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UNI-IQA: A Unified Approach for Mutual
Promotion of Natural and Screen Content

Image Quality Assessment
Mengke Song , Chenglizhao Chen , Wenfeng Song , and Yuming Fang

Abstract— To date, the image quality assessment (IQA)
research field has mainly focused on natural images (NIs)-based
IQA and screen content images (SCIs)-based IQA. Usually,
these two research branches are quite independent due to the
large differences between NIs and SCIs, where NIs, captured
by cameras directly, contain pictorial information solely, yet,
SCIs, synthesized or GPU-rendered, have pictures and textures.
Moreover, the distortion types are also different, and subjective
scores of different datasets assigned by participants are usually
not well aligned. So, due to the above-mentioned “domain
shifts” and “dataset misalignments”, our research community
has widely believed that it could be very difficult to achieve joint
mutual promotions between NIs- and SCIs-based IQA. In this
paper, we argue that despite the “differences”, there still are some
“common characteristics” — our human visual system perceives
the “pictures” in both SCIs and NIs almost the same way. Thus,
we can still achieve mutual performance promotion if we can
appropriately use the “common characteristics” between SCIs
and NIs. Our key idea is to devise a “content-aware” data switch,
which, from the perspective of input’s contents (i.e., pictures or
textures), aims at letting the model automatically enhance the
commonness and compress the discrepancies between the two
tasks. Notice that none of the existing fusion schemes can reach
this goal since they are actually content-unaware, degenerating
the “mutual interactions” into “mutual interferences”. This
paper is the first attempt to achieve full end-to-end “mutual
interactions” between NIs- and SCIs-based IQA. Using the
proposed switch, we are also the first to achieve solid mutual
promotions for the two tasks, reaching new SOTA results.

Index Terms— Image quality assessment (IQA), domain shift,
mutual promotion, learning to rank.
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I. INTRODUCTION

DIGITAL images might be sustained to various qual-
ity degradations during processing, compression, and

transmission, which tends to result in the loss of received
visual information of the images and adversely impacts many
downstream applications. Thus, the objective of image quality
assessment (IQA) is to perceive the visual distortions and
accurately predict the quality score of the images. According
to the image types, the current IQA research can be divided
into two categories, i.e., natural images (NIs)-based IQA (NI-
IQA) [1], [2], [3] and screen content images (SCIs)-based IQA
(SCI-IQA) [4], [5].

Previous research [7], [8] usually considers these two cate-
gories of IQA tasks as independent research branches due to
the distinct differences between NIs and SCIs. While achieving
significant improvements over previous iterations, follow a
traditional paradigm where the interaction between NIs- and
SCIs-based IQA tasks is minimal or non-existent. This lack
of interaction stems primarily from challenges related to
“domain shifts” and “dataset misalignments”, which have
been acknowledged as significant hurdles in achieving joint
mutual promotions between these two tasks [6], [9]. “Domain
shift” refers to the performance degradation of models caused
by distribution discrepancies across domains. In this work,
it specifically manifests as: 1) Content Differences: Natural
Images (NIs) contain only natural scenes (e.g., photographs),
while Screen Content Images (SCIs) mix pictorial and tex-
tual regions (e.g., text, icons). 2) Distortion Differences: NIs
suffer from optical distortions (e.g., blur, noise), whereas
SCIs exhibit synthetic/rendering artifacts (e.g., aliasing, color
banding). 3) Scoring Differences: Human evaluators prioritize
distinct criteria for NIs (e.g., naturalness) and SCIs (e.g., text
legibility). These discrepancies lead to mutual interference
(rather than ideal mutual promotion) when jointly training
NI-IQA and SCI-IQA models.

However, in this paper, we argue that despite the “differ-
ences”, there still are some “common characteristics1” — our
human visual system perceives the pictures in both SCIs and
NIs almost the same way [6]. Thus, we can still achieve mutual
performance promotion if we appropriately use the “common
characteristics” between SCIs and NIs. However, in the deep
learning era, using the widely-used “multi-task” architecture
cannot achieve such mutual performance promotion [10], [11].

1See Sec. IV-J for further explanation.
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Fig. 1. Illustration of NIs and SCIs. NIs (A) only contain pictorial information
solely, while SCIs (B) have both pictorial regions and textural regions (C).

And inappropriate joint usage of datasets from these two
tasks could degenerate the original intention — pursuing
“mutual interactions”, into the actual “mutual interferences”,
resulting in poor results. For a better understanding of why the
conventional multi-task rationale is not suitable in IQA, from
the data perspective, we shall detail some distinct differences
between NIs and SCIs.

First, a significant “domain shift” exists between NIs- and
SCIs-based IQA tasks. As shown in Fig. 1-A, NIs are captured
by optical cameras, recording real-world scenes with rich nat-
ural textures and colors. Their content mainly includes natural
elements like landscapes, people, and objects, with continuous
and naturally - transitioning scenes. SCIs (Fig. 1-B), on the
other hand, contain artificial elements such as text, icons,
and graphics (Fig. 1-C). These elements have sharper edges
and often regular geometric shapes. In fact, participants could
be heavily influenced by the image contents, and the large
difference between pictures and textures usually impacts the
assigned overall quality scores differently. Existing studies
mainly tackle this issue using domain adaptation or domain
generalization techniques. For instance, Chen et al. [6] pro-
posed an unsupervised domain adaptation (UDA) framework
to transfer knowledge from NIs to SCIs, but its unidirectional
transfer can’t achieve bidirectional synergy. Ajakan et al. [12]
introduced Domain-Adversarial Neural Networks (DANN)
to align feature distributions via adversarial training, yet it
ignores the content disparity in NI/SCI quality assessment.
These methods work well in general domain transfer, but falter
in NI/SCI hybrid scenarios as they overlook the impact of
hybrid pictorial-textual content, like the dominant role of text
clarity in SCIs.

Second, the widely-known datasets misalignment problem,
i.e., the subjective scores assigned by participants among
different datasets are usually not well aligned. For example,
the subjective scores in the KADID-10K set [13], a classic NI
set, are ranged between 1 and 5, yet, in a typical SCI set (e.g.,
SIQAD [14]), the scores are ranged between 0 and 100. And
such score range misalignments cannot be solved via typical
normalization because the normalization could still result in
additional “inter-set” score misalignment [9].

Although inconsistencies in scoring ranges or precision
are also prevalent within a single type of dataset, dataset
misalignment remains the primary obstacle when unifying
natural image (NI) and screen content image (SCI) quality
assessment tasks. This is because there are significant dif-
ferences in data sources, content composition, and distortion
types between NIs and SCIs. These differences lead to not
only difficulties in aligning the numerical ranges of subjective
scores of different datasets, but also differences in the meaning
of the scores and the participants’ perception of image quality.

In addition, current research methods are affected by this,
making it difficult to achieve effective integration and mutual
promotion of the two types of tasks. The commonly used
“multi-task” architecture can turn the “mutual interaction” into
“mutual interference” due to dataset misalignment.

