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Abstract—Blind image quality assessment (BIQA) is a re-
gression task with continuous label space, the feature space
of which is expected to have a corresponding continuity in
the target space. However, existing approaches typically learn
quality score regression directly in an end-to-end fashion, which
leaves networks susceptible to interference from task-agnostic
information, and fails to capture the continuity of BIQA. In
this work, by explicitly establishing inter-sample associations,
a simple yet effective BIQA framework based on perceptual
comparison is proposed to capture the continuity. To this end,
besides the basic quality score regression, the relative quality
scores between images are predicted to exploit the relative quality
relationships between samples for optimizing the representation
of image perceptual quality. In addition, based on the human
perceptual characteristic, we derive a novel sample weighting
strategy to dynamically adjust the weights for different samples
in the network learning process for further improving the
robustness of the model. The performances on both single-
database and cross-database experiments achieve state-of-the-
art, indicating the effectiveness of the proposed method. Besides,
the proposed framework is model-agnostic, which can effectively
improve the performance of the benchmark model with no extra
inference cost.

Index Terms—Blind image quality assessment, convolutional
neural networks, perceptual comparison.

I. INTRODUCTION

NOWADAYS, digital images are flooding our lives. An
immeasurable amount of digital images are constantly

being captured, transmitted, stored, and processed. Their per-
ceptual quality is almost inevitably distorted throughout this
sequence of processes. It is crucial to develop an efficient
image quality assessment (IQA) method to monitor the quality
of images throughout their lifecycles in order to guarantee the
users’ visual experience. Subjective IQA, which evaluates im-
age quality relying on human judgment, is typically regarded
as the most reliable and accurate method. However, it is not
practicable in most scenarios since it is laborious and time-
consuming. As a result, objective IQA, which can be carried
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Fig. 1: (a) and (b) are UMAP [10] visualizations of the
image quality representations learned on the LIVE [11]
dataset by the baseline [12] and the proposed PCIQA,
respectively. The labels are remapped to the interval [0, 10]
and higher values represent better quality. In (c) and (d), the
labels are divided into 20 intervals at equal intervals. (c)
shows the cosine similarity of the representation mean at
each interval w.r.t that at the anchor interval ([0, 0.5)). (d)
shows the means of the cosine similarity between the features
in each interval and the representation mean in its interval.

out automatically without humans, is extremely valuable. Ac-
cording to the dependence on reference information, objective
IQA can be divided into three categories: full-reference IQA
(FR-IQA) [1]–[3], reduced-reference IQA (RR-IQA) [4]–[6],
and blind IQA (BIQA) [7]–[9]. Since the reference information
of images is not available in most cases, BIQA has the most
practical applications and has drawn the most interest in the
IQA community.

Traditional BIQA methods are typically implemented by
designing handcrafted features based on natural scene statistics
(NSS) or human visual system (HVS). Since handcrafted
features are limited by the representation capability to ad-
equately represent diverse distortions, these methods fail to
perform satisfactorily. With the great success of deep neural
networks (DNNs) in representation learning [13]–[15], many
deep learning-based IQA methods have been proposed and
show significant performance improvements. However, exist-
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ing BIQA approaches typically learn quality score regression
directly in an end-to-end fashion like other regression tasks,
ignoring the specificity of BIQA, i.e., it is oriented to diverse
image contents and varies distortions. Hence, they are suscep-
tible to these task-agnostic factors, and their representations
tend to be discrete [16]. Fig. 1 (a) illustrates the representations
learned by the baseline [12] which regresses directly in an
end-to-end fashion. Obviously, disturbed by information like
image content, distortion types, etc., these representations do
not show continuity consistent with the labels but present a
fragmented distribution. For regression tasks, continuity in
the target space should have a corresponding continuity in
the feature space [17]. These discrete representations are sub-
optimal and likely to be detrimental to performance.

In this work, a simple yet effective BIQA method based on
perceptual comparison (named as PCIQA) is proposed, which
explicitly establishes inter-sample associations for constraining
the network to learn this continuity. Specifically, grouped
images are taken as input, and the quality scores for each
are predicted along with the relative quality scores between
them to exploit the relative quality relationships for optimizing
the representation of image perceptual quality. In addition,
there is a perceptual characteristic that people can easily
give consistent judgments when comparing images with large
differences in quality but fail for those with similar quality.
Thus, people’s unacceptability of an IQA model’s mispredic-
tion of the ordered relationship varies for samples of different
difficulties. Accordingly, we derive this unacceptability as
the perceptual comparison weight to dynamically adjust the
weights for different samples in the training phase to further
improve the robustness of the model.

As can be seen in Fig. 1 (b), the proposed framework clearly
captures the continuity in BIQA. And Fig. 1 (c-d) show that
the proposed framework significantly increases the features’
similarity between samples with similar quality and expands
the differences between those with large quality differences,
i.e. the proposed framework has learned the better image
quality representations. The experimental results on several
IQA databases with both synthetic and authentic distortions
achieve state-of-the-art, demonstrating the effectiveness of the
proposed method. And cross-database experiments indicate
the excellent generalization ability of the proposed method.
Besides, the proposed framework is model-agnostic, and the
ablation experiment shows that it can effectively improve the
performances of the benchmark models. More importantly,
since only the basic regression network is used during the
testing phase, the computational complexity does not increase.

