BAB), to better recover low-frequency
components.

4. Comprehensive experiments demonstrate the effective-
ness and efficiency of our framework, achieving the aver-
age BD-rate reduction of 45.74% and 48.09% for human
vision and machine vision, respectively.

As shown in Fig.[T} compared with standard image codecs
and previous compensation models, our synergistic frame-
work achieves remarkable bitrate savings and minimal la-
tency when reaching the given level of perceptual quality.

2. Related Works

2.1. Lossy Image Compression

Deep learning-based image compression algorithms [[1} 2|
10,129, 46| have yet to see widespread adoption on resource-
constrained edge devices due to their substantial computa-
tional overhead. Instead, traditional lossy image compres-
sion standards have evolved over the past three decades to
facilitate the efficient transmission and storage of edge-side
image data. The inaugural lossy compression standard, pro-
posed in 1992, is JPEG [30]. Subsequent standards include
JPEG2000 [27], WebP [26], BPG (HEVC intra) [28], and
VVC intra [6]. In lossy compression algorithms, the major
steps causing a loss of information and leading to compres-
sion artifacts are quantization and rounding. Compression
artifacts manifest as visual distortions in the reconstructed
image, representing a trade-off between achieving a higher
compression ratio and maintaining image quality.

2.2. Deep Learning-based CAR

To mitigate the compression artifacts, there has been
a notable surge in deep learning-based CAR models.
FBCNN [15] handles different quality factors for JPEG
artifacts removal by embedding the quality factor derived
from a decoupler module into the reconstruction module.
NAFNet [9] simplifies nonlinear activation functions, sav-
ing computational costs while exhibiting competitive per-
formance on image deblurring. Uformer [33]] introduces a
hierarchical encoder-decoder network consisting of Trans-
former blocks, incorporating local and global dependencies.
CRESNet [11] leverages a multi-stage progressive network
tailored for blind JPEG artifacts removal. MARN [14] in-
corporates a multi-scale feature extraction block to learn
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salient image features, where two branches accounting for
coarse and fine aspects are fused to remove JPEG image arti-
facts. Li et al. [17] propose a new JPEG image localization
in which wide-receptive-field attention is designed to learn
JPEG compression artifacts. However, few work considers
compression when designing CNN model.

2.3. Perceptual Quality Metrics

PSNR measures average pixel errors yet correlating
poorly with HVS [4]. NIQE [20] demonstrates high consis-
tency with visual perception, which is also assumed to be
high-frequency-aware by considering the covariance of Mul-
tivariate Gaussian distribution fit to natural scene statistics
features. The naturalness and reality of authentic images can
be well measured by NIQE [20]. Moreover, LPIPS [42] cal-
culates differences in CNN activations to align with human
perception, while FID [13]] assesses the diversity and realism
of generated content. Hence, we utilize reliable quality met-
rics to comprehensively evaluate lossy compressed images,
including LPIPS, NIQE, FID, and PSNR.

3. Frequency Bias at Image Compensation

Numerous studies have explored the optimization learn-
ing biases of two distinct types of deep neural networks. The
first type is regression models; the authors from work [22]
examine the artifacts produced by regression models and
delve into the spectral characteristics of CNNs throughout
their training phase. The second type belongs to generative
models; the authors of works [7, 24]] center around the ca-
pabilities of generative models in capturing high-frequency
details. Drawing inspiration from these studies, we em-
barked on a series of experiments to explore how frequency
bias affects performance in image compensation tasks.

In our study, we initially delve into the issue of frequency
bias in the task of compressed image compensation. To ad-
dress this, we isolate the compensation process, framing it as
a reduction problem for different Discrete Cosine Transform
(DCT) ECs [12]. Assume X (¢, 7) is an n X n image, which
can be represented as the accumulation of n x n FCs of
DCT:

n—1ln—1

=2 > ) bl (1)

u=0 v=0

where c¢(,, ) € R! and bi,juw) € R represent the DCT
coefficient and the corresponding basis function at different
frequencies defined by (u, v), respectively.

We employ RRDBNet as the generator and UNet as
the discriminator for the generative network [31]. We
also use RRDBNet for the regression network. The loss
functions for the generative and regression networks are
0.0001 x Ly + Lgan and Ly, respectively. We randomly
select 1500 training images and 200 validation images from
the ImageNet [23]. We use the 8 x 8 DCT, dividing the
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Figure 2. Datasets and results in our exploration. (a) FCs removal;
(b) The compensation of regression/generative models on different
FCs in PSNR and NIQE.

images into 64 FCs. As shown in Fig. 2] (a), we generate
four datasets by intentionally removing FCs with large quan-
tization steps from low (i.e., Diag ) to high (i.e., Diagp)
in ascending order.

