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Abstract

With the expanding use of artificial intelligence
generated images (AGIs) in scenarios such as gam-
ing, art, and film production, evaluating their qual-
ity is essential to ensure their practical utility. To
guarantee effective quality measurement, both con-
tent and distortion must be considered. However,
existing image quality assessment (IQA) meth-
ods fail to sufficiently combine the two aspects
in their assessments. Meanwhile, the AGIs an-
notated with credible content and distortion labels
are lack, thus, employing cross-domain methods
to utilize typically public image datasets is mean-
ingful. Based on the above conclusions, this pa-
per proposed a cross-domain Al-generated IQA via
content-distortion awareness (CDAQA). Firstly, the
large language model has been utilized to obtain
content and distortion expressions of images. Sec-
ondly, a dual-stream contrastive language-image
pre-training module (DCLIP) has been designed
to gain both quality-aware features in images and
the corresponding expressions that related to con-
tent and distortion, respectively. Thirdly, a graph
knowledge transferring module (GKT) that con-
structs graphs via inter-domain content relevance
has been proposed. GKT can update distortion in-
formation in the source domain according to the
target domain representations. Finally, the cross-
domain framework has been designed to update the
existing IQA model for AGIs. And, the contrastive
loss of DCLIP, feature update loss of GKT, and
quality prediction loss are coordinated to jointly up-
date different modules, enabling sufficient fusion
of target domain knowledge. Experimental results
demonstrate that CDAQA achieves higher accuracy
and stability in cross-domain AGIs tasks.

Code-https://github.com/dart-into/CDAQA

1 Introduction

Artificial intelligence generated images (AGIs) are widely
used in fields such as entertainment, education, and social
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Figure 1: Comparisons of quality, content, and distortion analysis in
AGIs tasks.

media [Aktay, 2022]. However, AGIs can be effected by dis-
tortions, such as artifacts, color cast, and texture coarseness
[Li et al., 2023]. Measuring the quality of AGIs is crucial
for screening data suitable for different application scenar-
ios. Most image quality assessment (IQA) methods [Min et
al., 2025; Liu et al., 2022; Ke et al., 2021] require sufficient
images with reliable labels for model training. The limited
scale of available AGI datasets can not support model updates
for AGI Quality Assessment (AQA). Considering that public
datasets in classic scenarios [Lin et al., 2019] can offer effec-
tive knowledge for AQA, designing cross-domain IQA meth-
ods to utilize them for updating AGI models is meaningful.
The quality fluctuations of AGIs are related to both con-
tent and distortion information [Li er al., 2023]. Sufficiently
combining the content and distortion information is important
to improve the accuracy of AQA. However, existing cross-
domain IQA methods [Li ef al., 2024a] mainly focus on ana-
lyzing the relationship between the source domain and target
domain in single perspective. Moreover, obtaining content
and distortion labels in various scenarios is challenging, mak-
ing it difficult for model training to learn related knowledge.
Large language models (LLMs) [Naveed et al., 2025] have
advantage in analyzing semantics of images across different
scenarios, thus can provide descriptions from perspectives
such as content, attributes, and quality. Employing LLMs to
obtain content and distortion descriptions can offer label sup-
port for cross-domain AQA methods. As illustrated in Fig-
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ure 1, the proposed method can effectively utilize the advan-
tage of LLM for content and distortion analysis, which solve
the shortcomings of existing IQA metrics.

The effectiveness of extracted content and distortion infor-
mation requires the model to comprehensively combine both
images and related text. As a classic vision-language process-
ing method, contrastive language-image pre-training (CLIP)
is widely applied to vision-language interactive tasks. CLIP-
based IQA methods [Tang et al., 2024; Zhang et al., 2023]
can accurately analyze quality fluctuations. Combining CLIP
with cross-domain AQA methods can effectively extract con-
tent and distortion information from images and the text.

