GARDY ORCA - Online Research @
CARDY® Cardiff

This is an Open Access document downloaded from ORCA, Cardiff University's institutional
repository:https://orca.cardiff.ac.uk/id/eprint/185127/

This is the author’s version of a work that was submitted to / accepted for publication.
Citation for final published version:

Wang, Huasheng, Liu, Jiang, Tan, Hongchen, Lou, Jianxun, Liu, Xiaochang, Zhou, Wei, Chen, Ying,
Whitaker, Roger , Colombo, Walter and Liu, Hantao 2026. KSIQA: A knowledge-sharing model for no-
reference image quality assessment. IEEE Transactions on Neural Networks and Learning Systems
10.1109/tnnls.2026.3656757

Publishers page: https://doi.org/10.1109/tnnls.2026.3656757

Please note:
Changes made as a result of publishing processes such as copy-editing, formatting and page numbers may
not be reflected in this version. For the definitive version of this publication, please refer to the published
source. You are advised to consult the publisher’s version if you wish to cite this paper.

This version is being made available in accordance with publisher policies. See
http://orca.cf.ac.uk/policies.html for usage policies. Copyright and moral rights for publications made
available in ORCA are retained by the copyright holders.




KSIQA: A Knowledge-Sharing Model for
No-Reference Image Quality Assessment
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Jianxun Lou"”, Member, IEEE, Xiaochang Liu*, Wei Zhou", Ying Chen", Senior Member, IEEE,
Roger Whitaker™, Walter Colombo", Member, IEEE, and Hantao Liu", Member, IEEE

Abstract—No-reference image quality assessment (NR-IQA)
aims to quantitatively measure human perception of visual qual-
ity without comparing a distorted image to a reference. Despite
recent advances, existing NR-IQR approaches often demonstrate
insufficient ability to capture perceptual cues in the absence
of a reference, limiting their generalisability across diverse
and complex real-world image degradations. These limitations
hinder their ability to match the reliability of full-reference
IQA (FR-IQA) counterparts. A key challenge, therefore, is to
enable NR-IQA models to emulate the reference-aware reasoning
exhibited by humans and FR-IQA methods. To address this
challenge, we propose a novel NR-IQA model based on a
knowledge-sharing (KS) strategy to simulate this capability and
predict image quality more effectively. Specifically, we designate
an FR-IQA model as the teacher and an NR-IQA model as
the student. Unlike conventional knowledge distillation (KD), our
proposed architecture enables the NR-IQA student and FR-IQA
teacher to share a decoder rather than being independent models.
Furthermore, the student model contains a Mental Imagery
Generation (MIG) module to learn mental imagery as the
reference. To fully exploit local and global information, we adopt
a vision transformer (ViT) branch and a convolutional neural
network branch for feature extraction (FE). Finally, a quality-
aware regressor (QAR) combined with deep ordinal regression is
constructed to infer the quality score. Experiments show that our
proposed NR-IQA model, KSIQA, has class-leading performance
against current no-reference (NR) techniques across widespread
benchmark datasets.

Index Terms—Image quality, objective metric, perception,
subjective experiment.

I. INTRODUCTION

MAGE quality assessment (IQA) has emerged as a pivotal
technique in a wide range of real-world applications [1],
[2], [3], [4], [5], [6], [7], including monitoring the perceptual
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quality of compressed content on social media, evaluating
the performance of image restoration algorithms (e.g., denois-
ing and super-resolution), and optimizing image processing
pipelines in modern camera systems. In contrast to the labori-
ous and expensive subjective methods that are used to obtain
IQA ratings from human viewers, objective IQA models that
adopt computational algorithms to emulate the visual quality
perception of the human visual system (HVS) offer a rapid and
flexible technological solution. IQA models can be generally
classified into full-reference IQA (FR-IQA) [8], [9], [10],
reduced-reference IQA (RR-IQA) [11], and no-reference IQA
(NR-IQA) [12], [13], [14], [15], depending on the degree
of usage of the pristine/reference image in the model. Since
a reference is often rarely available in real-world scenarios,
NR-IQA has recently gained significant attention due to its
high practical relevance.

Deep learning techniques have significantly advanced the
NR-IQA, and state-of-the-art (SOTA) NR-IQA models benefit
from adopting various convolutional neural network (CNN)
architectures and vision transformer (ViT), as well as the
utilization of novel loss functions. For example, MANIQA
[13] presents the Transposed Attention Block and the Scale
Swin Transformer (ST) Block as innovations to enhance
global and local feature interactions. Meanwhile, the multi-
dimensional strategy used in MANIQA efficiently facilitates
interactions amongst diverse image regions. To capture the
relative ordering between different scores on the perceptual
quality scale, a novel loss function, i.e., deep ordinal loss
(DO-loss), is proposed in [12] to boost the prediction per-
formance of deep learning-based NR-IQA.

Despite the advancements made by existing NR-IQA
methods, there is considerable scope for performance improve-
ments. Innovations are driven by the observations of viewers’
behavior in assessing image quality. Based on the assumption
that humans use visual priors of high-quality (HQ) images to
judge the perceived quality of the low-quality (LQ) images in
the NR-IQA context, the model in [16] incorporates explicit
HQ prior distributions—using the so-called nonaligned ref-
erence (NAR) images with similar scenes to LQ inputs—to
measure the distributional disparities between HQ and LQ
images. The requirement of using similar HQ scenes to
simulate the priors limits the practicality of this method in
real-world scenarios. To address this problem, the method pro-
posed in [17] employs content-variant HQ images as reference
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Fig. 1. Comparison of the proposed KS strategy (top branch) versus conven-
tional KD strategy (bottom branch) for transferring HQ and LQ distribution
difference information from FR-IQA teacher to NR-IQA student. Note that
the KD student model requires both nonaligned HQ and LQ images as input,
while the KS student model (proposed) only requires an LQ image as input—a
mental HQ imagery is generated from the LQ to simulate the mental reference.

