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Abstract

Blind Image Quality Assessment, aiming to replicate human
perception of visual quality without reference, plays a key
role in vision tasks, yet existing models often fail to effec-
tively capture subtle distortion cues, leading to a misalign-
ment with human subjective judgments. We identify that the
root cause of this limitation lies in the lack of reliable distor-
tion priors, as methods typically learn shallow relationships
between unified image features and quality scores, result-
ing in their insensitive nature to distortions and thus limiting
their performance. To address this, we introduce DR.Experts,
a novel prior-driven BIQA framework designed to explicitly
incorporate distortion priors, enabling a reliable quality as-
sessment. DR.Experts begins by leveraging a degradation-
aware vision-language model to obtain distortion-specific pri-
ors, which are further refined and enhanced by the pro-
posed Distortion-Saliency Differential Module through dis-
tinguishing them from semantic attentions, thereby ensuring
the genuine representations of distortions. The refined priors,
along with semantics and bridging representation, are then
fused by a proposed mixture-of-experts style module named
the Dynamic Distortion Weighting Module. This mechanism
weights each distortion-specific feature as per its perceptual
impact, ensuring that the final quality prediction aligns with
human perception. Extensive experiments conducted on five
challenging BIQA benchmarks demonstrate the superiority
of DR.Experts over current methods and showcase its excel-
lence in terms of generalization and data efficiency.

Code — https://github.com/FuBohan01/DR.Experts

Introduction
High-quality images are essential for reliable performance
in vision tasks. Being instructional and serving as a crucial
and valuable part in enabling quality control in real-world
scenarios, Blind Image Quality Assessment (BIQA) aims
to evaluate image visual quality without reference images,
easing the burden of references that are hard to acquire in
in-the-wild cases (Huang et al. 2024; Li et al. 2025; Mit-
tal, Moorthy, and Bovik 2012). Albeit numerous efforts have
been made to push the boundaries of BIQA, the advantage
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Figure 1: (a): DR.Experts maintains the advantage even
with limited training data. (b): Given a distorted image, the
proposed framework DR.Experts first leverages a vision-
language model specialized on visual distortions to obtain
attention corresponding to various distortions. By differen-
tiating these cues from semantic attention, DR.Experts ef-
fectively further purifies distortion-aware representations.
These refined features are then adaptively weighted accord-
ing to their perceptual importance and integrated to yield a
precise and perceptually consistent quality assessment.

of being reference-free still introduces significant perfor-
mance challenges, especially in terms of distortion model-
ing (Moorthy and Bovik 2011). Existing BIQA techniques
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still struggle to effectively characterize quality-aware repre-
sentations, undermining their abilities to align with human
evaluations of perceptual quality.

A primary ground of such limitations arises from their re-
duced sensitivity to subtle distortions and conceptual ambi-
guity under complicated and diverse distortions due to the
lack of guidance from distortion priors. While BIQA has
made significant progress (Chen et al. 2024) through the de-
velopment of intricate learning architectures and advanced
training strategies recently, these methods (Yang et al. 2024)
still focus on learning a plain relationship between consoli-
dated and unified image features and the final quality scores.
However, in-the-wild images often suffer from diverse types
and varying levels of distortions (Hosu et al. 2020), such
as under-exposure, noise, and motion blur, affecting image
visual quality in different ways and extents. Yet, the lim-
ited volume of existing BIQA datasets, coupled with a lack
of distortion specifications and annotations, constrains the
capabilities of models to learn and accurately capture these
subtle yet important distortion-related features.