Knowledge transferring between domains is essential to
utilize the source domain to address target domain tasks. As a
classic strategy for knowledge sharing, graph neural networks
(GNNis) are widely applied in vision scenarios [Zhang, 2025;
Yang et al., 2025]. The special structure of GNNs ensures
dynamically updating features [Yang et al., 2024; Fang et al.,
2023]. Some GNN-based methods [Li et al., 2022] can ef-
fectively enhance features through knowledge learning. Em-
ploying GNNss to cross-domain AQA tasks can theoretically
achieve knowledge transferring between domains.

Moreover, the update and learning strategies of cross-
domain AQA models affect the performance. Existing meth-
ods [Li et al., 2024a; Agnolucci et al., 2024] mainly focus
on updating the IQA model, neglecting the impact of assis-
tant modules in IQA tasks. By constructing the joint up-
dates of different modules, some methods [Zhang et al., 2023;
Ou et al., 2021] have gained improvement. Therefore, com-
prehensively consider the update requirements of different
modules is meaningful to cross-domain AQA methods.

Based on the above conclusions, this paper proposes
a cross-domain Al-generated IQA via content-distortion
awareness (CDAQA). Firstly, the LLM has been utilized to
obtain content and distortion expressions of images. Sec-
ondly, a dual-stream CLIP module (DCLIP) has been de-
signed to gain both content and distortion information in im-
ages and the corresponding expressions. Thirdly, a graph
knowledge transferring module (GKT) that constructs graphs
via inter-domain content relevance has been proposed to up-
date distortion information in the source domain according to
the target domain. Finally, the contrastive loss of DCLIP, fea-
ture update loss of GKT, and quality prediction loss are coor-
dinated to jointly update different modules to suit for the tar-
get domain. Experimental results demonstrate that CDAQA
achieves higher accuracy and stability in cross-domain AGIs
tasks. Our work contributions are summarized as follows.

* A DCLIP module is proposed to extract both content and
distortion information in images and the corresponding
expressions that obtained by LLM.

* A GKT module is designed to update inter-domain dis-
tortion information, which constructs graphs via content
relevance between the source domain and target domain.

* The contrastive loss, feature update loss, and quality
prediction loss are combined to jointly update different
modules to suit for AGIs.

» Experimental results demonstrate that CDAQA achieves
enhanced performance in cross-domain AGIs tasks.

2 Related Work
2.1 AQA methods

Classic IQA methods utilized handcrafted features to simu-
late human subjective evaluation [Mittal e al., 2012a]. The
development of deep learning have advanced the application
of deep networks to IQA [Zhang er al., 2023; Zhu et al., 2020;
Su ef al., 2020]. These methods mainly focus on perceptual
information to process classical scenarios datasets.

With the widespread adoption of generative artificial in-
telligence, the application scenarios of IQA extend to AGIs.
However, the quality fluctuation of AGIs is related to both
content and distortion information [Li et al., 2023], which is
overlooked by existing methods. As a classic vision-language
processing method, CLIP has been employed in some IQA
methods to extract related features with the guidance of text.
LIQE [Zhang et al., 2023] leverages the CLIP combined with
textual quality descriptions to enhance the perception of qual-
ity features. CLIP-AGIQA [Tang et al., 2024] utilizes CLIP
to effectively analyze keywords in text to extract features of
subjects. Employing CLIP in- AQA methods to combine im-
ages and text for comprehensive content and distortion infor-
mation extraction is feasible.

In conclusion, designing AQA methods to measure AGIs
quality fluctuation is meaningful. Meanwhile, CLIP can ef-
fectively analyze content and distortion information for AGIs.

2.2 Cross-domain Learning

The various scenarios require IQA models to address cross-
domain tasks. In computer vision applications, cross-domain
methods primarily employ strategies such as discrepancy
measurement [Long er al., 2015; Long et al., 2017], adver-
sarial generation [Ajakan et al., 2014], and feature recon-
struction [Lu et al., 2024]. Employing effective cross-domain
strategies for IQA methods is important to improve the per-
formance in cross-domain tasks.

