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ABSTRACT
Recently, learning-based lossy image compression has achieved
notable breakthroughs with their excellent modeling and represen-
tation learning capabilities. Comparing to traditional image codecs
based on block partitioning and transform, these data-driven ap-
proaches with artificial-neural-network (ANN) structures bring
significantly different distortion patterns. Efficient objective image
quality assessment (IQA) measures play the key role in quantitative
evaluation and optimization of image compression algorithms. In
this paper, we construct a large-scale image database for quality
assessment of compressed images. In the proposed database, 100
reference images are compressed to different quality levels by 10
codecs, involving both traditional and learning-based codecs. Based
on this database, we present a benchmark for existing IQA methods
and reveal the challenges of IQA on learning-based compression dis-
tortions. Furthermore, we develop an objective quality assessment
framework in which a self-attention module is adopted to lever-
age multi-level features from reference and compressed images.
Extensive experiments demonstrate the superiority of our method
in terms of prediction accuracy. The subjective and objective study
of various compressed images also shed lights on the optimization
of image compression methods.

CCS CONCEPTS
• Computing methodologies→ Image processing; Image com-
pression; • General and reference → Measurement.
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1 INTRODUCTION
Advances over recent decades in image acquisition devices produce
enormous images. Image compression, as a fundamental technology
in signal processing, has been applied to a variety of applications for
efficient store and transmission of continuous-tone images. Lossy
image compression algorithms are designed to encode images under
bit-rate constraints while minimizing loss of visual information.
Besides, rooted in Shannon’s rate distortion theory [28], trade-offs
are achieved to adapt to the bandwidth limitations and quality
requirements of different application scenarios.

Traditional image compression methods are mainly consisted
of block partitioning, transform, quantization and entropy coding
modules. Images are divided into blocks, then transform is applied
to decompose image blocks to subbands of coefficients that describe
the frequency characteristics of local areas. Specifically, discrete co-
sine transform (DCT) is adopted in JPEG [39] while discrete wavelet
transform (DWT) is used in JPEG 2000 [32]. These coefficients are
further quantized according to the perceptual characteristics of
the human visual system (HVS). Finally, entropy coding is used
to generate binary bitstream. Besides the above basic components,
block prediction is adopted in WebP [12] to further reduce spatial
redundancy, which is beneficial for improving the efficiency of
entropy coding. Image compression can also be achieved by intra-
frame coding of video compression algorithms such as HEVC [33]
and VVC [6], in which block partitioning is more flexible to enable
adaptation to the local region statistics. Besides, intra prediction
and in-loop filter further improve the compression efficiency and
reduce artifacts. For compressed images from above traditional
codecs, blocking and ringing artifacts are commonly introduced as
shown in Figure 1(a) and 1(b) due to the pipeline based on block
partition and transform.

Regarding DNN-based image compression, the transform mod-
ules are typically in the form of convolutional neural networks
(CNNs). Hence image pixels are mapped into less correlated latent
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(a) Blocking artifacts. (b) Ringing artifacts. (c) Fake textures. (d) Color changes.

Figure 1: Different compression distortions caused by traditional and learning-based image codecs. For each image pair, the
left one is reference image and the right one is compressed image.

representation coefficients by learned nonlinear transform func-
tions. Besides, an entropy model is sometimes used in conjunction
with entropy coding to estimate the probability distribution of la-
tent coefficients such that the bit-rate can be better controlled. The
discrete code 𝒚 for entropy coding and reconstructed image �̂� can
be represented by:

𝒚 = 𝑄 (𝑓 (𝒙 ;\𝑒 )), (1)
and

�̂� = 𝑔(𝒚;\𝑑 ), (2)
in which \𝑒 and \𝑑 are optimal parameters for encoder 𝑓 and de-
coder𝑔, respectively, and𝑄 is quantization function. Then encoding
rate 𝑅 and reconstruction distortion 𝐷 can be formulated by

𝑅 = E𝒙∼𝑝𝒙 [−𝑙𝑜𝑔2𝑝𝒚 (𝒚)], (3)

𝐷 = E𝒙∼𝑝𝒙𝑑 [𝒙, �̂�], (4)
where 𝑝𝒚 is the entropy model with parameters \𝑝 , 𝑝𝒙 is the un-
known natural image distribution and 𝑑 denotes the distortion
function. For end-to-end learned methods, the whole framework is
trained by directly optimizing rate-distortion trade-off as follows:

\̂𝑒 , \̂𝑑 , \̂𝑝 = argmin
\𝑒 ,\𝑑 ,\𝑝

𝑅 + _ · 𝐷, (5)

where _ is the Lagrange multiplier and different _ values determine
different rate–distortion trade-offs. Comparing to traditional codecs,
learning-based methods with DNN structures bring new distortions
to the reconstructed images. In particular, the details and textures
that appear to be real but are actually fake, as shown in Figure 1(c),
are often generated, especially for generative adversarial network
(GAN)-based methods. Besides, regional color variations, which
are presented in Figure 1(d), may be produced when multi-scale
structural similarity (MS-SSIM) [41, 43] is used as loss function due
to its low sensitivity to uniform biases.

These learning-based algorithms revitalize the domain and show
superior visual performance, but also pose great challenges for
image quality assessment (IQA). IQA databases are fundamentally
vital for the development of objective IQA algorithms, and many
databases containing compression distortions have been built, such
as LIVE [30], TID2013 [24], Waterloo Exploration Database [20]
and FG-IQA [47]. However, only traditional codecs are considered
in these studies. In this paper, we push IQA research for compressed
images to the new horizon by constructing a large-scale IQA data-
base with the consideration of learning-based codecs. In the pro-
posed database, 100 high quality images with various contents
and resolutions are collected, and further compressed to 3 or 4
quality levels using 10 different compression methods, including

3 traditional methods and 7 learning-based methods. Specifically,
learning-based methods based on different network architectures,
entropy models and loss functions are considered. The reference
and compressed images are evaluated in subjective experiments,
andmore than 200 thousand human judgements are finally collected
for 5031 compressed patches.

Based on the proposed database, a benchmark is built for existing
state-of-the-art IQA algorithms, further revealing the confronted
challenges of IQA for compressed images from learning-basedmeth-
ods. Experiments show that almost all test IQA models perform
worser on learning-based compression distortions compared to tra-
ditional compression distortions, and there is still large room to
further improve the IQA of compressed images. Diverse compres-
sion distortionsmotivate us to propose a novel full-reference quality
assessment method leveraging multi-level features, which can be
used to evaluate both low-level visual distortion and high-level
semantic distortion. Low-level and high-level features are extracted
from reference and compressed image using a Siamese network,
and these features are fused and regressed to quality scores via a
self-attention module. Extensive experimental results demonstrate
the effectiveness of our method.

The remainder of this paper is organized as follows. Section 2 re-
views the related works for learning-based image compression, IQA
models and IQA databases. Section 3 introduces the construction
of the proposed database, including data generation, compression
distortion analysis and subjective experiments. Subsequently, Sec-
tion 4 presents detailed analysis of the popular IQA models on the
constructed database. Inspired by our analysis, a new IQA method
is introduced in Section 5. Finally, in Section 6, we conclude this
paper and envision the future research.

2 RELATEDWORKS
2.1 Learning-based Image Compression
The pioneering works of Toderici et al. [34, 36] present end-to-end
learned image compression frameworks based on recurrent neural
networks (RNNs). At each step, more and more additional latent
representations are superimposed to gradually improve the quality
of the reconstructed images. Ballé et al. [2, 3] exploit generalized
divisive normalization (GDN) nonlinearity embedded analysis and
synthesis transforms for image compression. With these initial
trials, various approaches are further proposed to estimate the
probability distribution of latent coefficients output by encoder to
achieve more efficient entropy coding. In [4], a hyperprior is trained
and incorporated to capture spatial dependencies in the latent rep-
resentation. Spatial context model is combined with the hyperprior
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in [23] and [19] to better exploit the probabilistic structure of the
latent coefficients.

Generative adversarial networks (GANs) have also been used
for image compression due to promising generative capability. In
contrast with the above-mentioned methods, the goal of which
is to encode the image under the bit-rate constraint with higher
fidelity, GAN-based image compression methods [1, 22, 27] target
for superior perceptual quality, even for extremely low bit-rate
image compression. By learning the distribution of natural images
and allowing the generation of image textures, high compression
ratio and excellent perceptual quality can be achieved at the same
time. However, the generated images with realistic but fake textures
may be unacceptable in certain application scenarios.

