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Blind Image Quality Assessment (BIQA) is crucial for perceptual optimization in image processing. To better
align objective quality predictions with human perception, researchers have designed BIQA models inspired
by the frequency-sensitive characteristics of the Human Visual System (HVS). However, existing methods
usually treat High-Frequency (HF) cues as features for direct quality score regression, rather than exploiting
them as perceptual modulation signals. In HVS, HF cues play a dynamic role in perceptual modulation,
guiding the processing and integration of information across hierarchical stages. Inspired by this, we propose
a Hierarchical Perceptual Modulation Network (HPM-Net) for BIQA. In the proposed network, we utilize
an Octave Convolution-Based High-Frequency Module (OCHFM) to extract HF cues and then hierarchically
modulate them into the quality estimation module through Hierarchical Feature Fusion (HFF). In addition, a
Contrastive Learning–Based Distortion Module (CLDM) is integrated with the modulated features through
an attentional feature fusion mechanism. Extensive experiments on five benchmarks show that HPM-Net
achieves leading or competitive performance compared to state-of-the-art methods in the majority of datasets
with both synthetic and authentic distortions.
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1 Introduction
In recent years, with the advent of the digital age and the rapid development of technology, image
data have shown explosive growth. However, the diversity of images and equipment has caused
the problem of uneven image quality. At the same time, the image will be affected by a variety
of factors in the process of acquisition, transmission, and so on, which leads to the distortion
and quality change of the image. This ultimately affects human perception of images and the
effectiveness of downstream vision tasks. In such a context, it is particularly important to develop
an algorithm that can automatically evaluate the image quality. According to whether the reference
information of the original image is needed or not, objective ImageQuality Assessment (IQA)
methods can be categorized into full-reference IQA, reduced-reference IQA, and No-Reference
IQA (NR-IQA). In real scenarios, it is almost impossible to obtain the original reference im-
age. Therefore, NR-IQA has become a popular topic in the field of computer vision and image
processing.
Traditional NR-IQA methods map distorted images to objective quality scores by extracting

hand-crafted features such as Natural Scene Statistics (NSS) features [23, 24, 31]. The limitation
of traditional methods is their inability to effectively handle complex and diverse image dis-
tortions, leading to significant inaccuracies in quality prediction under real-world conditions.
To overcome this limitation, deep learning-based IQA methods [7, 27, 37, 39, 50, 55] have at-
tracted widespread attention for their ability to learn complex features and improve accuracy
in predicting image quality. However, while demonstrating superior performance, many deep
learning-based methods remain as “black boxes” and provide limited incorporation of perceptu-
ally motivated mechanisms. Recent efforts have incorporated biologically inspired mechanisms
derived from Human Visual System (HVS) to enhance perceptual consistency and interpretabil-
ity, including MEON [19], MMMNet [16], VCRNet [25], Re-IQA [32], and ARNIQA [1]. These
HVS-inspired strategies not only enrich feature representations from multiple perceptual lev-
els but have also demonstrated promising generalization to authentic distortions. Thus, these
results underscore the value of biologically inspired designs while also hinting at untapped po-
tential in leveraging the frequency-sensitive characteristic of HVS for Blind Image Quality
Assessment (BIQA).

Current BIQA methods often treat High-Frequency (HF) cues as isolated descriptors for direct
quality regression. In this article, HF cues refer to high-frequency perceptual signals related to
fine-grained textures, edges, and local structural variations that are relevant to image quality
perception. However, this view overlooks its dynamic role as an attentional modulator that guides
cross-stage spatial integration. Neurobiological studies [5] suggest that the HVS is sensitive to
spatial frequency, and HF cues are closely related to detail discrimination and perceptual sensitivity.
This observation motivates us to explore whether HF cues can be used as conditioning signals for
hierarchical quality representation learning. To bridge this gap, we propose a novel framework
that models HF cues not as features for direct quality prediction, but as a hierarchical perceptual
modulation signal.
In summary, we propose HPM-Net, a hierarchical perceptual modulation network for BIQA.

Motivated by the hierarchical organization commonly observed in visual perception, HPM-Net
differs from methods that treat frequency and spatial cues as parallel inputs: it uses HF cues as
hierarchical modulators to guide and reweight perceptual processing, ranging from distortion en-
coding to context integration. Specifically,Octave Convolution-Based High-FrequencyModule
(OCHFM) decomposes features into low-frequency and HF components, extracts fine-grained HF
cues, and injects these modulation signals into the backbone Quality Estimation Module (QEM)
across layers to steer feature learning.Contrastive Learning–Based DistortionModule (CLDM)
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is pre-trained via contrastive learning to learn distortion-aware representation and is integrated
with the modulated stream through an Attentional Feature Fusion (AFF) mechanism, improv-
ing robustness to authentic distortions. Finally, Hierarchical Feature Fusion (HFF) adaptively
integrates HF cues with globally contextualized quality representations using importance-aware
weighting, balancing texture fidelity and semantic distortion awareness. Together, these compo-
nents realize hierarchical perceptual modulation and yield coherent, robust BIQA predictions across
diverse distortion types.