As the challenge in capturing distortion-specific charac-
teristics highlights a fundamental gap in existing BIQA ap-
proaches, thus, naturally, a key motivation to advance BIQA
is to effectively incorporate prior knowledge of distortions
into current learning frameworks (Li et al. 2024a), enabling
fine-grained and perceptually aligned modeling of quality-
aware representations. Driven by this insight, we propose a
Differential Rinement of Distortion-Aware Experts BIQA
framework, hereby named DR.Experts, that incorporates
distortion priors to guide the extraction of perceptual visual
quality-relevant features, and distill and purify these features
further by differentiating them with semantic features. These
refined features are then aggregated with adaptive weights as
per their respective contributions to the image quality, act-
ing as multiple experts for different distortion perspectives,
thus yielding a comprehensive and trustworthy quality pre-
diction, as shown in Fig. 1. Such a design not only enhances
the alignment between prediction and human perception but
also offers transparency in the decision-making process, as
the generated score can be traced back to certain distortion
factors, thereby increasing the trustworthiness of the assess-
ment.

To this end, CLIP (Radford et al. 2021) is incorporated
into the proposed framework for distortion priors. Serv-
ing as a foundation between visuals and text, Contrastive
Language-Image Pre-Training (CLIP) enables transferable
priors by mapping both modalities into a shared embedding
space, where text can prompt distortion-related visual fea-
tures. Specifically, we employ DA-CLIP (Luo et al. 2024),
a derivative optimized for low-level vision tasks and fine-
tuned to increase sensitivity to distortion features. DA-CLIP
demonstrates strong capabilities for fine-grained distortion
perception, it achieves an impressive average accuracy of
99.2% on tasks involving ten distinct distortion types, in-
cluding blur, low light, and compression errors. Based on
this, we obtain the distortion-aware visual attentions acti-
vated by DA-CLIP under various distortion-specific prompts
as priors by the dot product between the prompt repre-
sentations from the text encoder and the visual features

from the image encoder. To further strengthen these rep-
resentations and suppress the attention noise of semantic
redundancy originating from upstream classification pre-
training of CLIP and Vision Transformer (ViT) (Dosovit-
skiy et al. 2020), we introduce the Distortion-Saliency Dif-
ferential Module (DSDM), with its differential refine-
ment attention mechanism to isolate distortion-related fea-
tures. DSDM refines the priors by contrasting DA-CLIP’s
distortion-aware attention with the semantic attention ex-
tracted by ViT, thereby ensuring a precise quality assess-
ment.

Furthermore, to effectively integrate and leverage features
of different types, along with considerations that various dis-
tortions impact perceptual quality in different ways and ex-
tents, we design the Dynamic Distortion Weighting Mod-
ule (DDWM), a Mixture-of-Experts (MoE) architecture that
adaptively aggregates these feature groups: distortion pri-
ors refined by DSDM, semantic features extracted by ViT,
and bridging features as intermediate supplementaries de-
rived from the difference between the two aforementioned
feature groups. This module not only model complementary
cues across diverse representations, and allows to to assign
adaptive weights to different distortion types based on their
respective perceptual impacts. By doing so, our proposed
framework aligns more closely with the fine-grained assess-
ment criteria of the human vision system, further enhancing
both the accuracy and trustworthiness of the generated qual-
ity score. To summarize, our contributions can be regarded
as follows:
• We propose a novel BIQA framework that leverages

distortion priors as guidance, enabling fine-grained,
distortion-aware quality assessment. By leveraging DA-
CLIP’s text-prompted transferable visual attention as pri-
ors, our framework learns towards trustworthy and ex-
plainable results. The proposed framework enhances the
perceptual alignment between human-perceived distor-
tion representations and quality metrics.

• A novel module called Distortion-Saliency Differential
Module is introduced to refine distortion priors by differ-
entiating DA-CLIP’s distortion-aware attention with ViT-
derived semantic attention. DSDM effectively suppresses
suppressing redundant semantic noise from pre-training,
while enhances the saliency of distortion features.

• Dynamic Distortion Weighting Module is further pro-
posed to dynamically assign significance weights to
score token regarding different types and levels of dis-
tortions, aiming at simulating a comprehensive analysis
as per subject quality assessment of distortion character-
istics by specialists.

• We verify the proposed framework on five diverse and
challenging BIQA benchmarks, where it consistently
outperforms other competitors and showcases strong
generalization and data efficiency capabilities.