The rest of the paper is organized as follows. Section II
reviews the recent progress of BIQA methods. Section III
describes the proposed PCIQA method in detail. In Section
IV, experiments and analyses of the results are presented. And
Section V serves as the paper’s conclusion.

II. RELATED WORK

Many BIQA methods have been proposed in the past
decades. Traditional approaches typically adopt handcrafted
features to characterize image quality, then map those features

to quality scores. Most of them are designed based on natural
scene statistics including discrete cosine transform coefficients
[18], discrete wavelet coefficients [19], locally normalized
luminance coefficients [20], and so on. They are based on the
hypothesis that distortions will change the inherent statistical
regularities present in pristine images. Due to the complexity
of BIQA and the limited representation capability of hand-
crafted features, these methods fail to work satisfactorily.

Recently, many DNN-based BIQA approaches have been
proposed [21]–[23]. These methods make significant headway
in comparison to traditional methods due to the excellent
representation learning capability of DNN. In [24], Kang et
al. propose a shallow convolutional neural network (CNN) for
BIQA, which is the first CNN-based BIQA method. BIECON
[25] uses full-reference IQA metrics to generate intermediate
local targets for each image patch to guide the network train-
ing. DB-CNN [26] utilizes two pre-trained CNNs to extract
features for characterizing synthetic and authentic distortions,
respectively. And the obtained features are bilinearly pooled
into quality scores. In [27], Su et al. propose a self-adaptive
hyper network architecture for BIQA, in which the semantics
of images are first extracted, then the perception rule is
established adaptively by a hyper network, and finally the
quality scores are predicted by a quality prediction network.
MMMNet [28] introduces a multi-task CNN framework with
multi-scale and multi-hierarchy fusion, where the BIQA task
and an auxiliary saliency task are jointly optimized to improve
the generalization of BIQA. Pan et al. use the distorted image
restoration task as an auxiliary task and propose a visual
compensation restoration network-based BIQA approach [29].

However, these methods learn image quality regression
in the way that map images directly to quality scores,
which makes them vulnerable to interference from some
task-agnostic information like image content, distortion types,
etc., and fails to capture the continuity of the image quality
regression task. In addition to these methods, there are some
methods to learn BIQA in different ways, where most of them
are the ranking-based methods. RankIQA [30] synthesizes a
large number of ranked images with various distortion types
and levels for training a Siamese network to rank images.
In [31], millions of quality-discriminable image pairs (DIPs)
are obtained automatically and an opinion-unaware BIQA
model using RankNet is learned from these DIPs. Wang et
al. propose an imaging-heuristic approach to simulate the au-
thentic distortion and generate a large number of rank samples
and designs a controllable list-wise ranking loss to pre-train
the network [32]. Zhang et al. propose a strategy allowing
for the training on multiple IQA databases simultaneously,
where the probability of perceptual preference for the image
is computed as the supervisory signal and a learning-to-rank
method with the fidelity loss is adapted to train network [33].
Although these works have gone some way to establishing
the relationships between the samples, most of them focus on
getting more data through these relationships rather than using
them to allow the network to learn a better representation. And
learning-to-rank algorithms generally are used for pretraining
or fail to give accurate predictions directly as regression-based
methods do.
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Fig. 2: The framework of the proposed PCIQA. Inside the dashed box is the relative quality prediction branch (which only
works during training), while outside the dashed box is the basic regression network. We visualize the role of each module in
the relative quality prediction branch. Each dot represents a different sample in the mini-batch, and the sample labeled with a
small red dot indicates the comparison reference. The color of the dot represents the label, and its value corresponds to its
position in the colorbar. The feature comparison module explicitly utilizes the relative quality relationships between samples
to dynamically adjust the distance between their features, so that the learned feature space has consistent continuity with the
label space. The perceptual comparison weight generation (PCWG) module allows the samples (with red arrows) that are
incorrectly predicted in the ordered relationship to impose a larger penalty to the network, thus further letting the network
emphasize the ordered relationships between the samples to ensure this consistent continuity.

To address these problems, we propose a new BIQA
framework based on perceptual comparison in this work.
Specifically, in our framework, the quality scores for images
are predicted along with the relative quality scores between
them, which exploit the relative quality relationships between
samples to optimize the model’s representation of image
perceptual quality. In addition, based on the human perceptual
characteristic, a novel sample weighting strategy is proposed
to dynamically adjust the weights for different samples in the
network learning process for further improving the robustness
of the model.

III. PROPOSED METHOD

To guide the network to capture the continuity of BIQA,
a novel BIQA framework based on perceptual comparison is
proposed in this work. The architecture of our framework is
shown in Fig. 2. In this section, we first describe the details
of the proposed framework. We then present how to generate
perceptual comparison weights. Finally, the training method is
introduced in detail.