priors and explores the transfer of the HQ-LQ distribution
difference information of FR-IQA to the HQ-LQ disparity
information of NR-IQA using knowledge distillation (KD).
KD approaches typically adopt an offline training paradigm,
where an FR-IQA teacher model (comprising its own encoder
and decoder) is first trained and then frozen. Subsequently, a
separate NR-IQA student model (also with its own encoder
and decoder) is trained to replicate intermediate outputs of
the fixed teacher. However, this unidirectional and decoupled
knowledge transfer poses several intrinsic limitations: 1) the
frozen teacher cannot adapt or coevolve with the student
during training; 2) the architectural separation between the
models may lead to misalignment in their respective feature
spaces; and 3) such methods often require both the distorted
image and external nonaligned or content-variant HQ image
during inference, limiting their practicality as truly single-input
NR-IQA solutions. To tackle these challenges, in this arti-
cle, we propose to enable tightly integrated, decoder-level
knowledge sharing (KS) between the FR-IQA teacher and
the NR-IQA student. This unified architecture provides an
effective form of implicit inductive bias alignment. More
specifically, it allows the student model to learn latent quality
representations without explicitly mimicking the teacher’s
outputs, which helps mitigate the feature space misalign-
ment issue often observed in KD. This approach simulates
reference-aware reasoning in a structurally coherent way,
thus improving both learning efficiency and quality prediction
accuracy.

This approach gives a more efficient and reliable deep
learning-based approach for NR-IQA. In particular, the novel
teacher—student architecture only requires information from
reference images during the training phase and abstains from
using any reference information/priors during the inference
phase. As previously noted [6], when humans evaluate the
quality of a single distorted image, they tend to compare it
to a mental model of a reference and render the assessment
by comparisons. To simulate this process in a coherent and
efficient structure, as shown in Fig. 1, we employ an imagery
counterpart generation module to construct a mental imagery,
representing the pristine reference for the distorted input of
the NR-IQA student model. Meanwhile, we devise a novel
KS strategy where the FR-IQA teacher and NR-IQA student

networks are designed to share the same regressor. Critically,
these networks are then jointly trained to enhance the student’s
feature expression capability.

To the best of our knowledge, this article pioneers the intro-
duction of the novel KS strategy, which involves the sharing
of the decoder from the teacher model and simultaneous joint
training with the student model. The contributions of this
article are as follows.

1) A novel deep learning network architecture for NR-IQA,
named knowledge-sharing IQA (KSIQA), is proposed.
In contrast to the conventional KD strategy, KSIQA
provides an efficient knowledge transfer approach where
the FR-IQA teacher model and NR-IQA student model
share a decoder and are jointly trained for enhanced
collaborative learning.

2) A streamlined simulation of visual priors for NR-IQA
is proposed. An imagery counterpart generation model
is built into the network architecture to stimulate the
mental imagery of the reference image.

3) The proposed KSIQA consistently outperforms SOTA
no-reference (NR) IQA models across benchmark IQA
datasets. Notably, our architecture demonstrates a strong
generalization ability.

II. RELATED WORK

A. Image Quality Assessment

There have been substantial developments in IQA. Tradi-
tional methods aim to simulate the sensitivity of the HVS
to different image signals by incorporating various explicit
vision models, such as the modeling of perceived structural
information in natural scenes [8] and natural scene statistics
(NSS) [18], [19], [20]. In recent years, deep learning-based
IQA models have shown significant advancements, providing
more accurate and reliable prediction of perceived image
quality [16], [17], [21], [22], [23], [24], [25], [26]. In contrast
to traditional IQA methods that rely on combining hand-
crafted image features, deep learning-based IQA methods have
the advantage of directly extracting discriminatory features
from images. SOTA deep learning techniques have been suc-
cessfully applied in IQA [12], [13], [27], [28], [29], [30], [31],
[32], [33], [34]. For example, AHIQ [21] introduces a dual-
branch feature extraction (FE) backbone, where one branch
utilizes ViT to capture global semantic features, while the other
branch utilizes convolutional neural network (CNN) to capture
local image features. Meta-IQA [29] employs metalearning
to train a network to distinguish different distortion types,
incorporating prior knowledge of IQA. Hyper-IQA [34] sepa-
rates features into low- and high-level components, enhancing
the former through transformations of the latter. TReS [32]
combines CNNs and transformer features for both local and
nonlocal representations of distorted images. It also employs
self-consistency and ranking loss to improve model robustness.
DOR-IQA [12] integrates the deep ordinal loss (DO-loss)
function into the IQA model to enhance the accuracy of predic-
tion. MANIQA [13] introduces a multidimensional attention
network, effectively utilizing multidimensional interactions in
both channel and spatial dimensions. It should be noted that
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Fig. 2. Schematic overview of our proposed KSIQA framework. It consists of an FR-IQA teacher and an NR-IQA student that share a decoder and are jointly
trained. After training, the NR-IQA student is utilized for inference. The architecture comprises three pivotal elements: the MIG module to learn to generate
mental imagery as the reference; the FE module that combines CNN and ViT, and the QAR to infer a quality score.

NR-IQA is a more challenging problem than FR-IQA, albeit
with the application of advanced deep learning technologies.
Recently, an NR-IQA framework [15] has been proposed
that exploits vision—-language correspondence within a mul-
titask learning paradigm. Similarly, the method in [35] trains
multimodal models to align with text-defined quality levels.
However, both approaches still face difficulties in accurately
modeling the nuanced and continuous characteristics of human
perceptual judgments.

B. Knowledge Transfer

Knowledge transfer between models (i.e., often referred to
as teacher and student models) has been extensively studied
and is relevant to our work. This concept has been further
advanced in [36] as KD, which aims to make a student
model’s distribution match that of a teacher model. Cross-
modal distillation has been widely applied in deep learning
to transfer knowledge from one neural network to another
network to solve various visual tasks, e.g., action recognition
[37] and depth estimation [38]. However, these traditional KD
methods rely on static, one-way knowledge transfer, which
is often constrained by the capacity gap between the teacher
and student models [39]. Recent research has explored archi-
tectural innovations to enhance knowledge transfer beyond
simply matching output distributions. For example, Chen et al.
[40] proposed a strategy to directly use the classifier from
a pretrained teacher model for the student model and only
train the student’s encoder to align its feature representations.
This method achieves competitive performance, demonstrating
the value of sharing decision-making components. Similarly,
Ben-Baruch et al. [41] investigated classifier sharing for
enhanced representation distillation, showing improved accu-
racy across various tasks and confirming the effectiveness of

sharing decision layers to facilitate more efficient knowledge
transfer.