The small scale AGI datasets require cross-domain IQA
methods to learn more effective knowledge from classic sce-
narios. Among classical cross-domain IQA methods, UCDA
[Chen er al., 2021b] focuses on the confidence discrepancy
in quality perception between domains. DGQA [Li et al.,
2024a] aligns and filters images from both domains based on
their distortion distributions. RankDA [Chen et al., 2021a]
and StyltAM [Lu et al., 2024] leverage quality-aware features
across domains for domain-adaptive updates. These methods
mainly focus on domain information in single perspective.
However, the quality fluctuation in AGIs is related to both
content and distortion information, which need cross-domain
methods to comprehensively analyze quality-aware features.

Knowledge sharing between domains is crucial for mod-
els to address cross-domain tasks. GNNs possess strong ca-
pabilities for information sharing and feature enhancement.
The spatio-temporal attention module proposed by GESTA
[Cheng et al., 2023] utilizes GNN s to enhance the consistency
of spatial-temporal representations. GraphIQA [Li et al.,
2022] employs distortion types and levels to construct graph
features, thereby strengthening the representation of quality-
related information. Employing GNNs to cross-domain IQA
methods can effectively fuse information across domains.
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Figure 2: The illustration of CDAQA. CDAQA consists of content and distortion expression, feature extraction, GKT, and model training.

Moreover, the learning and update strategies of different
modules also impact cross-domain performance. DGQA [Li
et al., 2024a] considers only the update of the quality assess-
ment model, overlooking the co-adaptation of the integrated
distortion classifier. The joint updates of different modules in
LIQE [Zhang et al., 2023] and SDD-FIQA [Ou er al., 2021]
lead to the improvement of performance. Therefore, com-
prehensively considering the update requirements of different
modules is essential for cross-domain IQA.

In conclusion, employing GNNs to share knowledge be-
tween source domain and target domain is meaningful to
improve the performance of models in cross-domain tasks.
Meanwhile, effective update strategies can guide different
modules for sufficient learning.

3 Method

CDAQA consists of content and distortion expression, feature
extraction, GKT, and model training. The overall structure of
CDAQA is illustrated in Figure 2.

3.1 Content and Distortion Expression

CDAQA utilizes LLMs to annotate images with textual de-
scription to solve the lack of related labels. Due to the strong
performance in image and semantics analysis, ByteDance’s
generative Al model is employed to obtain content and dis-
tortion textual labels. We utilize ByteDance’s generative Al
model to analyze the logical relationships between the main
subject and components in images, thus can obtain a com-
prehensive description as content textual label. Additionally,
ByteDance’s generative Al model is used to analyze distor-
tions of images from various perspectives such as clarity and

fidelity, thus can obtain description as distortion textual label.
Specifically, the length and style of generated text are stan-
dard. Some research [Li et al., 2023] proposed that the text
length can reflect the performance of models. When the text
is too long, the subsequent model hardly analyze the seman-
tics. Based on the preliminary comparison, the text length
is limit to between 10 and 20 words. To ensure the effec-
tive expression in text, at least one primary subject and one
secondary subject are included in content textual label. And,
the modifier is needed to subjects. Two to four most promi-
nent distortion angles of the image are described in distortion
textual label. The details and lines are also noticed to bet-
ter express AGIs. The content and distortion textual labels of
examples are illustrated in Figure 3.

3.2 Feature Extraction

CDAQA employs DCLIP to extract content and distortion
information. DCLIP consists of content-aware CLIP and
distorion-aware CLIP, and each following the standard CLIP
architecture [Hafner er al., 2021]. The inputs of content-
aware CLIP are images and corresponding content textual
labels, while the inputs of distortion-aware CLIP are im-
ages and corresponding distortion textual labels. The patch
embedding, token embedding, position embedding, and the
first 22 encoder layers in each stream are frozen to ensure
the preservation of features and reduce catastrophic forget-
ting. The last two encoder in each stream are trained to learn
knowledge. The content-aware CLIP outputs content text fea-
tures C'T'F', content similarity features C'SF', and content
image features CIF. Correspondingly, the distortion-aware
CLIP outputs a distortion text feature DT F, a distortion sim-
ilarity feature DSF', and a distortion image feature DI F'.
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Figure 3: The illustration of content and distortion text.