A. Framework of the proposed method
Existing deep learning-based BIQA methods mainly map

images directly to quality scores. Given an input image x, the

process can be described as:

q̂ = ψ(x, θ) (1)

where ψ represents the network model, θ is the model param-
eters, and q̂ denotes the predicted quality score.

However, it makes models only focus on fitting the scores
accurately and neglect to construct inter-sample associations.
As a result, they can only fit the scores in a discrete manner,
but cannot construct a continuous image quality representation
at a global level.

To this end, the proposed framework uses grouped images
as input in the training process, and predicts the relative quality
scores between images while predicting the quality scores. For
each image pair (xi, xj), this process can be characterized as
follows:

(q̂i, q̂j , êij) = Ψ((xi, xj), ϑ) (2)

where Ψ is the proposed model, ϑ denotes the model param-
eters, and êij represents the predicted relative quality score
between xi and xj .

Specifically, as shown in Fig. 2, we first extract their
corresponding features fi, fj by the feature extractor F (·):

fi, fj = F (xi), F (xj) (3)
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Fig. 3: Examples of several image pairs and their perceptual comparison weights. The image pairs in A(1-3) are derived
from the authentic distortion dataset LIVEC [34], which displays the image pairs with varying levels of quality differences
and different content. And the image pairs in B(1-3) are derived from the synthetic distortion dataset CSIQ [35], which
shows the image pairs with different levels of quality differences and the same content.

Then, a fully connected (FC) layer is used as the regressor
R1(·) to map the obtained features to the corresponding image
quality scores qi, qj :

q̂i, q̂j = R1(fi), R1(fj) (4)

The feature extractor F (·) and the regressor R1(·) form the
base regression network and work both in the training and
testing phase.

In addition, the extracted features are also used to obtain
quality difference features fij by feature comparison and fur-
ther to predict the relative quality score between the images by
an FC layer R2(·). Since we expect the learned representations
to be as linear as possible with the image quality scores, we use
the simplest way, i.e. difference operation, to achieve feature
comparison. Then the whole process of relative quality score
prediction can be expressed as:

êij = R2(fi − fj) (5)

The relative quality prediction branch only works in the
training phase. Hence, the computational complexity does not
increase during the testing phase.

B. Perceptual comparison weight generation
As mentioned before, people can easily give consistent judg-

ments when comparing images with quite different quality,
but fail for those with similar quality. As shown in Fig. 3,
we can easily judge the relative rank relationships for the
image pairs in A (1-2) and B (1-2). But for those in A (3)
and B (3), it is difficult. It should be noticed that the goal of
IQA is to design a metric that can effectively distinguish the
perceptual quality differences between images as an alternative
to subjective human evaluation. Thus, for an IQA model, the
misprediction of the relative rank relationship for difficult
samples is completely acceptable, but those for fairly easy
samples is intolerable, i.e. the unacceptability of people varies
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for samples of different difficulties. In this regard, we construct
a new sample weighting strategy to dynamically adjust the
weights of different samples during the model training, so as
to achieve a more reasonable attention mechanism for samples.

Specifically, we first model the attention to mispredicted
samples in terms of the unacceptability of people. Obviously,
the more certain people are about their judgments, the more
unacceptable they are about the misprediction of the model.
Meanwhile, the certainty of people that their perceptions
match the true relative rank relationship is equivalent to the
uncertainty of people that their perceptions does not match the
true relative rank relationship. The latter can be expressed in
terms of the information entropy that the human perception
does not match the true relative rank relationship. In turn,
we use it to express people’s unacceptability of the model’s
misprediction of the rank relationship.

We assume that the true perceived quality of image x
obeys a normal distribution with mean µ(x) and variance
σ(x)2 and the quality of images is independent of each other.

Proposition 1. We derive people’s unacceptability of the
model’s misprediction of the rank relationship as:

I(xi, xj) = − log

(
1

2

(
1− erf(

|µ(xi)− µ(xj)|√
2(σ2(xi) + σ2(xj))

))
(6)

where erf(·) is the Gauss error function.
Proof. See Appendix for detailed derivation.

To make the sample weighting strategy more flexible and
adjustable, we introduce a temperature coefficient τ . Besides,
to ensure that the weight function is bounded, we introduce
a very small constant ϵ. Then the unacceptability I(xi, xj) is
further rewritten to obtain our perceptual comparison weights
as follows:

w(xi, xj) = − log

(
1

2

(
1− erf(

|µ(xi)− µ(xj)|√
2τ(σ2(xi) + σ2(xj))

)
+ ϵ

)
(7)

We let ϵ take 10−8, then the upper bound with the weights
is about 26.58. And τ is set to 0.5 in this paper. The
perceptual comparison weights of some image pairs are shown
as examples in Fig. 3.

Note that this information entropy characterizes people’s
unacceptability of the model’s misprediction of the rank re-
lationship, and therefore it is only valid in the case that the
model predicts the relative rank relationship of the image pairs
incorrectly. We use rij to denote the relative rank relationship
between image pairs (xi, xj) as follows:

rij = sign(qi − qj) (8)

where qi and qj are the ground truth of image xi and xj ,
respectively.