In the area of IQA, the CVRKD-IQA model [17] transfers
the knowledge of discrepancy information between HQ-LQ
images learned from an FR-IQA teacher to encourage an
NR-IQA student to reproduce the same representations. These
KD-based IQA models typically employ distinct and inde-
pendent models for teacher and student, following an offline
process where the teacher is first pretrained and then frozen,
which results in a static knowledge flow that struggles to
bridge the inherent capacity gap between the models. In the
proposed KS approach, we design a novel network architecture
using a shared decoder for both the student and teacher
models. Moreover, the teacher and student networks are
jointly trained, facilitating collaborative learning and knowl-
edge exchange throughout the training process.

III. METHOD

We present our KSIQA framework. As illustrated in Fig. 2,
it employs paired reference and distorted images as input for
the teacher model, and the distorted image alone as the input
for the student model. The architecture comprises three pivotal
elements: the mental imagery generation (MIG) module, the
FE module, and the quality-aware regressor (QAR).

A. Mental Imagery Generation Module

To address the challenge posed by the wide range of
distortion types present in IQA applications, we introduce an
MIG module to generate robust imagery as a proxy reference
for the input to the NR-IQA model, with supervision provided
by the reference input of the FR-IQA model. Conceptually, the
MIG module seeks to simulate the potential reference imagery
for the distorted input, mimicking a projection from the mind.
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Fig. 3. Schematic of the imagery counterpart generation (MIG) module. The
module generates a “mental imagery” as a proxy reference from a given
distorted input, employing a UNet-like backbone built with SR blocks that
combine ST and RC blocks.

The MIG module generates quality-relevant content from the
original undistorted version of the affected image, rather than
reproducing the original. The design of this module is inspired
by the ResNet [42] and ST [43], as illustrated in Fig. 3.

More specifically, we denote the distorted image as I; €
R224x224x3 and feed it into the MIG module. By usinga 3 x 3
convolutional layer, we transform this image into a feature map
with 64 channels, denoted as F; € R?*#*224x64 Thig feature
map then undergoes enhancement via an ST block [43] and a
residual convolutional (RC) block [44] that form the primary
building block, i.e., the spatial reduction (SR) block. Within
each SR block, the input undergoes a 1 x 1 convolutional
operation and is followed by two separate operations, i.e., an
ST block and a residual 3 x 3 convolutional (RC) block. The
outputs of these blocks are concatenated and passed through
another 1 x 1 convolutional layer to produce the residual of
the input. It should be noted that the SR block maintains
the dimensional size of feature maps passing through this
block. In addition, “SConv” and “TConv” refer to 2 x 2
strided convolution with a stride of 2 and 2 x 2 transposed
convolution with a stride of 2, respectively.

The primary architecture of the MIG module mitrors that
of a UNet backbone, which comprises four scales. Each scale
incorporates a residual connection between an Sconv layer for
downscaling and a TConv layer for upscaling. The number of
channels in each layer ranges from 64 to 512 across the four
scales. Concerning the decoder of the MIG module, similar
to the encoder, an SR block is employed prior to each TConv
layer within the Convolutional Transpose (TConv) group to
augment the feature representation capability.

Finally, a 3 x 3 convolutional layer is applied to convert
these feature maps into a mental imagery of reference, denoted
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Fig. 4. Schematic of the FE module. The module consists of two parallel
branches: a ViT branch for capturing global semantic information, and a CNN
(ResNet-50) branch for extracting local textural features.

as I € R¥PZ*22<3_ Pollowing this and by using feature

supervision from the FR-IQA teacher network, the backward
propagation process can further constrain the generation of I
to make it more closely relevant for the IQA task by gathering
information from the reference image I, € R??4X224X3_ This
effectively resolves the challenge posed by multiple distortion
types existed in diverse IQA tasks.

B. FE Module

Fig. 4 illustrates the proposed dual-branch FE module,
comprising a ViT branch [45] and a CNN branch [42]. The
transformer-based feature extractor focuses on capturing broad
semantic information, using self-attention mechanisms. This
enables the network to proficiently model distant features and
encode image patches into representative forms. Given the
importance of local details in human perception of visual
quality, the CNN branch contributes to modeling localized
information.

To implement the FE module, the reference image for the
FR-IQA teacher (or the simulated mental imagery for the
NR-IQA student) and the distorted image are each fed into
both ViT and CNN branches. Linear projection is applied to
ensure the input requirements of ViT are met. For the trans-
former branch, the output sequences are reshaped into feature
maps f; € R?8x28x3840 For the CNN branch, we derive shallow
feature maps using ResNet, resulting in f. € R36*36x768,

To align and fuse f; and f,, we employ a 1 X 1 convolution
to convert the dimension of channels of f; to 256. In addition,
the feature maps output from the CNN branch undergo a
deformable convolution [46], enhancing their adaptability for
the subsequent feature fusion. We also use a 1 x 1 convolution
to reduce the dimension of f. to 256. Ultimately, the resulting
fi and f. feature maps are concatenated. Now, let I; and I,
pass through the FE module of the teacher model, generating
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Fig. 5. Schematic of the QAR module. The module employs a dual-branch
attention mechanism to produce a probability distribution of the quality scores,
which is then converted into a final score using deep ordinal regression.

feature maps Fj,, Fy., Fy, and Fy.. These feature maps are
combined as follows:

FY = Concat | Fj,, Fy,| ; F} = Concat [ Fge, Fy|. (1)
The final output of the teacher model is as follows:
F' = Concat [Fy, F,, Fy — F}]. )

Similarly, I; and I,; pass through the FE module of the
student model, resulting in feature maps F73,, F)., F,., and
F} .- These feature maps are combined as follows:

Fj = Concat [F}, F},|; Fy; = Concat [F, Fiy]. (3

mic? © mit
The final output of the student model is as follows:

F* = Concat [F}, F}

mi>

Fy-Fy]. 4)

Notably, the hybrid FE module combines elements of both
CNNs and transformers to leverage their respective strengths,
making sure both local textural information and global seman-
tic information are comprehensively modeled.