Related Work
Blind Image Quality Assessment
Conventional BIQA methods mainly use hand-crafted fea-
tures based on natural scene statistics (Zhang, Zhang, and
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Bovik 2015; Wang et al. 2021; Saad, Bovik, and Charrier
2012). However, due to the constrained representation re-
sulting from manual feature selection, these methods ex-
hibit limited generalization in in-the-wild scenes. With the
advancement of deep learning, BIQA has seen notable im-
provements. Current learning-based approaches can be cate-
gorized into CNN-based and ViT-based methods (Chu et al.
2025b), extracting image features for straightforward end-
to-end regression of quality scores (Zhang et al. 2020; Kang
et al. 2014; Bosse et al. 2017). By increasing capacity and
depth, models, e.g., ResNet (He et al. 2016) and ViT (Doso-
vitskiy et al. 2020), pre-trained on large datasets (Deng et al.
2009) are used to further perceive image distortion (Shin,
Lee, and Kim 2024; Xu et al. 2023). To overcome the re-
stricted volume of IQA datasets, some self-supervised learn-
ing methods conduct contrastive learning on degraded im-
ages formed by distortion models (Agnolucci et al. 2024a;
Saha, Mishra, and Bovik 2023), to fully perceive the differ-
ences and similarities of distortions. At the same time, do-
main adaptation, multi-scale feature adaptation, and other
techniques (Chu et al. 2025a; Hu et al. 2025; Qin et al.
2025) have also been explored to advance BIQA (Su et al.
2020). Recently, multimodal large language models have
been widely applied in downstream vision tasks (Wu et al.
2024b; Li et al. 2023), with researchers also exploring their
powerful visual understanding and perception capabilities
on BIQA by fine-tuning, and thus to promot the inter-
pretability and robustness of BIQA research (Zhou et al.
2025; Wu et al. 2024a).

CLIP for Low-level Vision
Built upon the foundations of large-scale (image, text) pairs
and contrastive pre-training, CLIPs (Radford et al. 2021),
a series of models, demonstrate strong zero-shot capabili-
ties for transfer learning and have thus been widely applied
in downstream vision tasks (Agnolucci et al. 2024b; Liang
et al. 2023). CLIP-IQA, serving as the first piece of work,
explores the possibility of using CLIP for BIQA through a
sequence of carefully designed prompts (Wang, Chan, and
Loy 2023). Meanwhile, methods such as multitask learning
and self-supervised strategies have been further employed to
leverage the knowledge of CLIP in the field of BIQA. (Ag-
nolucci, Galteri, and Bertini 2024; Kwon et al. 2024). DA-
CLIP adapted CLIP for low-level vision tasks by introducing
a controller to accurately predict the distortion type of the in-
put image, yielding excellent results of 99.2 accuracy (Luo
et al. 2024). In this paper, we utilize the prior of specific dis-
tortion types obtained by DA-CLIP to guide our proposed
model to assess image quality in a fine-grained manner.

Methodology
Overview
In this work, We propose a novel BIQA network that eval-
uates images precisely under the guidence of the prior of
specific distortion types within the image to form a mixture-
of-Experts. The overall framework is illustrated in the Fig. 2.
Specifically, an RGB image is used as input, and a Vision
Transformer is employed as the Image Encoder. Meanwhile,

DA-CLIP is utilized to identify the distortion types present
in the image. Subsequently, we introduce a Distortion-
Saliency Differential Module to refine different image dis-
tortion information by removing noise unrelated to distor-
tion features and enhances the saliency of distortion features.
To avoid the influence of non-dominant or absent distortion
types in the image on the final quality assessment, we de-
signed the Dynamic Distortion Weighting module to inte-
grate the semantic feature from Image Encoder, distortion
priors refined by DSDM, and supplementary interval fea-
tures derived from the difference between them. The com-
prehensive feature group formed by the above three features
assigns dynamic weights to experts of different distortion
types and obtains the final image quality score.