Then we can obtain our last perceptual comparison weights:

Wij = w(xi, xj)
|rij−r̂ij |

2 (9)

where r̂ij = sign(q̂i − q̂j).

It is eventually applied to the loss function Lr of the relative
quality score prediction to dynamically adjust the weights of
different samples during the model training as follow:

Lr =
∑
i

∑
j

WijLe (10)

where Le denotes the distance between the predicted relative
quality scores and the targets.

Thus, by simulating human perceptual characteristics, we
construct a more reasonable attention mechanism for samples,
which lets the network emphasize the ordered relationships
of samples and further ensures the consistent continuity and
enhances the robustness of the model [36].

C. Training method

In our model, the image quality score prediction and the
relative quality score prediction are optimized simultaneously.
Since a large number of image pairs would bring a lot of re-
dundant calculations, we adopt the training strategy as follows
to reduce the computational complexity. Given a mini-batch
with N images, their quality scores are predicted respectively.
And each image forms an image pair with another random
image in this mini-batch to predict the relative quality score
with respect to this image.

We use the l1-norm as the loss function for the image
quality score prediction,

Lq =

N∑
i=1

||qi − q̂i||1 (11)

where qi, q̂i are respectively the ground truth of the ith image
and the corresponding predicted quality score.

Similarly, l1-norm loss is also adopted to measure the
distance between the predicted relative quality score êij and
the label eij = qi− qj . According to Eq. 10, the loss function
of relative quality score prediction is given by

Lr =

N∑
i,j

Wij ||eij − êij ||1 (12)

Finally, we end up with the global loss function of the whole
model as:

L = Lq + λLr (13)

where λ controls the weight of each component.

IV. EXPERIMENTS

In this section, we first describe the experimental setups. We
then compare the performance of PCIQA with state-of-the-art
BIQA methods. After that, we conduct a series of ablation
studies to justify the rationality of PCIQA.

A. Datasets and protocols

To validate the performance of the proposed PCIQA, eight
widely used databases are applied for experiments, includ-
ing five synthetic image databases (LIVE [11], CSIQ [35],
TID2013 [41], KADID-10k [42], and Waterloo Exploration
Database [43]) and three authentic image databases (LIVEC
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TABLE I: Summary of the databases for evaluations.

Database LIVE CSIQ TID2013 KADID-10k Waterloo Exploration LIVEC BID KonIQ-10k
Number of reference images 29 30 25 81 4744 N/A N/A N/A
Number of distorted images 779 866 3000 10125 94880 1162 586 10073
Number of distortion types 5 6 24 25 4 N/A N/A N/A
Number of distortion levels 5 4-5 5 5 5 N/A N/A N/A
Annotation DMOS DMOS MOS MOS DIP MOS MOS MOS
Range [0, 100] [0, 1] [0, 9] [1, 5] N/A [0, 100] [0, 5] [1, 5]
Scenario Synthetic Synthetic Synthetic Synthetic Synthetic Authentic Authentic Authentic

TABLE II: Performance comparison on the whole database (LIVE, CSIQ, TID2013, KADID-10k, LIVEC, BID and
KonIQ-10k).

Methods LIVE CSIQ TID2013 KADID-10k LIVEC BID KonIQ-10k
SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC

ILNIQE [37] 0.902 0.865 0.806 0.808 0.519 0.640 0.528 0.558 0.432 0.508 0.516 0.554 0.526 0.4745
BRISQUE [20] 0.939 0.935 0.746 0.829 0.604 0.694 0.386 0.383 0.608 0.629 0.562 0.593 0.681 0.685
HOSA [38] 0.946 0.947 0.741 0.823 0.735 0.815 0.653 0.609 0.640 0.678 0.721 0.736 0.684 0.703
BIECON [25] 0.961 0.962 0.815 0.823 0.717 0.762 0.623 0.648 0.595 0.613 0.539 0.576 - -
PQR [39] 0.965 0.971 0.873 0.901 0.740 0.798 - - 0.857 0.882 0.775 0.794 0.880 0.884
TS-CNN [40] 0.969 0.965 0.892 0.904 0.783 0.824 0.680 0.701 0.654 0.687 - - 0.713 0.724
DB-CNN [26] 0.968 0.971 0.946 0.959 0.816 0.865 0.851 0.856 0.851 0.869 0.845 0.859 0.875 0.884
HyperIQA [27] 0.962 0.966 0.923 0.942 - - 0.852 0.844 0.859 0.882 0.869 0.878 0.906 0.917
MMMNet [28] 0.970 0.970 0.924 0.937 0.832 0.853 - - 0.852 0.876 - - - -
VCRNet [29] 0.973 0.974 0.943 0.955 0.846 0.875 - - 0.856 0.865 - - 0.894 0.909
Proposed 0.976 0.976 0.931 0.942 0.857 0.883 0.870 0.866 0.863 0.880 0.875 0.879 0.918 0.930

[34], BID [44], and KonIQ-10k [45]). Table I provides an
overview of all databases.