The main contributions of this article are as follows:

—We propose a novel perspective in utilizing HF cues for BIQA: from using it for direct
quality regression to employing it as a perceptual modulation signal. Unlike methods that
map handcrafted HF metrics directly to scores, our method leverages HF cues to guide and
reweight the hierarchical processing of spatial features, following a perceptually motivated
design.

—We realize this paradigm via HPM-Net, which includes an OCHFM for HF feature extraction,
a CLDM for distortion-aware representation learning, and the HFF for attention-guided
integration.

—Extensive experiments on five databases demonstrate that HPM-Net achieves leading or
competitive performance across synthetic and authentic distortion datasets.

The remainder of this article is organized as follows: Section 2 describes the related work on the
BIQA method. Section 3 describes our proposed HVS-inspired BIQA approach. Section 4 gives the
experimental results with related analysis. The article is summarized in Section 5.

2 Related Work
2.1 BIQA Based on Traditional Hand-Crafted Features
Current generalized BIQA methods can be broadly classified into two categories: hand-crafted
methods and learning based methods. Traditional hand-crafted IQA approaches manually extract
features like NSS. In early NSS-based methods, features are usually extracted through multiple
transform domains, such as wavelet transform domain and Discrete Cosine Transform (DCT)
domain. Moorthy and Bovik [24] proposed DIIVINE, a wavelet-based method that first identifies
the distortion type and then predicts image quality. Saad et al. [31] proposed BLIINDS-II to use NSS
with DCT coefficients, dividing images into blocks for DCT, but both have high computational cost.
Mittal et al. [23] proposed BRISQUE, a spatial-domain method. It uses locally normalized luminance
coefficients, fitting the image’s MSCN coefficient distributions with an asymmetric generalized
Gaussian model to quantify natural loss. CORNIA [46] uses a codebook-based approach to learn
discriminative image features directly from raw image pixels, rather than using hand-crafted
features. However, hand-crafted methods rely on NSS or prior knowledge, offer limited semantic
modeling, generalize poorly to authentic or unseen distortions, are sensitive to design choices, and
lack end-to-end optimization.

2.2 BIQA Based on Deep Learning
With the rise of deep learning, many deep learning methods are applied to IQA tasks. Liu et al. [18]
proposed a Siamese network based on Rank Learning to alleviate the problem of limited training
samples. Yang et al. [44] developed a joint distortion restoration and quality feature learning
framework with multi-stage feature fusion to better capture multi-scale and semantic cues. Zeng
et al. [49] designed a probabilistic quality representation that models both the Mean Opinion
Score (MOS) and score variance, enabling faster and more stable training of deep BIQA models
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under limited data. Bosse et al. [2] proposed WaDIQaM, which divides images into patches, predicts
each patch’s score with corresponding weights, and addresses non-uniform quality distribution
among image patches. Su et al. [35] introduced hyperIQA, which fuses local distortion features with
global semantic features to aggregate fine-grained details and global information, enabling adaptive
IQA. Additionally, Yang et al. [45] designed an auxiliary information guided self-attention network,
which leverages additional cues to reweight channels and spatial features for more reliable IQA.
Zhang et al. [53] built a large-scale CGI quality database and a deep NR-IQA model that better
exploits complex feature statistics for image quality prediction. Recent studies have also explored
richer subjective quality information beyond the MOS. Min et al. [22] proposed RichIQA to exploit
MOS, the standard deviation of opinion scores, and the distribution of opinion scores for in-the-wild
IQA. Gao et al. [6] further investigated Gaussian mixture distribution for modeling opinion score
distributions in BIQA. These methods demonstrate the importance of subjective score distributions
for quality prediction. Different from these distribution-aware methods, our work focuses on
modeling HF cues as hierarchical perceptual modulation signals to guide quality representation
learning.

2.3 BIQA Based on HVS-Inspired Mechanisms
To improve the performance of BIQA and alleviate the limitations of small-scale datasets, recent
studies have leveraged perceptual signals from related visual tasks to guide quality modeling.
This strategy aims to enhance quality assessment by introducing auxiliary branches motivated
by perceptual characteristics and fully utilizing feature information from related domains. For
example, Lin and Wang [17] proposed Hallucinated-IQA, which synthesizes pseudo-references
using GANs to mimic reference perception in the absence of ground-truth images. Yan et al.
[43] adopted a two-stream scheme to decouple structure and intensity information, while MMM-
Net [16] models saliency-aware attention guided by HVS priors. MBCNN [26] further intro-
duced spatial and gradient domain branches to focus on structural degradation. Re-IQA [32]
proposed an unsupervised Mixture of Experts framework that extracts semantic and quality fea-
tures through dual encoders. DepictQA [48] introduced a multi-modal language model to provide
fine-grained quality reasoning beyond scalar scores. Recent studies have further extended IQA
from conventional 2D images to emerging visual media, such as light field images and omnidi-
rectional images. For example, Zhang et al. [51] proposed a multi-dimension attention network
for full-reference light field IQA to model spatial-angular quality degradation, while Zhang et al.
[52] introduced a saliency-guided no-reference omnidirectional IQA method via scene content
perceiving.
Despite the promising progress in incorporating spatial-domain human perceptual priors, a