C. QAR Module

Acknowledging that each element within a deep feature
map corresponds to a unique patch of the input image, the
spatial dimension’s content is indispensable for overall image
quality perception. However, the application of conventional
pooling strategies, such as max-pooling and average-pooling,
incurs information loss and dismisses the intricate intercon-
nections amongst image patches. To overcome this problem
and inspired by the approach taken in [21], we construct a
QAR module, consisting of a patchwise prediction branch
and a spatial attention branch, as depicted in Fig. 5. The
input F* € RZX2x26 op Ft ¢ RZBX28x256 g fed into the
module, where the prediction branch computes the probability
score for each element in the feature map, while the spatial
attention branch calculates a corresponding attention map after
a sigmoid operation. The final score is obtained through a
weighted summation of the individual probability scores. In
this article, the interval for the probability distribution is set to

30 as per the findings of [12]. This operation can be expressed

as follows:
sOw

=3 &)
where s that has the dimensions of 28 x 28 x 30 represents
the probability map of the scores, w that has the dimensions of
28 x 28 x 30 corresponds to the associated attention map,
and © denotes the elementwise Hadamard product. Finally,
sp € R0 sionifies the predicted score’s probability. It
should be noted that the Hadamard product preserves the
dimensionality of the channels, hence the resulting s, main-
tains a 30-D confidence distribution of score probabilitics.

Rather than utilizing the mean-squared error (MSE) loss
between the predicted score and the ground truth for training,
we incorporate deep ordinal regression [12]. This approach
enables the model to factor in the relative ordering between
different ratings on the perceptual quality scale, using a soft
ordinal inference to transform the predicted probabilities to a
continuous variable for image quality.

D. Loss Function

Unlike the conventional KD task in [17], our KSIQA model
employs a shared QAR between the teacher and student
models. This approach offers two advantages. First, it reduces
the overall number of model parameters, improving model
efficacy and generalization. Second, the need for a multitude of
loss functions is circumvented by joining teacher and student
models to collaboratively train the QAR. We incorporate a
total of three loss functions for our KSIQA model: 1) the MSE
loss between I, and I,;; 2) the MSE loss to enforce the teacher
model’s feature maps F; to guide the generation of the student
model’s feature maps Fy; and 3) the DO-loss to constrain
the final outputs s,, and s,,. The final loss formulation is as
follows:

Low = Lo (I, i) + Lo (Fiys Fiy) + Lo (Fpp, Fiyg)
+ Ly (thic’ F;;c) +La (F{(C’ fYniC)
+ 0.5 % Lpo (Sps, Sg,) + 0.5 x Lpo (Spta Sgt) (6)

where s, denotes the discretized ground truth scores as
detailed in [12]. The coefficient of Lpg is introduced to balance
its contribution to the final loss as the sublosses’ values use
different scales. This is to ensure that the values computed by
all subloss functions during training remain within a consistent
magnitude.

IV. EXPERIMENTATION

We conduct a comparative analysis of our proposed KSIQA
against SOTA IQA methods in terms of accuracy and gen-
eralization. Also, we perform ablation studies to rigorously
evaluate the effectiveness of our designed individual modules.

A. Experimental Setting

1) Datasets and Usage: We use five widely used IQA
datasets, including LIVE [47], CSIQ [48], TID2013 [49],
KADID-10k [50], and PIPAL [51], as summarized in Table I.
The MOS distributions of these IQA datasets are shown in



200 ‘"
175
150 ‘ 0
125 |
100
| v

04

@

|
| T
:g Oiﬁ[mtimmimrfﬁmrg@—m’rrﬂ “': «Jﬂ H 02 04 O;Hrﬂ:rfll-ljhrl_ﬁ‘ﬂ 1'57 \'I?V'H h_"‘:imﬂ
(b)

2000
400 1750

1500 | )
300
200
100 J
® 00 02

1250
04 0.
(d)

il :

o 4 06

©

”at”‘%a

06 08 Lo

©

Fig. 6. MOS distributions of IQA datasets. (a) LIVE. (b) CSIQ. (c) TID2013. (d) KADID-10k. (e) PIPAL.

TABLE I

SUMMARY OF IQA DATASETS. “REFE.” DENOTES THE NUMBER OF REF-
ERENCE IMAGES, “DIST.” DENOTES THE NUMBER OF DISTORTED
IMAGES, AND “ENV.” INDICATES THE DATA COLLECTION

ENVIRONMENT
Dataset Ref. Dist. Env.
LIVE [47] 29 779 lab
CSIQ [438] 30 866 lab
TID2013 [49] 25 3,000 lab
KADID-10k [50] 81 10.1k | crowdsourcing
PIPAL [51] 200 23.2k | crowdsourcing

Fig. 6. We use laboratory-based datasets, i.e., LIVE, CSIQ,
and TID2013, to evaluate the perceptual relevance of IQA
models; and crowdsourcing-based datasets, i.e., KADID-10k
and PIPAL, to validate the generalization capability of IQA
models. We partition each dataset into training, validation, and
test sets using a ratio of 6:2:2 based on the reference images,
using the same protocol used in SOTA IQA comparative
studies [21]. This ensures that the test and validation data
remain undisclosed throughout the training procedure. The
validation set assists in selecting the model with optimal
performance, while the test set serves to assess the final
performance.