3.3 GKT

CDAQA proposes GKT to construct graph and update the
source domain to suit for the target domain. CTF, CSF,
CIF, DTF, DTF, and DSF are utilized for graph con-
struction. The images {Z;,% € (1,m)} in classic scenes and
AGIs {Z;,j € (1,n)} are used as the source domain Do
and the target domain Dom;, respectively. The source do-
main features {CTF?, CSF7, CIF{} and target domain fea-
tures {CTF},CSF},CIF}} are obtained by DCLIP. Both
the source and target domain concatenate the content and dis-
tortion features. Specifically, CSF; and DSF;’ are concate-
nated for SF;’. CTF; and DT'F} are concatenated for T'F;.
CIF? and DIF} are concatenated for IF;’. Correspond-
ingly, concatenated features of the target domain are SF?,
TF}, and IF}. SF} and SF} are clustered via k-means to
generate c clusters C; and Cy; of the source and target do-
main images, respectively. This enables analyze the distri-
butions of domains according to semantics. Then, distances
Dglj between source domain clusters centers % a € (1,c¢)

and target domain clusters centers f% b € (1,c) are calcu-
lated as follows:

Dy =119 £l (1)

The source domain cluster closest to the target domain
cluster is considered the same cluster. In the same cluster,
the distances between the source domain images and the tar-
get domain images are calculated by T'F;° and TF;:

CO; — COj

D = \/(Uz' —v;)T( 5

where v; and v; represent the mean vectors of T'F}° and TF;,
respectively, and co; and co; represent the covariance matri-
ces of T'F; and Tth, respectively. For each target domain
image, the two closest source domain images are selected as
its neighboring nodes, and the corresponding distances Dé’s’; j
serve as edges e.st ;. Edges between source and target do-

main images that are not identified as neighbors are assigned

)i =), @)

Algorithm 1 The process of CDAQA
Input: {Z;,i € (1,m)},and {Z;,j € (1,n)}.
Output: {Q’}.

: {SFf,TFs IF}y = DCLIP[{Z;}, LLM({Z;}))].
{SF!,TF!,IF!} = DCLIP[{Z;}, LLM({Z;})].

k—means s

{Csi} {Cy} " {SEF}L{SF}}}
if {Cy;} close to {Cy;} do

Calculate D} (TF}, TFY).

top tw(; ;

Costy T {DImY.
Ast - {eest,j |j S (]—an)}
Hao = {{IF7}, {IF}}|i € (1,m)}.
H., = o(AaHa Wi + By), select {IFF'} € H.,.
Q2 A{Q7 b} = Linear(({TF2}, {TF 1).
L=Y0 e - of
L= [ - Qi
D Ly =Y 1{Lsr}/A
Etotal :Oé*[q +/6*£2+r7*£3
: Update Grg4 and obtain 67 4.
{98} = Grga(019a, {Z;}).
: return {Q;}

R A A e e

—_ =
-2

[ e S S G e

the value of 0. The adjacency matrix Ay consisting of all
edges is as follows:

Ase = {ecar; =Dy 515 € (Ln)}- 3)

TF* and TF* are used as node features of the source do-
main and target domain, respectively. The whole node feature
matrix H; is as follows:

Ho = {({IF7},{IF}}ie (1,m),j€(L,n)}. 4

The GKT module is used for updating H; according to
A, which consists of graph convolutions and activation
function 0. The update process in the graph convolution is
as follows:

’

Hst - U(AstHstWI + Bl)a (5)
where H;t and W, are the updated node feature matrix and
weight matrix of the first graph convolution. B; represents the
bias matrix. The updated source domain node feature {I Fis,}
is separated from H;t.

