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Abstract

Blind image quality assessment (BIQA) methods often in-
corporate auxiliary tasks to improve performance. However,
existing approaches face limitations due to insufficient inte-
gration and a lack of flexible uncertainty estimation, leading
to suboptimal performance. To address these challenges, we
propose a multitasks-based Deep Evidential Fusion Network
(DEFNet) for BIQA, which performs multitask optimization
with the assistance of scene and distortion type classification
tasks. To achieve a more robust and reliable representation,
we design a novel trustworthy information fusion strategy.
It first combines diverse features and patterns across sub-
regions to enhance information richness, and then performs
local-global information fusion by balancing fine-grained de-
tails with coarse-grained context. Moreover, DEFNet exploits
advanced uncertainty estimation technique inspired by evi-
dential learning with the help of normal-inverse gamma dis-
tribution mixture. Extensive experiments on both synthetic
and authentic distortion datasets demonstrate the effective-
ness and robustness of the proposed framework. Additional
evaluation and analysis are carried out to highlight its strong
generalization capability and adaptability to previously un-
seen scenarios.

Code — https://github.com/cyfqylyw/DEFNet
Extended version — https://arxiv.org/abs/2507.19418

Introduction
Blind image quality assessment (BIQA) is a pivotal area in
the field of image processing. Its primary goal is to objec-
tively and consistently assess the quality of images without
relying on reference images for comparison. The pursuit of
more accurate and efficient methods for BIQA helps to im-
prove the overall quality of experience for end-users (Zhao
et al. 2023; Lou et al. 2023). This technique is of great im-
portance in a wide range of application areas, such as real-
time multimedia processing (Luo et al. 2024; Guo et al.
2025), medical image analysis (Lou et al. 2024a,b; Zhang
et al. 2024) and other scientific fields (Zhang et al. 2025a,b).

Over time, BIQA approaches have undergone a sig-
nificant evolution from early techniques based on hand-
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Figure 1: Comparison between the proposed DEFNet and
state-of-the-art methods that utilize auxiliary tasks to assist
in BIQA. We propose to include evidential fusion within
each task for higher performance and lower uncertainty.

crafted feature extraction and manual characterization (Mit-
tal, Soundararajan, and Bovik 2013; Mittal, Moorthy, and
Bovik 2012) to more sophisticated data-driven and deep
learning-based approaches (Saha, Mishra, and Bovik 2023;
Zhao et al. 2023; Zheng et al. 2024; Chen et al. 2024; Zhou
et al. 2025; Shen et al. 2025). Nonetheless, these methods
primarily focus on the assessment of image quality, which
limits the assistance of auxiliary tasks and information. In-
spired by this, efforts have been made to incorporate auxil-
iary tasks and information in a multitask learning manner,
as shown in Figure 1. For instance, scene statistics (Yan,
Bare, and Tan 2019) and image content (Li et al. 2022; Zhou
et al. 2025) offer valuable contextual information that can
significantly influence the quality perception. Besides, dis-
tortion type classification (Madhusudana et al. 2022; Zhou
et al. 2024) and spatial angular estimation (Qu et al. 2021)
provide inspiration as auxiliary tasks that enable more accu-
rate assessment of image quality. These methods typically
utilize image content (scene information) and artifact cat-
egories (distortion information) to provide complementary
insights and knowledge.

Despite these advances, existing methods still face chal-
lenges in two major aspects. (i) In-depth information fu-
sion. On one hand, this requires ❶ inter-task information in-
tegration. Some existing approaches treat auxiliary tasks as
independent modules, leading to information fragmentation
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and a lack of in-depth mining of potential inter-task corre-
lations. On the other hand, it necessitates ❷ multilevel and
cross-region feature fusion, which involves full considering
of the complex interactions between features and exploring
diverse sub-regions that may contain different distortion pat-
terns and visual characteristics. (ii) Comprehensive uncer-
tainty estimation. Though significant progress (Zhang et al.
2021; Gao et al. 2023) has been made in uncertainty estima-
tion for BIQA, it is still difficult to provide a ❸ flexible and
robust uncertainty representation. A key limitation is the in-
ability to simultaneously model both aleatoric and epistemic
uncertainty, which often results in overconfident predictions
even when the predictions are not correct.