Due to the above-mentioned “domain shifts” and “dataset
misalignments” issues, our research community has widely
believed that it could be very difficult to achieve joint mutual
promotions between NIs- and SCIs-based IQA [6]. Thus,
current SOTA models [15], [16] proposed in our research
community follow the patterns demonstrated in Fig. 2-A,
where there are no actual interactions between the two IQA
tasks. However, these models lack the ability to capture
“mutual interactions” between the tasks and may result in poor
performance due to the discrepancies between them. Fig. 2-B
has illustrated an intuitive way to achieve “mutual interactions”
between the two tasks. Because of the discrepancies between
the two tasks, using such plain dense connections fails to
account for the distinct characteristics of each domain, lead-
ing to sub-optimal performance when attempting to leverage
information across these tasks. To improve, Chen et al. [6]
have used a learning-to-rank strategy. Learning-to-rank is an
approach that calculates relative ranking scores within datasets
to align absolute score ranges, addressing inconsistent quality
scales. In the work, they adopted an unsupervised domain
adaptation to boost the quality score prediction of SCIs (target
domain) with the help of NIs (source domain) (see Fig. 2-C).
Though this work has realized the importance of utilizing the
“common characteristics” between the two tasks to improve
performance, the proposed model is just a one-sided promotion
(NI→SCI). The interactions between the two tasks are still
absent because the proposed one-sided promotion is “content
unaware” — not knowing which regions in the input image
are textures and which are pictures. This content-unaware
characteristic hinders full “mutual interactions” because only
the picture-related information in SCIs-based IQA is helpful
for the NIs-based IQA.

To improve, we propose a unified framework, UNI-
IQA, to achieve joint mutual promotions between NIs- and
SCIs-based IQA (Fig. 2-D). Our key insight is to devise a
“content-aware” data switch (CAS), which aims at letting the
model automatically enhance the commonness and compress
the discrepancies between the two tasks by distinguishing
pictorial and textual regions in the input images. Specifically,
CAS dynamically adjusts the learning process based on the
input content (e.g., pictures or textures), thereby avoiding
“mutual interference” between tasks. Notice that the proposed
“content-aware” data switch can solve the domain shift prob-
lem well. Also, based on the proposed “content-aware” data
switch, we further design our model to be a learning-to-rank
methodology, avoiding the dataset misalignments, achieving
complete “mutual interactions” between NIs- and SCIs-based
IQA, and reaching significant performance promotions. To the
best knowledge, our UNI-IQA is the first attempt to achieve
full end-to-end content-aware “mutual interactions” between
NIs- and SCIs-based IQA. In summary, the main contributions
of this paper include the following:

• As the first attempt, we have presented a unified frame-
work to integrate the NIs- and SCIs-based IQA task
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Fig. 2. Most existing methods treated NI-IQA and SCI-IQA as independent tasks (A). However, the most intuitive multi-task methodology could lead the
two tasks to interfere (B). Also, the most recent domain alignment-based method [6] (C) only enables single-way interaction with limited performance gain.
The key highlight of our approach (D) is the proposed content-aware interaction, which enables the two tasks to interact fully while avoiding “domain shifts”
and “dataset misalignment”-induced side effects. We use ✓ and % to denote advantages and disadvantages between our proposed method and the existing
methods.

to achieve online end-to-end content-aware joint mutual
promotions;

• From the perspective of input’s contents (i.e., pictures
or textures), we have devised an “content-aware” data
switch, which can let the model enhance the commonness
and compress the discrepancies between the two tasks;

• We have conducted massive quantitative experiments to
verify the effectiveness of our method in bringing exten-
sive performance gain on both 6 NI datasets and 2 SCI
datasets; both codes and results will be publicly available
at https://github.com/MengkeSong/UNI-IQA.

II. RELATED WORKS

A. NR-IQA for NIs

Traditional works [17], [18] of NR-IQA proposed to model
handcrafted statistics of natural images and regress parametric
deviations to image degradations. However, the handcrafted
feature-based approaches could perform well on type-specific
distorted datasets while not well in modeling real-world dis-
tortions. Thus, learning-based methods [19], [20], [21] have
significantly outperformed previous approaches with regard to
real-world distortions by directly extracting disparate features
from distorted images. But in the training process of CNN,
the images have to be cropped and sampled to a fixed size
in a batch, affecting the final predicted image quality scores.
Several methods [22], [23], [24] have attempted to mitigate
the distortion from resizing and cropping in CNN-based IQA.
Also, some approaches [20], [25] proposed to utilize prior
semantic information by using pre-trained models on clas-
sification datasets, i.e., ImageNet [26], to handle distortion
diversity and content changes. Sun et al. [27] planned to
represent each distortion as a graph and proposed a distortion
graph representation strategy to distinguish distortion types.
However, this GAN-based NR-IQA method cannot handle
the restoration task for the free-energy principle-guided NR-
IQA methods for the severely destroyed images. To overcome
this, Pan et al. [28] proposed a non-adversarial model to han-
dle the distorted image restoration task to compensate for
the shortage of the GAN-based NR-IQA methods. Recently,
Zheng et al. [29] noted new NR-IQA progress in video scenar-
ios. New deep-learning architectures like Transformer-based
ones better capture spatio-temporal features, and temporal
attention mechanisms improve dynamic quality evaluation.

B. SCI-IQA for SCIs

Unlike NIs captured by optical cameras only containing
natural scenes, SCIs are more complex, consisting of pictorial
and textual regions. Therefore, due to the distinct statistics of
SCIs, most SCI-IQA methods [30], [31] adopted sharpness of
details, screen content statistics, and spatial domain [32] for
SCI quality prediction. For example, Fang et al. [33] designed
a quality assessment method by combining local and global
textual features and luminance features. Since the human
visual system (HVS) is highly sensitive to sharp edges,
Zheng et al. [34] divided an SCI into sharp and non-sharp
edge regions, respectively, such that the hybrid region-based
features are extracted for no-reference SCI quality assessment.
According to the reality that the HVS is apt to distinguish
picture and text, some other methods [35], [36] split the
SCI into pictorial regions and textual regions. Min et al. [37]
overviewed SCI-IQA. Latest research introduced new deep-
learning-based metrics, explored GAN-attention combinations,
and improved adaptability in scenarios like digital doc dis-
play and video-conferencing screen sharing. Though the
above-mentioned methods have achieved steady performance
improvements, the major limitation is that they can only handle
either NIs or SCIs.

C. Learning to Rank

One bottleneck in IQA is the limited IQA training dataset
size. Though there are enough IQA datasets, the quality scales
between different IQA datasets are inconsistent, e.g., 0-100
(LIVE [38]) and 0-1 (CSIQ [39]), which cannot be directly
combined to as training samples. Further, simply aligning
quality scales of different IQA datasets to a unified one [40]
is not precise and will bring about the problem of obscure
perceptual quality. Thus, Mikhailiuk et al. [41] proposed to
use psychometric scaling by rating and ranking preference
aggregation methodologies to mix the scores from different
datasets and realign them to a common unified scale. Also,
several other approaches [9], [10], [42] address NR-IQA as a
learning-to-rank problem, where the relative ranking informa-
tion is used during the training. Specifically, these approaches
learn a ranking function from ground-truth rankings by mini-
mizing a ranking loss [43]. This function can then be applied
to rank test objects. Gao et al. [42] is the first to exploit the
probability that the quality of image A is better than that
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Fig. 3. The pipeline of our approach mainly consists of three major parts. In the training phase, after pre-processing the datasets by learn-to-rank strategy
(P1), we first feed the paired images to the NI stream (the upper light grey arrow) and the SCI stream (the lower light grey arrow) of the duplex dynamic
encoder (P2), then obtain two relative ranking scores (P3). Specifically, the “content-aware” data switch (CAS) aims at letting the model automatically enhance
the commonness and compress the discrepancies between the two tasks. The term “Bi-feed” refers to the shared architectures and parameters between NI
Encoder and NI Encoder (Ghost), i.e., S2N, and the mutual weight updates. In contrast, “Copy” signifies unidirectional weight transfer from NI Encoder to
NI Encoder (Ghost), i.e., N2S. During the testing phase, we employ content-aware selective fusion to generate the final relative ranking score. The symbol
“⊕” indicates the weighted addition of the two scores.