2) Evaluation Criteria: We evaluate an IQA model’s per-
formance using Pearson’s linear correlation coefficient (PLCC)
and Spearman’s rank-order correlation coefficient (SROCC).
PLCC measures the linear correlation between predicted qual-
ity scores and ground truth, while SROCC quantifies the extent
of monotonic correlation. Higher values of these coeflicients
indicate better model performance.

3) Implementation: Since we utilize ViT [45] and ResNet
[42] that are pretrained on ImageNet [55], we normalize
all input images and randomly crop them into a size of
224 x 224 pixels. We use the outputs of five intermediate
blocks {0, 1,2, 3,4} in ViT, each of which consists of a self-
attention module and a feed-forward network. Building upon
the principles of DOR-IQA [12], we discretize the quality
scores into 30 intervals of equal size within the QAR to
obtain a probability distribution. During the training process,
data augmentation techniques, including horizontal flipping
and random rotation, are applied. The batch size is set to be
16. For optimization, we employ the AdamW optimizer with
an initial learning rate Ir = 10™ and weight decay of 107>.
The learning rate for each parameter group is determined using
a cosine annealing schedule, where 7, is set to be the initial
learning rate and the number of epochs T is set to be 50.
Our proposed model, KSIQA, is implemented using PyTorch
and trained on a single NVIDIA GeForce RTX 4090 GPU.

It should be noted that throughout the validation and testing
phases, we exclusively use the NR-IQA student model, where
only the distorted image is used as the input.

4) Choice of Models for Comparison: To facilitate IQA
model comparison in a consistent manner, we reproduce the
protocols in [13] and [21]. More specifically, for the standard
evaluation in Tables II and IV, the results for the FR-IQA
models are acquired from [21], whereas the results for
NR-IQA models are acquired from [13]. In the cross-dataset
validation results of Tables V and VI, the FR-IQA models’
results are sourced from [21]. For the NR-IQA models, we
implement CVRKD-IQA and MANIQA using their publicly
available code to achieve the optimal results for a fair and
critical comparison.

5) Statistical Significance Testing: To assess whether the
performance differences between IQA models are statisti-
cally significant, we perform hypothesis testing following the
methodology outlined in [56]. Significance tests are con-
ducted using the designated test set for each IQA dataset,
which comprises 20% of the total samples. On the test set,
each model yields residual values computed as the differ-
ence between predicted and ground-truth quality scores. The
performance comparison between two IQA models is based
on their respective sets of residuals. If the residual samples
satisfy normality assumptions, we apply either a paired t-test
(for comparisons between model variants, such as ablation
studies) or an independent samples t-test (for comparisons
between different IQA models). When normality assumptions
are violated, we instead employ nonparametric alternatives:
the Wilcoxon signed-rank test (for model variants) or the
Mann—Whitney U test (for different IQA models).

B. Comparison to the SOTA

We present a thorough comparison of our proposed model,
KSIQA, and SOTA IQA models, including FR-IQA and
NR-IQA. Note, we classify the NAR IQA models to the
NR-IQA category as they do not require a perfectly aligned
reference image. First, we quantitatively assess the effec-
tiveness and perceptual relevance of KSIQA, using three
laboratory-based IQA datasets and one crowdsourcing dataset
to compare the results to that of other NR-IQA models. As
shown in Table II, our KSIQA achieves SOTA performance
on three widely used benchmark datasets, including LIVE,
CSIQ, and TID2013, and demonstrates highly competitive
results on KADID-10k, where it performs comparably to top-
performing models, such as MANIQA. The results of the
statistical significance testing are shown in Table III, indicating
that our proposed model is statistically significantly (P < 0.05



TABLE IT

PERFORMANCE COMPARISON OF THE PROPOSED KSIQA VERSUS SOTA NR-IQA MODEL ON FOUR STANDARD IQA DATASETS.
BOLD ENTRIES INDICATE THE BEST PERFORMANCE

Method LIVE CSIQ TID2013 KADID-10K
PLCC SROCC | PLCC SROCC | PLCC SROCC | PLCC SROCC
MEON [52] 0.955 0.951 0.864 0.852 0.824 0.808 0.691 0.604
WaDIQaM [30] 0.955 0.96 0.844 0.852 0.855 0.835 0.752 0.739
DBCNN [53] 0.971 0.968 0.959 0.946 0.865 0.816 0.856 0.851
TIQA [54] 0.965 0.949 0.838 0.825 0.858 0.846 0.855 0.85
MetalQA [29] 0.959 0.96 0.908 0.899 0.868 0.856 0.775 0.762
P2P-BM [33] 0.958 0.959 0.902 0.899 0.856 0.862 0.849 0.84
HyperIQA [34] 0.966 0.962 0.942 0.923 0.858 0.84 0.845 0.852
TReS [32] 0.968 0.969 0.942 0.922 0.883 0.863 0.858 0.915
CVRKD-IQA [17] | 0.963 0.951 0.953 0.941 0911 0.899 0.871 0.862
LIQE [15] 0.972 0.970 0.936 0.938 0.883 0.863 0.863 0.860
Q-align [35] 0.975 0.977 0.961 0.944 0.893 0.891 0.876 0.874
DOR-IQA [12] 0.978 0.977 0.961 0.945 0.901 0.887 0.885 0.883
MANIQA [13] 0.983 0.982 0.968 0.961 0.943 0.937 0.939 0.938
KSIQA (Ours) 0.987 0.986 0.976 0.971 0.955 0.953 0.923 0.919
TABLE III TABLE V

RESULTS OF STATISTICAL SIGNIFICANCE TESTING FOR PERFORMANCE
KSIQA

COMPARISON BETWEEN

TOP-PERFORMING NR-IQA MODELS,
DOR-IQA, AND CVRKD-IQA, ON THE LABORATORY-BASED

(OURS)
INCLUDING MANIQA,

AND

OTHER

PERFORMANCE OF CROSS-DATASET VALIDATION OF SOTA IQA MODELS,
USING THE PIPAL DATASET FOR TRAINING, AND LIVE AND TID2013
DATASETS FOR TESTING