Distortion-specific Prior
In most previous works, data-driven approaches have been
heavily relied upon. However, we introduce prior knowl-
edge of distortion types, enabling the model to extract fea-
tures in a more targeted manner and thereby reducing ex-
cessive dependence on data-driven methods. In this work,
we adopt DA-CLIP as the Distortion-specific Prior Mod-
ule. Built upon the frozen CLIP text and Image Encoder,
DA-CLIP trains an additional image controller through con-
trastive learning to predict high-quality image distortion fea-
ture embeddings. CLIP is a multimodal model that aligns
images and text in a shared embedding space, widely used
in cross-modal retrieval and understanding tasks. DA-CLIP
is designed to generate features that match the actual dis-
tortion type of the input image, making it better suited to
the needs of degraded scenarios. Specifically, we use DA-
CLIP’s feature embeddings for image distortion types as
prior knowledge for image quality assessment tasks. DA-
CLIP maps the input RGB image I ∈ RH×W×C and ten
predefined common image distortion types T = [motion-
blurry, hazy, jpeg-compressed, low-light, noisy, raindrop,
rainy, shadowed, snowy, uncompleted], into the same fea-
ture space through the image controller ED and text encoder
ET , respectively. Specifically, the degraded image represen-
tation is expressed as Edis = ED(I), while the text represen-
tation for the i-th distortion type is given by Ei

T = ET (T i).
We use the Hadamard product similar to CLIPIQA (Wang,
Chan, and Loy 2023) to obtain the representation of the im-
age under different distortion categories. This process can
be formulated as:

F i
D = Lineari

(
Edis ⊙ Ei

T

)
. (1)

Distortion-Saliency Differential Module
Inspired by the Differential Transformer (Ye et al. 2025),
which effectively suppresses noise in homogenous attention
through a differential mechanism, we extend this approach
to heterogeneous attention and propose the Differential Re-
finement Attention Mechanism. This mechanism is capable
of suppressing redundant or overlapping information, in-
cluding attention noise and certain high-level semantic in-
formation, between distortion prior knowledge and the se-
mantic information of the Image Encoder. Furthermore, it
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Figure 2: Overall architecture of the proposed DR.Experts. We leverage DA-CLIP to obtain priors and use DSDM to refine the
attentions. DDWM then, serving as experts, to weigh the importance of distortions and give final predictions.

enhances the prior knowledge related to distortions. Specifi-
cally, an RGB image is processed by a Vision Transformer to
extract high-level semantic features F ∈ RN×E , where N is
the sequence length and E is the embedding dimension. Si-
multaneously, the RGB image I is processed by DA-CLIP
to obtain features F i

D ∈ RN×E , where i ∈ [1, 2, ..., 10]
,corresponding to a specific distortion type. F i

D, proposed
as the degraded category information query in DA-CLIP,
aims to extract features related to specific types of distor-
tion from the image features Edis generated by the image
controller of DA-CLIP. At this stage, the distortion features
contain a small amount of semantic information and atten-
tion noise. The query and key for the semantic features ex-
tracted by Image Encoder are defined as Qi = W i

QF and
Ki = W i

KF , while the query and key for the features of
i-th distortion type are defined as Qi

D = W i
DQF

i
D and

Ki
dis = W i

disKEdis. Moreover, the value vector is com-
puted as V i = W i

V Cat([F, F i
D]). Using these, the differen-

tial refinement attention mechanism extracts the image fea-
tures under the i-th distortion type as follows:

F i
distortion = (softmax(Qi

DKi
dis

T
)−

αsoftmax(QiKiT ))V i,
(2)

where, F i
distortionis the feature of the image under the i-

th distortion type. α is a learnable parameter. As a result,
the module isolates and refine the features that correspond
exclusively to a specific distortion type.

Subsequently, the features of all distortion types are fed
into a Feed-Forward Network (FFN) composed of two linear
layers with GELU as the activation function, thereby gener-
ating expert knowledge for identifying different distortion
features.