fundamental limitation persists: the lack of a BIQA framework that uses HF cues as perceptually
motivated conditioning signals for hierarchical quality representation learning. While the seminal
work of DeValois and DeValois [5] establishes the HVS’s acute sensitivity to spatial frequencies and
highlights that HF cues are paramount for detail discrimination, existing frequency-aware BIQA
methods [36] treat HF cues in an isolated manner. They primarily employ handcrafted frequency
metrics (e.g., energy ratio, variance) that are directly mapped to quality scores, failing to integrate
HF cues into a hierarchical model of perception. This disconnect motivates our core hypothesis:
HF cues in BIQA should not be treated as a fixed descriptor, but as a hierarchical perceptual
modulation signal that guides representation learning across perceptual layers. This view is loosely
motivated by the hierarchical nature of visual processing, where low-level cues and higher-level
representations interact during perception. To operationalize this paradigm, we propose HPM-
Net, which explicitly exploits HF cues to perform hierarchical modulation for perceptual quality
estimation.
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Fig. 1. The overall framework of the proposed HPM-Net method. Our model adopts the QEM as the backbone
network and incorporates three key modules: an OCHFM, a CLDM, and a HFF. Specifically, the OCHFM
consists of vanilla convolution and HF extraction components, which help guide the QEM to focus on key
image regions by capturing fine-grained HF cues. The QEM itself employs the VAN network as its backbone
to extract hierarchical feature representations from the input image. The CLDM is built upon ResNet-50 and
is pre-trained using contrastive learning to improve the robustness of distortion feature representations. The
HFF leverages an attention mechanism to adaptively fuse HF features with hierarchical quality features from
QEM, thereby enhancing the quality-aware representation. Additionally, an AFF module is integrated to
further refine the aggregation of distortion-aware information.

3 Proposed Method
Motivated by frequency-sensitive and hierarchical visual perception, we present HPM-Net, which
treats HF cues as conditioning signals for hierarchical perceptual modulation in BIQA. In this article,
HF cues refer to perceptually relevant HF signals, such as fine-grained textures, edges, and local
structural variations. In the network implementation, these cues are represented by HF features
extracted by the OCHFM. As shown in Figure 1, our framework comprises a QEM and three core
modules for perceptually motivated hierarchical modulation, namely an OCHFM, a CLDM, and
an HFF. The QEM provides the main prediction pathway, while the OCHFM extracts HF features
that are injected into the intermediate representations of the QEM through HFF for stage-wise
feature reweighting and refinement. Meanwhile, the CLDM provides auxiliary distortion-aware
representations, which are integrated with the modulated quality features through AFF before final
quality prediction.

Given a distorted image � ∈ R3×F×ℎ , whereF and ℎ denote the width and height, the objective
is to predict its perceptual quality score. For the QEM, Visual Attention Network (VAN) [10]
is employed as the backbone. The attention mechanism within this network operates through
decomposed large kernel convolution, an approach that adeptly secures the representation of
long-term dependencies inherent in image features, concurrently achieving a decrease in the
computational requirements. Image � is first fed into the QEM. Let 58 denote the 8th block of the
backbone module and 68 denote the 8th block of the HF module of the OCHFM. After the first block
of backbone module, the feature �1 is obtained, then �1 is fed into the OCHFM. The whole process
can be described as follows:

�8+1 = HFF8 (58+1 (�8 ), 68 (51 (� ))), (1)
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Fig. 2. OCHFM details: This module decomposes input features into HF (red) and low-frequency (blue)
components, four convolutional paths are applied:, �→� and, !→! retain intra-branch information, while
, �→! and, !→� enable inter-branch communication.

where 8 ∈ {1, 2, 3}, �8+1 denotes the output fused features, and HFF8 (·) denotes the HFF operation
at the 8th stage. Here, 68 (51 (� )) denotes the HF representation generated by the 8th OCHFM stage
from the first-stage backbone feature 51 (� ). This operation enables the OCHFM to extract learnable
HF feature representations from fine-grained textures, edges, and local structural variations. In
HPM-Net, hierarchical perceptual modulation is formulated as an HF-conditioned, stage-wise
feature reweighting, and injection process. At each stage, HFF takes the HF features as conditioning
signals to reweight the corresponding QEM features and injects the refined representation back into
the main backbone stream. The resulting reweighted quality features are further propagated to sub-
sequent backbone layers, allowing HF cues to guide the evolution of quality-aware representations.
In this sense, HFF serves as the concrete implementation of hierarchical perceptual modulation
by using HF cues to adaptively reweight and refine QEM features. Finally, the modulated quality
features are integrated with distortion-aware features from the CLDM and fed into the MLP head
to predict perceptual quality scores.