of image B to generate preference image pairs (PIPs) and
combine different handcrafted features to represent image pairs
from the IQA dataset. Liu et al. [10] and Zhang et al. [11]
inferred discrete ranking information from images of the same
content and distortion but at different levels for NR-IQA
model pre-training. Ma et al. [44] extracted binary ranking
information from FR-IQA methods to guide the optimiza-
tion of NR-IQA models. Further, Zhang et al. [9] proposed
UNIQUE to address the BIQA issue. Trained on synthetic-
distortion databases, models struggle with realistic distortions
and vice versa because of the gap between lab-simulated and
real-world-captured images. UNIQUE’s innovation lies in a
unified BIQA model and training method for both distortion
types. It samples image pairs from IQA databases, calculates
quality-higher probabilities, optimizes a deep neural network
with fidelity loss, and enforces a hinge constraint to regularize
uncertainty estimation. To alleviate catastrophic forgetting
issues, Zhang et al. [45] proposed to employ continuous learn-
ing with a learning-to-rank strategy to handle novel distortions
of fast development of image processing and computer vision
methods for emerging visual applications. The major problem
of the above-listed methods is that they merely unified IQA
methods without considering SCI-IQA.

III. PROPOSED METHOD

Our primary idea is to unify NI-IQA and SCI-IQA methods
and prompt the unified framework UNI-IQA to be capable
of predicting the quality scores of both NIs and SCIs simul-
taneously. The overall method pipeline is shown in Fig. 3.
Specifically, our method consists of three major parts —
P1: a learning-to-ranking strategy to randomly select image
pairs within each dataset to avoid the dataset misalignments
and achieve joint training of all NI and SCI datasets; P2: a
duplex dynamic encoder to implement mutual joint interaction
between NI stream and SCI stream by the “content-aware”
data switch (CAS), which is the key technical innovation;

P3: two MLPs used as the ranking heads to predict the relative
ranking scores.

A. Learning to Rank for NI-IQA and SCI-IQA

In addressing the dataset misalignment issue, this paper
adopts the learning-to-rank strategy to automatically generate
score scales for the two tasks to implement a unified end-to-
end training protocol. Because it effectively utilizes the relative
quality relationships between images rather than just absolute
quality scores. This characteristic is particularly important
when handling inconsistencies in score ranges across different
datasets, such as natural images (NIs) and screen content
images (SCIs), which often have differing score ranges and
perceptual differences. Compared to traditional normaliza-
tion or mapping methods [46], [47], learning-to-rank directly
learns the ranking relationships between image pairs, allowing
better adaptation to cross-dataset training, thus effectively
addressing dataset misalignments. Additionally, the learning-
to-rank method leverages participants’ preference information
to capture subtle perceptual differences, avoiding the issues of
traditional methods that overlook fine details. Therefore, the
learning-to-rank strategy is particularly suitable in the context
of this task.

As shown in Fig. 3-P1, given an image pair {X,Y}, we use
the following equation to assign its binary label p(X, Y),
indicating if the quality score of X ⩾ the quality score of
Y (i.e., p(X, Y)=1), or the inverse (i.e., p(X, Y)=0).

p(X, Y) =

{
1 if score(X) ⩾ score(Y),

0 otherwise.
(1)

where score(·) denotes the subjective quality scores assigned
by paticipants.

Following the previous [9], we formulate our training set D
as:

D =

[[
(X j

i , Y j
i ), p j

i
]s

i=1

]d

j=1
, (2)
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where D contains s randomly sampled image pairs from the
d-th dataset (our approach can simultaneously use multiple
datasets from both NIs- and SCIs-based IQA tasks). Note that
we don’t use the Gaussian cumulative distributions since some
SCI sets are exclusive of variances. This way, those different
NI/SCI datasets with varying quality scores are scaled and
unified. Thus, they can be trained online in an end-to-end
manner.

B. Duplex Dynamic Encoder

As mentioned in Fig. 2, existing researches on IQA tend
to regard NI-IQA and SCI-IQA as two individual tasks, and
the widely-used architectures have completely overlooked the
intercalations between them. Although some recent works
(e.g., [6]) have realized the importance of such interaction,
there still exist several limitations hindering them from achiev-
ing good performances because their methodology is generally
“content-unaware” inhibiting the full interactions between the
two tasks. To improve, we propose the “duplex dynamic
encoder”, whose key technical components include NI/SCI
streams and a mutual joint interaction (MJI) module. The
NI stream is responsible for obtaining feature representa-
tions of natural images, and the SCI stream is designed to
handle screen content images. The MJI can let the “mutual
interactions” become content-aware and achieve full bi-way
joint performance promotion. Specifically, the MJI module
contains twin ghosts and a “content-aware” data switch, which
work together to enhance the commonalities and reduce the
discrepancies between the two IQA tasks. Next, we shall
respectively detail these technical pieces.

1) NI Stream: Our NI encoding stream, the upper light grey
arrow in Fig. 3-P2, mainly consists of a NI Encoder aiming
to obtain feature representations of NIs. Its architecture is the
same as [11], which takes NI pairs as input.

2) SCI Stream: The SCI stream, shown in the lower light
grey arrow in Fig. 3-P2, mainly includes two components, i.e.,
1) the SI encoder and its “Ghost”, and 2) the cascaded adaptive
region fusion (CARF). Here we shall detail them respectively.

a) SI encoder and Its ghost: Though the SI encoder
and its “Ghost” share the same architecture, e.g., the tailored
VGG16 [11] pre-trained on ImageNet, they are updated sep-
arately. The SI encoder embeds the “whole” input SCI, while
the SI encoder (Ghost) is designed to obtain feature repre-
sentations of the “potential texture regions” solely. To achieve
this, we resort to the newly devised “content-aware” switch
(CAS), which will be detailed later.

b) Cascaded adaptive region fusion: Using the above-
mentioned encoders, we can obtain two features, i.e., one
from the SI encoder and another from the SI encoder (Ghost).
As shown in the figure, features from the SI encoder (Ghost)
are “content-aware” because of the usage of CAS, yet the
features from the SI encoder, a plain architecture, are “content-
unaware”. To predict IQA ranks, we propose to fuse these
two features using cascaded adaptive region fusion (CARF,
Fig. 4). Since the SI encoder (Ghost) takes the output of CAS
as its input, the corresponding features tend to bias towards the
“texture” regions, which cannot present the input SCI image;
thus, it is unsuitable to use it solely for the quality assessment.

Fig. 4. Detailed architecture of CARF. CA: Channel Attention, SA: Spatial
Attention. All upsampling and downsampling are omitted.

In contrast, the features from the SI encoder are just plain
ones, and the SCI stream is not likely to achieve performance
gain if only such features are used. Thus, we shall first fuse
the “content-unaware” and “content-aware” features. Then we
further apply an additional residual operation (feed the fused
features and the original versions to the “ranking head”, (see
ft , f̃c and fs in Fig. 3) to avoid information loss.