Fmulti−distortion = FFN(F 1
distortion, ..., F

i
distortion), (3)

where, FFN(·) is the Feed-Forward Network. Benefiting
from the Differential Refinement Attention Mechanism, this
module can effectively suppress redundant or overlapping
information, accurately extract features related to different
distortion types, and further integrate and optimize multi-
distortion features through the FFN, thereby generating
expert-level representations for image distortions.

Dynamic Distortion Weighting Module
To assign distortion weights based on the impact of image
distortions on perceived image quality and thereby achieve
more reliable quality assessment scores, we propose a hy-
brid expert system named the Dynamic Distortion Weight-
ing Module (DDWM). This module first utilizes the se-
mantic features F extracted by the Image Encoder, and the
distortion priors FGroup = (1 − λ) · Fmulti−distortion,
as refined by the DSDM with a learnable parameter λ to
balance the contributions to the following modeling. Sup-
plementary interval features, named by bridging feature
Fbridging = F − FGroup are further incorporated into this
module to form a comprehensive feature group Fcom =
Cat([F i

distortion, F, Fbridging] for multidimensional quality
evaluation. The supplementary interval features serve to
bridge distributional differences between dimensions or lev-
els of features, ensuring a more cohesive representation.

The supplementary interval features serve to bridge dis-
tributional differences between dimensions or levels of fea-
tures, ensuring a more cohesive representation.

Based on this feature group, the Adaptive Weighting Gen-
eration (WG) module dynamically calculates the importance
of each distortion type in terms of its impact on quality per-
ception, i.e., the dynamic expert weight for each distortion
type. This process could described as:

W 1
distortion, ...,W

10
distortion = WG(Fcom). (4)

Here, Weighting Generation refers to a multi-layer percep-
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tron (MLP) with PReLU as the activation function. Finally,
the computed weights are combined with the token Tscore

derived from the ViT’s class token through a linear trans-
formation, representing the current image quality. The score
weight is employed to optimize and adjust the final image
quality score, which can be written as:

Score =
10∑
i=1

W i
distortionTscore (5)

Experiments
Benchmark Datasets
We assess the performance of the proposed DR.Experts on
five in-the-wild BIQA datasets collected from real-world
scenarios. The BID (Ciancio et al. 2010) and LIVEC (Ghadi-
yaram and Bovik 2015) datasets comprise 590 and 1,162 im-
ages taken by photographers using mobile devices, respec-
tively. KonIQ-10k (Hosu et al. 2020) contains 10,073 im-
ages selected from publicly available multimedia sources.
SPAQ (Fang et al. 2020) includes 11,125 images captured
with smartphone cameras, covering diverse content and res-
olutions. LIVEFB (Ying et al. 2020), the largest authentic
dataset to date, consists of 39,810 images.

Two widely used BIQA metrics are adopted as perfor-
mance evaluation metrics, including Spearman’s Rank-order
Correlation Coefficient (SRCC) and Pearson’s Linear Cor-
relation Coefficient (PLCC), to measure the effectiveness of
DR.Experts. SRCC evaluates the monotonic relationship be-
tween predicted and ground-truth scores, while PLCC re-
flects the prediction accuracy of models. Both metrics range
from 0 to 1, with higher values indicating better perfor-
mance. Ideally, achieving values closer to 1 demonstrates
superior prediction monotonicity and accuracy.

Implementation Details
For our approach, we apply a standard data augmentation
technique commonly used in BIQA, where each image is
randomly cropped into smaller patches. In addition, we fol-
low the same experimental settings as QPT (Zhao et al.
2023) and QCN (Shin, Lee, and Kim 2024). The number
of patches is adjusted based on the size of each dataset. The
Image Encoder in our method is the small version of DeiT-
III (Touvron, Cord, and Jégou 2022), pre-trained on Ima-
geNet with a weight decay of 0.05, a batch size of 1024, and
trained for 400 epochs. As for the prior knowledge mod-
ule, we utilize the pre-trained DA-CLIP image controller
and text encoder (Luo et al. 2024). This module is frozen
during training.