3.1 OCHFM
The OCHFM is designed to adaptively capture perceptually salient HF cues, inspired by the role of
early visual processing in highlighting semantically informative regions. Unlike methods relying on
fixed filter banks (e.g., DCT, wavelet) that offer rigid frequency decomposition, we employ Octave
Convolution [4], a learnable strategy that decomposes features into HF and low-frequency bands
and enables interactive information exchange between them.This adaptive decomposition enhances
HF cues associated with textures and edges, effectively generating a modulation signal that guides
subsequent stages of processing. The architecture of the OCHFM is illustrated in Figure 2, which
depicts the information flow between its HF and low-frequency branches. The flow of the HF
extraction module is shown below:


��8+1 = 5

(
��8 ;, �→�

8

)
+ up

(
5
(
�!8 ;,

!→�
8

)
, 2
)
,

�!8+1 = 5
(
�!8 ;,

!→!
8

)
+ 5

(
down

(
��8 , 2

)
;, �→!

8

)
,

(2)

where �!8+1 and �
�
8+1 denote the low-frequency and HF features, respectively, and 5 (� ;, ) denotes a

convolution operation with parameter, . D? (� ; 2) denotes upsampling using nearest interpolation
method, and 3>F=(� ; 2) denotes twice the downsampling using the average pooling layer.
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Fig. 3. The architecture of the HFF, consisting of feature processing and the AFF. The inputs to the module
are the HF feature (top left) and the image quality feature extracted by VAN (top right). These are fused into
�033 and then routed through two complementary context branches to compute fusion weights via a sigmoid
function.

3.2 HFF
Motivated by the idea that visual quality perception involves adaptive integration of low-level
details and higher-level contextual information, we design HFF to integrate HF features with
hierarchical quality features through attention-guided reweighting.
Figure 3 depicts the structure of the HFF, which includes feature processing and AFF. For the

HF features derived from the OCHFM, we downsample the features using a max-pooling layer
to effectively retain the most salient HF cues of the image. First, the features are downsampled
to the same size as the quality features using the max-pooling layer, followed by processing the
channel dimensions using point-wise convolution of 1 × 1 size. Then, batch normalization [13] and
PReLU layer [11] are used to increase the nonlinear relationship between the layers and accelerate
the training process. Subsequently, the processed HF features and the quality features, which are
derived from the QEM, are input into HFF, a hierarchical feature fusion that operates on the basis of
the attention mechanism. In HFF, the two feature streams are first summed and then processed by
two complementary context branches. Their outputs are aggregated and passed through a sigmoid
to produce channel-wise attention weights, yielding context-aware channel attention. The whole
process can be described as follows:

�ℎ5 = 5PReLU

(
5BN

(
5Conv

(
5down

(
� 0
ℎ5

))))
, (3)

�output =F
(
�ℎ5 ⊕ �@5

)
⊗ �ℎ5 + (1 −F)

(
�ℎ5 ⊕ �@5

)
⊗ �@5 , (4)
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where � 0
ℎ5

denotes the HF features and �@5 denotes the image feature extracted by VAN. 5down
denotes the max-pooling operation, 5Conv denotes the point-wise convolution, 5�# denotes the
batch normalization operation, 5%'4!* denotes the PReLU activation function, ⊕ denotes broadcast
addition, and ⊗ denotes element-wise multiplication.F denotes the feature weights computed by
the sigmoid function in the AFF, and the computation process ofF can be expressed as follows:

F = 5sigmoid
(
5Conv

(
5BN

(
5Conv

(
5GAP (�add)

) ) )
⊕ 5Conv

(
5BN

(
5Conv (�add)

) ) )
, (5)

where 5sigmoid denotes the sigmoid activation function, and �033 denotes �ℎ5 ⊕ �@5 .

3.3 CLDM
The HVS assessment of image quality is an active and non-uniform process, rather than a uniform
scan. Visual attention is automatically captured by distorted regions that break the statistical regu-
larities of natural scenes, such as compression blocks in clear sky or noise speckles on smooth skin.
Such involuntary shifts of focus effectively serve as a rapid assessment of both the type and severity
of distortions. To inject analogous information into BIQA models, established methods [19, 42]
train a distortion-type recognition sub-network in a supervised manner and use its predictions as
auxiliary cues for quality estimation. However, this classification-based design is restricted to a
small set of predefined synthetic distortion categories and therefore generalizes poorly to authentic,
mixed distortions. Moreover, annotated IQA datasets with subjective scores are relatively small
and expensive to collect, making purely supervised distortion classification difficult to scale. We
therefore resort to an unsupervised training paradigm, specifically contrastive learning, which
has been widely used in computer vision to learn distortion-aware image representations from
unlabeled data. This strategy of leveraging contrastive pre-training to overcome data scarcity aligns
with recent evidence in quality-driven image enhancement tasks [40]. The backbone network
for the distortion-aware subtask uses the ResNet-50 encoder that has been trained through the
processes outlined in CONTRIQUE [21]. For synthetic distorted images, the method employs known
distortion types as classification labels and establishes associations by measuring the pairwise
similarity of images in the batch. This approach is intended to enable the model to learn to capture
the relationship between similar distortion types and similar quality grade levels, providing effective
information for subsequent IQA tasks. The synthetic distortion loss function is the normalized
temperature-scale cross-entropy (NT-Xent) loss, which is defined for the input image G8 as:

Lsyn
8

=
1

|% (8) |
∑

9∈% (8 )
− log

exp
(
q (I8 , I 9 )/g

)∑#
:=1 I:≠8 · exp (q (I8 , I: )/g)

, (6)

where # denotes the batch size of the image, I denotes the feature vector of the encoder output,
q (·) denotes the vector dot product operation, I denotes the indicator function, g denotes the
temperature parameter, and % (8) refers to the set of images belonging to the same class as G8 . For
authentic distorted images in the wild, however, reliable distortion-type annotations are usually
unavailable. Moreover, real-world degradations often arise from mixed, content-dependent, and
spatially non-uniform factors, making it difficult to assign each image to a predefined distortion
category. Therefore, we do not force authentic images into manually defined distortion classes.
Instead, each authentic image is treated as a pseudo class in an instance-level contrastive objective,
where different quality-preserving views of the same distorted image, such as full-scale and half-
scale views, are regarded as positive pairs. This design encourages the encoder to learn degradation-
related representations that are stable under quality-preserving transformations, without assuming
explicit distortion-semantic labels for authentic images.Through this hybrid contrastive strategy, the
synthetic branch provides explicit distortion-type guidance, while the authentic branch improves
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Table 1. Detailed Information of Five Common Datasets

Dataset Reference Images Distorted Images Distortion Type Distortion Types Score Type Score Range
LIVE [34] 29 779 Synthetic 5 DMOS [0,100]
CSIQ [15] 30 866 Synthetic 6 DMOS [0,1]

TID2013 [28] 25 3,000 Synthetic 24 MOS [0,9]
LIVEC [8] N/A 1,162 Authentic N/A MOS [0,100]
KonIQ [12] N/A 10,073 Authentic N/A MOS [1,5]

the invariance and discriminability of degradation-related representations for real-world distorted
images. The loss function for authentic distorted images is defined as:

Laut
8 = − log

exp
(
q
(
I8 , I 9

)
/g
)∑#

:=1 I(: ≠ 8) · exp (q (I8 , I: ) /g)
. (7)

In the image data augmentation stage, each image has two transform versions, full-scale and half-
scale transformations, resulting in data samples where at least two distorted images belong to the
same class. By introducing the half-scale transformation, the richness of the dataset can be increased
while maintaining the integrity of the image information, thus improving the generalization ability
and robustness of the model. The total pretraining loss is defined as:

L =
1
#

#∑
8=1

[
I(G8 ∉ Authentic) · Lsyn

8
+ I(G8 ∈ Authentic) · Laut

8

]
, (8)

where I is an indicator function to determine whether the input image is authentic distortion or not.
Through this hybrid contrastive strategy, the synthetic distortion branch provides explicit distortion-
type guidance, while the authentic-image branch improves the invariance of quality-relevant
representations under quality-preserving transformations. The resulting encoder provides auxiliary
degradation-aware features for the subsequent BIQA model, which helps improve robustness to
both synthetic and authentic distortions. It should be noted that the approach diverges from the
one outlined in CONTRIQUE, wherein the original-sized image is opted for as the direct input,
bypassing the use of features derived from multiple scales. The utilization of features extracted from
an image at its original dimensions following the processing by a pre-trained encoder is considered
to result in a comprehensive depiction of the distorted features.

4 Experiments and Analyses
4.1 Experimental Setup
To effectively evaluate the performance of our proposed model, five common IQA datasets were
utilized. These include three synthetic distortion datasets (LIVE [34], CSIQ [15], TID2013 [28]) and
two authentic distortion datasets (LIVEC [8], KONIQ [12]). Details of the five common datasets are
shown in Table 1, where MOS denotes mean opinion score and DMOS denotes difference mean
opinion score.