To address these challenges, we propose a multitasks-
based Deep Evidential Fusion Network (DEFNet) in this pa-
per. Our framework integrates three core tasks: BIQA, scene
classification, and distortion type classification. It starts by
utilizing contrastive language-image pre-training (Radford
et al. 2021) to extract both local and global image features
across the three different tasks, followed by a simultane-
ous multitask optimization to tackle challenge ❶. To fur-
ther enhance feature fusion, we introduce a trustworthy in-
formation fusion strategy operating at two levels: cross sub-
region and local-global. The cross sub-region fusion aggre-
gates diverse features and patterns from different image sub-
regions, thereby enhancing the information richness and en-
suring accurate capture of regional quality. Meanwhile, the
local-global fusion combines insights from both fine-grained
details and coarse-grained context, providing a holistic un-
derstanding of image quality. This multilevel strategy facil-
itates in-depth information fusion and cross-region interac-
tions, which serves as a solution to challenge ❷. Further-
more, to address challenge ❸, DEFNet incorporates a robust
uncertainty estimation mechanism inspired by evidence the-
ory (Amini et al. 2020). By utilizing the four dimensions
of the data distribution and the mixture of normal-inverse
gamma distribution, this approach simultaneously captures
both aleatoric and epistemic uncertainty, enabling the model
to identify the predictive fluctuations. As a result, the pro-
posed DEFNet achieves high adaptability and generalization
capabilities in various experimental settings.

The main contributions of this paper are summarized as
follows:

• We propose a novel multitask-based deep evidential fu-
sion network for BIQA, which integrates scene classifi-
cation and distortion type classification to enhance inter-
task information fusion.

• We propose a two-level trustworthy information fusion
strategy, including cross sub-region and local-global in-
formation fusion, which integrate cross-region and cross-
grained features, respectively.

• We develop a robust uncertainty estimation mechanism
based on evidential learning and normal-inverse gamma
distribution mixture, thereby improving the model’s per-
formance and adaptability.

• Extensive experiments on both synthetic and authentic
distortion datasets are carried out to demonstrate that
DEFNet achieves state-of-the-art performance, as well as

strong generalization ability.

Problem Statement and Preliminaries
To formalize the problem of blind image quality assess-
ment, denote x ∈ RC×H×W as a pristine or distorted im-
age, where C,H,W are the channel number, height, and
width, respectively. The goal of BIQA is to train a function
f : RH×W×C → R and estimate a quality score q ∈ R
for the image x that reflects its perceptural quality, ideally
aligning with human subjective evaluations.

Viewing the field of BIQA from the perspective of eviden-
tial learning, assume that the quality score q of each image is
subject to a normal distribution q ∼ N (µ, σ2) where µ and
σ2 are the unknown mean and variance. The posterior dis-
tribution p(µ, σ|q(x1...N )) is assumed to follow a normal-
inverse gamma (NIG) distribution (µ, σ) ∼ NIG(δ, v, α, β),
that is µ ∼ N (δ, σ2v−1) and σ2 ∼ Γ−1(α, β), where Γ(·)
is gamma function, m = (δ, v, α, β) are distribution param-
eters with constraints δ ∈ R, v > 0, α > 1, β > 0. To
increase the model evidence, denote Ω = 2β(1 + v), the
negative logarithm of model evidence is denoted as:

ℓNLL(x,y, θ) =
1

2
log

(π
v

)
+ log

(
Γ(α)

Γ(α+ 1
2 )

)
−αt log(Ω) + (α+

1

2
) log

(
(y − δ)2v +Ω

)
,

(1)

where x,y are the input data and the ground-truth label. To
realign confidence in the predictions by reducing the evi-
dence weight for predictions that deviate from expected val-
ues, the regression loss is defined as:

ℓR(x,y, θ) = |y − E(µ)| · ϕ, (2)

where ϕ = 2v + α is the total evidence (Amini et al. 2020).
This realignment helps to improve the predictive acumen of
the model, creating a more rigorous and robust framework
for estimating the reasonableness of regression. The total ev-
idential loss aims to combine the term maximizing the model
fit and the term minimizing evidence on errors:

ℓU (x,y, θ) = ℓNLL(x,y, θ) + τℓR(x,y, θ), (3)

where τ is the weights keeping the balance between model
fitting and uncertainty inflation.