DR.Experts is then fine-tuned on BIQA datasets for 9
epochs with the prior module frozen. The learning rate starts
at 2 × 10−4 and is reduced by a factor of 10 after every 3
epochs. The Smooth L1 loss is utilized as the loss function
for model training, and the batch size is determined by the
scale of the datasets, e.g., 64 for the LIVEC dataset and 156
for the KonIQ dataset. For all datasets, 80% of the images
are splitted and used for training, while the remaining 20%
are reserved for testing. We repeat this train-test setting 10
times to mitigate the splitting bias, and record the medians

of the results. We use PyTorch to implement DR.Experts,
and all experiments are conducted using 4 RTX 4090 GPUs.

Comparison with SOTAs
In this experiment, 14 representative BIQA methods are
involved and compared with DR.Experts in terms of pre-
diction performance on the in-the-wild datasets. Among
them, DIIVINE (Zhang, Zhang, and Bovik 2015) and
BRISQUE (Mittal, Moorthy, and Bovik 2012) are based
on handcrafted perceptual features, while the remaining
methods are based on learning architectures, e.g., DB-
CNN (Zhang et al. 2020) and HyperIQA (Su et al. 2020) uti-
lize CNNs, while MUSIQ (Ke et al. 2021) and DEIQT (Qin
et al. 2023) leverage vision transformers. Additionally, we
included TReS (Golestaneh, Dadsetan, and Kitani 2022) and
LODA (Xu et al. 2024), methods that combine the strengths
of both CNNs and ViT, as well as the LQmamba (Guan et al.
2025) based on the vision mamba architecture.

As shown in Table 1, DR.Experts exhibits significant im-
provements across five diverse BIQA datasets involving a
range of complex scenes and levels of distortion. Given
that achieving robust performance on these datasets is in-
herently challenging due to their varied nature, and com-
pared to the SOTA approaches such as QFM-IQM (Li et al.
2024b), LODA, LQMamba and QCN (Shin, Lee, and Kim
2024), DR.Experts achieves at least a 0.75- and a 0.95-
point improvement on the KonIQ-10k dataset in terms of
the SRCC and PLCC metrics, respectively. Our design of
leverage distortion priors are further confirm. Addition-
ally, DR.Experts outperforms methods that leverage quality-
pretraining techniques, such as QPT (Zhao et al. 2023) and
CONRTIQUE (Madhusudana et al. 2022), further demon-
strating its robustness and adaptability. These results firmly
emphasize the capabilities of our DR.Experts to effectively
utilize and refine distortion priors and characteristics, partic-
ularly in the context of challenging in-the-wild scenarios.

Generalization Validation
We conducted a cross-dataset experiment to verify the gener-
alization ability of the model, which is an essential indicator
of BIQA practices, where a model is trained and tested on
different datasets. The results are shown in Table 2. In short,
across all different training and test pairs, DR.Experts has
achieved better results in terms of the SRCC metric com-
pared to previous SOTA methods. This result also verifies
the core idea of leveraging prior knowledge of distortion to
help enhance the robustness and generalization.

Data Efficiency Validation
Benefiting from priors, together with the quality-aware at-
tention further refined through DSDM, our model could
quickly attend to distortions and thus alleviate its perfor-
mance reliance on large-scale data. To verify this, we con-
ducted data efficiency validation by reducing the training
set data to 60%, 40%, and 20% of the original size, while
maintaining the same model architecture and training set-
tings, and compared it with existing models. As shown in
Table 3, under the 60% mode, DR.Experts are 2.3- and 3-
point higher than LoDa on the LIVEC dataset in terms of
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KonIQ LIVEC SPAQ LIVEFB BID