Inspired by [48], the proposed fusion strategy (Fig. 4) uses
the features ( f i

t , f i
s ), i ∈ {3, 4, 5} of the last three layers of

the SI encoder and its Ghost are fed into dual enhancement
module (DE) in pair. Then we can obtain the fused feature
f̃c containing the enhanced picture & textual features, which
will be further forwarded to the ranking head (i.e., MLP
in Fig. 3-P3). The adopted DE is used to mine useful and
complementary cues from the whole SCIs and the textual
regions.

c) Rationale of cascaded adaptive region fusion: The
CARF is used to combine the feature representations of the
whole image and the texture regions instead of pictural regions
because the texture regions are usually more discriminative in
terms of SCI-IQA than the pictural regions. In the context of
SCI-IQA, the texture regions refer to the regions of an image
that contain complex patterns and textures, while the pictural
regions refer to the regions that contain smooth or uniform
colors, such as the sky or a plain wall. Typically, the texture
regions are more informative and contain more high-frequency
components than the pictural regions, making them more
sensitive to distortion and, thus, more critical for SCI-IQA.
Therefore, the features from the SI encoder (Ghost), which are
biased towards the texture regions due to the usage of CAS,
are more content-aware and can better represent the distortions
in the image. While the features from the SI encoder, which
are content-unaware, can provide a more global view of the
image and capture the overall structure and context. By fusing
these two types of features using CARF, we can effectively
combine both strengths and obtain a more comprehensive and
accurate representation of the image quality.

3) Mutual Joint Interaction: To achieve “mutual inter-
actions” of the NI stream and SCI stream, i.e., NI→SCI
and SCI→NI, we devise a mutual joint interaction (MJI)
consisting of twin ghosts (TG) and content-aware switch
(CAS), which work simultaneously to achieve full bi-way joint
performance promotion.

a) Twin ghosts: The twin ghosts architecture is com-
posed of two NI encoder ghosts. See in the red box of
Fig. 3-P2. The primary objective of this design is to: 1) let
the two streams can interact with each other, and 2) promote
the NI stream by using the new data transferred from the
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SCI stream and filtered by the proposed content-aware data
switch. Actually, it’s not hard to realize a dense interaction
in a bi-stream structure, yet ensuring a significant promotion,
especially for the two IQA tasks with distinct differences
mentioned above, is really challenging. The reason is that the
features transferred from one stream to another are usually
only partially helpful. For example, since the SCI stream
contains pictures and textures, only the pictures’ features can
help promote the NI stream, yet the textures’ features could
do the opposite. Similarly, features from the NI stream can
only benefit those picture regions in the SCI stream. So, the
key to achieving the desired “mutual interaction” is to make
the interaction process “content-aware” — let the interaction
process be exactly clear about the exact feature types in a
regional-wise way.

The Ghost design is inspired by parameter sharing and
branch decoupling in lightweight networks (e.g., Ghost-
Net [49]), aiming to generate task-specific feature represen-
tations by partially sharing parameters from the backbone
encoder. In our work, the NI Encoder (Ghost) and SI
Encoder (Ghost) inherit the architecture from the main encoder
but employ independent parameter updates to focus on
task-relevant regional features (e.g., the SI Encoder (Ghost)
emphasizes textual regions in SCIs). This design balances
shared learning and task-specific preservation, avoiding mutual
interference caused by direct parameter sharing. Unlike clas-
sical hard parameter sharing in multi-task learning, the
Ghost mechanism achieves soft sharing through the dynamic
“content-aware” data switch, which activates parameter trans-
fer only when input features align with task objectives, thereby
enhancing cross-domain generalization.

The proposed “twin ghosts” serves as the basic platform for
achieving this goal, which concludes: 1) the N2S ghost, which
provides picture-related information from the NI stream to per-
ceive pictorial regions of an SCI, and 2) the S2N ghost, which
selectively learns the useful information embedded in SCI
image first, then “bi-feed” the newly learned picture-related
knowledge to both streams. Note that both N2S ghost and S2N
ghost share the same architecture and parameters as the NI
encoder. The major difference is that the N2S ghost adopts a
one-way updating scheme, while the S2N ghost uses a bi-way
updating scheme. And the “one-way” vs. “bi-way2” updating
illustrations can be seen in the “red arrows” in the Mutual Joint
Interaction box of Fig. 3. Thus far, both technical motivations
and details of the proposed twin ghosts have been given, and
next, we will detail how to achieve “content-aware mutual
interaction” via the proposed twin ghosts.

b) Content-aware data switch: To make the “mutual
interaction” “content-aware”, our idea is to utilize the N2S
ghost to provide pixel-wise spatial clues for all potential
pictorial regions in the input SCI image. Since the N2S directly
“copies” the learned weights of the NI encoder, which has been
trained on natural pictures, it can be very sensitive to regions
containing pictorial information. Thus, we can directly use
the feature responses to perceive which regions in the input

2Here, “one-way” means the parameters of N2S ghost are simply copied
from NI Encoder, where the updating of N2S ghost does not affect the NI
Encoder. While “bi-way” denotes S2N ghost and NI Encoder influence and
update each other.

Fig. 5. Visualization of the feature response maps of pictorial regions in the
SCIs generated by the proposed “content-aware” data switch (Eq. 4).

SCI image could be pictorial regions. This process to generate
picture response map (R̃s) can be detailed as:

R̃s = Sigmoid
(

Conv1
(
N2S(Rs)

))
, (3)

where Rs denotes the input SCIs, and Conv1 means 1×1 con-
volution. In a fully end-to-end fashion, R̃s can explicitly reflect
those pictorial regions. We have provided two qualitative
examples of R̃s in Fig. 5, where pictorial regions tend to have
large feature responses.

Using R̃s as the “content indicator”, our content-aware
switch (CAS) can automatically split its input Rs into two
parts, i.e., one part contains pictorials only (Rp

s ), and another
includes textures only (Rt

s). Notice that this automatical split-
ting process is the key to our mutual joint interaction to achieve
“content-aware”, whose technical details have been given as
follows:

Rp
s = 8(R̃s − σ) ⊙ Rs,

Rt
s = 8(1 − R̃s − σ) ⊙ Rs, (4)

where ⊙ denotes element-wise multiplicative operation, 8

is a sign function that returns 0/1 to elements with values
smaller/larger than 0, σ is a pre-defined hard threshold.
We have conducted an ablation study on it and selected
0.6 as the optimal choice (please refer to the experiment part).
As shown in Fig. 3, the outputs of CAS will be fed to either
the NI stream or the SCI stream. Thus, our content-aware
mutual joint interaction can avoid negative interferences since
the input features (pictures or textures) have been correctly
separated by CAS.

c) Rational of mutual joint interaction and training:
Intuitively, improving the performance of the NI stream can be
achieved by either training on more data or using an already
trained NL model to train the SCI stream further. However, it is
crucial to emphasize the mutual joint interaction and training
of the NI/SCI streams, which serve two essential purposes.
Firstly, the primary role of the NI stream is to separate SCIs
into pictures and textures. Since the NI stream is trained using
NIs, it is necessary to retrain the model to learn various image
feature information to improve separation accuracy. This is
especially important as NIs differ slightly from pictures within
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SCIs. Secondly, the mutual joint interaction and training of
the NI and SCI streams can unify the two tasks, reducing
the need for designing complex networks for each separate
task. By incorporating this approach, the NI and SCI streams
can be trained iteratively with more data, achieving improved
performance of both tasks.