As shown at the top of Fig. 2] (b), for pixel-fidelity mea-
sured by PSNR, both the generative and regression models
are more effective at restoring lower-frequency information
than higher frequencies, and the regression model outper-
forms the generative model in restoring pixel errors. Beyond
pixel fidelity, we also use NIQE to assess realism (refer to
Sec. 23)), as shown at the bottom of Fig. 2] (b). The NIQE
scores indicate that the generative model consistently outper-
forms the regression model across four cases in producing
realistic images, particularly in Diagp, where high FCs are
most reduced. However, the regression model performs even
worse than the uncompensated result in Diagp.

We can draw two observations: (1) Frequency com-
pensation bias. Both models consistently yield superior
compensation outcomes on both quality metrics in restor-
ing low-frequency information; (2) Model type bias. The
regression model is more adept for fidelity compensation,
while the generative model excels at realism enhancement.

The frequency compensation bias suggests that low-
frequency information can be more heavily compressed, as
it is readily compensated by CNNs—contrasting with the
HVS-based quantization approach in conventional codecs,
which emphasizes preserving low frequencies. Therefore,

N A P

(a) Before quantization

(b) After default quantization

(c) After Lo-Hi sensitive quantization

Figure 3. FC Coefficient distributions of different quantization.
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Figure 4. Proposed synergistic design and two-step Lo-Hi compensation CNN framework, including Lo-regression model and Hi-generative
model. Basis attention block is designed to compensate for frequency of interest.

there remain low-frequency redundancies in previous codec
and CAR frameworks. And existing CAR approaches have
not addressed the model type bias, which involves using
different CNN model types to repair distinct frequency com-
ponents. These observations motivated us to develop a Lo-Hi
synergistic design framework that leverages both biases.

4. Lo-Hi Synergistic Design Framework

Our proposed synergistic design framework comprises
two components: a Lo-Hi quantization process and a Lo-Hi
compensation model. Based on our observations, the quanti-
zation process in traditional compression is contrary to the
priority of the compensation network. Therefore, we first
modify the quantization process to make it suitable for the
compensation network. Then, we design a two-step com-
pensation CNN framework with a proposed basis attention
block (BAB) to separately address low and high FCs.

4.1. A Lo-Hi Sensitive Quantization Process

Quantization steps in existing image compression stan-
dards are derived from the non-linear mapping from a quan-
tization parameter (QP) [6} 28] 34]], or a default quantization
table scaled by a quality factor (QF) [30]] and QP [28]]. The
HVS-driven quantization table provides smaller steps for
low FCs to adapt to HVS’s high sensitivity in plain areas
while giving larger steps for high frequency to discard dra-
matic changes. However, this setting contradicts the CNN
compensation performance, as our observation suggests that
low FCs are easier for CNNs to compensate.

To redesign the quantization process, we first analyze
the distribution of each FC coefficient. The Generalized
Gaussian Distribution with zero means is suitable for DCT
coefficient modeling [43]] with the distribution:

Y2 gl
20 (1 +1/5)° ’ @

where p is the shape parameter and [ is the inverse scale
parameter. We follow the assumption as in [43]], setting p =
2, to model the DCT coefficients as a Gaussian distribution.
As shown in Fig.3[b), the quantized symbols at low FCs are
diverse after default compression since the quantization step

GG(x;8,p) =

(QS) is small. Our method replaces the default quantization
step with the corresponding standard deviation (st.d) o of
this FC. In this way, the FCs with larger and smaller st.d will
all have the same distribution after quantization, as shown in
Fig.Bfc). Reducing the number of symbols at the encoding
stage can decrease the compression bitrates.

We formulated the process of our quantization method
and gave the ideal amount of entropy reduction benefit of
our design as below. Taking the DCT as an example, the
probability distribution of DCT coefficients can be generally
denoted as:

Pi(z) = Y/vzroiexp(—=*/202) ~ N(0,07),  (3)

where ¢ € 1,2,...64, are DCT FC indices. After being di-
vided by the default quantization step g or standard deviation
o, the distribution is shown as Eq. (@) and Eq. (3):

Pi(&) = 1/varaiexp(—°/26,2) ~ N(0,6:%),  (4)
Py(&) = 1/varexp(—#°/2) ~ N(0,6;%), (5)

where & = #/q, & = %/o, 6; = %i/q, and 6; = 1. These
scaled coefficients are rounded into integers (quantization in-
tervals ¢), which are further sent to the entropy coder. When
the standard deviation o is large, it is reasonable to assume
that the probability distribution of quantization intervals re-
mains the Gaussian function. Thus, the distribution of ¢
obtained from the division of ¢ follows N (0, &;?), where the
¢; is related with ;. Similarly, the distribution of intervals
quantified by o follows N (0, g}-2) with ¢ related with g;.