BENCHMARKS LIVE, CSIQ, AND TID2013. “*” MEANS Train on PIPAL
THAT THE DIFFERENCE IS STATISTICALLY SIGNIFICANT Test on LIVE TID2013
(P < 0.05 AT THE 95% CONFIDENCE LEVEL). PLCC  SROCC [ PLCC  SROCC
” MEANS THAT THE DIFFERENCE IS NoOT WaDIQaM 130] 0.837 0.883 0.741 0.698
STATISTICALLY SIGNIFICANT FR RADN [67] 0.878 0905 | 0.79  0.747
FR-teacher (Ours) [21] 0.911 0.920 0.804 0.763
Sig LIVE | CSIQ TID2013 TReS [32] 0.643 0.663 0.516 0.563
KSIQA (Ours) vs. MANIQA * * * NR CVRKD-IQA [17] 0.807 0.801 0.594 0.586
D v n MANIQA [13] 0.835 0.855 0.704 0.619
KSIQA (Ours) vs. DORIQA * * * KSIQA (Ours) 0902 0896 | 0754 0713
KSIQA (Ours) vs. CVRKD-IQA * * *
TABLE IV
TABLE VI

PERFORMANCE EVALUATION (GENERALIZATION) OF SOTA IQA
MODELS ON THE PIPAL DATASET

PERFORMANCE OF CROSS-DATASET VALIDATION OF SOTA IQA MODELS,
USING THE KADID-10K DATASET FOR TRAINING, AND LIVE AND

Validation Test TID2013 DATASETS FOR TESTING
1QA Type Method PLCC  SROCC | PLCC SROCC
PSNR 0269 0234 | 0277  0.249 Train on KADID-10k
NQM [57] 0364 0302 | 0395  0.364 Test on LIVE TID2013
UQI [8] 0505 0461 | 0450  0.420 PLCC _SROCC | PLCC _ SROCC
FR SRSIM [58] 0.626 0529 | 0.636 0573 PicAPP [10] 0908 0919 | 0.859  0.876
DISTS [59] 0634 0608 | 0.687  0.655 R WaDIQaM [30] 0940 0947 | 0834 0831
IQT [60] 0.840 0820 | 0799  0.790 LPIPS [66] 0934 0932 | 0749  0.670
FR-teacher (Ours) [21] 0.865 0.852 0.828 0.822 FR-teacher (Ours) [21] 0.952 0.970 0.899 0.901
Brisque [61] 0.015 _ 0.059 | 0.087  0.097 MANIQA [13] 0864 0849 | 0.745  0.726
NIQE [18] 0.005  0.115 0.03 0.112 NR CVRKD-IQA [17] 0917 0913 | 0733 0.691
PI [62] 0.079  0.133 | 0.123  0.153 KSIQA (Ours) 0941 0945 | 0.856  0.853
MA [63] 0129  0.131 | 0.173 0224
NR SSIM [64] 0332 038 | 0377  0.407
FSIM [65] 0473 0575 | 0528  0.610
LIQE [15] 0585 0571 | 0585  0.59 ) o L
Q-align [35] 0.408 0415 | 0414  0.426 To further validate the generalization capability of our
LPIPS-Alex [66] 0581 0616 | 0584  0.592 :
CVRKD-IQA [17] 0ess 0673 | 0672 066! KSIQA model, we conduct a comparative study ona challer.lg-
MANIQA [13] 0715 0710 | 0704  0.740 ing crowdsourcing-based IQA dataset, PIPAL, which contains
KSIQA (Ours) 0851 0843 | 0822 0813 the largest number of reference images as well as the distorted

images. Note, we use the publicly available data of the PIPAL
dataset for reporting on the results of IQA models. As shown in

at the 95% confidence level) better than the top-performing
NR-IQA models, CVRKD-IQA, DOR-IQA, and MANIQA,
using the statistical method as mentioned above.

Table IV, KSIQA and its FR-IQA teacher demonstrate excep-
tional performance, surpassing their alternative IQA models in
the literature. Notably, our KSIQA significantly outperforms



Dis Mental

Fig. 7. Schematic of some representative examples of the results of the
MIG module for generating the mental imagery. The first column displays
the distorted images (Dis), the second column illustrates the mental imagery
(mental), and the last column presents the reference images (Ref).

the best-performing NR-IQA model, i.e., MANIQA, with a
PLCC improvement of 10.9% and an SROCC improvement
of 6.8%. The results collectively demonstrate the KSIQA’s
capability to effectively address the more complex IQA sce-
narios of diverse original visual content and a wide spectrum
of image distortion types.

To have a more critical evaluation of the generalization
capability of our KSIQA model, we conduct a cross-
dataset validation, using two laboratory-based IQA datasets,
LIVE and TID2013, and two crowdsourcing-based datasets,
PIPAL and KADID-10k. More specifically, we train an IQA
model on a large-scale in-the-wild dataset (i.e., PIPAL or
KADID-10k) and test it on two perception-based datasets (i.e.,
LIVE and TID2013). As the results shown in Tables V and VI,
our proposed KSIQA and its FR-IQA teacher demonstrate a
robust generalization ability in comparison to their respective
alternative top-ranked models.

C. Ablation Studies

Now, we perform ablation studies to verify the contributions
of individual modules contained in the KSIQA framework,
using one laboratory-based IQA dataset, TID2013, and one
crowdsourcing-based dataset, PIPAL. More specifically, we
examine the impact of three core components in the proposed
architecture: the mental imagery generation, the KS strategy,
and the QAR combined with deep ordinal regression.

TABLE VII

ABLATION STUDY TO VERIFY THE EFFECTIVENESS OF MIG MODULE
WITH VERSUS WITHOUT L, SUPERVISION, USING THE TID2013 AND
PIPAL DATASETS. “*” MEANS THAT THE DIFFERENCE IN PERFOR-
MANCE IS STATISTICALLY SIGNIFICANT

Mothod TID2013 PIPAL
PLCC _SROCC | PLCC _ SROCC
MIG wio Lz | 0.757 0723 | 0.624 0611
MIG w/ Ly | 0.955% 0953+ | 0.822¢  0.813*
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Fig. 8. Schematic of the simulation of a conventional KD (KS) strategy,
which can be used to compare with and assess our new KS strategy.