Methodology
This section introduces the proposed DEFNet framework
based on multitasks for BIQA. As shown in Figure 2, the
proposed framework initiates by extracting feature embed-
dings and probability scores from both local and global im-
age context, and then performs single task optimization, as
well as two levels (cross sub-region and local-global) of ev-
idential fusion across all the three tasks.

Local and Global Probability Scores
In the proposed DEFNet framework, we employ contrastive
language-image pre-training (CLIP) (Radford et al. 2021)
to extract the feature embeddings and compute both local
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Figure 2: Overview of the proposed DEFNet framework.

and global probability scores. Specifically, the CLIP archi-
tecture consists of separate image and text encoders, which
are trained by feeding multiple images and corresponding
textual description (“a photo of a(n) {s} with {d} artifacts,
which is of {c} quality.”), respectively.

Considering the prerequisite of the image encoder for
inputs of a consistent size, local sub-images are obtained
through cropping operation, while the global image is ac-
quired after downsampling operation. This image segmenta-
tion approach allows to balance detail-oriented local anal-
ysis with a broader global perspective. It is worth men-
tioning that the training process of CLIP in the proposed
DEFNet framework only consists of vision-language infor-
mation pairs for local sub-images. The global feature em-
beddings are derived using the CLIP model pre-trained on
these sub-images, with its parameters frozen to ensure sta-
bility and consistency in feature representation. From this,
we have the correspondence score logit(c, s, d|x). Subse-
quently, DEFNet performs softmax activation to derive the
joint probability

p̂(c, s, d)(x) =
exp(logit(c, s, d|x)/κ)∑

c,s,d exp(logit(c, s, d|x)/κ)
, (4)

where κ is a learnable parameter, c, s, d indicate the quality
class, scene and distortion type, respectively. After that, the
local probability scores p̂(c, s, d|xlocal) and global scores
p̂(c, s, d|xglobal) are derived.

With the assistant of the local probability scores, the qual-
ity score of an image is further estimated as:

q̂(x) =
C∑

c=1

p̂(c|x)× c, (5)

where C = 5 and c ∈ C = {1, 2, 3, 4, 5} indicates the qual-
ity level from bad to perfect, and the estimated probability
of the quality level is calculated by aggregating all the local
scores

p̂(c|x) = AVGN
i=1

 ∑
s∈S,d∈D

p̂(c, s, d)(xlocal
i )

 , (6)

where N is the number of sub-images, AVG(·) is averaging
operation for the local scores.

Multitask Optimization
In the multitask optimization framework, BIQA is the pri-
mary task represented by the loss component ℓq , while com-
ponents ℓs and ℓd correspond to the auxiliary tasks of scene
and distortion type classification, respectively. Each loss
component, with specific definition as follows, contributes
uniquely to the overall multitask loss.

By adopting the fidelity loss (Tsai et al. 2007), the BIQA
loss for image pair (x1,x2) is defined as:

ℓq(x1,x2; θ) =1−
√
p(x1,x2)p̂(x1,x2)

−
√
(1− p(x1,x2))(1− p̂(x1,x2)),

(7)

where

p̂(x1,x2) = Φ

(
q̂(x1)− q̂(x2)√

2

)
(8)

quantifies the likelihood that x1 is of higher predicted qual-
ity than x2 using standard Normal cumulative distribu-
tion function Φ(·) under the Thurstone’s model (Thurstone
2017), and p(x1,x2) is a binary label indicating whether the
ground-truth MOS q(x1) ≥ q(x2).

In the settings of DEFNet, an image can be associated
with multiple scene categories. Given an image x, the esti-
mated probability of a scene s is calculated by aggregating
the joint probabilities across all possible quality and distor-
tion combinations:

p̂(s|x) =
∑
c,d

p̂(c, s, d|x), (9)

where p̂(c, s, d|x) is the joint probability derive in Equation
(4). Based on this, the scene classification loss component is
defined as:

ℓs(x; θ) =
1

|S|
∑
s∈S

(
1−

√
p(s|x)p̂(s|x)

−
√
(1− p(s|x))(1− p̂(s|x))

)
,

(10)
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Figure 3: Overview of the cross sub-region information fu-
sion (top) and local-global information fusion (bottom).

where S is the set of all possible scene categories, p(s|x) is a
binary label indicating whether the image x falls in ground-
truth scene category s.