2.2 Full-reference IQA Algorithms
The earliest objective model can be traced back to the mean square
error (MSE) and peak signal-to-noise ratio (PSNR) between the
pixel values of the distorted image and the reference image. Due to
the low correlation with human perception [40], many objective
quality measures are further proposed. The SSIM index [41] consid-
ers the sensitivity of HVS by combining luminance, contrast and
structural similarity. SSIM also inspires the design of MS-SSIM [43]
and IW-SSIM [42]. FSIM [45] is derived from similarity maps of
phase congruency and gradient magnitude. VIF [29] proposes to
assess perceptual quality based on information theoretic criterion.
GMSD [44] explores the global variation of gradient for overall
image quality prediction. NLPD [17] is computed as the root mean
squared error of images represented in a nonlinear multi-scale de-
composition in which the local mean and amplitude have been
removed.

Besides handcrafted features, deep features fromnetworks trained
on ImageNet [8] classification task are often utilized. LPIPS [46]
extracts feature stack from layers of pre-trained network and com-
pute the L2 distance. DISTS [9] uses the spatial averages of the
feature maps to capture texture appearance, the correlations of
these spatial averages and the correlations of feature maps are
further combined. These methods achieve promising performance
with a small number of parameters that need to be re-trained.

There are also some data-driven approaches with DNNs carefully
designed for full-reference (FR) IQA tasks, such as WaDIQaM [5],
DeepQA [15], DeepSim [11] and PieAPP [26]. For these methods,
Siamese networks or pseudo-Siamese networks are adopted to ex-
tract features from reference and distorted images. Features from
the two images are further compared or fused to predict the human
judgments.

2.3 IQA Databases
Several IQA databases with compressed images have been con-
structed in recent years to provide guidance for the development of
IQA algorithms. LIVE [13, 30] is a popular IQA database with 5 dis-
tortion types including JPEG compression, JPEG2000 compression,
white noise, Gaussian blur and transmission errors. 779 distorted
images are generated from 29 reference images, most of which are
768×512 pixels in size, and mean opinion scores (MOS) are collected
using single stimulus method. TID2008 [25] is a large-scale database
containing 25 reference images and 1700 distorted images with 17

Figure 2: Illustration of the patches that are cropped from
high resolution images. Cyan rectangles represent 900 × 800
bounding boxes used for cropping. One patch is cropped
from left imagewith single bamboo texture, and twopatches
are cropped from right image with diverse textures.

distortion types including JPEG and JPEG2000 compression, and
the resolution of all these images is 512×384. MOS is obtained from
pairwise comparison experiments. This database is further extended
to TID2013 [24] by introducing more distortion types. Waterloo
Exploration Database [20] contains 4744 pristine natural images
and corresponding 94880 distorted images generated by adding
JPEG compression, JPEG2000 compression, Gaussian blur and white
Gaussian noise distortions. Instead of collecting MOS, three test cri-
teria including the pristine/distorted image discriminability test, the
listwise ranking consistency test, and the pairwise preference con-
sistency test are used to evaluate different IQA models. CSIQ [18]
consists of 30 original images, each of which is distorted to four to
five different levels using six different distortions including JPEG
compression, JPEG-2000 compression, global contrast decrements,
additive pink Gaussian noise, and Gaussian blurring. 866 distorted
images are evaluated by multi-stimulus subjective experiments to
obtain differential mean opinion scores (DMOS). MCL-JCI [14] con-
sists of 50 reference images with resolution of 1920×1080, and each
image is coded by the JPEG 100 times with the quality factor (QF)
from 1 to 100. Specifically, this database focuses on just notice-
able difference (JND) position of QF values in JPEG, the JND data
are further analyzed and processed to derive stair quality function
(SQF). Besides, the relationship between image content and SQF is
studied. FG-IQA [47] constructs a large-scale IQA database with
fine-grained distortion differences. Each of 100 reference images
is compressed into three target bit-rates by four different JPEG
optimization methods. Despite great progress, IQA databases for
learning-based image compression are lacking.

3 LEARNING-BASED IMAGE COMPRESSION
DATABASE FOR IQA

3.1 Database Construction
With the consideration that the compression performance of codecs
may vary for images with different resolutions, 100 images with
different resolutions are selected as reference images in our data-
base. Specifically, 50 images are collected from pristine images
of Waterloo Exploration Database, with an average resolution of
518×403, the other 50 images are high resolution images collected
from CLIC2020 [35], and their average resolution is 1754×1298.
In our database, 3 traditional codecs and 7 learning-based codecs
are used for compression. For traditional methods, the pioneering
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Figure 3: Reference image and compressed images generated using different codecs.

and most widely used image compression standard JPEG, deriva-
tion of VP8 intra-frame coding Webp and the state-of-the-art video
compression standard VVC are adopted:

• JPEG: DCT on fixed 8×8 block size.
• WebP: Framework based on block prediction and DWT.
• VVC: Block-based hybrid coding framework.