C. Ranking Head

As shown in Fig. 3-P3, we allocate two ranking heads,
including 1) one NI Head (NIH) for the NI stream, which is
made up of a two-layer MLP; and 2) four SCI Heads (SCIH)
for the SCI stream, each made up of a two-layer MLP.

The NIH only takes the output of the NI Encoder as input
and predicts one binary ranking prediction RNI

out (0/1), yet
the SCIH takes “four inputs” ( f p, ft , f̃c and fs) from the
last layer of NI Encoder (Ghost), SI Encoder (Ghost), CARF,
and SI encoder, respectively, and predicts one binary ranking
prediction RSCI

out by combining the “four outputs”. The reason
is that the CAS module is used to separate the pictural regions
from the SCI and will be used to bi-feed the NI stream.
However, this is done assuming that the pictural regions obey
the same ranking as the whole SCI, which is not guaranteed.
Thus, we dynamically combine these four ranking outputs to
avoid the bias of any sub-region, i.e., pictural regions, texture
regions, and fused features of CARF.

Instead of directly averaging the four relative ranking
predictions, we allocate four learnable parameters (αi , i ∈

{1, 2, 3, 4} to each input feature via “learnable aggregation”,
and the combined output RSCI

out can be formulated as:

RSCI
out = ArgMax

(
α1 × SCIH1( f p) + α2 × SCIH2( ft )

+ α3 × SCIH3( f̃c) + α4 × SCIH4( fs)
)
. (5)

where SCIHi , i ∈ {1, 2, 3, 4}, returns the classificaiton confi-
dences (i.e., probability) of each of the “four inputs”; ArgMax
is the argmax function, returning 0 or 1.

D. Loss Function

The total loss functions of the whole training phase can be
summarized as follows:

L = LNI + LSCI, (6)

where both LNI and LSCI, the loss function of NI stream and
SCI stream, adopt the widely-used Fidelity Loss [50]. Notice
that each input image pair will be sequentially sent to the
network, and the loss is measured only if both images in an
image pair have been fed.

The Fidelity Loss is a binary cross-entropy-based function
designed to measure the discrepancy between predicted quality
ranking probabilities and ground-truth relative labels. It is
formulated as:

LFidelity = −
1
N

N∑
i=1

[
pi log qi + (1 − pi ) log(1 − qi )

]
, (7)

where pi ∈ [0, 1] is the ground-truth label (1 if the first
image has higher quality), qi ∈ [0, 1] is the predicted ranking
probability, and N is the number of image pairs in a batch.

E. Image Quality Assessment Inferencing

The testing phase of our approach has been shown in the
right part of Fig. 3, where only one testing image (it could be
either SCI or NI) will be sent to the network, flowing through
both the NI stream and SCI stream (detailed discussion can
be seen in Sec. IV-I). Note that in the testing phase, we only
utilize the classification confidences of the two streams’ final
predictions RNI

out and RSCI
out . Then, the final ranking score

(RFinal) can be computed via content-aware selective fusion,
which can be formulated as below:

RFinal = βNI × RNI
con +

βNI × βSCI

βNI + βSCI
× RSCI

con , (8)

where βNI and βSCI respectively denote the pixel-value entropy
(in grayscale) of picture regions and texture regions, and the
picture and texture split is guided by Eq. 4; RNI

con and RSCI
con

are the classification confidences of the two streams’ outputs
RNI

out and RSCI
out .

After obtaining the classification confidence of RFinal
con from

the ranking model, we need to regress the absolute quality
score of all images in each dataset to perform a quantitative
comparison. In contrast to [6], we compare each image I n

i ∈

Dn with all other images in Dn . We sample 50 images
from each dataset at a time to calculate the classification
confidence Ri

con using the trained ranking model. Each Ri
con

corresponds to a real absolute quality score (MOS/DMOS).
We then determine the corresponding real absolute quality
score (MOS/DMOS) of the closest classification confidence
Ri

con to the classification confidence of RFinal
con as the final

predicted regression quality score of I n
i . This process repeats

1,000 times to increase accuracy, and the results are averaged.

IV. EXPERIMENTS

A. Datasets and Metrics

We evaluate the performance of our proposed model
extensively on 8 IQA datasets, including 6 NI sets and 2 SCI
sets. Among the adopted NI sets, LIVE [38], CSIQ [39],
KADID-10K [13], and TID2013 [51] are synthetically
distorted, and LIVE-Challenge [52] and KonIQ-10K [53] are
authentically distorted. The adopted SCI sets are SIQAD [14]
and SCID [54]. The configurations of these databases are
presented in Table I. We adopted three evaluation metrics:
spearman rank-order correlation coefficient (SRCC) and
pearson linear correlation coefficient (PLCC) and root mean
square error (RMSE). The higher the PLCC and SRCC
values are, the lower the RMSE value and the better the
NI-IQA/SCI-IQA approach.

B. Implementation Details

We implement our model by PyTorch in an NVIDIA
GeForce RTX 3090 GPU. The sampled paired images are
scaled to 256×256×3 and randomly cropped to 224×224×3
as the inputs of our network. The batch size in the training
phase is 32, and we adopt the Adam optimizer for optimiza-
tion. The learning rate is 5e-5 with a weight decay set of 1e-3,
and a warm-up training strategy is adopted.

Following [6], we randomly sampled 80% images from
each NI/SCI dataset to construct the training sets for the NI
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TABLE I
SUMMARY OF 6 IQA DATABASES, i.e., LIVE [38], CSIQ [39],

KADID(KADID-10K) [13], TID2013 [51], CLIVE(LIVE-
CHALLENGE) [52], KONIQ(KONIQ-10K) [53], AND 2 SC-IQA

DATABASES, i.e., SIQAD [14] AND SCID [54]. # REF.: THE
NUMBER OF REFERENCE IMAGE; # DIST.: THE NUMBER

OF DISTORTED IMAGE; # D. TYPE: THE NUMBER OF
DISTORTED TYPIES; R. TYPE: RATING TYPES; SYN:

SYNTHETIC; AUT: AUTHENTIC

stream and SCI stream, and the testing sets are the 20% rests.
All quantitative experiments have adopted the 10-fold cross-
verification. The model becomes converged after 200 training
epochs for eleven hours.

C. Comparisons With the SOTA Models

1) Evaluation on NI Datasets: To prove the effective-
ness of our UNI-IQA on NI sets, we have compared our
method against 13 most recent SOTA NI-IQA models, i.e.,
DBCNN [11], TIQA [56], MetaIQA [25], UNIQUE [9],
P2P-BM [57], HyperIQA [58], TReS [55], Re-IQA [59],
TempQT [60], IQDLNet [61], PMLR [62], ACVA [63] and
ARNIQA [64] over six widely-used NI sets. The results
have been reported in Table II. Our model outperforms all
other competitors by large margins, specifically on LIVE
(+0.6%) and CSIQ (+1.5%) sets regarding the PLCC metric,
respectively. In realistic distortion-based sets, i.e., the LIVE
Challenge, our method still shows competitive results, e.g.,
0.870 (ARNIQA) v.s. 0.874 (Ours) in terms of the SRCC
metric. In a word, this experiment has verified that our model
can perform well on the NI datasets. Notice that, in this
experiment, our model was trained on both NI and SCI training
sets, yet other NI competitors were only trained on NI sets.
We are fully aware that the additional gain might be achieved
by using additional data, but achieving joint learning on both
SCI and NI sets is the key innovation of our approach. And
other models trained on both NI and SCI sets could result
in significant performance degeneration, and this issue has
been fully investigated by [9]. W.r.t. the fairness comparison,
we have conducted an additional verification in the 3rd part
of this experiment.