The experiments are conducted on an NVIDIA GeForce RTX 4090, and our proposed method is
implemented through the PyTorch framework. For data preprocessing, patches from each image are
randomly selected to cover a portion of the original distorted image, and these patches are subjected
to random horizontal and vertical flipping for the purpose of data augmentation. Aggressive data
augmentation strategies are avoided, and it should be noted that the flipping strategy used does
not affect the quality of the images. The standard training strategy [9] for existing IQA algorithms
was employed. During the procedure, a total of 50 patches, with each patch being a square of
224 × 224 pixels in dimension, are randomly chosen from every image that is part of the training
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dataset. The quality scores from the original distorted images are assumed to be inherited by these
patches. During training, the learning rate of the model was set to an initial value of 24 − 5 and
reduced by a factor of 10 at predefined milestones. The Adam optimizer was used with weight
decay of 54 − 4, and batch size set to 64. During the model’s testing phase, 224 × 224 patches are
cropped randomly from each test image. Subsequently, the quality scores predicted by each patch
are averaged to determine the final quality score of the image. The common IQA experimental
approach was followed [9], and the same setup was adopted for all experiments. In the dataset, 80%
of the distorted images were used in the training phase, while the remaining 20% were set aside
for the testing phase. To eliminate the effect of sampling bias in the dataset, each database was
randomly split 10 times for all experiments.
For the assessment of model performance, two commonly used metrics were employed: the

Spearman Rank-Order Correlation Coefficient (SRCC) [29] and the Pearson Linear Corre-
lation Coefficient (PLCC) [33]. SRCC reflects the relationship between objective quality scores
and predicted scores, and PLCC reflects the linear relationship between objective quality scores
and predicted scores. The formula for SRCC is:

('�� = 1 −
6
∑�

8=1 (G8 − ~8 )2

� (�2 − 1) , (9)

where � denotes the number of samples, and G8 and ~8 denote the subjective quality score ranking
and objective score ranking of image 8 , respectively. The formula for PLCC is:

%!�� =

∑
8 (B8 − B̂) (>8 − >̂)√∑

8 (B8 − B̂)2
√∑

8 (>8 − >̂)2
, (10)

where B8 and >8 denote the predicted and objective quality scores, respectively, and B̂ and >̂ denote
the corresponding mean scores, respectively.

4.2 Performance Comparison with the State-of-the-Art (SOTA) Methods
To validate the superior performance of our proposed method, we conducted a comparative analysis
using a curated set of 20 representative IQA models, including 4 hand-crafted-based methods,
DIIVINE [24], BRISQUE [23], CORNIA [46], and HOSA [41], and 16 deep-learning-based methods,
MEON [19], WaDIQaM [2], TS-CNN [43], RAN4IQA [30], TRIQ [47], MetaIQA [54], HyperIQA [35],
CaHDC [39], TReS [9], MMMNet [16], VCRNet [25], Re-IQA [32], ARNIQA [1], DepictQA [48],
TOPIQ [3], and Q-Align [38]. The experimental results are shown in Table 2, with the best and
second-best results highlighted in bold and underline, respectively. The results presented in Table 2
allow for the following conclusions to be derived: First and foremost, it is determined that the
proposed method occupies the optimal tier within the spectrum of the majority of methods. Of
a total of 10 metrics in the 5 datasets, the proposed method achieved 4 optimal results and 6
competitive results. Specifically, the proposed model achieves 1.66%, 1.93% (PLCC, SRCC) higher
than ARNIQA [1] (second-best) in the TID2013 dataset, which indicates that the proposed HPM-Net
excels in handling the quality assessment task for images with diverse and complex synthetic
distortions. Second, on the LIVE dataset, HPM-Net does not achieve the best SRCC, but it remains
highly competitive. Specifically, it obtains the best or tied-best PLCC and its SRCC is only 0.1%
lower than that of VCRNet [25]. This indicates that the proposed method maintains competitive
performance even on relatively small synthetic datasets. The effectiveness of the proposed method
is further demonstrated by its excellent performance on the large-scale TID2013 dataset. Finally, at
the dataset level, although the proposed method is not specifically optimized for either synthetic or
authentic distortions, it still achieves strong and competitive performance on both types of datasets.
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Table 2. Performance Comparison with the SOTA Methods on the Three Synthetic and Two
Authentic Datasets

LIVE CSIQ TID2013 LIVEC KonIQ
PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC

DIIVINE [24] 0.908 0.892 0.776 0.804 0.567 0.643 0.591 0.588 0.558 0.546
BRISQUE [23] 0.944 0.929 0.748 0.812 0.571 0.626 0.629 0.629 0.685 0.681
CORNIA [46] 0.938 0.937 0.768 0.695 0.734 0.657 0.636 0.617 0.569 0.545
HOSA [41] 0.943 0.942 0.805 0.721 0.835 0.749 0.657 0.621 0.703 0.684
MEON [19] 0.955 0.951 0.864 0.852 0.824 0.808 0.710 0.697 0.628 0.611

WaDIQaM [2] 0.955 0.960 0.844 0.852 0.855 0.835 0.671 0.682 0.807 0.804
TS-CNN [43] 0.965 0.969 0.904 0.892 0.824 0.783 0.687 0.654 0.724 0.713
RAN4IQA [30] 0.962 0.961 0.931 0.914 0.859 0.820 0.612 0.586 0.763 0.752
TRIQ [47] 0.965 0.949 0.838 0.825 0.858 0.846 0.861 0.845 0.903 0.892