Similar but different, we assume each image only belongs
to one dominant distortion type, and we have the predicted
probability for specific distortion type d as:

p̂(d|x) =
∑
c,s

p̂(c, s, d|x), (11)

and further define the distortion type classification loss as:

ℓd(x; θ) = 1−
∑
d∈D

√
p(d|x)p̂(d|x), (12)

where D is the set of all possible distortion types, p(d|x)
is the binary ground-truth label, and p̂(d|x) is the predicted
probability for image x belongs to type d.

Utilizing auxiliary tasks, DEFNet optimizes losses of the
three separate tasks, integrating them into the multitask loss
(Zhang et al. 2023), which in a mini-batch B is defined as

LM (θ) =
1

|P|
∑

(x1,x2)∈P

λqℓq(x1,x2; θ)

+
1

|B|
∑
x∈B

[
λsℓs(x) + λdℓd(x)

]
,

(13)

where θ is the model parameter, P denotes the set of all pos-
sible image pairs with ground-truth quality label, λq, λs, λd

are weights updated with the relative descending rate (Liu,
Johns, and Davison 2019).

Cross Sub-region Information Fusion
In this section, we introduce the technique of cross sub-
region evidential information fusion. As shown in Figure 3,
it integrates fragmented information from different sub-
regions, allowing the model to make predictions in a more
comprehensive way and decrease aleatoric and epistemic un-
certainty. Through fusion across sub-regions, the DEFNet
framework integrates diverse features and patterns from dif-
ferent regions effectively, which is critical in dealing with

complex images and diverse content. This helps to capture
the differences in quality across sub-regions in an image
more accurately, thus improving the accuracy of the assess-
ment at a detailed level.

To estimate the parameters of NIG distribution, we ran-
domly sample probability scores p̂(c, s, d|xlocal

i ) of four
sub-images i ∈ {1, 2, 3, 4}. Subsequently, we marginalize
the probability scores for the three specific tasks (q for BIQA
task, s for scene classification task, and d for distortion type
classification task):

xlocal
q,i = softplus

( C∑
c=1

[∑
s,d

p̂(c, s, d|xlocal
i )× c

])
, (14)

xlocal
s,i = softplus

(∑
q,d

p̂(c, s, d|xlocal
i )

)
, (15)

xlocal
d,i = softplus

(∑
q,s

p̂(c, s, d|xlocal
i )

)
, (16)

where softplus is the activation function to satisfy parame-
ter constraints, C = 5 is the number of quality levels. The
distribution parameters can be computed as follows:

mlocal
t,i = (xlocal

t,i )δ, (x
local
t,i )v, (x

local
t,i )α, (x

local
t,i )β

= split(xlocal
t,i ),

(17)

where t ∈ {q, s, d} denote the task domain. Then, we adopt
the fusion strategy to fuse multiple NIG distribution and to
integrate the inter sub-region information extracted from the
four sub-images:

NIG(xcross
t ) =NIG(mlocal

t,1 )⊕NIG(mlocal
t,2 )

⊕NIG(mlocal
t,3 )⊕NIG(mlocal

t,4 ),
(18)

where xcross
t is the mixture NIG distribution parameters, ⊕

is the summation operation for two NIG distributions (Ma
et al. 2021), which is defined as:

NIG(δ, v, α, β) ≜ NIG(δ1, v1, α1, β1)⊕NIG(δ2, v2, α2, β2)
(19)

where

δ = (v1 + v2)
−1(v1δ1 + v2δ2),

v = v1 + v2, α = α1 + α2 +
1

2
,

β = β1 + β2 +
1

2
v1(δ1 − δ)2 +

1

2
v2(δ2 − δ)2.