Methods SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC

ILNIQE (Zhang, Zhang, and Bovik 2015) 0.503 0.496 0.453 0.511 0.719 0.654 0.219 0.255 0.495 0.454
BRISQUE (Mittal, Moorthy, and Bovik 2012) 0.715 0.702 0.601 0.621 0.802 0.806 0.320 0.356 0.574 0.540
WaDIQaM-NR (Bosse et al. 2017) 0.729 0.754 0.692 0.730 0.840 0.845 0.435 0.430 0.653 0.636
DB-CNN (Zhang et al. 2020) 0.878 0.887 0.844 0.862 0.910 0.913 0.554 0.652 0.845 0.850
HyperIQA (Su et al. 2020) 0.906 0.917 0.859 0.882 0.916 0.919 0.535 0.623 0.869 0.878
MUSIQ (Ke et al. 2021) 0.916 0.928 0.702 0.746 0.917 0.921 – – 0.646 0.739
TReS (Golestaneh, Dadsetan, and Kitani 2022) 0.915 0.928 0.846 0.877 – – 0.554 0.625 – –
DEIQT (Qin et al. 2023) 0.921 0.934 0.875 0.894 0.919 0.923 0.571 0.663 – –

CONRTIQUE⋆ (Madhusudana et al. 2022) 0.894 0.906 0.845 0.857 0.914 0.919 0.580 0.641 – –
QPT⋆ (Zhao et al. 2023) 0.927 0.941 0.895 0.914 0.925 0.928 0.578 0.675 0.888 0.911
QCN (Shin, Lee, and Kim 2024) 0.934 0.945 0.875 0.893 0.923 0.928 – – 0.892 0.890
QFM-IQM (Li et al. 2024b) 0.922 0.936 0.891 0.913 0.920 0.924 0.567 0.667 – –
LODA (Xu et al. 2024) 0.932 0.944 0.876 0.899 0.925 0.928 0.578 0.679 – –
LQMamba (Guan et al. 2025) 0.928 0.943 0.863 0.903 0.927 0.933 0.574 0.672 – –

DR.Experts (Ours) 0.941 0.954 0.914 0.926 0.928 0.933 0.585 0.690 0.896 0.919

Table 1: Performance comparison measured by medians of SRCC and PLCC, where bold entries indicate the top two results.
Pre-training methods are marked with the ⋆.

TRAINING LIVEFB LIVEC KonIQ

TESTING KonIQ LIVEC KonIQ LIVEC

DBCNN 0.716 0.724 0.754 0.755
P2P-BM 0.755 0.738 0.740 0.770
HperlQA 0.758 0.735 0.772 0.785
TReS 0.713 0.740 0.733 0.786
DEIQT 0.733 0.781 0.744 0.794
LODA 0.763 0.805 0.745 0.811

DR.Experts 0.783 0.807 0.785 0.841
Gains 0.020(↑) 0.002(↑) 0.040(↑) 0.030(↑)

Table 2: SRCC on the generalization validation. The best
performance is highlighted in bold. Gains are calculated ver-
sus the second-best performance.

the SRCC and PLCC metrics, respectively. Notably, under
the 20% mode, DR.Experts surpasses with the largest per-
formance improvement against other methods. Those results
further confirm the good robustness and generalization abil-
ity of DR.Experts and its core idea of priors and refinement.

Ablation Study
Module Study We conducted ablation experiments to
evaluate the effectiveness of the proposed Distortion-
Saliency Differential Module and Dynamic Distortion
Weighting Module. As shown in Table 4, the Image En-
coder represents the performance when using only ViT as
the BIQA backbone, with the results indicating that high-
level information for quality assessment is insufficient and
thus comes with data scarcity, as that the model performance
on the smaller dataset LIVEC is less comparable against
large dataset. DA-CLIP refers to the approach where only
the prior module is involved with the vision and language
encoder frozen, followed by a dot-product operation identi-
cal to that of CLIPIQA to obtain distortion-specific features.

KonIQ LIVEC

Mode Methods SRCC PLCC SRCC PLCC

20%

HyperNet 0.869 0.873 0.776 0.809
DEIQT 0.888 0.908 0.792 0.822
LoDa 0.907 0.923 0.815 0.854
DR.Experts 0.917 0.931 0.837 0.861

40%

HyperNet 0.892 0.908 0.832 0.849
DEIQT 0.903 0.922 0.838 0.855
LoDa 0.922 0.935 0.849 0.879
DR.Experts 0.929 0.942 0.874 0.896

60%

HyperNet 0.901 0.914 0.843 0.862
DEIQT 0.914 0.931 0.848 0.877
LoDa 0.928 0.940 0.869 0.891
DR.Experts 0.939 0.950 0.899 0.914

Table 3: Data-efficient learning validation with the training
set containing 20%, 40% and 60% images. Bold entries in-
dicate the best performance.