2) Evaluation on SCI Datasets: We have compared our
method against 11 most recent SOTA SCIs-based IQA mod-
els, e.g., PICNN [65], TFSR [66], QOD [67], CBIQA [68],
SAE [19], HAMTL [69], MTD [70], PQSC [17], DCST [36],
MFSD [71], EHR [72], and 2 SOTA screen content video
quality assessment models3 HIDRO [73], SSL-VQA [74] over

3To the best of our knowledge, as of now, there have been no recent
works on screen content image quality assessment tasks in 2024. Thus,
we comapared our method against two most recent SOTA screen content
video quality assessment models.

two widely-used SCI datasets. As shown in Table III, our
method yields the best overall performance in terms of PLCC
(+1.1%), SRCC (+0.7%), and RMSE (−0.015) on SCID. This
experiment has verified that, despite the good performance
of our model archived in NI datasets, our model can also
perform well on SCI datasets. Notice that, as mentioned above,
our model was trained on both NI and SCI training sets, yet
other NI competitors were only trained on the SCI sets. For a
complete fairness comparison, please see below.

3) “Fair” Comparison on Both NI and SCI Sets: Here
we have adopted three competitors who have followed the
learning-to-rank methodology to handle the datasets mis-
alignment issue. The first two are NIs-based IQA models
(UNIQUE [9] and TReS [55]), which have released the codes,
and we have retrained them on the TID2013 set and SIQAD
set. The last one (UDA [6]) is SCIs-based, trained on the
TID2013 & SIQAD sets and LIVE & SIQAD sets, but the
codes are not publicly available. Thus, we borrow the results
reported in the paper directly. As shown in Table IV, when
trained with the same datasets (TID2013 + LIVE + SIQAD),
our method sharply outperforms NI-IQA competitors. The
main reason is that our approach ensures the mutual promotion
of NI-IQA and SCI-IQA tasks. Also, the performance of our
method is superior to the SCI-IQA competitor. This exper-
iment can fully demonstrate the advantage of our approach
against the existing method in handling dataset misalignment.

D. Component Evaluation

We have conducted an extensive component evaluation to
verify the effectiveness of major components used in our
approach (“duplex dynamic encoder” and “ranking heads”),
and the quantitative results can be seen in Table V. Mark
0⃝ serves as the baseline and consists of three experimental

settings (lines 0-2). In lines 0-1, each setting involves either
the NI encoder or the SI encoder separately, along with the
corresponding ranking head, to train each task independently.
In line 2, both the plain NI and SI encoders are utilized, and
the outputs of the two streams are combined through a bilinear
operation with a single ranking head.

The effectiveness of content-aware switch (CAS) (Eq. 4)
to interact NI stream and SCI stream can be confirmed
by comparing 0⃝ and 1⃝. As shown, our CAS (merely
feeding pictorial-region SCI into S2N Ghost) can achieve
persistent performance improvements on all metrics, e.g., the
PLCC metric has increased from.837→.849 and.885→.896
in KADID-10K and SIQAD testing set. Fig. 6 provides a
visualization of pictorial regions and textural regions in the
SCIs generated by the proposed “content-aware” data switch.

As shown by mark 2⃝, compared with the models equipped
with SI encoder ghost (SCIG) only (line 2 in Table V)
or merely feeding pictorial-region-only SCI into NI encoder
ghost (S2N, line 1), a model equipped with both SCIG and
S2N (line 3) can achieve significant performance improve-
ments, e.g., boosting the PLCC metric in SIQAD set for about
0.5% (line 2) and 1.1% (line 1), respectively. This experiment
suggests that the SCIG can contribute more to the SIQAD set,
an SCI set, than S2N. Thus, we can confirm that the proposed
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TABLE II
QUANTITATIVE COMPARISON OF OUR UNI-IQA v.s. SOTA NI-IQA METHODS ON SIX WIDELY-USED NI DATASETS. SOME DATA SHOWN IN THE

TABLE ARE DIRECTLY BORROWED FROM [55] BECAUSE SOME MODELS’ CODES ARE NOT PUBLICLY AVAILABLE. THE TOP-2 ARE MARKED IN
RED AND BLUE

TABLE III
QUANTITATIVE COMPARISON OF OUR UNI-IQA v.s. SOTA SCI-IQA

MODELS ON TWO SCI DATASETS. SOME DATA SHOWN IN THE
TABLE ARE DIRECTLY BORROWED FROM [36] BECAUSE SOME

MODELS’ CODES ARE NOT PUBLICLY AVAILABLE. THE TOP-
2 ARE MARKED IN RED AND BLUE

CAS can compress those irrelevant picture-related features to
harm the SCI stream.

As denoted by mark 3⃝ and line 8, the advantage of our
CARF (Fig. 4) can be easily observed, e.g.,.859 vs. .875
regarding the SRCC metric in KADID-10K. The reason is
that the CARF can fully integrate and enhance the features
of the local textual regions and global SCIs. Without CARF,

TABLE IV
FAIR COMPARISONS AMONG THE LEARNING-TO-RANK SOTA MODELS.

“-” DENOTES THE MISSING DATA DUE TO THE UNAVAILABLE CODES

TABLE V
COMPONENT EVALUATION ON THE MAJOR COMPONENTS

the SCI stream cannot fully take advantage of those valuable
features obtained via CAS.
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Fig. 6. Visualization of pictorial and textural regions in the SCIs generated
by the “content-aware” data switch.

TABLE VI
COMPARISON RESULTS BETWEEN “MUTUAL INTERACTIONS” AND

SINGLE-WAY INTERACTIONS BY FIXING EITHER NI OR SCI STREAMS
AND ONLY TRAINING ANOTHER IN TERMS OF TWO COLLECTION

WAYS OF THE FINAL RESULTS

The effectiveness of using “learnable aggregation” head
(Eq. 5) has been shown by mark 4⃝, in which four learnable
weights are applied to four relative ranking scores. By com-
paring line 7 (simply averaging the four ranking scores) and
line 8 (with learnable weights), the PLCC metric over the
SIQAD set has increased by 1.1%.

E. Ablation Study

1) Effectiveness on Mutual Interaction of NI & SCI Sets: To
demonstrate the effectiveness of “mutual interaction” between
NI and SCI sets, we conducted two single-way interaction
settings to verify the mutual promotions between NI and SCI
streams. In the first setting, we pre-trained the NI stream
on NI datasets and fixed it while training the SCI stream.
In the second setting, we pre-trained the SCI stream on SCI
datasets and fixed it while training the NI stream. In both
experiments, we obtained the final results using our proposed
method (eq. 8) and using only the SCI head or the NI head.
The experimental results in Table VI show that compared
to the “mutual interaction” of NI & SCI streams (line 5),
single-way interactions (lines 1-4) where NI/SCI streams were
fixed, regardless of the collection ways of the final results, are
suboptimal in achieving mutual promotion.