For the selection of learning-based methods, network architecture,
entropy model and loss function are considered. Specifically, a
RNN-based framework:

• FRICwRNN [36]: Recurrent model with L1 loss.
and CNN-based frameworks with 4 different entropy model includ-
ing Fact-, Hyper- [4], Hierarch- [23] and CAEntropy-[19] using
MSE or MS-SSIM loss function:

• FactMSE: Factorized entropy model with MSE loss.
• HyperMSE: Hyperprior entropy model with MS-SSIM loss.
• HierarchMSE: Autoregressive and hierarchical priors with
MSE loss.

• HierarchMSIM: Autoregressive and hierarchical priors with
MS-SSIM loss.

• CAEntropyMSIM: Context-adaptive entropy model with MS-
SSIM loss.

as well as a GAN-based method:
• HiFiC [22]: Generative lossy compression method with GAN
loss and MSE loss.

are chosen for compression.
For each reference image, 10 selected codecs are applied to en-

code it to 3 or 4 quality levels. To obtain meaningful experimental
results, the bit-rate points of compressed images of each codec need
to span a range that covers low to high bit-rates, corresponding to
low to high visual quality. Since the rate-distortion behaviors of
compression vary with image content, the bit-rate points of each
reference image should be carefully selected. Specifically, for image
𝑖 , 𝑖 = 1, 2, ..., 100, we first compress it by VVC with commonly used
quantization parameters (QPs) 22, 32, 37 and 42, leading to bit-rates
𝑏4
𝑖
, 𝑏3

𝑖
, 𝑏2

𝑖
and 𝑏1

𝑖
. Other codecs are then used to compress the ref-

erence images to 3 or 4 quality levels within approximately the
same bit-rate range 𝑏1

𝑖
∼ 𝑏4

𝑖
. The average bit-rate increase between

consecutive compression distortion levels is around 90% for each
codec except HiFiC, leading to obvious quality difference. Different
values of quality factor (QF), iteration parameter or Lagrange mul-
tiplier _ are used for controlling the bit-rates for these codecs. As
for HiFiC, only 3 compressed images with relatively low bit-rates
are generated for each reference as it is designed for low bit-rate
compression. It is worth mentioning that we do not strictly make all
codecs to encode the reference images to the same bit-rate points,
but roughly encode them to a similar bit-rate range with different
quality levels.

Hence, 100 × 39 = 3900 compressed images are generated from
100 reference images. As part of these images are with high resolu-
tions, patches with resolution 900×800 (width × height) are further
cropped for subjective experiments. As shown in Figure 2, only
one image patch is cropped for an image with single texture, and
two image patches are cropped for an image with various textures.
The cropped areas are manually selected to show representative
textures/objects in the image. The compressed images are cropped
in the same way as their corresponding reference images. In sum-
mary, we have 129 reference image patches and 129 × 39 = 5031
corresponding compressed patches in our database.

3.2 Compression Distortions
Few studies have thoroughly evaluated compression distortions
caused by different learning-based codecs. Herein, we analyze these
emerging distortions. Examples of severely compressed images
from different codecs are shown in Figure 3. It is worth mentioning
that these compressed images are selected to show various compres-
sion distortions, and they are not of the same bit-rate. We can find
that traditional algorithms exhibit algorithm-specific artifacts such
as blocking or ringing, while learning-based approaches reveal is-
sues that are relevant with the network structure and loss functions
for training. Checkerboard artifacts can be found in FRICwRNN
compressed images. MSE-based methods (i.e. FactMSE, HyprMSE
and HierarchMSE) yield blurry reconstructions at low bit-rate,
which are similar to traditional codecs such as WebP and VVC.
Methods based on MS-SSIM loss (i.e. HierarchMSIM and CAEn-
tropyMSIM) may lead to different texture distortions, and we can
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Figure 4: Screenshot of interface for subjective experiment.
Subjects are required to score the image on the right using
the image on the left as a reference.

find that details such as leaves and flowers are blurred while some
coarse textures are still preserved but twisted. Unlike the above-
mentioned distortions, which significantly affect the distribution of
natural images, the reconstructed images from GAN-based method
are similar to the reference images. However, the details are forged
and different from the reference image.