MetaIQA [54] 0.959 0.960 0.908 0.899 0.868 0.856 0.802 0.835 0.856 0.887
HyperIQA [35] 0.966 0.962 0.942 0.923 0.858 0.840 0.882 0.859 0.917 0.906
CaHDC [39] 0.964 0.965 0.914 0.903 0.885 0.862 0.744 0.738 / /
TReS [9] 0.968 0.969 0.942 0.922 0.883 0.863 0.877 0.846 0.928 0.915

MMMNet [16] 0.970 0.970 0.937 0.924 0.853 0.832 0.876 0.852 / /
VCRNet [25] 0.973 0.975 0.932 0.914 0.886 0.865 0.878 0.864 0.919 0.906
Re-IQA [32] 0.971 0.970 0.960 0.947 0.861 0.804 0.854 0.840 0.923 0.914
ARNIQA [1] 0.970 0.966 0.973 0.962 0.901 0.880 / / / /
DepictQA [48] 0.914 0.913 0.954 0.940 0.886 0.853 / / / /
TOPIQ [3] 0.942 0.943 0.925 0.908 0.845 0.813 0.868 0.833 0.925 0.915
Q-Align [38] 0.919 0.913 0.936 0.915 0.829 0.808 0.921 0.931 0.934 0.935
HPM-Net 0.973 0.974 0.967 0.962 0.916 0.897 0.880 0.864 0.928 0.919

SOTA, State-of-the-Art.

Specifically, HPM-Net achieves the best results of 0.916 and 0.897 (PLCC, SRCC) on TID2013. On
KonIQ, although the recent MLLM-based Q-Align [38] achieves the best performance, HPM-Net still
obtains competitive results of 0.928 and 0.919 (PLCC, SRCC), achieving second-best or comparable
performance among the comparedmethods. In summary, with cross-frequency interactionsmodeled
via OCHFM, distortion-aware representation learning through CLDM, and distortion-aware cues
fused with multi-scale features using HFF, the proposed HPM-Net effectively establishes the
mapping relationship between image distortion characteristics and quality perception and achieves
enhanced accuracy in BIQA.

4.3 Performance Evaluation of Individual Distortion Types
To evaluate and compare performance across various image distortion types, we conducted addi-
tional experiments using the LIVE, CSIQ, and TID2013 datasets for comparative analysis. Across all
utilized databases, the training process involves exposure to all types of distortions, whereas the
testing phase is confined to evaluating against a single type of distortion. The training data are
not duplicated with the test data. The methods compared include some traditional IQA methods
(e.g., DIIVINE [24], BRISQUE [23]) and recent deep learning-based methods (e.g., TS-CNN [43],
MMMNet [16], and VCRNet [25]). In Table 3, we evaluate the performance of LIVE dataset for all
distortion types: JP2K, JPEG, WN, GBLUR, and FF. From the results in Table 3, it can be observed
that our proposed method achieves competitive results in most distortion types. Specifically, the
proposed method performs well in JPEG and FF, reaching 0.974, 0.988 (SRCC, PLCC) and 0.947, 0.945
(SRCC, PLCC), respectively. The effectiveness of this result is due to the fact that HF cues inherent
in the two distortion types are efficiently harnessed by our proposed OCHFM. For Gaussian blur,
HF responses are usually attenuated, which may reduce the informativeness of HF cues and limit
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Table 3. Performance of Single Distortion Types in the LIVE Dataset

Method SRCC PLCC
JP2K JPEG WN GBLUR FF JP2K JPEG WN GBLUR FF

DIIVINE [24] 0.925 0.913 0.985 0.789 0.873 0.901 0.887 0.987 0.787 0.879
BRISQUE [23] 0.914 0.965 0.979 0.951 0.877 0.923 0.973 0.985 0.951 0.903
CORNIA [46] 0.936 0.934 0.962 0.926 0.912 0.924 0.906 0.945 0.934 0.913
HOSA [41] 0.928 0.936 0.964 0.964 0.934 0.923 0.924 0.959 0.965 0.923
CNN [14] 0.936 0.965 0.974 0.952 0.906 0.942 0.973 0.976 0.953 0.907
MEON [19] 0.965 0.954 0.974 0.941 0.885 0.965 0.955 0.978 0.942 0.868

WaDIQaM [2] 0.962 0.956 0.969 0.946 0.927 0.965 0.960 0.973 0.957 0.936
TS-CNN [43] 0.959 0.965 0.981 0.970 0.930 0.962 0.970 0.990 0.973 0.943
CaHDC [39] 0.948 0.970 0.978 0.951 0.898 0.953 0.973 0.982 0.955 0.913

HyperIQA [35] 0.965 0.956 0.974 0.963 0.923 0.973 0.962 0.975 0.971 0.935
MMMNet [16] 0.968 0.974 0.985 0.935 0.936 / / / / /
VCRNet [25] 0.964 0.970 0.972 0.955 0.935 0.972 0.984 0.981 0.968 0.951
HPM-Net 0.957 0.974 0.980 0.965 0.947 0.970 0.988 0.987 0.960 0.945