(20)

Then, we compute the evidential loss on local outputs for
single task t:

LU
t (θ) =

1

|B|
∑
x∈B

ℓU (softplus(xcross
t ),yt, θ) , (21)

where yq = q(x) is the ground-truth MOS, ys = p(s|x)
and yd = p(d|x) are binary labels indicating whether the
image x falls in ground-truth scene category s and distortion
type category d, respectively. Then, the overall cross-region
loss is defined as the sum of evidential loss for the three
tasks:

LU (θ) = LU
q (θ) + LU

s (θ) + LU
d (θ). (22)
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Local-global Information Fusion
In this section, we describe the evidential fusion between lo-
cal and global information, the overall framework is shown
in Figure 3. Local information focuses on fine-grained de-
tails within sub-images, while global information provides
a coarse-grained perspective of the entire image. The local-
global fusion allows them to complement each other effec-
tively and enables DEFNet to combine the local view at a
detailed level with a broader global view, providing a com-
prehensive assessment of image quality. This fusion strat-
egy balances the fine-grained details with the coarse-grained
whole, ensuring that DEFNet is neither overly focused on
micro-details nor ignoring global perspectives.

To combine information from local sub-images and global
downsampled image, we first marginalize the global proba-
bility scores xglobal

t for tasks t ∈ {q, s, d}, following the
same approach as in Eq. (14), (15) and (16). The parameters
of the global image distribution are computed as:

mglobal
t = (xglobal

t )δ, (x
global
t )v, (x

global
t )α, (x

global
t )β ,

= split(xglobal
t ).

(23)
Then, we employ the fusion strategy to merge local NIG dis-
tributions derived from each sub-images with global one:

NIG(mfusion
t,i ) = NIG(mlocal

t,i )⊕NIG(mglobal
t ), (24)

where mfusion
t,i represents the local-global parameters of the

mixture NIG distribution between the i-th local sub-image
and the global image in task t. The local-global fusion infor-
mation is aggregated through averaging:

xfusion
t =

1

4

∑
i

mfusion
t,i . (25)

Subsequently, we define the evidential loss based on local
and global information fusion for single task t as:

LF
t (θ) =

1

|B|
∑
x∈B

ℓU
(
softplus(xfusion

t ),yt, θ
)
. (26)

The overall cross-grained loss based on local-global infor-
mation fusion for multitasks is the sum of these evidential
fusion losses for three tasks:

LF (θ) = LF
q (θ) + LF

s (θ) + LF
d (θ). (27)

Overall Loss
In the proposed DEFNet framework, the overall loss func-
tion is composed of multiple components, each targeting a
specific aspect of the model performance. The overall loss
is denoted as L(θ) and contains the multitask loss LM (θ),
the cross-region loss LU (θ) resulting from cross sub-region
information fusion, and the cross-grained loss LF (θ) from
local-global information fusion. Formally, we have the opti-
mization objective of the proposed DEFNet:

L(θ) = LM (θ) + λ1LU (θ) + λ2LF (θ), (28)

where λ1 and λ2 are parameters that control the relative con-
tribution of each loss component to the overall loss.

Experiments
Experimental Setups
We conduct evaluation on both synthetic and authentic dis-
torted datasets. The former includes LIVE (Sheikh, Sabir,
and Bovik 2006), CSIQ (Larson and Chandler 2010) and
KADID-10k (Lin, Hosu, and Saupe 2019), while the latter
consists of BID (Ciancio et al. 2011), LIVE-C (Ghadiyaram
and Bovik 2016) and KonIQ-10k (Hosu et al. 2020). Ad-
ditional experiments are conducted in the TID2013 (Pono-
marenko et al. 2015), SPAQ (Fang et al. 2020), PIPAL (Gu
et al. 2020), and Waterloo exploration database (WED) (Ma
et al. 2017a). Each dataset is randomly divided into training,
validation and test sets in the ratio of 70%, 10%, 20% across
ten sessions. The performance is evaluated using Spear-
man’s rank order correlation coefficient (SRCC) and Pear-
son’s linear correlation coefficient (PLCC).

Implementation Details
Within the CLIP, we employ ViT-B/32 (Radford et al. 2021)
as the visual encoder and GPT-2 base model (Radford et al.
2019) as the text encoder. We train the uncertainty-based
evidential loss in Eq. (3) with weights τ = 0.05. For the
training phase, we initialize the learning rate to 5e − 6 and
train the model for a total of 80 epochs. The mini-batch
size is set to 48, with 4 samples from each of the LIVE,
CSIQ, BID, and LIVE-C datasets, and 16 samples from both
the KADID-10k and KonIQ-10k datasets. Throughout the
training and inference processes, we perform random crop-
ping to obtain 4 and 15 sub-images from the raw input im-
ages, respectively. Each sub-image is with a fixed size of
3 × 224 × 224. All experiments are conducted with one
NVIDIA RTX 4090 GPU.