We use Shannon entropy [25] to measure the entropy
reduction of coefficients benefited from our quantization
normalization based on default quantization. In general,
we consider Shannon entropy of one specific FC, H (t) for
quantization by g and H (£) for quantization by o. The distri-
butions of quantization intervals obtained from the division
of ¢ and o follow N (0,¢?) and N (0, ¢?), respectively. Thus
the ideal amount of entropy reduction can be given by:

H®)/H(i) = 1/21ogy(2me) + log, (S — <), (6)

where standard deviations ¢ and ¢ in second term are related
to standard deviations of scaled coefficients before rounding
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given by ¢ = %, and 6 = z=1, wherein o is the stan-
dard deviation of DCT coefficients of the specific FC. The
numerical difference between o and ¢ is often significant
in low FCs, leading to a large amount of entropy reduction
and a further higher compression ratio. The detailed formula
derivation and analysis of the possible maximum range of
entropy reduction can be referred to the supplementary.

We consider that at high-frequency bands, their standard
deviations are always small and they usually have limited
contribution to the overall image quality. Thus, to maximize
the compression ratio we use st.d as the quantization step
and keep the others unchanged, which can be written as:

o ,0>dQ (7a)
Q_{dQ

, otherwise (7b)
where () is the new quantization step at a FC, o is its st.d
and dQ is the default quantizaiton step. Therefore, most of
the replaced components lie on low frequency, which means
that a higher compression rate can be achieved due to the
loss of high-energy low-frequency information. We refer to
all the replaced FCs as frequency of interest (FOI).

4.2. A Lo-Hi Compensation CNN Framework

4.2.1. Framework Overview

As shown in Fig. ] our two-step Lo-Hi compensation
framework consists of a Lo-regression model and a Hi-
generative model, each tailored to leverage the strengths
of different network types for optimal frequency compen-
sation. The Lo-regression model comprises an algorithm-
agnostic regression model and a basis attention block (BAB),
targeting FOI compensation. Specifically, the lightweight
BAB is proposed to prioritize low-frequency information
that is intentionally dropped in our Lo-Hi compression. No-
tably, our framework does not impose restrictions on the
type of regression model used, allowing compatibility with
any image restoration regression model. The operation of
the Lo-regression model is defined as follows:

Ipase = Fpap(Fre(Iin)), ®)

where F,.. and Fpap represent the algorithm-agnostic re-
gression model and BAB module, respectively.

The Hi-generative model is responsible for high-
frequency compensation, enhancing fine details for improved
perceptual quality. Since the low-frequency components are
effectively compensated by the Lo-regression model, we em-
ploy only a lightweight generative model for high-frequency
refinement. This component can be any generative model
suited to high-frequency restoration. The reconstructed im-
age is defined as:

I’r‘ec = IBase + Fge (IBase)> (9)

where Iy, denotes the algorithm-agnostic generative model.

4.2.2. Basis Attention Block (BAB).

The BAB is a lightweight CNN model capable of selec-
tively compensating for FCs, allowing for more compen-
sation of severely compressed FOIs in the Lo-Hi sensitive
quantization. The BAB can be divided into three sub-blocks:
FOI Filter, statistic frequency attention, and spatial restora-
tion.

FOI Filter. We employ DCT basis functions of FOIs
as frequency selectors to focus the compensation process
specifically on these targeted lower frequencies. In particular,
the output image from the regression model is multiplied by
the FOI-specific DCT basis functions in a non-overlapping
manner, effectively isolating and enhancing the FOI com-
ponents. FOI filters enables the compensation network to
selectively restore the most critical frequencies, generating
FOI-aware features for the succeeding frequency attention
module.