To ensure a fair comparison, we conducted re-training of
several NI and SCI models using joint learning on all six NI
sets or two SCI sets to confirm the effectiveness of our “mutual

interaction”. We separately re-trained SOTA open-source NI
models such as TRes, GraphIQA, and VCRNet using both
original training sets and all six NI sets. For the only
open-source SCI model to date, RIQA [4], we also re-trained
it using both original training sets and both two SCI sets.
The results shown in Table. VII indicate that while training
on multiple sets can bring slight performance improvement
compared to a small number of original training sets, our
mutual interaction based on the learning-to-ranking approach
produces the best performance improvement for both NI and
SCI sets. For instance, in terms of the PLCC metric, our
method achieves a performance gain of 2.5% and 3.3% vs.
1.1% and 1.1% (TReS) for the KADID-10K set and SIQAD
set, which highlights the validity and rationality of our mutual
interaction.

We investigated the impact of the volume of datasets on
UNIQUE, TReS, and our re-trained method, which was trained
with gradually increasing amounts of synthetically-distorted
NI sets, authentically-distorted NI sets, and SCI sets.
Table VIII presents the SRCC results. Initially, when using
only LIVE, TID, and SIQAD datasets, our UNI-IQA model’s
performance was inferior to the other two models on both
NI testing set KADID, and SCI testing set SIQAD. However,
as the amount of data increased, all the compared models
showed improved performance. When the number of datasets
reached a certain point and continued to increase, the perfor-
mance growth rate of UNIQUE and TReS slowed down, while
our UNI-IQA model continued to increase rapidly. Ultimately,
our UNI-IQA outperformed the other compared models after
training with all the datasets. These findings highlight the
ability of our proposed UNI-IQA model to effectively handle
both NI and SCI sets while also demonstrating its potential
for handling even larger volumes of training data. Overall,
our results suggest that our UNI-IQA is a promising solution
for improving IQA.

2) Performance Evaluations Cross Different Databases: We
tested the generalization ability of our proposed UNI-IQA in a
more difficult cross-database setting. To achieve this, we con-
ducted experiments where both synthetically and authentically
distorted NI databases were crossed with SCI databases and
vice versa. We trained our model on combined datasets
consisting of sampled NI and SCI datasets simultaneously
and tested it on a different dataset without any additional
finetuning or parameter adaptation. To provide a basis for
comparison, we also retrained two top-performing open-source
IQA-based methods - VCRNet [28] and GraphIQA [27],
as well as two learning-to-rank-based methods - UNIQUE [9]
and TReS [55]. As shown in Table IX, UNI-IQA outperformed
the two NIQA-based and two learning-to-rank-based models,
achieving significantly better SRCC results. This demonstrates
that the UNI-IQA model has a strong generalization ability.

3) Effectiveness on σ : We have tested multiple choices
regarding σ (Eq. 4), and the exact results can be found in
Table X. As shown, the overall performance of our method
is moderately sensitive to the choice of σ . Specifically, σ =

0.6 achieves the best result, and σ = 0.8 is inferior to
σ = 0.5, e.g., 0.921 v.s. 0.929 in PLCC metric regarding
SIQAD dataset, showing a larger σ may not always bring
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TABLE VII
COMPARISON RESULTS ON RE-TRAINING SEVERAL REPRESENTATIVE NI AND SCI MODELS USING JOINT

LEARNING ON ALL SIX NI SETS OR TWO SCI SETS

TABLE VIII
ABLATION STUDY OF THE VOLUME OF DATASETS ON SRCC METRIC. THE

BEST RESULTS ARE MARKED IN BOLD

TABLE IX
SRCC RESULTS OF THE CROSS-DATASET EVALUATION. NUMBERS

DENOTE THE SINGLE DATASET OR COMBINED DATASETS. THE BEST
RESULTS ARE MARKED IN BOLD

performance gain. The main reason lies in two aspects. First,
when σ uses a large value, more regions in an SCI are denoted
as textures, leading to fewer picture regions to benefit the NI
stream. Second, when σ chooses a very small value, more
regions are denoted as pictures, shrinking the contribution of
CARF to the SCI stream.

We have also conducted an ablation study to confirm the
essentiality of entropies βNI and βSCI (eq. 8) that function
as weights for the prediction of both NI and SCI streams.
Table X presents the results, which indicate that using only one
entropy during the testing phase, such as βNI or βSCI, results
in suboptimal outcomes compared to our proposed method in
(eq. 8). Regarding the PLCC metric, without considering βNI,
the performance of the SCI set SIQAD will decrease if we use
only βSCI, i.e., 0.932 v.s. 0.941. Similarly, without considering
βSCI, the performance of the NI set KADID-10K will decrease
if we use only βNI, i.e., 0.876 v.s. 0.883. Additionally, the
study found that removing the βNI has less of an impact on

TABLE X
ABLATION STUDY OF THRESHOLD σ (EQ. 4)

TABLE XI
ABLATION STUDY OF THE ENCODER BACKBONE CHOICES

the SCI set SIQAD than removing the βSCI, and taking away
the βSCI has less of an impact on the NI set KADID-10K than
taking away the βNI. Therefore, both entropies βNI and βSCI
are necessary to obtain optimal results.

4) Effectiveness on Encoder Backbones: In our newly pro-
posed UNI-IQA, we choose tailored SCNN4 (denoted as
T-SCNN) pre-trained on massive distorted images as the
backbone of the N2S and S2N, and pre-trained tailored
VGG16 (denoted as T-VGG16) as the backbone of SI encoder
and SI encoder (Ghost), respectively. We compare this com-
bination with other choices such as {VGG16+ResNet50},
{ResNet50+VGG16}, and {SCNN + ResNet50}, all of which
are pre-trained by ImageNet. As shown in Table XI, our default
combination obtains better results. Also, though VGG16 is
more lightweight than ResNet50, pre-trained VGG16 on mas-
sive distorted images outperforms ResNet50 can also prove

4Details can be seen in [11].
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TABLE XII
ABLATION STUDY OF THE CASCADED ADAPTIVE REGION FUSION (CARF)

TABLE XIII
MODEL SIZE AND RUNNING TIME COMPARISONS

that, e.g., 0.875 v.s. 0.871 on the SRCC metric regarding
KADD-10K set.

F. Effectiveness of CARF

To verify the effectiveness of the proposed cascaded
adaptive region fusion (CARF, Fig. 4), we have compared
it with other simple fusion methods, such as addition, mul-
tiplication, and concatenation, and removed the output head
of CARF (denoted as w/o out). Results in Table XII show
that our CARF outperforms other simple fusion methods by
a large margin, e.g., our CARF achieves average performance
gains of 2.1% and 2.0% in the SRCC metric of KADID-10K
and SIQAD respectively, which demonstrates the effectiveness
of CARF to integrate the textual features and the whole SCI
features fully. Meanwhile, removing the output head of CARF
performs slightly worse (0.865 v.s.,0.875). The reason might
be that the fused features contain more informative cues better
to highlight various regions in the whole SCI image scene.

G. Running Time Comparisons

We compared our proposed method’s model size and run-
ning time with SOTA methods that have released codes or are
easily reproducible. For NI-IQA, we considered UNIQUE [9]
and TReS [55], while for SCI-IQA, we compared our method
with UDA [6] and RIQA [4]. As shown in Table XIII,
our method achieved real-time speed with 7 FPS during the
inference phase, while its running time and model size was
comparable to the other NI/SCI-IQA methods. However, our
method outperformed all other models on both NI and SCI
datasets. Therefore, our method offers a good balance between
speed, size, and accuracy.

H. Discussion of A Unified Approach to Assess the Quality
of Natural and Screen Content Images

The need for a unified approach to assessing the quality of
natural and screen content images goes beyond the availability
of labeled data. The reasons are below.