Model Performance
To evaluate the effectiveness of the proposed DEFNet frame-
work, we compare it to four knowledge-driven MOS-free
BIQA models like Ma19 (Ma et al. 2019), as well as a num-
ber of neural network-based methods. The experimental re-
sults in terms of SRCC and PLCC are shown in Table 1,
where we draw several conclusions. The experimental re-
sults in terms of SRCC and PLCC are shown in Table 1,
where we draw several conclusions. First, DEFNet exhibits
outstanding performance on both synthetic and authentic
distortion datasets compared to existing methods. The su-
perior performance can be attributed to the multilevel infor-
mation fusion strategy, which effectively integrates quality
features and patterns across sub-regions while maintaining
a balance between detailed and global perspectives. Second,
assessing the image quality of authentic distorted scenarios
is more difficult than for synthetic distorted scenarios. This
holds for most methods and is the general agreement in the
field of BIQA.

Cross-Dataset Evaluation
To evaluate the generalization capability, we conduct cross-
dataset evaluation in a zero-shot setting, following the ap-
proach outlined in previous works (Zhang et al. 2021, 2023).
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Method
Synthetic distortion Authentic distortion

LIVE CSIQ KADID-10k BID LIVE-C KonIQ-10k
SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC

NIQE (Mittal, Soundararajan, and Bovik 2013) 0.908 0.904 0.631 0.719 0.389 0.442 0.573 0.618 0.446 0.507 0.415 0.438
ILNIQE (Zhang, Zhang, and Bovik 2015) 0.887 0.894 0.808 0.851 0.565 0.611 0.548 0.494 0.469 0.518 0.509 0.534
dipIQ (Ma et al. 2017b) 0.940 0.933 0.511 0.778 0.304 0.402 0.009 0.346 0.187 0.290 0.228 0.437
Ma19 (Ma et al. 2019) 0.922 0.923 0.926 0.929 0.465 0.501 0.373 0.399 0.336 0.405 0.360 0.398

DBCNN (Zhang et al. 2020) 0.963 0.966 0.940 0.954 0.878 0.878 0.864 0.883 0.835 0.854 0.864 0.868
HyperIQA (Su et al. 2020) 0.966 0.968 0.934 0.946 0.872 0.869 0.848 0.868 0.855 0.878 0.900 0.915
UNIQUE (Zhang et al. 2021) 0.961 0.952 0.902 0.921 0.884 0.885 0.852 0.875 0.854 0.884 0.895 0.900
TreS (Golestaneh, Dadsetan, and Kitani 2022) 0.965 0.963 0.902 0.923 0.881 0.879 0.853 0.871 0.846 0.877 0.907 0.924
LIQE (Zhang et al. 2023) 0.970 0.951 0.936 0.939 0.930 0.931 0.875 0.900 0.904 0.910 0.919 0.908
CONTRIQUE (Madhusudana et al. 2022) 0.960 0.961 0.942 0.955 0.934 0.937 - - 0.845 0.857 0.894 0.906
VCRNet (Pan et al. 2022) 0.973 0.974 0.943 0.955 0.853 0.849 - - 0.856 0.865 0.894 0.909
Re-IQA (Saha, Mishra, and Bovik 2023) 0.970 0.971 0.947 0.960 0.872 0.885 - - 0.840 0.854 0.914 0.923
DPNet (Wang et al. 2023) 0.971 0.971 0.942 0.952 0.923 0.924 - - 0.849 0.864 - -
QAL-IQA (Zhou et al. 2025) 0.971 0.973 0.963 0.970 0.908 0.910 - - 0.859 0.875 0.917 0.928
CDINet (Zheng et al. 2024) 0.977 0.975 0.952 0.960 0.920 0.919 0.874 0.899 0.865 0.880 0.916 0.928
TOPIQ-FR (Chen et al. 2024) 0.887 0.882 0.894 0.894 0.895 0.896 - - - - - -
KGANet (Zhou et al. 2024) 0.963 0.966 0.954 0.963 0.940 0.943 - - - - - -
CausalQuality-VGG (Shen et al. 2025) 0.932 0.929 0.952 0.949 0.899 0.898 - - - - - -
CausalQuality-EffNet (Shen et al. 2025) 0.932 0.927 0.938 0.933 0.907 0.905 - - - - - -

DEFNet 0.978 0.960 0.967 0.964 0.942 0.944 0.910 0.909 0.918 0.897 0.920 0.901

Table 1: Performance comparison of the proposed approach and state-of-the-art methods on datasets with synthetic and authen-
tic distortion. Best and second-best scores are highlighted in bold and underlined, respectively.