Statistic Frequency Attention. we design a statistical
frequency attention mechanism to assign higher priority
to frequency components (FCs) with greater quantization
losses, as indicated by larger differences between the de-
fault quantization step (QS) and the modified QS used in
Lo-Hi sensitive quantization. Specifically, we use the quan-
tization step residual (QS residual) as a weighting factor,
giving higher weights to FOIs with larger QS residuals to
ensure these frequencies receive more attention during com-
pensation. The QS residual R; for i-th FOI is calculated as
follows:

R; =Norm( > (0;—dQ;)), i€ FOIs.  (10)

dataset

where o; and d(@; are the modified QS and the default QS for
the i-th FOI, respectively. We obtain the QS residuals and
QS of FOIs for training from the statistical experiment on
the LSDIR [18]] dataset across JPEG, HEVC, and VVC. The
detailed analysis and the statistical results can be referred to
the supplementary.

Additionally, we incorporate the modified QS values by
expanding each QS to match the feature resolution and con-
catenating them along the channel dimension. This setup
enables the network to selectively focus on frequencies
with larger QS values, corresponding to higher quantiza-
tion losses. Finally, we downsample the output three times
by a factor of 2 to align with the original image size, ready
for subsequent processing.

Spatial Restoration. The Spatial Restoration module in-
tegrates the frequency-compensated features into the image
reconstructed from the regression model, addressing the lim-
itations of previous regression models in compensating FOIs.
First, the output from the last module is concatenated with
11, along the channel dimension. Then, the AOT block [39],
with its large receptive field, helps recover information lost
during downsampling. Next, the spatial attention module
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Figure 5. Rate distortion curves under JPEG, HEVC, and VVC compression (from top to bottom, respectively). LPIPS, NIQE, FID, and
PSNR are adopted to measure the compensation quality (from left to right, respectively). The corresponding BD rates are reported in Tablem

extracts spatial information to complement the frequency-
focused compensation from the statistical frequency atten-
tion. Finally, these enhanced features are fused through a
convolution layer to produce Ip,se-

5. Experiment

5.1. Experimental Setup

Our synergistic design framework can be applied to any
traditional compression method. In this paper, we implement
the framework in JPEG, HEVC, and VVC. We replace the
default quantization process of the Y channel in these codecs
with our Lo-Hi sensitive quantization.

Dataset and metrics. The experiments were conducted
on LSDIR dataset [18]], including 50k images as the training
dataset and 250 as the testing dataset. Two datasets are
generated, one using the default quantization and the other
using our Lo-Hi sensitive quantization. For JPEG, the QFs of
10, 20, 40, and 50 are considered, and for HEVC and VVC,
the QPs of 33, 37, 41, and 45 are considered. BD-rate is
used as the compression performance metric. More negative
BD-rate corresponds to higher average bitrate savings for
the same visual quality. We adopt PSNR, NIQE, LPIPS,
and FID to measure human vision quality and mean average
precision (mAP) for the object detection task. The baseline
encoder of all the BD-rate calculations in our experiments
is the default compression of the respective compression
standard.

Models and Training. To verify the generality of our
framework, we evaluate the performance with different mod-
els. For the heavy-weight regression model, we choose
the recent SOTA models, Uformer [33] and NAFNet [9].

For the light-weight Hi-generative model, we only use 12
RRDB blocks to form a simple model [41] as the gener-
ator and UNet with spectral normalization as the discrim-
inator [41]. We simply refer to them as Lo-Hi NAFNet
and Lo-Hi Uformer. We train these models using NVIDIA
A6000 GPUs, setting a total batch size of 8 and a patch
size of 256 x 256. We first train the Lo-regression model
with loss function of Ls. Then with Lo-regression model
frozen, we train the Hi-generative model with loss function
of L1 +0.1% Lgan + 0.1 % Lpepc. The training iterations of
regression models are 2 x 10 and 5 x 10* for the generative
model. The learning rate is 1 x 10~%. We evaluate seven
SOTA compensation networks as baselines, including regres-
sion models: NAFNet [9], Uformer [33]], FBCNN [15]], and
CRESNet [11], and generative models: GAN-based BSR-
GAN [41]), diffusion-based SeeSR [36]], and diffusion-based
OSEDift [35].

5.2. Ablation Study

5.2.1. Lo-Hi Sensitive Quantization.

We use BD-rate to evaluate compression performance
in terms of bitrates and quality, and calculate pure bitrate
savings (PBS) averaged across 4 QPs/QFs, to assess bitrate
savings independently of quality. Comparison results be-
tween our Lo-Hi sensitive compression and the defualt com-
pression are presented in Table 2] with corresponding rate
distortion (RD) curves provided in supplementary.