We only trained the prediction head with these features to
regress scores. The results demonstrate that the features ex-
tracted by DA-CLIP are not directly applicable to BIQA,
as certain distortion types, e.g., rain-drop and uncompleted,
are either irrelevant or detrimental to visual quality. These
results are also broadly consistent with the observations in
CLIPIQA. Based on these features, DSDM is introduced to
improve the priors and purify the attentions, thereby miti-
gating noise interference in BIQA and enhancing the final
performance, especially on smaller datasets. Furthermore,
DR.Experts means the inclusion of the proposed DDWM
module, which leverages a comprehensive feature group to
differentiate and optimize the contributions of various dis-
tortions, i.e., levels and types, to quality scores, further en-
hancing the metrics on both the KonIQ and LIVEC datasets.
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Figure 3: Comparison of attention maps from DA-CLIP, the image encoder, and DSDM outputs.

KonIQ LIVEC

Methods SRCC PLCC SRCC PLCC

Image Encoder 0.916 0.929 0.857 0.884
DA-CLIP 0.720 0.754 0.587 0.635
DSDM 0.930 0.941 0.885 0.904

DR.Experts 0.941 0.954 0.914 0.926

Table 4: Ablation experiments on LIVEC and KonIQ
datasets. Bold entries indicate the best performance.

Feature Group Study Table 5 compares different com-
positions of the feature group in DDWM. Specifically,
Dis, Sem, and Bri represent the distortion features refined
by DSDM, the semantic features extracted by the image
encoder, and the supplementary bridging features derived
from the difference between the two aforementioned feature
groups, respectively. To note, Only indicates that only a spe-
cific feature group is included, while w/o suggests the inclu-
sion of the other two feature groups yet excluding the current
one. The results demonstrate that as more feature groups are
introduced, the proposed method encompasses more infor-
mation, resulting in more comprehensive weighing and bet-
ter reflecting the quality score of the current image.

Qualitative Analysis Fig. 3 illustrates a comparative anal-
ysis involving three types of attention maps: attention maps
on specific distortion obtained from DA-CLIP, semantic at-
tention maps produced by the image encoder, and refined
attention maps on distortions through DSDM. Technically,
we visualize only the top three distortions, identified by the
DDWM, of the most significance on image quality. From the
figure, it can be observed that the refined attention maps ef-
fectively suppress irrelevant areas related to semantic infor-
mation, while easing attention noise introduced by fictitious

KonIQ LIVEC

Methods SRCC PLCC SRCC PLCC

Only Dis 0.933 0.944 0.897 0.912
Only Sem 0.936 0.944 0.899 0.913
Only Bri 0.936 0.947 0.897 0.914

w/o Dis 0.938 0.948 0.913 0.918
w/o Sem 0.940 0.951 0.911 0.919
w/o Bri 0.939 0.950 0.909 0.916

Full(Ours) 0.941 0.954 0.914 0.926

Table 5: Ablation study on different compositions of feature
groups. Bold entries indicate the best performance.

distortions. These results indicate that the proposed DSDM
significantly enhances the ability to capture and refine im-
portant distortion features in BIQA tasks.

Conclusion
We propose DR.Experts, a BIQA framework leveraging dis-
tortion priors refined via a distortion-aware vision-language
model. Its Dynamic Distortion Weighting Module adap-
tively weights features using cues like distortion character-
istics and semantics to simulate human vision. This design
reduces over-reliance on unified features and enhances data
efficiency. Extensive experiments confirm DR.Experts’ su-
perior performance and generalization across BIQA bench-
marks.
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