Training TID2013 SPAQ PIPAL

NIQE (Mittal, Soundararajan, and Bovik 2013) 0.314 0.578 0.153
DBCNNd (Zhang et al. 2020) 0.471 0.801 0.413
DBCNNq (Zhang et al. 2020) 0.686 0.412 0.321
PaQ2PiQ (Ying et al. 2020) 0.423 0.823 0.400

MUSIQ (Ke et al. 2021) 0.584 0.853 0.450
UNIQUE (Zhang et al. 2021) 0.768 0.838 0.444

DEFNet 0.828 0.868 0.464

Table 2: SRCC performance in cross-dataset evaluation. The
subscripts “d” and “q” represent that the model is trained on
KADID-10k and KonIQ-10k, respectively.

The experiments are performed on the TID2013 (Pono-
marenko et al. 2015), SPAQ (Fang et al. 2020) and PI-
PAL training set (Gu et al. 2020) datasets. As shown in
Table 2, DEFNet demonstrates high robustness in TID2013
and SPAQ, achieving SRCC values of 0.828 and 0.868, re-
spectively. These results highlight the model’s strong abil-
ity to generalize effectively to unseen datasets with both
synthetic and authentic distortions, outperforming existing
methods. However, the model’s performance on PIPAL,
while competitive, is comparatively lower with an SRCC
of 0.464. This indicates that while DEFNet performs well
in scenarios where distortions are similar to those encoun-
tered during training, its generalization to highly diverse and
novel distortions remains a challenge. Overall, the results af-
firm DEFNet’s strong generalization ability but also empha-
size opportunities for improvement in handling datasets with
unique distortion characteristics like PIPAL.

Ablation Study
In this section, we conduct ablation study to validate the con-
tribution of each task assistance and each loss components to
the overall performance. A total of four different task com-

Task Loss component SRCC PLCC ACCs ACCdLM LU LF

q

✓ 0.910 0.898 - -
✓ ✓ 0.914 0.905 - -
✓ ✓ 0.916 0.905 - -
✓ ✓ ✓ 0.922 0.908 - -

q + s

✓ 0.915 0.904 0.873 -
✓ ✓ 0.920 0.915 0.878 -
✓ ✓ 0.921 0.910 0.878 -
✓ ✓ ✓ 0.923 0.921 0.882 -

q + d

✓ 0.913 0.906 - 0.837
✓ ✓ 0.924 0.915 - 0.840
✓ ✓ 0.925 0.913 - 0.838
✓ ✓ ✓ 0.933 0.921 - 0.838

q + s+ d

✓ 0.916 0.906 0.870 0.851
✓ ✓ 0.925 0.921 0.864 0.830
✓ ✓ 0.926 0.921 0.873 0.838
✓ ✓ ✓ 0.939 0.929 0.879 0.847

Table 3: Mean correlation coefficients (SRCC and PLCC)
and mean accuracy (ACC) on the six datasets. The subscripts
“s” and “d” stand for accuracy of the scene and distortion
type classification tasks, respectively.

binations are explored, specifically, ablation experiments are
conducted on the presence or absence of scene classification
and distortion type categorization. Within each task com-
bination, ablation of each component in the overall loss is
also performed. All the results are averaged across the six
datasets and listed in Table 3.