3.4 Model Training

CDAQA utilizes loss feedback information of different mod-
ules to joint update the whole framework. The difference be-
tween {IF#} and {IF}'} is analyzed to obtain loss feedback
to guide different modules to transfer to the target domain.

{IF#} and {IF}"} are input to the quality prediction module
which consists of four linear layers to get the quality score
{Qs} and {Q¢'}, respectively. {Qf'} are related the qual-
ity fluctuation knowledge of the target domain. Then, the

differences between {Q¢} and {Q3'} are calculated as loss
information £, to obtain the knowledge of the target domain:

o= oo ©)
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Train KADID TID2013

Test AGIQA-3k AGIQA-20k AGIQA-3k AGIQA-20k Average
Methods (year) | SRCC PLCC | SRCC PLCC | SRCC PLCC | SRCC PLCC | SRCC PLCC
Hand-craft BRISQUE (2012) | 0.210 0.244 | 0.118 0.154 | 0.148 0.180 | 0.120 0.139 | 0.149 0.179
methods NIQE (2012) 0.326 0371 | 0416 0425 | 0.225 0.263 | 0.306 0.324 | 0.318 0.346
PIQE (2015) 0.176  0.249 | 0.164 0.180 | 0.253 0.301 | 0.145 0.147 | 0.184 0.219
RankIQA (2017) | 0317 0.376 | 0.402 0.385 | 0.326 0.357 | 0.290 0.334 | 0.334 0.363
MetalQA (2020) | 0.510 0.546 | 0.528 0.517 | 0.429 0.450 | 0.464 0.479 | 0.483 0.498
Classic DBCNN (2023) | 0.457 0492 | 0.324 0.328 | 0364 0.402 | 0.268 0.300 | 0.353 0.381
deep-learning | HyperIQA (2020) | 0.725 0.750 | 0.712 0.725 | 0.712 0.740 | 0.359 0.374 | 0.627 0.647
methods AKD-IQA (2025) | 0.422 0.468 | 0.405 0.423 | 0.535 0.567 | 0.502 0.509 | 0.466 0.492
DiffV2IQA (2025) | 0.540 0.579 | 0.358 0.359 | 0.475 0.502 | 0.471 0.478 | 0.461 0.480
MCOLE (2024) | 0.489 0.531 | 0.680 0.694 | 0.505 0.538 | 0.424 0.437 | 0.525 0.550
DANN (2014) 0.327 0378 | 0.410 0.425 | 0460 0.491 | 0.432 0.449 | 0.407 0.436
Cross-domain UCDA (2021) 0.221 0.257 | 0.234 0.250 | 0.574 0.607 | 0.397 0418 | 0.357 0.383
methods RankDA (2021) | 0.562 0.580 | 0.573 0.575 | 0.480 0.529 | 0.531 0.548 | 0.537 0.558
StyleAM (2024) | 0.619 0.649 | 0.611 0.618 | 0.547 0.563 | 0.574. 0.590 | 0.588 0.605
DGQA (2024) 0.716  0.755 | 0.707 0.716 | 0.612 0.647 | 0.512 0.526 | 0.637 0.661
CDAQA 0.778 0.795 | 0.748 0.775 | 0.741 0.775 | 0.640  0.659 | 0.727 0.751

Table 1: Cross-domain performance comparisons on AGIs.

The distance between labels { Q!} and {Q$} is also part of
loss feedback information. In this way, different modules can
be balanced to better fuse the target domain and the source
domain. The whole framework can learn accurate knowledge
from the quality prediction in source domain. Thus, loss in-
formation L is calculated as follows:

L= ]| - QY. ™

Moreover, the contrastive loss of DCLIP is employed to
improve the overall framework to learn content-aware and
distortion-aware knowledge. The DCLIP can also better ex-
tract features by combining images and text. The calculation
of L3 is as follows:

1 N exp(SFy ,/T)
Lop = ——
SE 2N =i log Ziv:l log{exp(SF,,/7)}
+3° N log oP(Fety/7) ] v
TSN log{exp(SFyy /7))
L3 =S"HLsr}/4, 9)

where IV represents the batch size of images. x and y are
the row and column indices of similarity matrix, respectively.
T is a learnable temperature parameter. And, SF represents
content and distortion similarity matrix of the source domain
and target domain, SF € {CSF* DSF¢ CSF', DSF*}.