In our experiment, two typical criteria, Spearman’s rank
order correlation coefficient (SRCC) and Pearson’s linear
correlation coefficient (PLCC) are adopted for measuring
prediction monotonicity and prediction accuracy. In addition,
three criteria proposed in [43] Pristine/Distorted Image Dis-
criminability Test (D-Test), Listwise Ranking Consistency Test
(L-Test), and Pairwise Preference Consistency Test (P-Test),
are introduced to further validate the ability of our method to
discriminate quality differences. Specifically, D-Test quantifies
the capacity of models to distinguish between pristine and
distorted images. L-Test measures the model’s robustness of
rating images with the same content and distortion type but
varying distortion levels. And P-test compares the prediction
consistency of models on quality-discriminable image pairs.
All five criteria range from 0 to 1. And a higher value denotes
better performance.

B. Implementation details

The proposed PCIQA is implemented by Pytorch, and the
training and testing are done on NVIDIA TITAN Xp GPUs.
Mean opinion scores (MOS) or difference mean opinion scores
(DMOS) are remapped to the interval [0, 10] and higher values
represent better quality. In the training process, each training
image is randomly sampled three patches with size 224 ×
224× 3 (320× 320× 3 for KonIQ-10k in the single database
evaluation), and randomly horizontal flipping is adopted for
data augmentation. The mini-batch size is set to 32 and the
learning rate is set to 2 × 10−5. Adam [46] optimizer with
weight decay 5 × 10−4 is employed to optimize our whole
model for 64 epochs. In addition, the weight of Lq decays at
equal multiples per epoch until it is reduced to 0.1.

During testing, we randomly sample five patches for each
testing image and their scores are predicted respectively. The

final quality score is obtained by simply averaging these
predicted scores.

C. Performance on Single database evaluations

In this subsection, the experiments within seven individual
IQA datasets including LIVE, TID2013, CSIQ, KADID-10k,
LIVEC, BID, and KonIQ-10k, are conducted to evaluate the
effectiveness of the proposed PCIQA. We follow the exper-
imental protocol in [26], [28] that each dataset is randomly
divided into 80% training data and 20% testing data. For
synthetically distorted datasets, they are split by reference
images to ensure no overlapping content between the training
and testing set. And for authentically distorted datasets, they
are divided straightforward by distorted images. This random
train-test splitting for all experiments is repeated ten times to
remove the influence of database sampling bias. And the me-
dian SRCC and PLCC are reported. To validate the efficiency
of our approach, it is compared with the ten BIQA approaches
including three hand-crafted based approaches (ILNIQE [37],
BRISQUE [20], HOSA [38]), and seven deep learning-based
IQA approaches (BIECON [25], PQR [39], TS-CNN [40], DB-
CNN [26], HyperIQA [27], MMMNet [28], VCRNet [29])
and the results are tabulated in Table II. For the compared
hand-crafted approaches, all the results are obtained by their
authors’ source codes. For the deep learning-based approaches,
the results come from the original papers. The results are
not included in the corresponding papers, as indicated by
the symbol ”-”. And the best PLCC and SRCC among these
approaches are highlighted.

From Table II, it can be noticed that the proposed PCIQA
makes a remarkable improvement against the all hand-crafted
approaches (SRCC increases more than 3.0% on LIVE, 12.5%
on CSIQ, 12.2% on TID2013, 22.0% on LIVEC, and 15.4%
on BID). When compared to these deep learning-based ap-
proaches, our methods also obtain state-of-the-art performance
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TABLE III: Performance comparison (SRCC) on individual distortions.

Type BLIINDS-II [18] BRISQUE [20] HOSA [38] HyperIQA [27] DB-CNN [26] PQR [39] MMMNet [28] Proposed
LIVE FF 0.874 0.828 0.954 0.934 0.930 0.921 0.936 0.940

GB 0.915 0.964 0.954 0.926 0.935 0.944 0.935 0.954
WN 0.947 0.982 0.975 0.949 0.980 0.953 0.968 0.968
JPEG 0.950 0.965 0.954 0.961 0.972 0.965 0.974 0.973
JP2K 0.930 0.929 0.935 0.982 0.955 0.981 0.985 0.978

CSIQ CG 0.336 0.396 0.716 0.874 0.870 0.837 0.942 0.888
GB 0.880 0.808 0.841 0.915 0.947 0.921 0.894 0.929
WN 0.702 0.682 0.604 0.927 0.948 0.915 0.879 0.865
PN 0.812 0.743 0.500 0.931 0.940 0.926 0.941 0.919
JPEG 0.846 0.846 0.733 0.934 0.940 0.934 0.912 0.928
JP2K 0.850 0.817 0.818 0.960 0.953 0.955 0.932 0.941