3.3 Subjective Experiments
Single stimulus and double stimulus [21] methods are two com-
monly used image subjective experiment methods. Single stimulus
method directly collects perceptual quality scores of distorted im-
ages, while double stimulus method collects quality scores that
reflect the level of perceivable difference between distorted and its
reference. Since the purpose of the image compression task is to
convey images with minimal possible distortion given available
coding bits, collecting scores from perspective of image information
fidelity is a more reasonable way. On the other hand, distortions
such as color changes and fake textures caused by learning-based
codecs are difficult to be distinguished without reference. Therefore,
double stimulus experiments with degradation category ratings are
conducted. The subjective experiments are conducted online by a
specifically designed web page as shown in Figure 4. A distorted
image and its reference image are presented side by side at the
same time in their native resolution without scaling, and voting
buttons are placed above for scoring. The degree of distortion is
divided into five different levels labeled as “Very annoying”, “An-
noying”, “Slightly annoying”, “Perceptible but not annoying” and
“Imperceptible”, corresponding to a quality scale ranging from 1 to
5, respectively. The subjects view image pairs using screens with
native resolution of 1920×1080 in office with normal indoor lighting.
The full database is divided into five sessions to minimize viewer fa-
tigue, and each session lasts about 40 minutes and contains around
26 reference image and all their compressed versions. A total of 40
subjects participate in our experiments.

We further screen subject scores according two criterions, num-
ber of outliers and scoring correlation. First, as introduced in [7],
acceptable score range of each image is calculated according the
mean and standard deviation of all collected scores for this image.
Outliers that exceed or fall below this range are count for subject
𝑗 , referred to as 𝑃 𝑗 and 𝑄 𝑗 , respectively. Subject 𝑗 will be rejected

Figure 5: Distribution of MOS of compressed images in our
database.

when:
𝑃 𝑗 +𝑄 𝑗

𝑁
> 0.05 and |

𝑃 𝑗 −𝑄 𝑗

𝑃 𝑗 +𝑄 𝑗
| < 0.3, (6)

where 𝑁 is total number of test image. In other words, 𝑁 = 5031
in our experiment. Second, we compute Spearman’s rank ordered
correlation coefficient (SRCC) between opinion scores from each
subject and mean scores of all the other subjects, and subjects with
SRCC lower than 0.7 are rejected. Around 10 subjects are rejected
for each session at this stage, and all scores from rejected subjects
are not considered.

To remove different scale associated with each subject, a linear
transform is further applied to compute z-scores [37]:

𝑧𝑖, 𝑗,𝑘 =
𝑑𝑖, 𝑗,𝑘 − ` 𝑗,𝑘

𝜎 𝑗,𝑘
, (7)

where 𝑑𝑖, 𝑗,𝑘 denotes the raw score assigned by subject 𝑗 for image
𝑖 during session 𝑘 , ` 𝑗,𝑘 and 𝜎 𝑗,𝑘 are mean and standard deviation
computed across all images scored by subject 𝑗 during session 𝑘 ,
respectively. Finally, the average of z-scores from all subjects on
each image is scaled to MOS:

𝑀𝑂𝑆𝑖 = 100 × 1
6
( 1
𝐽

𝐽∑
𝑗=1

𝑧𝑖, 𝑗 + 3), (8)

where 𝑀𝑂𝑆𝑖 and 𝐽 denote MOS of image 𝑖 and number of sub-
jects, respectively. Figure 5 plots the histogram of obtained MOS
of all images in our database, following all above-described data
screening and processing. It can be seen that the MOS distribution
substantially spans the quality spectrum, with a greater density of
images in the range 50∼70.

4 EVALUATION OF IQA METHODS
Although tremendous progress has beenmade in end-to-end learned
image compression, there is still a lack of systematic benchmark to
comprehensively evaluate the performance of different IQA meth-
ods on these new compression distortions.

To analyze the efficiency of IQA algorithms and demonstrate the
new challenges in quality assessment of compressed images, we
apply a set of commonly used FR IQAmodels including PSNR, SSIM,
MS-SSIM, FSIM, VIF, GMSD, NLPD, LPIPSvgg (LPIPS based on VGG
network [31]) and DISTS to build a benchmark. The implementa-
tions of all algorithms are obtained fromwebsites of authors. Scatter
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Figure 6: Scatter plots of the objective scores vs. MOS for all compressed images in our database. The red lines are fitted curves
and orange dotted lines indicate the value range of fitted value ± RMSE.