First, while it is true that there is labeled data available for
both NIs and SCIs, the distortion types and subjective scores

assigned by participants are often not well aligned between
the two domains, making it difficult to compare the perfor-
mance of existing IQA models directly. Moreover, existing
fusion schemes that combine NIs and SCIs-based IQA often
fail to achieve mutual performance promotion because they
are content-unaware. Second, by developing a content-aware
data switch, our approach aims to enhance the commonness
between NIs and SCIs while compressing the discrepancies,
allowing for full end-to-end “mutual interactions” between the
two tasks. This approach improves IQA models’ performance
on both domains and lays the foundation for future research on
developing more advanced techniques that can bridge the gap
between NIs and SCIs-based IQA. Third, a unified approach to
image quality assessment can simplify the inferencing process
and improve efficiency, as we can use a single model for
both natural and screen content images instead of requiring
separate models for each type of image. This can save time and
resources and make image quality assessment more accessible
and practical for a wider range of applications.

Therefore, we argue that a unified approach to image quality
assessment is reasonable and significant, as it can improve
performance, simplify the inferencing process, and make IQA
more practical and accessible.

I. Discussion of βNI and βSCI in Inferencing Stage

In the image quality assessment inferencing stage (Eq. 8),
we use the entropies of the pictorial and texture regions as
weights for the NI and SCI stream predictions, respectively,
and compute the final ranking score by summing the output
of both streams. This approach is reasonable for two reasons.
Firstly, it allows us to use a unified model for both NI
and SCI images, eliminating the need for separate models
for each image type. This simplifies the inferencing process
and makes it more efficient. Secondly, the pictorial regions
in an image often contain more discriminative information
about the scene category, while the texture regions carry
more texture information. Using the content-aware selective
fusion approach, we can effectively combine the advantages of
both streams and improve the final ranking performance. This
approach ensures that the model can leverage the strengths of
both pictorial and texture regions to provide a more accurate
ranking score.

We have also conducted experiments by directly inputting
NIs or SCIs into the corresponding stream in the inferencing
stage without interaction with the counterpart stream, and the
corresponding performance is calculated separately. Results
in Table. have shown that our content-aware selective fusion
approach consistently outperforms using the predictions from
either stream alone on both the SCI and NI datasets.

J. Why the NIs and SCIs Have “Common Characteristics”
Since They Differ Greatly in Content and Style?

We argue that despite the significant differences in content
and style between natural images (NIs) and screen content
images (SCIs), there are still some common characteristics in
how our human visual system perceives them. We provide
three perspectives to answer the question:

Authorized licensed use limited to: China University of Petroleum. Downloaded on August 31,2025 at 01:32:42 UTC from IEEE Xplore.  Restrictions apply. 



SONG et al.: UNI-IQA: A UNIFIED APPROACH FOR MUTUAL PROMOTION OF NATURAL AND SCREEN CONTENT IQA 6383

First, we agree that the HVS’s understanding and feelings
towards different content are distinct and involve various
physiological brain areas. However, our research does not
negate this complexity. Instead, it posits that despite these
differences, there is an underlying consistency in how the
HVS assesses visual quality. This consistency is influenced
by fundamental attributes such as contrast, texture, and edge
information, which are prevalent in both SCIs and NIs.

Second, it is indeed true that SCIs and NIs vary greatly in
content and style. However, our work explores the intersection
where the HVS’s assessment of quality converges for these
image types. We propose that while the content and style
differ, the criteria for quality assessment (like sharpness, color
fidelity, and noise) retain a degree of commonality. This
commonality is what our model seeks to capture and quantify.

Third, our paper does not claim to fully unravel the com-
plexities of the HVS. Instead, it contributes to the ongoing
discourse by highlighting a potential common ground in IQA
for SCIs and NIs. We believe this perspective can pave the
way for more nuanced and comprehensive models in future
research.

K. How Is “Content-Aware” Better Than
“Content-Unaware”?

It is essential to recognize that while existing fusion
schemes, such as the approach by Chen et al. [6], have made
strides in addressing the alignment of absolute score ranges
through a learning-to-rank strategy, they fall short in achieving
full “mutual interactions” between NIs- and SCIs-based IQA.
Specifically, the one-sided promotion from NIs to SCIs is
what we call “content unaware”, i.e., it does not explicitly
consider which regions in the input image correspond to
textures and which regions correspond to pictures. This
“content-unaware” characteristic limits the ability to achieve
full mutual interactions between the two tasks since only the
picture-related information in SCIs-based IQA is considered
helpful for NIs-based IQA.

In the context of NIs- and SCIs-based IQA, achieving
effective multimodal fusion requires the model to have a
deep understanding of the nature of the input data. Simply
relying on semantic information alone may not be sufficient
as different modalities, such as textures and pictures, convey
unique and complementary information that can enhance the
overall understanding and performance of the model. If the
model is unaware of the data type, it may not be able to fully
leverage the unique characteristics and specific quality assess-
ment criteria associated with each modality. For instance,
in NIs-based IQA, the model may focus on analyzing image
sharpness and noise levels, which are crucial for assessing nat-
ural images but less relevant for synthetic images. Conversely,
in SCIs-based IQA, texture synthesis and rendering quality
are important factors that may not be as significant in natural
image assessment.

To address this limitation, our proposed UNI-IQA frame-
work introduces a “content-aware” data switch that allows
the model to differentiate between pictures and textures. This
“content-aware” switch enables the model to have a better
understanding of the data and facilitates meaningful inter-

actions between the two modalities. For example, knowing
whether the input data is textual or pictural helps the model
make informed decisions and leverage the complementary
information from both modalities.

L. Limitations

While our study aimed to develop a unified model for
assessing the quality of both natural and screen content
images, it is important to acknowledge that there are limi-
tations to our approach. 1) One limitation is that we could not
directly assess the impact of aspect ratio on quality scores.
While we acknowledge that aspect ratio is a well-established
phenomenon in the field and can significantly impact quality
scores, we were unable to conduct an experiment to assess
this effect directly. 2) Another limitation is that our approach
involved downsampling the input images to a resolution of
256 × 256×3. While this allowed us to develop an efficient
and effective assessment model, it may not be suitable for
assessing images of higher resolution, such as 1920×1080 or
4K. This is because downsampling can result in the loss of
important information, impacting the accuracy of the quality
score assigned to the image. Future research should aim to
address these limitations and develop more comprehensive
models for assessing image quality.

V. CONCLUSION

This paper has presented a unified paradigm to achieve
end-to-end mutual joint interactions and performance
promotions between NIs- and SCIs-based IQA tasks. To this
end, by observing the “common characteristics” of NIs and
SCIs, we devise a “content-aware” data switch to make the
model automatically enhance the commonness and compress
the discrepancies between the two tasks. To alleviate the
dataset misalignments and achieve joint training of all NI
and SCI datasets, we intergraded the learning-to-rank strategy
into the newly designed unified framework by mapping
the diverse subjective quality scores into a unified scale.
Experimental results on six widely-used NI databases and two
SCI databases verified the superiority of our method on both
NI- and SCI-IQA tasks compared to other single-task-oriented
NI- and SCI-IQA methods. We deem this “content-aware”
data switch methodology a promising new take on multi-task
learning, potentially of interest to many other research fields.
In the future, we plan to explore the unsupervised multi-task
learning of image quality assessment, which is more practical
in the real world.
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