Combining the £q, Lo, and Lo, the Ly, is obtained as
follows:

Etotal:a*£1+/8*£2+ry*['5a (10)

where «, [ and «y represent the weight of £1, Lo and L3, re-
spectively. L:1q; s used to jointly update DCLIP, GKT, and
quality prediction module. The whole IQA framework Grg 4
is updated with new parameters 6;g4. The quality scores
{Q}} of AIGs {Z;} can be obtained by G4 and 67g.a. The
process of CDAQA is described in Algorithm 1.

4 Experiments

4.1 Experimental Settings

This section includes the expression of datasets, metrics, and
parameters details.

Datasets and Metrics. We conducted cross-domain IQA
experiments on two AGIs datasets (AGIQA-3k [Li et al.,
2023] and AGIQA-20k [Li et al., 2024bl). And, 4 natural
scenarios datasets, namely, (KADID [Lin et al., 2019], CSIQ
[Larson and Chandler, 2010], TID2013 [Ponomarenko et al.,
2013], and LIVEC [Ghadiyaram and Bovik, 2015]) were em-
ployed for cross-domain training and test. Moreover, 2 under-
water datasets (SAUD [Jiang er al., 2022] and UIED [Zheng
et al., 2022]) were utilized for cross-domain test in more sce-
narios. Two typical metrics, namely, Spearman rank correla-
tion coefficient (SRCC) and Pearson linear correlation coef-
ficient (PLCC), were employed to evaluate the monotonicity
and accuracy of the results.

Parameters Details. During training, a random 224x224
patch was sampled from each image, and data augmentation
was performed by random horizontal flipping. The RGB fea-
tures of these patches were input into the quality assessment
net. The network was trained with a batch size of 16, and the
learning rate 7 was set to 1x10™%. Additionally, weight de-
cay of the learning rate was applied every 10 epochs, and the
weight decay is 0.8. The value of parameters ¢, a, /3, and =y
are 5, 0.30, 0.75, and 0.25 in the baseline.

4.2 Cross-domain Performance on AGIs

To demonstrate the performance in cross-domain AGIs tasks,
CDAQA was compared with 15 IQA methods, including
3 handcrafted methods, namely, BRISQUE [Mittal et al.,
2012al, NIQE [Mittal et al., 2012b] and PIQE [Venkatanath
et al., 2015], 7 classic deep learning-based methods, namely,
RankIQA [Liu et al., 2017], MetalQA [Zhu et al., 2020],
DBCNN [Zhang er al., 20231, HyperIQA [Su et al., 2020],
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SAUD — AGIQA3k SAUD — AGIQA3k SRCC/PLCC

= UIED —~ AGIQ‘fk UIED —~ AGIQ’f}k # CACLIP DACLIP GKT | AGIQA-3k LIVEC
.8-SAUD+UIED AGIQA3k F SAUD + UIED — AGIQA3k 1 e X X1 0.425/0.428 041710436
2 X v X 10.567/0.574 0.624/0.637
N %9 3 v X v | 0.654/0.679 0.721/0.723
0.4 S04 4 X v/ v | 0.646/0.671 0.651/0.659
P 02 5 v v X 10.660/0.705 0.671/0.676
6 v v v 10.778/0.795 0.767/0.770

e RC Q S
?&\% "’ %1\6‘ 9 QOP' SR W"’ 0 QO“ Table 2: Effectiveness of CACLIP, DACLIP, and GKT.
Methods Methods
. . . SRCC/PLCC