A couple of observations can be drawn. First, utilizing
auxiliary tasks can significantly improve the performance
of BIQA. With both two auxiliary tasks aided, DEFNet
archieves the best performance across all 16 settings in
the ablation study. Second, the proposed information fu-
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Parameter Synthetic Distortion Authentic Distortion

λ1 λ2
LIVE CSIQ KADID-10k BID LIVE-C KonIQ-10k

SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC

0.1 0.1 0.978 0.960 0.967 0.964 0.942 0.944 0.910 0.909 0.918 0.897 0.920 0.901
0.1 0.2 0.979 0.959 0.971 0.964 0.947 0.947 0.906 0.911 0.921 0.890 0.921 0.901
0.1 0.3 0.976 0.952 0.970 0.961 0.945 0.943 0.903 0.901 0.907 0.867 0.920 0.894

0.2 0.1 0.981 0.952 0.973 0.965 0.945 0.947 0.912 0.921 0.910 0.869 0.919 0.898
0.3 0.1 0.978 0.946 0.967 0.949 0.946 0.943 0.911 0.900 0.904 0.836 0.918 0.893
0.4 0.1 0.979 0.945 0.966 0.949 0.944 0.940 0.903 0.897 0.903 0.821 0.917 0.890

Table 4: SRCC and PLCC across the six IQA datasets under different weighting parameters. Best scores are highlighted in bold.
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Figure 4: Comparison of fusion strategy.

sion strategy, either across sub-regions or between local and
global image context, contribute positively to BIQA. The in-
clusion of either cross-region loss or cross-grained loss leads
to noticeable improvements in model performance. These
loss components enable the model to better capture comple-
mentary features. With both loss components aided, DEFNet
achieves highest performance in most cases. Third, the ex-
tent to which evidential fusion positively impacts perfor-
mance surpasses that offered by the auxiliary tasks alone.
This underscores the contribution of the proposed DEFNet,
in which the multilevel trustworthy evidential fusion leads
to a more accurate quality assessment.

Fusion Strategy
To validate the superiority of the proposed evidential fusion
strategy, we conduct a controlled comparison by replacing
evidential fusion operations in Eqs. (18) and (24) with sim-
ple averaging. As shown in Figure 4, the evidential fusion
strategy consistently outperforms averaging across all syn-
thetic and authentic datasets, with an average improvement
of 2.0% in SRCC. This demonstrates the critical role of the
proposed evidential fusion strategy in effectively modeling
prediction uncertainty and enabling more accurate quality
assessment compared to simple averaging fusion.

Hyperparameter Analysis
In order to discuss the effect of the weighting parameters in
Eq. (28), we adjust different combinations of λ1, λ2 and list
the experimental results in the IQA six datasets in Table 4.
This gives an illustration of the trade-off between the con-
tributions of the cross-region loss and the cross-grained loss

Method LIQE (Zhang et al. 2023) DEFNet

CI width (↓) 0.286 0.251

Table 5: Mean confidence interval widths.

to the overall model performance. As the weighting param-
eters increase from small values, the performance of both
BIQA and the auxiliary tasks improves initially, reaching
optimal values at moderate weight settings (e.g., λ1 = 0.2
and λ2 = 0.2). This improvement can be attributed to the
gradual integration of evidential learning, which enhances
the model’s ability to extract and integrate complementary
information from the auxiliary tasks. However, when the
weights become excessively large (e.g., λ1 = 0.4), the per-
formance begins to degrade. This decline is likely due to
the model overemphasizing the evidential loss components,
which detracts from the focus on the primary BIQA task.

Uncertainty Analysis
By applying evidence learning and utilizing normal-inverse
gamma distribution mixture, we reduce the both aleatoric
and epistemic uncertainty of the model for BIQA predic-
tion. Specifically, DEFNet exhibits better performance and
lower uncertainty compared to LIQE (a representative of
methods that utilize auxiliary tasks to aid BIQA). In addi-
tion, the mean confidence interval (CI) widths in the scatter
plot are shown in Table 5, which quantitatively illustrates
that the proposed evidential fusion strategy with advanced
uncertainty estimation technique is beneficial for decreasing
uncertainty.

Conclusion
This paper introduced a deep evidential fusion network
based on multitasks, which addresses the limitations in in-
sufficient information integration and inflexible uncertainty
estimation. To this end, a trustworthy information fusion
strategy has been proposed to combine cross sub-region di-
versity with local-global context. By incorporating NIG dis-
tribution mixture, our approach has enhanced uncertainty es-
timation while improving the robustness of quality informa-
tion capture. To sum up, DEFNet serves as a practical and
effective solution for uncertainty-aware BIQA.
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