Table 1: The SRCC performances of different IQA algorithms with respect to different compression distortions types. Best
performance on each sub-type is indicated with bold values.

PSNR SSIM MS-SSIM FSIM VIF GMSD NLPD LPIPSvgg DISTS

WebP 0.7851 0.8749 0.8835 0.9027 0.8715 0.9211 0.9159 0.9094 0.9242
VVC 0.7641 0.8547 0.8642 0.8722 0.8513 0.8928 0.8805 0.8804 0.9001
JPEG 0.6243 0.7993 0.8573 0.8518 0.7884 0.9100 0.9054 0.8863 0.9109

FactMSE 0.7377 0.8500 0.8669 0.8660 0.8369 0.9001 0.8784 0.8880 0.9011
HyperMSE 0.7428 0.8439 0.8721 0.8522 0.8458 0.9038 0.8670 0.8723 0.8919

HierarchMSE 0.7979 0.8531 0.8720 0.8654 0.8551 0.9105 0.8809 0.8638 0.8955
HierarchMSIM 0.7496 0.8198 0.8168 0.8252 0.7785 0.8836 0.8359 0.8610 0.8773

CAEntropyMSIM 0.6331 0.7299 0.7394 0.7582 0.6635 0.8361 0.7660 0.7887 0.7992
FRICwRNN 0.7877 0.8771 0.8865 0.8946 0.8471 0.9174 0.9311 0.9167 0.9317

HiFiC 0.1792 0.3494 0.0884 0.4430 0.0824 0.2819 0.4590 0.4145 0.4802

Traditional codecs 0.7668 0.8365 0.8598 0.8583 0.8425 0.8956 0.8784 0.8569 0.8616
Learning-based codecs 0.6589 0.7791 0.7730 0.8058 0.7370 0.8459 0.8117 0.8502 0.8740

Full database 0.6956 0.8091 0.8151 0.8308 0.7816 0.8729 0.8341 0.8594 0.8749

plots of these objective scores versus MOS for all compressed im-
ages are shown in Figure 6, and red curves are obtained by fitting a
logistic non-linearity regression function introduced in [30]:

𝑓 (𝑥) = 𝛽1 (
1
2
− 1
1 + 𝑒𝛽2 (𝑥−𝛽3)

) + 𝛽4𝑥 + 𝛽5, (9)

in which 𝛽1, 𝛽2, 𝛽3, 𝛽4 and 𝛽5 are fitting parameters chosen to min-
imize the MSE between the predicted and the subjective scores.
GMSD, NLPD, LPIPSvgg and DISTS are anti-correlated with MOS,
and the lower values indicate better quality. The performance of
these IQA methods is evaluated by SRCC, and higher SRCC values
represent better prediction monotonicity. The SRCC performances
for each IQA method with respect to each codec, all traditional
codecs (i.e. JPEG, WebP and VVC), all learning-based codecs (i.e.

FactMSE, HyperMSE, HierarchMSE, HierarchMSIM, CAEntropy-
MSIM, FRICwRNN and HiFiC) and the full database are shown in
Table 1.

Among these algorithms, PSNR and SSIM are themost commonly
used measures and show relative low correlation performance with
SRCC 0.6956 and 0.8091 on the full database, respectively. GMSD
and DISTS show good overall performance, for both traditional and
learning-based compression distortions, and DISTS ranks first with
SRCC 0.8749 on the full database. Moreover, high correlation on the
full database does not necessarily indicate good performance on
each codec. For example, GMSD ranks second with SRCC 0.8729 on
the full database, but fails to evaluate GAN-based distortions (only
0.2819 on HiFiC). We have following observations from Table 1. (1)
All IQA measures except DISTS perform worse on the collection
of compressed images from all learning-based codecs compared
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(a) Reference image. (b) HyperMSE compressed image. (c) JPEG compressed image.

Figure 7: Example of contradiction between objective scores and MOS. (a) Reference iamge; (b) MOS=39.721, PSNR=31.456,
SSIM=0.920, MS-SSIM=0.925, FSIM=0.943, VIF=0.194, GMSD=0.089, NLPD=0.110, LPIPSvgg=0.261, DISTS=0.130; (c) MOS=13.603,
PSNR=31.883, SSIM=0.925, MS-SSIM=0.929, FSIM0.957, VIF=0.199, GMSD=0.091, NLPD=0.103, LPIPSvgg=0.260, DISTS=0.128.