FOI %;12; gld St;(;istsl.)omam performance comparisons from underwater 4 Ly Lo Ls AGIQA-3K LIVEC
1 v X X 0.327/0.358 0.306/0.311
2 X v X 0.628/0.651 0. 634/0.639
AKD-IQA [Hu et al., 20251, DiffV2IQA [Wang et al., 2025], 3 X X v 0.401/0.436 0.371/0.382
and MCOLE [Jiang er al., 2024], and 5 cross-domain meth- 4 v v X 0.662/0.689 0.651/0.676
ods, namely, DANN [Ajakan et al., 2014], UCDA [Chen et 5 X v v 0.714/0.749 0.689/0.694
al., 2021b], RankDA [Chen e al., 2021al, StyleAM [Lu et 6 v X v 0.420/0.431 0.394/0.407
al., 2024] and DGQA [Li er al., 2024a]. Specifically, hand- 7 v v v 0.778/0.795  0.767/0.770

crafted methods are compared to validate the advantage of
deep-learning. Classic deep learning-based methods are em-
ployed to validate the effectiveness of cross-domain appli-
cations. Cross-domain methods are compared to validate
the advantage of our cross-domain framework. All methods
trains on KADID and TID2013, and then tests on AGIQA-
3k and AGIQA-20k, respectively. The results are illustrated
in Table 1 and the best results are in bold. The experimen-
tal results demonstrate that the SRCC and PLCC of CDAQA
are at least 4.73% and 6.89% higher than these methods on
AGIQA-3k and AGIQA-20k, respectively. The average val-
ues of the SRCC and PLCC of CDAQA are also the best.
Therefore, CDAQA perform best in cross-domain AGIs and
classic scenarios.

To further demonstrate the performance in cross-domain
AGTIs tasks, experiments of transferring underwater datasets
to AGIs are conducted in Figure 4. Six methods are em-
ployed for comparisons. Results demonstrate that compared
to other methods, our method improves by at least 10.69%
and 13.28% in AGIQA-3k and AGIQA-20k; respectively. Al-
though underwater and AGIs scenarios differ more signifi-
cantly, CDAQA performs best in cross-domain AGIs tasks.

4.3 Ablation Study

This section includes experiments for demonstrating the ef-
fectiveness of DCLIP, GKT, and joint learning, respectively.
All experiments are trained on KADID and tested on AGIQA-
3K and LIVEC. The best results are in bold.

Effectiveness of CACLIP, DACLIP, and GKT. To vali-
date the effectiveness of DCLIP and GKT, Table 2 is illus-
trated. In Table 2, scheme #1, scheme #2, only utilize one of
the CACLIP, DACLIP, respectively. Scheme #3, scheme #4,
and scheme #5 only remove one of the CACLIP, DACLIP, and
GKT, respectively. The scheme #7 is the baseline of CDAQA.
The experimental results demonstrate that one of three mod-
ules can improve the model by 17.82%, 6.38%, and 14.31%,
respectively. Therefore, the CACLIP, DACLIP, and GKT in
CDAQA are effective in measuring image quality.

Effectiveness of Joint Learning. To validate the effec-

Table 3: Effectiveness of L1, L2, and Ls.

tiveness of joint learning, Table 3 are illustrated. In Table 3,
scheme #1, scheme #2, and scheme #3 only utilize one of the
L1, Lo,and L, respectively. Scheme #4, scheme #5, and
scheme #6 only remove one of the £, Lo, and L3, respec-
tively. The experimental results demonstrate that one of three
loss can improve the model by 11.32%, 20.98%, and 17.82%,
respectively. Therefore, the £, Lo, and L3 are effective in
cross-domain tasks.