TABLE VIII

ABLATION STUDY TO VERIFY THE EFFECTIVENESS OF THE PROPOSED KS
STRATEGY VERSUS KD WITH JOINT TRAINING, USING THE TID2013
AND PIPAL DATASETS. “*” MEANS THAT THE DIFFERENCE IN
PERFORMANCE IS STATISTICALLY SIGNIFICANT

Method TID2013 PIPAL
PLCC SROCC | PLCC SROCC
KD-based IQA | 0.755 0.721 0.531 0.524
KS-based IQA | 0.955%  0.953* | 0.822*  0.813*

1) Effectiveness of Generation of Mental Imagery: To avoid
introducing additional image information, such as the HQ
NAR images, during the testing phase, we have devised an
effective MIG module to learn to generate mental imagery to
simulate the visual priors. Without this, the NR-IQA student
model cannot effectively discern the distribution differences
between HQ and LQ images, hence cannot extract the trans-
ferred knowledge from the FR-IQA teacher model. Fig. 7
illustrates some representative examples of the results of the
MIG module, showing the effectiveness of supervising the
process of generating the mental imagery through learning.

The results shown in Table VII demonstrate the importance
of supervising the generation of the mental imagery using
the MSE loss. The MIG module for generating the mental
imagery of reference without supervision gives poor model
performance. It becomes evident that using a loss function to
supervise the MIG significantly contributes to achieving good
overall performance of the KSIQA model.

2) Effect of KS: The proposed KS technique is new and
different from the traditional KD technique. To verify the
contribution of KS, we simulate a comparable network based
on KD as shown in Fig. 8. We incorporate MSE loss



TABLE IX

ABLATION STUDY TO VERIFY THE EFFECTIVENESS OF THE PROPOSED KS
STRATEGY VERSUS THE CONVENTIONAL KD, USING THE TID2013
AND PIPAL DATASETS. “*” MEANS THAT THE DIFFERENCE IN
PERFORMANCE IS STATISTICALLY SIGNIFICANT

Method TID2013 PIPAL
PLCC SROCC | PLCC SROCC
KD-based IQA | 0.936 0.921 0.785 0.756
KS-based IQA | 0.955%  0.953* | 0.822*  (.813*

constraints on the features of the QAR and provide supervision
on other feature levels. We compare the best-performing
student model obtained from the KD strategy with the student
model derived from our proposed KS strategy. The results
are listed in Table VIII, indicating that the KS-based model
demonstrates superior performance over the KD-based model.

Furthermore, to ensure a fair comparison, we conducted
additional experiments where teacher-student models were
trained jointly using the KS strategy, in addition to employing
the separately trained KD strategy. A comparative experiment
between KD (teacher model trained jointly from the student
model) and KS is conducted. In this case, a teacher model
is derived from a full-reference image quality assessment
(FR-IQA) model with a student model being designed for no-
reference image quality assessment (NR-IQA); both models
are jointly trained. We further explore the challenges and
potential issues arising from joint training, and the results are
shown in Table IX.

The joint training process in NR-IQA poses the following
challenges.

1) The significant divergence in reference information
between the teacher and student models presents a sub-
stantial obstacle. The teacher model utilizes the authentic
reference image, while the student model relies on a
proxy reference image generated by a separate network.

2) The presence of the genuine reference image in the
teacher model introduces a semantic gap between the
two models. Implicit learning of features from the refer-
ence image by the teacher model may not be effectively
transferred to the student model during KD.

3) Training with mismatched reference information results
in suboptimal performance of the NR-IQA student
model. The inability to distill knowledge effectively
from the FR-IQA teacher model limits the student
model’s capacity to capture essential features related to
IQA.

Therefore, when using joint training, employing the KS
strategy rather than the KD in the NR-IQA task proves to
be more effective.

The findings illustrate that the KS strategy not only reduces
model parameters but also yields better results. This could
be attributed to the fact that in the case of shared QAR, the
student model can better emulate the generation of highly
relevant features from the teacher model, mitigating the need
for excessive loss functions, hence avoiding the occurrence of
cumulative errors. However, using a KD strategy with multiple
loss functions to constrain the QAR’s feature map generation

TABLE X

ABLATION STUDY TO VERIFY THE EFFECTIVENESS OF DO-LOSS
VERSUS CONVENTIONAL MSE Loss, USING THE TID2013 AND PIPAL
DATASETS. “*” MEANS THAT THE DIFFERENCE IN PERFORMANCE IS
STATISTICALLY SIGNIFICANT

Method TID2013 PIPAL
PLCC  SROCC | PLCC  SROCC
KSIQA w/ MSE 0.948 0.940 0.801 0.793
KSIQA w/ DO-loss | 0.955*%  0.953* | 0.822*  0.813*
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Fig. 9. Scatter plot of predicted scores versus ground-truth scores on the
KADID-10k dataset.

for the student network cannot guarantee the exact alignment
in features between the student and teacher. This implies that
the KS strategy can optimize the features within the shared
QAR.

3) Effectiveness of Ordinal Loss: We also investigate the
impact of employing a QAR with a DO-loss function versus
the conventional MSE loss function. The MSE loss overlooks
the inherent ordering between different ratings on the percep-
tual image quality scale, which hinders the model’s ability to
accurately mimic human judgments of image quality. Based
on the new concept of DO-loss, the proposed KSIQA model
baserenders the predicted scores into probability distributions,
and then utilizes a soft ordinal inference technique to transform
these predicted probabilities into a continuous variable repre-
senting image quality. As illustrated in Table X, employing the
DO-loss yields superior results compared to using the MSE
loss for IQA.

D. Distortionwise Performance Analysis

Fig. 9 illustrates the scatter plot of predicted versus ground-
truth scores on the KADID-10k dataset, which visually
demonstrates their strong correlation.