Figure 8: Framework of proposed IQA algorithm.𝐶𝑜𝑛𝑣 (𝑐, 𝑘, 𝑠) denotes a 2d convolutional layer with 𝑐 filters of kernel size 𝑘 ×𝑘 ,
and a stride of 𝑠. The 𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙 𝐵𝑙𝑜𝑐𝑘 (𝑅𝑐, 𝑅𝑠) indicates residual block with 𝑅𝑐 output channels as shown in the right side of the
figure. 𝐹𝑢𝑠𝑖𝑜𝑛 represents the concatenation of 𝑥𝑖𝑟 , 𝑥𝑖𝑑 and 𝑥𝑖𝑟 − 𝑥𝑖

𝑑
. The flattened and embedded features serve as the input of

Transformer encoder. 𝐹𝐶 represents a fully connected layer to regress output of Transformer encoder to quality score.

to that of traditional codecs, and performance drop is especially
obvious for PSNR (from 0.7668 to 0.6589) and VIF (from 0.8425 to
0.7370). This indicates that IQA for learning-based codecs is more
challenging than that of traditional codecs. (2) All measures show
poor performances on GAN-based distortions, especially for MS-
SSIM (SRCC 0.0884) and VIF (0.0824). This may due to excessive
reliance on structural similarity or information fidelity, which may
lead to incorrect quality prediction for generated textures. Low
correlations present a great challenge for existing IQA methods,
which cannot identify the GAN-generated distortions well.

Furthermore, sample images whose objective scores are incon-
sistent with subjective preference are shown in Figure 7. We can
find that almost all measures prefer (c), whereas (b) has higher

MOS according our subjective experiments. Although some meth-
ods achieve quite high SRCC performance on both traditional and
learning-based compression distortions, there is still a great chal-
lenge to predict the preference of the human eyes between tra-
ditional codec compressed image and learning-based codec com-
pressed image with close perceptual quality.

5 PROPOSED IQA METHOD
It is generally acknowledged that learning-based image codecs
make compression distortions more diverse. Distortions such as
blockiness, banding, ringing, blur, checkerboard artifacts and color
changes are prone to quality issues, the opinion scores may be
highly correlated to low-level signal characteristics. Other distor-
tions such as fake textures and changes in global distribution, may
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be more related to high-level features. In this section, we propose to
exploit low- and high-level features of both reference and distorted
images using a self-attention-based architecture in IQA network.

5.1 Framework
The framework of proposedmethod is present in Figure 8. A Siamese
network is used to extract features from distorted image and its
reference. The inputs are processed in parallel by two subnetworks
sharing their weights. Each subnetwork contains 8 residual blocks,
and feature maps of two inputs from residual blocks at the same
depths are fused. Let 𝑥𝑖𝑟 and 𝑥𝑖𝑑 denote feature maps of reference
and distorted image from layer 𝑖 , and the fused feature can be rep-
resent as 𝑐𝑜𝑛𝑐𝑎𝑡 (𝑥𝑖𝑟 , 𝑥𝑖𝑑 , 𝑥

𝑖
𝑟 − 𝑥𝑖

𝑑
). As such, the difference in feature

space is explicitly exploited. Max pooling is adopted to unify spatial
scale of feature maps from different layers. Then fused feature maps
from different depth are concatenated, leading to the combination
of low-level and high-level features.

A vision Transformer [10, 38] is then applied to draw global de-
pendencies between multi-level features and global perceptual qual-
ity. Extracted features 𝒇 ∈ R𝐻×𝑊 ×𝐶 is flattened to 𝒇 ′ ∈ R(𝐻 ·𝑊 )×𝐶 ,
where (𝐻,𝑊 ) is spatial resolution of 𝒇 and𝐶 represents its number
of channels. Linear projection is used to reduce vector dimension
of each position to 𝐷 , leading to 𝒇𝑝 ∈ R(𝐻 ·𝑊 )×𝐷 . A learnable
embedding 𝒇 0 ∈ R1×𝐷 is prepended to 𝒇𝑝 before position embed-
dings 𝑬 ∈ R(𝐻 ·𝑊 +1)×𝐷 are added. Specifically, we use learnable
position embeddings here. The resulting features are fed to the
Transformer encoder, which contains a multi-head self-attention
block and a multilayer perceptron (MLP) block. Layer Normaliza-
tion and residual connections are applied and MLP consists of two
fully connected (FC) layers and a GELU non-linearity. Finally, the
output of Transformer encoder is regressed to subjective score
using a FC layer.