TID2013 AGN 0.714 0.711 0.853 - 0.790 - 0.833 0.867
ANC 0.728 0.432 0.625 - 0.700 - 0.614 0.701
SCN 0.825 0.746 0.782 - 0.826 - 0.869 0.937
MN 0.358 0.252 0.368 - 0.646 - 0.541 0.510
HFN 0.852 0.842 0.905 - 0.879 - 0.791 0.878
IN 0.664 0.765 0.775 - 0.708 - 0.687 0.786
QN 0.780 0.662 0.810 - 0.825 - 0.767 0.865
GB 0.852 0.871 0.892 - 0.859 - 0.926 0.888
DEN 0.754 0.612 0.870 - 0.865 - 0.732 0.840
JPEG 0.808 0.764 0.893 - 0.894 - 0.889 0.864
JP2K 0.862 0.745 0.932 - 0.916 - 0.889 0.921
JGTE 0.251 0.301 0.747 - 0.772 - 0.776 0.768
J2TE 0.755 0.748 0.701 - 0.773 - 0.916 0.886
NEPN 0.081 0.269 0.199 - 0.270 - 0.630 0.542
Block 0.371 0.207 0.327 - 0.444 - 0.546 0.481
MS 0.159 0.219 0.233 - -0.009 - 0.392 0.385
CTC -0.082 -0.001 0.294 - 0.548 - 0.887 0.772
CCS 0.109 0.003 0.119 - 0.631 - 0.759 0.640
MGN 0.699 0.717 0.782 - 0.711 - 0.835 0.864
CN 0.222 0.196 0.532 - 0.752 - 0.812 0.817
LCNI 0.451 0.609 0.835 - 0.860 - 0.949 0.901
ICQD 0.815 0.831 0.855 - 0.833 - 0.917 0.790
CHA 0.568 0.615 0.801 - 0.732 - 0.798 0.815
SSR 0.856 0.807 0.905 - 0.902 - 0.913 0.928

N.o.T 1 2 11 - 11 - 19 22

on the five benchmark databases. For CSIQ, the proposed
approach performs better than the majority of deep learning-
based methods. Only DB-CNN [26] and VCRNet [29] are
marginally superior to our approach. On the remaining six
databases, our method produces the best results, with SRCC
gains of more than 0.3% on LIVE, 1.1% on TID2013, 1.8%
on KADID-10k, 0.1% on LIVEC, 0.6% on BID, and 1.2%
on KonIQ-10k. In general, the proposed PCIQA performs
consistently well on all five benchmark databases, which
confirms its effectiveness.

D. Performance on individual distortion types

To investigate the performance of PCIQA on individual
distortion types, the proposed framework is trained using
images with all kinds of distortion types separately on the
three standard databases (LIVE, CSIQ, and TID2013), and
tested on a specific distortion type. The result is compared
with seven methods (BLIINDS-II [18], BRISQUE [20], HOSA
[38], HyperIQA [27], DB-CNN [26], PQR [39], MMMNet
[28]). The SRCC results are listed in Table III and the top two
results are highlighted. Besides, the number of times (N.o.T)
of getting the top two performance for each method is listed
in the last row.

As can be seen, the proposed PCIQA gets the best two
results 22 times on 35 distortion types. Besides, PCIQA
performs almost the same performance as the best method

in most of the remaining distortion types. Though there is
no specific module introduced to handle the synthetic IQA
task, our approach also shows a high correlation to human
perception for images with most kinds of distortion types. This
proves the effectiveness of our PCIQA method.

E. Cross-database evaluations
An ideal BIQA model should have the ability to generalize

unseen distortions well. To measure the generalization capacity
of the proposed PCIQA, more challenging cross-database tests
are conducted. Specially, we run all experiments by training
on a single database and testing on the other authentically or
synthetically distorted databases. The results compared with
the most competing five methods (PQR [39], DB-CNN [26],
HyperIQA [27], MMMNet [28], VCRNet [29]) are shown
in Table IV, where the SRCC results are reported and the
best is bold. All results of the compared approaches are from
published works.

We can see that among 12 cross-database tests, the proposed
PCIQA achieves 7 times of best performance, where the SRCC
on BID has been dramatically improved more than 11.7%
when trained on LIVEC. In addition, for remaining cross-
database tests, it still performs competitively to the other
methods. This proves that by explicitly establishing inter-
sample associations to capture the continuity of BIQA, our
method has learned the better representations and obtained
strong generalization ability.
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Fig. 4: The results of gMAD competition against TS-CNN. (a-b) Fix the proposed PCIQA as a defender. (c-d) Fix TS-CNN
as a defender.

TABLE IV: Performance comparison on the cross-database evaluations.

Traning Testing PQR [39] DBCNN [26] HyperIQA [27] MMMNet [28] VCRNet [29] Proposed

LIVE CSIQ 0.717 0.762 0.744 0.793 0.768 0.759
TID2013 0.551 0.536 - 0.546 0.502 0.565

CSIQ LIVE 0.930 0.871 0.926 0.890 0.886 0.938
TID2013 0.546 0.523 - 0.522 0.542 0.571

TID2013 LIVE 0.891 0.872 - 0.853 0.822 0.883
CSIQ 0.632 0.703 - 0.702 0.721 0.734

LIVEC BID 0.714 0.762 0.756 - - 0.879
KonIQ 0.757 0.754 0.772 - - 0.734

BID LIVEC 0.680 0.725 0.770 - - 0.779
KonIQ 0.636 0.724 0.688 - - 0.690

KonIQ LIVEC 0.770 0.755 0.785 - - 0.791
BID 0.755 0.816 0.819 - - 0.813

F. Performance on the Waterloo Exploration Database
To further validate the ability of our method to discriminate

quality differences, we train our method on the whole LIVE
and test it on Waterloo Exploration Database. The results of the
comparison are shown in Table V, where D-Test, L-Test, and
P-Test are reported. We can observe that our approach gets the
top two performances in L-Test and P-Test, and is competitive
in L-Test, which shows its strong ability to discriminate quality
differences.