To evaluate KSIQA’s performance across different distor-
tion types, we compute both PLCC and SROCC for all 25
individual distortion categories in the KADID-10k dataset.
The detailed results are shown in Table XI. As shown, our
proposed KSIQA model demonstrates robust and superior
performance across a broad spectrum of distortion types,
highlighting its generalization capability. However, we also
note a performance drop on several specific distortion types,
including Type 7 (color saturation 1), Type 18 (mean shift),



TABLE XI

DISTORTIONWISE PERFORMANCE ANALYSIS OF KSIQA oN KADID-10K
DATASET, INCLUDING 25 INDIVIDUAL DISTORTION TYPES

Type | PLCC _ SROCC | Type | PLCC _ SROCC

1T | 0975 0949 14 | 0924 0925

0953 0.949 15 | 0914 0934
3 | 0939 0940 16 | 0899  0.863
4 0.932 0.819 17 0.925 0.753
s | 0926 0896 18 | 0516 0436
6 | 0883 0873 19 | 0951  0.906
7 0.426 0.412 20 0.369 0.449
8 | 0924 0907 21 | 0851  0.798
9 | 0960 0923 22 | 0850 0869
10 0.962 0.880 23 0.500 0.548
11 | 0849 0850 | 24 | 0908 0915
12 | 0907  0.896 25 | 0591 0599
13 | 0877  0.866

TABLE XII

PERFORMANCE COMPARISON WITH AUTHENTIC-SPECIFIC SOTA
NR-IQA MODELS ON CLIVE AND KONIQ10K DATASETS

CLIVE KonIQ10k
Method PLCC  SROCC | PLCC _ SROCC
ReTQA [14] | 0854 0840 | 0923 0914
QPT [68] | 0914 0895 | 0941 0927
QCN [69] | 0893 0875 | 0945 0934
KSIQA (Ours) | 0879 0851 | 0926  0.920

Type 20 (noneccentricity patch), and Type 23 (color block),
where the correlation coefficients are comparatively lower.
This suggests that while the model performs strongly overall,
certain complex distortions remain challenging and represent
targeted areas for future improvement.

E. Discussion

The novel design of our KS framework, featuring a shared
decoder and joint training, merits further discussion concern-
ing potential information leakage and model independence.
Both the teacher and student are jointly trained from scratch
on the same training set, and the final NR-IQA student
model is evaluated on a held-out, unseen test set, ensuring no
cross-contamination. The shared decoder acts as a controlled
interface for structured knowledge exchange via backpropaga-
tion. Rather than causing leakage, it enables deeper semantic
alignment between models during training. This approach
facilitates collaborative optimization while preserving encoder-
level independence. While the shared decoder introduces a
tighter coupling between the student and teacher represen-
tations, potentially constraining the student’s architectural
independence, this tradeoff is advantageous. It grounds both
models in a shared semantic space, allowing the student to
better internalize reference-aware quality reasoning without
relying on reference images during inference. Crucially, the
student retains a fully independent encoder and is deployed as
a standalone NR-IQA model once training is complete.

FE. Applicability in Challenging Real-World Scenarios

As discussed in Section IV-B, we have already demonstrated
that KSIQA can operate in scenarios where the reference

images of the test dataset are not seen/used during training.
Once the entire KSIQA model is trained, only the student
model is directly used in the testing phases—representing
a fully NR application. In this setup, both training and
testing datasets follow the traditional IQA paradigm, where
pristine reference images are available, and distortions are
synthetic. However, in more challenging real-world cases, such
as authentically distorted images from datasets, like LIVE
Challenge [70] and KonIQ-10k [71], reference images are not
available. To adapt KSIQA to these scenarios, we employ a
two-stage strategy: /) pretraining: train the full KSIQA model
(including both full-reference teacher and no-reference stu-
dent) on large-scale synthetic IQA datasets (e.g., KADID-10k
and PIPAL in our experiment) that contain reference images;
and 2) fine-tuning: fine-tune only the NR student model of
KSIQA on the authentic IQA datasets that lack reference
images. The strategy allows the KSIQA framework to first
learn perceptual quality representations from existing synthetic
IQA datasets with References and transfer that learned knowl-
edge to authentic, NR settings. Once the KSIQA’s student
model has internalized perceptual cues from the teacher model,
it can independently learn perceptual consistency during fine-
tuning on large-scale, authentic, NR IQA datasets. For a
fair comparison with SOTA NR-IQA models specifically
designed for authentically distorted images, we follow the
same fine-tuning protocol implemented in [14], [68], and [69]:
“randomly splitting each dataset into training and testing sets
with a ratio of 8:2, repeating the process for ten different
splits, and reporting the median PLCC and SROCC scores.”
The results in Table XII show that KSIQA achieves compet-
itive performance compared to SOTA specialized NR-IQA,
demonstrating its practical effectiveness and applicability in
real-world scenarios. Nevertheless, the current limitation of
KSIQA lies in its MIG module, which is simplified for syn-
thetic distortions. A promising direction for future work is to
enhance the MIG module to reconstruct more realistic mental
imagery from authentically distorted images, for example, by
integrating SOTA generative models such as diffusion models.

V. CONCLUSION

In this article, we have presented an innovative framework,
namely KSIQA, toward NR-IQA. We have pioneered the
design of a deep learning architecture using a KS concept,
where an FR-IQA teacher network and an NR-IQA student
network share the same regressor and are collaboratively
trained. The KS strategy harnesses the power of transferring
IQA knowledge from the teacher to the student, while the
model parameters are significantly reduced and the learning
mechanism is simplified to prevent cumulative error. Also, the
proposed NR-IQA student model contains an MIG module to
learn to generate mental imagery as a simulated reference.
This allows the trained NR-IQA model to take the single
distorted image as the input without using any priors of a
reference. Finally, our KSIQA framework is equipped with a
deep ordinal regression method to better infer a perceptual
quality assessment. A comprehensive comparative experiment
has been conducted, and results demonstrate the superior
performance and robust generalization of the proposed KSIQA



against SOTA IQA methods. Based on this, we conclude that
KSIQA is a new class-leading technique for NR-IQA.
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