5.2 Performance
In our experiments, the input size of reference and distorted patch
is 256×256, and the output size of pooling layer is 𝐻 ×𝑊 = 8 × 8.
The dimensionality of input and output of multi-head attention
module is𝐷 = 512, and its heads number is 16. Adam optimizer [16]
and L1 loss are used to train our model for 200 epochs with batch
size 128, and parameters of Adam are set as 𝛽1 = 0.9, 𝛽2 = 0.999.
Initial learning rate is 10−3, and it decays with a multiplicative
factor of 0.8 for every 20 epochs. Reference and distorted images
are randomly cropped to the size of 256×256 simultaneously during
training, and distorted patch and its corresponding reference patch
serve as the input of network. When testing, images are cropped
to multi 256×256 patches without overlapping and the predicted
score are computed as mean score of all patches.

To ensure fair comparisons with existing traditional and learning-
based methods, the full database is randomly divided into non-
overlapping 60% training set, 20% validation set and 20% test set,
according to the content of reference image. Traditional metrics, i.e.,
PSNR, SSIM, MS-SSIM, VIF, GMSD and NLPD are directly evaluated
on the 20% testing data. For the LPIPSvgg and DISTS, pre-trained
models offered by the authors are directly used for the evaluation
on the 20 % test data without re-retraining. For WaDIQaM and our

Table 2: Mean and standard deviation of the performance
values in 10 runs, i.e. mean(±std). The bloded values indicate
the best SRCC, PLCC and RMSE performance.

SRCC PLCC RMSE

PSNR 0.680 (±0.05) 0.686 (±0.05) 11.581 (±0.66)
SSIM 0.811 (±0.03) 0.811 (±0.03) 9.310 (±0.71)

MS-SSIM 0.816 (±0.03) 0.838 (±0.02) 8.693 (±0.49)
FSIM 0.831 (±0.02) 0.818 (±0.03) 9.152 (±0.71)
VIF 0.772 (±0.04) 0.797 (±0.03) 9.598 (±0.62)

GMSD 0.872 (±0.01) 0.882 (±0.01) 7.505 (±0.37)
NLPD 0.835 (±0.02) 0.843 (±0.02) 8.568 (±0.48)
LPIPS 0.865 (±0.01) 0.875 (±0.01) 7.739 (±0.30)
DISTS 0.877 (±0.01) 0.880 (±0.01) 7.594 (±0.25)

WaDIQaM 0.906 (±0.01) 0.916 (±0.01) 6.392 (±0.46)
Ours 0.925 (±0.01) 0.942 (±0.01) 5.333 (±0.31)

method, the models with the highest SROCC value on the valida-
tion set during the training are chosen for test. This procedure has
been repeated for 10 times and for each repetition all above meth-
ods are tested on the same 20% test set. The performance of these
methods is evaluated by three criterions including SRCC, Pearson’s
linear correlation coefficient (PLCC) and Root Mean Squared Error
(RMSE). Higher SRCC values indicate better prediction monotonic-
ity, while higher PLCC and lower RMSE values represent better
prediction accuracy. Before calculating PLCC and RMSE, the objec-
tive scores are passed through the logistic non-linearity regression
as formulated in Equation 9. The mean and standard deviation of
performance values are reported in Table 2. The experiment results
show that CNN-based IQA methods have superior performance in
terms of prediction monotonicity and accuracy. Specifically, the
proposed method significantly outperforms other test methods and
ranks first in terms of SRCC, PLCC, and RMSE.

6 CONCLUSIONS
In this paper, we contribute a large-scale IQA database contain-
ing compressed images from learning-based methods, targeting
to advance the development for both image compression quality
assessment and perceptual-based image compression. Subjective
scores are collected, based on which a benchmark for existing IQA
methods is built and new challenges of IQA for learning-based
codecs are revealed. We also propose a new IQA framework, where
quality scores are predicted by leveraging multi-level features with
a self-attention module. Experiments demonstrate the effectiveness
of the proposed method. The research reveals the weakness of ex-
isting IQA methods, and sheds lights on how the IQA models for
compressed images of learning-based codecs may be developed.
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