Our Lo-Hi compression effectively mitigates FOIs,
achieving up to 27.55% PBS compared to default JPEG
compression. Additionally, it consistently yields BD-rate re-
duction over LPIPS across the three compression standards,
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Table 1. BD rates and model sizes of compression and compensation frameworks. More negative BD-rate means higher savings.

BD-rate JPEG)]

BD-rate (HEVC)J BD-rate (VVC){

Compression Compensation Size(M) LPIPS FID PSNR LPIPS FID PSNR LPIPS FID PSNR
Default BSRGAN [41] 16.8 -7.29% 5.54% 5.56% -9.80% 7.64% 34.52% -3.74% 6.37% 58.94%
Default SeeSR [36] 2756.3 -10.67%  -1.05% 7.61% -29.09% -26.61% 31.41% -22.82% -14.61% 35.19%
Default OSEDiff [35] 2392.1 -6.38% 2.99% 13.22% -24.14% -16.00% 35.38% -16.35% -10.91% 37.83%
Default FBCNN [15] 71.9 -1441%  -4.43% -10.61% 1.54% -1.01% -1.97% 1.09% -0.55% -8.63%
Default CRESNet [11] 559 -13.40%  -4.55% -10.95% 9.02% 21.12% -3.56% 21.33% 21.07% 14.94%
Default NAFNet [9] 67.8 -23.29% 12.65% -21.02% -30.21% 17.87% -15.07% -28.22% 3.71% -10.90%
Default Uformer [33] 50.4 -26.54%  9.22% -25.02% -34.99% 21.20% -19.44% -35.86% 7.38% -13.47%
Lo-Hi Lo-Hi NAFNet 76.5 -40.09%  -23.09% -5.301% -43.77% -33.31% 10.49% -42.09% -32.41% 19.79%
Lo-Hi Lo-Hi Uformer 59.1 -43.68%  -27.55%  -6.930% 4791%  -39.53%  7.62% -45.62%  -40.04% 17.00%

Table 2. BD rates and pure bitrate savings (PBS) of the Lo-Hi
sensitive compression compared with default compression. For
BD rates over LPIPS and PSNR, more negative indicates more
savings. For PBS, more positive means more savings.

JPEG HEVC VVC
PSNR LPIPS | PBS PSNR LPIPS| PBS PSNR LPIPS| PBS

-1.27% -11.50%|27.55% 2.51% -6.19% |14.65% 2.12% -1.56%|7.45%

Table 3. Ablation study of Lo-Hi Uformer framework

Regression BAB Generative JPEG
5039M 0.05M 8.71M | LPIPS PSNR
b 4 X -521% 52.31%

b 4 X -26.54% -25.02%
X -28.23% -49.43%
-43.68% -6.93%

Since BAB is a block specifically designed to compensate for Lo-Hi
Compression, the use of BAB requires pairing with Lo-Hi compression.

with the maximum BD-rate increase of only 2.51% over
PSNR, indicating minimal impact on perceptual quality.

Notably, as compression standards advance, both PBS
and BD-rate savings from our Lo-Hi compression decrease,
reflecting the expected trade-off between computational com-
plexity and compression ratio. The additional compression
latency from replacing QS is negligible, adding only 0.003s
for JPEG, as shown in Fig.[T} This additional latency propor-
tion is significantly reduced in HEVC and VVC, due to their
higher baseline computational complexity.

5.2.2. Compensation network

We conduct ablation experiments of the Lo-Hi Uformer
compensation framework on JPEG compression, with results
shown in Table@ As can be seen, BD-rate performance on
LPIPS and PSNR is inferior when using only the lightweight
generative model. Compared to the regression model alone,
adding BAB to the regression model yields a 1.69% im-
provement in BD-rate over LPIPS and a substantial 24.41%

Lo-regression Hi-SeeSR

Hi-OSEDiff Hi-GAN Groundtruth

Figure 6. Qualitative comparisons of different generative models.
Three Hi models are evaluated on images that are output from
our Lo-regression model. Our GAN-based Hi-generative model
exhibits faithful, clear, and visually pleasing results.

improvement over PSNR, with only an additional 0.05M pa-
rameters. This demonstrates that BAB effectively enhances
image quality through FOI compensation, particularly in
terms of fidelity. Additionally, the full Lo-Hi framework,
which includes the BAB and the generative model, achieves
a 17.14% improvement in BD-rate over LPIPS compared
to the regression model alone, while adding only 8.76M pa-
rameters. Although the generative model alone places less
emphasis on fidelity, combining it with the regression model
and BAB results in a significant 59.24% improvement in
BD-rate over PSNR compared to the generative model alone,
highlighting the importance of synergistic integration for
both perceptual quality and fidelity.