In addition, we further conduct a gMAD competition [47]
on the Waterloo dataset. In contrast to most traditional evalua-
tion approaches which are to prove a model, the main idea of
gMAD to evaluate an IQA model is to disprove the model. A
model is regarded as relatively better if it is more difficult to be
disproved. gMAD allows the competing IQA methods to play
the roles of attacker and defender respectively. The attacker
searches for the image pair with the largest quality difference
among the images the defender believes have the same quality

level and shows the selected pairs to the observer. If the image
pairs are easily distinguishable, the defender model is simply
disproved. If instead, the defender is likely to be a robust and
reliable model.

We conduct gMAD competitions for the proposed PCIQA
with two state-of-the-art deep learning-based approaches TS-
CNN and DB-CNN, respectively. PCIQA first plays the role
of a defender while TS-CNN [40] is an attacker. The process
is then repeated with the roles of the two models switched.
The results of gMAD competition between PCIQA and TS-
CNN are shown in Fig. 4 and 5. As shown in Fig. 4 (a-
b), PCIQA considers that these two image pairs have the
same quality, while TS-CNN predicts that the top images
are of better quality than the bottom images. Obviously, the
judgments of PCIQA are more in line with the subjective
human perception, i.e., PCIQA successfully defends against
the attack from TS-CNN. In contrast, in Fig. 4 (c-d), PCIQA
finds strong counter-examples to disprove TS-CNN. Then the
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Fig. 5: The results of gMAD competition against DB-CNN. (a-b) Fix the proposed PCIQA as a defender. (c-d) Fix DB-CNN
as a defender.

gMAD competition against DB-CNN is shown in Fig. 5.
Similarly, when our model acts as a defender, the image pairs
selected by the attacker exhibit limited changes in perceptual
quality, while our model also successfully searches for image
pairs with significant quality differences when acting as an
attacker. These results further indicate that our proposed model
has a strong generalization ability.

TABLE V: Rerults of D-test,L-test, and P-test. (The best
results are bold.)

Method D-test L-test P-test
BRISQUE [20] 0.920 0.977 0.993
CORNIA [48] 0.929 0.976 0.995
HOSA [38] 0.918 0.965 0.998
CNN [24] 0.929 0.930 0.997
dipIQ [31] 0.935 0.985 0.999
DeepIQA [49] 0.907 0.947 0.963
MEON [50] 0.938 0.967 0.998
TS-CNN [40] 0.922 0.978 0.995
DB-CNN [26] 0.937 0.950 0.999
RAN4IQA [51] 0.929 0.977 0.997
VCRNet [29] 0.941 0.986 0.999
Proposed 0.927 0.987 0.999

G. Ablation experiment

1) Analysis on different CNN models: To explore the uni-
versality of the proposed framework on different CNN models,
we compare the performance gains of PCIQA with different
CNN models on LIVEC and TID2013. As shown in Table VI,
the proposed PCIQA shows significant performance gains on
all benchmark models. It demonstrates the universality of the

TABLE VI: Performance gains of PCIQA with different
CNN models.

CNN models Methods LIVEC TID
SRCC PLCC SRCC PLCC

VGG-16 [13] PCIQA 0.838 0.848 0.803 0.836
Baseline 0.823 0.837 0.761 0.797

Resnet34 [12] PCIQA 0.850 0.870 0.843 0.861
Baseline 0.832 0.858 0.797 0.826

ResNet50 [12] PCIQA 0.863 0.880 0.857 0.883
Baseline 0.841 0.865 0.814 0.838

ResNeXt50 [52] PCIQA 0.861 0.878 0.857 0.875
Baseline 0.847 0.878 0.801 0.836

proposed framework. Since ResNet50 shows the best perfor-
mance on both LIVEC and TID2013, we choose ResNet50 as
the benchmark model for our all other experiments.

2) Analysis on the task weight λ: To explore the effect of
task weight λ in the loss function, we compare the perfor-
mance of PCIQA with different task weights on LIVEC. As
shown in Fig. 6, when assigning different weight to the relative
quality score prediction, we observe the final quality prediction
performances are obviously affected. And the task weight of
0.5 for the relative quality difference prediction performs best.
Therefore, we set λ as 0.5 in other experiments.

3) Analysis on the key components: In order to verify the
contribution of the key components of the proposed method,
we conduct several ablation experiments in this subsection.
A pretrained ResNet50 with fine-tuning is set to be the
baseline network (BL). The BL, the model (BL+RQB) that
introduces the relative quality prediction branch to the BL,
and the PCIQA framework (BL+RQB+PCWG) that further
adds the perceptual comparison weight generation module, are
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TABLE VII: Ablation experiments of the key components on
CSIQ and LIVEC.