Test Method KADID CSIQ TID2013
BRISQUE  0.216  0.159 0.243
DBCNN 0418  0.351 0.338
HyperIQA  0.497  0.529 0.591
SAUD MetalQA 0.586  0.510 0.569
UCDA 0.623  0.527 0.498
DGQA 0.627  0.531 0.524
CDAQA 0.694  0.701 0.674
BRISQUE  0.253  0.105 0.117
DBCNN 0.348  0.271 0.438
HyperIQA  0.497  0.325 0.369
UIED MetalQA 0481  0.397 0.329
UCDA 0409  0.317 0.358
DGQA 0.434  0.401 0.409
CDAQA 0.563  0.505 0.493

Table 4: Cross-domain performance comparisons from natural to
underwater datasets.

4.4 Comparison of Cross-Domain Scenarios

To prove the performance of CDAQA in more different sce-
narios, six methods are compared in Table 4. In Table 4, 3
natural scenario dataset are for training and test on two un-
derwater datasets, namely, SAUD and UIED. The best two
results are in bold. The experimental results demonstrate
that, compared to other methods, our method improves by
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Figure 6: Analysis of different loss weights.

at least 10.69% and 13.28% in SAUD and UIED, respec-
tively. Therefore, CDAQA performs best in cross-domain
tasks, which meets various IQA scenarios.

4.5 Parameter Discussions

This section includes experiments for analyzing the parame-
ters of ¢, a, 3, and ~y. All experiments are trained on KADID
and tested on AGIQA-3K.

Analysis of Cluster Number c. To demonstrate the effec-
tiveness of different cluster number ¢, Figure 5 is illustrated.
In Figure 5, the SRCC, PLCC, and corresponding error band
of employing different value of ¢ are compared: The cluster
results are illustrated when c is set to 3,5, 8, respectively. The
prediction error of different examples are reflect with rainbow
color. Results demonstrate that the result is the best when ¢
is set to 5, and the predicted scores has smallest error. There-
fore, the baseline of setting c to 5 is effective.

Analysis of Loss Weights o, 5, and ~. To demonstrate the
effectiveness of different loss weights, Figure 6 is illustrated.
In Figure 6, the SRCC of setting different value of «, /3, and
~ are recorded in 3D mapping chart. The values of SRCC are
reflect with rainbow color. Results demonstrate that higher 3
and ~ improve the performance. And, the performance get
best when «, (3, and ~y are 0.30, 0.75, and 0.25, respectively.
Therefore, the baseline of «, 3, and +y is effective. The Lo
which related to quality fluctuation significantly effects the
performance of CDAQA.

4.6 Visual Analysis

This section includes experiments for analyzing the accuracy
and graph construction of CDAQA.

Accuracy Analysis. To demonstrate the accuracy of
CDAQA, the predicted scores and labels are plotted as red
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Figure 8: The illustration of graph construction.

scatters in Figure 7, when LIVEC is for test. The scatters of 5
methods are illustrated for comparisons. The results demon-
strate that scatters of CDAQA is the most concentrated and
predicted scores are close to the labels, which demonstrate
that CDAQA is more accurate.

Graph Construction Analysis. To demonstrate the effec-
tiveness of graph construction, several samples are illustrated
for visual expression. As illustrated in Figure 8, the edge be-
tween the source domain images and target domain images
represents similarity. The results demonstrate that the source
domain images has relationship with the target domain im-
ages in content and distortion.

5 Conclusion

In this paper, CDAQA utilizes both content and distortion in-
formation to measure the quality of AGIs. Firstly, the LLM
has been employed to gain the content and distortion descrip-
tions of the AGIs. Secondly, a DCLIP module is designed
to extract content-distortion-aware features. Thirdly, a GKT
module based on inter-domain relevance has been proposed to
adapt content and distortion features from the source domain
to the target domain. Finally, the contrastive loss of DCLIP,
feature update loss of GKT, and quality prediction loss are
jointly optimized to update all modules for target domain. Ex-
perimental results demonstrate that CDAQA achieves com-
petitive and stable performance in cross-domain AGI quality
assessment tasks.

In future work, knowledge sharing in more dimensions will
be conducted for measuring the quality of AGIs. Further-
more, the update strategy will be further refined to better han-
dle cross-domain IQA tasks.
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