We additionally evaluated the perceptual enhancement
performance of different generative models serving as the Hi-
generative model in our framework. We evaluate diffusion-
based SeeSR and OSEDiff on the images reconstructed by
our Lo-regression model. As seen in Fig.[6] though input
images have been reconstructed by the Lo-regression model,
diffusion-based models still struggle with rendering accurate
and coherent text, aligning with common findings in diffu-
sion models [8}44]. Instead, our lightweight GAN model
delivers more faithful and clear visual results. Future efforts
will be involved in including reliable diffusion models in our
Lo-Hi framework.

5.3. Overall Performance Comparison

In the comparison of overall frameworks, the Lo-Hi com-
pensation frameworks restore images compressed by our
Lo-Hi sensitive compression while baseline models restore
images by default compression. The RD curves and BD-rate
performance are presented in Fig.[5|and Table[T] respectively.
Compared to default compression, our Lo-Hi frameworks
achieve significant BD-rate reduction up to 47.91% (Lo-
Hi Uformer on HEVC) over LPIPS and 40.04% (Lo-Hi
Uformer on VVC) over FID, while other evaluated models
offer BD-rate reduction no more than 35.86% (Uformer on
VVC) over LPIPS and 26.61% over FID (SeeSR on HEVC).
Besides, our frameworks deliver the fabulously lowest NIQE
values as shown in Fig.[5] Fig.[7]illustrates the qualitative
comparisons, from which we can see that our Lo-Hi syner-
gistic design framework offers high perceptual quality in the
context of reality and details, though the rate-distortion per-
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Figure 7. Qualitative comparisons of compensation frameworks under different compression conditions. Images compressed with JPEG at
QF =10,JPEG at QF = 40, HEVC at QP = 45, HEVC at QP = 37, VVC at QP = 45, VVC at QP = 37, are illustrated from top to
bottom. Our Lo-Hi synergistic design frameworks produce more clear, detailed, and faithful results. Zoom in for better visual comparison.

Table 4. BD rates over mAP on the COCO dataset.

Codec | BSRGAN  NAFNet  Lo-Hi NAFNet
JPEG -29.96% -31.22% -48.12%

HEVC 19.40% -24.54% -41.63%
vvC 8.77% -6.32% -54.53%

formance measured by PSNR is barely satisfactory shown in
Table[T] In other words, the remarkable perceptual quality
benefited from our framework comes at the cost of increased
pixel distortion, which is aligned with the well-known rate-
distortion-perception trade-off [4} [3] [40, 43]]. More visual
results are available in supplementary.

In summary, our Lo-Hi sensitive quantization enables
substantially reduced bitrates with acceptable quality impact,
resulting in efficient compression. The Lo-regression model
in our synergistic design effectively compensates for the de-
liberately quantized low-frequency components, enhancing
fidelity by restoring critical information. Meanwhile, the
Hi-generative model further elevates perceptual quality, al-
lowing our framework to achieve a balanced optimization
across fidelity and perceptual metrics.

5.4. Machine Vision Task

Our Lo-Hi synergistic design framework excels not only
in the human visual domain [[19]] but also demonstrates out-
standing performance in object detection tasks. We con-
ducted experiments on a set of 100 images from the COCO

dataset using DAMO-YOLO [37] for object detection. As
seen in Table[d our Lo-Hi NAFNet achieves consistent and
promising BD-rate savings over mean average precision
(mAP), up to 54.53% BD-rate reduction in VVC. Notably,
our Lo-Hi framework exhibits a greater improvement in BD-
rate on VVC than JPEG and HEVC, which we attribute to
VV(C’s ability to retain more information at same BPP levels.
Thus our framework can leverage the frequency bias and the
increased retained information in VVC to enhance detection
results. Visual examples are available in supplementary.

6. Conclusion

We identify a frequency bias mismatch between image
compression and compensation, revealing low-frequency re-
dundancies in existing CAR frameworks. These insights led
us to develop a frequency-aware Lo-Hi synergistic frame-
work. Our approach includes a Lo-Hi sensitive quantization
process to compress more low FCs and a two-step Lo-Hi
compensation framework to address low and high FCs sep-
arately. Moreover, we propose a basis attention block to
prioritize intentionally dropped low-frequency information.
Experimental results demonstrate that our framework effec-
tively combines the strengths of conventional codecs with
CNNs’ unique properties, achieving superior compression
and compensation performance.
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