Components CSIQ LIVEC
SRCC PLCC SRCC PLCC

BL 0.902 0.923 0.841 0.865
BL+RQB 0.921 0.929 0.855 0.875
PCIQA (BL+RQB+PCWG) 0.931 0.942 0.860 0.880

0.3 0.4 0.5 0.6 0.7
0.850

0.853

0.856

0.859

0.862

0.865

SR
CC

Fig. 6: SRCC on LIVEC with different λ

analyzed by comparing both SRCCs and PLCCs. All models
are experimented on synthetic distortion dataset CSIQ and
authentic distortion dataset LIVEC with the same experimental
setup as before. The experimental results are shown in Table
VII.

We can see that the performance of the model is signifi-
cantly improved by introducing the relative quality prediction
branch. The SRCC and PLCC increased 1.9%, 0.6% on CSIQ,
and 1.4%, 1.0% on LIVEC. In addition, by further introducing
the perceptual comparison weight generation module, the
SRCC and PLCC increased 1.5%, 1.8% on CSIQ, and 0.7%,
0.6% on LIVEC. Experimental results show the effectiveness
of the relative quality prediction branch and the perceptual
comparison weight generation module.

V. CONCLUSION

In this work, a simple yet effective BIQA method based on
perceptual comparison is proposed to capture the continuity
of the BIQA task. In order to exploit the relative quality re-
lationships between samples for optimizing the representation
of image perceptual quality, besides the basic quality score
regression, the prediction of relative quality scores between
images is introduced. In addition, we derive a novel sample
weighting strategy based on the human perceptual characteris-
tic, to dynamically adjust the weights for different samples in
the network learning process for further improving the robust-
ness of the model. The performances on both single-database
and cross-database experiments show the effectiveness of the
proposed method. Besides, the proposed framework is model-
agnostic, which can effectively improve the performance of
the benchmark model with no extra inference cost.

APPENDIX
PROOF FOR PROPOSITION 1

Proposition 1. We derive people’s unacceptability of the
model’s misprediction of the rank relationship as

I(xi, xj) = − log

(
1

2

(
1− erf(

|µ(xi)− µ(xj)|√
2(σ2(xi) + σ2(xj))

))
(14)

where erf(·) is the Gauss error function.

Proof. Following UNIQUE [33], we assume that the true
perceptual quality of image x follows a Gaussian distribution
with mean µ(xi) and variance σ2(xi), and the quality between
images is independent of each other. Then the probability that
the quality of image x is better than image y at this time can
be expressed as

p(xi, xj) = Pr
(
q(xi) ≥ q(xj)

)
= ϕ(

µ(xi)− µ(xj)√
σ2(xi) + σ2(xj)

)

(15)
where ϕ(·) denote the Gaussian cumulative distribution func-
tion.

As mentioned before, people’s unacceptability of the
model’s misprediction of the rank relationship can be repre-
sented by the information entropy that their perception does
not match the true relative rank relationship. The situation
that people’s perception does not match the true relative rank
relationship can be divided into two cases. We discuss this as
follows.

When µ(xi) < µ(xj), the probability that the true perceived
quality of image x is higher than that of image y is

Pr(q(xi) > q(xj)) = ϕ

(
µ(xi)− µ(xj)√
σ2(xi) + σ2(xj)

)

=
1

2

(
1 + erf(

µ(xi)− µ(xj)√
2(σ2(xi) + σ2(xj))

)

=
1

2

(
1− erf(

|µ(xi)− µ(xj)|√
2(σ2(xi) + σ2(xj))

)
(16)

When µ(xi) > µ(xj), the probability that the true perceived
quality of image x is less than that of image y is

Pr(q(xi) < q(xj)) = 1− ϕ

(
µ(xi)− µ(xj)√
σ2(xi) + σ2(xj)

)

=
1

2

(
1− erf(

µ(xi)− µ(xj)√
2(σ2(xi) + σ2(xj))

)

=
1

2

(
1− erf(

|µ(xi)− µ(xj)|√
2(σ2(xi) + σ2(xj))

)
(17)

In summary, the probability that people’s perception does
not match the true relative rank relationship can be expressed
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as

p(xi, xj) =Pr((q(xi) < q(xj)|µ(xi) > µ(xj))∪
(q(xi) > q(xj)|µ(xi) < µ(xj)))

=Pr(q(xi) < q(xj))||µ(xi)<µ(xj)+

Pr(q(xi) > q(xj))||µ(xi)>µ(xj)

=
1

2

(
1− erf(

|µ(xi)− µ(xj)|√
2(σ2(xi) + σ2(xj))

)
(18)

Finally, we get people’s unacceptability of the model’s
misprediction of the rank relationship as

I(xi, xj) = − log(p(xi, xj))

= − log

(
1

2

(
1− erf(

|µ(xi)− µ(xj)|√
2(σ2(xi) + σ2(xj))

))
(19)
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