The best and second-best results highlighted in bold and underline, respectively

the marginal benefit of HF-guided modulation. It is worth noting that this behavior is not unique
to HPM-Net. As shown in Table 3, several competing BIQA methods also exhibit reduced or less
stable performance on Gaussian blur compared with their overall performance across distortion
types, indicating that HF-suppressed distortions are generally challenging for quality prediction.
Nevertheless, since HPM-Net also integrates QEM-based global quality representations and CLDM-
based distortion-aware features, the overall framework does not rely solely on HF cues. HPM-Net
still achieves competitive performance on Gaussian blur.

In Table 4, the evaluation of a single distortion type through experiments was carried out using
the CSIQ dataset. The comparison was conducted using the same methodological approach, as
detailed in Table 3. Based on the findings from the experimental results, it is evident that op-
timal performance is achieved by the proposed method when applied to five specific types of
distortion, Gaussian white noise, Jpeg compression, Jpeg2000 compression, additive Gaussian
pink noise, and Gaussian blur. For Contrast-Curtailed (CC) distortion, the distinction between
HF and low-frequency responses becomes less evident, which may reduce the reliability of HF
cues for modulation. Similar trends can also be observed for other BIQA methods, whose per-
formance on CC distortion is generally lower or less consistent than on distortions with clearer
HF degradation patterns. Although HPM-Net does not achieve a top-performing SRCC on CC
distortion, its PLCC ranks second among the compared methods, indicating that the proposed
framework still maintains competitive linear prediction accuracy under CC distortion. This suggests
that although HF-guided modulation provides limited gains when HF cues are weakly separa-
ble, the complementary QEM and CLDM representations help maintain robust overall prediction
performance.

Table 5 presents the performance metrics of the proposed method as evaluated on the TID2013
dataset. As the most challenging comprehensive distortion IQA dataset, TID2013 contains 24 distor-
tion types. The comparison includes traditional methods with recent SOTA methods (e.g., MMM-
Net [16], VCRNet [25]). Upon examination of the table, it is evident that the method in question has
demonstrated exceptional performance across 20 distinct categories out of a total of 24 distortion
types considered. Among the challenging distortion types, which include impulse noise, quantiza-
tion noise, and comfort noise, the proposed method is noted to have achieved the highest level of
performance when compared to other methods within these specific categories. Specifically, the
proposed method outperforms the second best performance in these distortions by 5.1%, 5.9%, and
8.5%, respectively.
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Table 4. Performance of Single Distortion Types in the CSIQ Dataset

Method SRCC PLCC
WN JPEG JP2K PN BLUR CC WN JPEG JP2K PN BLUR CC

DIIVINE [24] 0.756 0.732 0.803 0.432 0.785 0.789 0.783 0.758 0.844 0.613 0.836 0.806
BRISQUE [23] 0.723 0.806 0.840 0.378 0.820 0.804 0.742 0.828 0.887 0.496 0.891 0.835
CORNIA [46] 0.664 0.513 0.831 0.493 0.836 0.462 0.687 0.563 0.883 0.632 0.904 0.543
HOSA [41] 0.604 0.733 0.818 0.500 0.841 0.716 0.656 0.759 0.899 0.601 0.912 0.744
CNN [14] 0.919 0.915 0.930 0.900 0.918 0.786 0.945 0.944 0.945 0.834 0.939 0.784
MEON [19] 0.947 0.946 0.896 0.895 0.908 0.807 0.952 0.967 0.921 0.895 0.939 0.814

WaDIQaM [2] 0.947 0.926 0.946 0.879 0.909 0.869 0.956 0.934 0.957 0.886 0.916 0.873
TS-CNN [43] 0.957 0.940 0.941 0.931 0.906 0.818 0.956 0.971 0.947 0.933 0.923 0.807
CaHDC [39] 0.896 0.900 0.936 0.874 0.912 0.872 0.912 0.924 0.943 0.896 0.923 0.879

HyperIQA [35] 0.936 0.945 0.956 0.935 0.922 0.892 0.942 0.946 0.959 0.946 0.924 0.897
MMMNet [16] 0.879 0.912 0.932 0.941 0.894 0.942 / / / / / /
VCRNet [25] 0.883 0.919 0.931 0.958 0.912 0.938 0.897 0.979 0.959 0.952 0.925 0.935
HPM-Net 0.972 0.967 0.968 0.961 0.960 0.877 0.973 0.993 0.967 0.966 0.957 0.924

The best and second-best results highlighted in bold and underline, respectively

Table 5. Performance of Single Distortion Types in the TID2013 Dataset

SRCC DIIVINE BRISQUE CORNIA HOSA RAN4IQA SGDNet MMMNet VCRNet Proposed
Additive Gaussian noise 0.785 0.879 0.655 0.817 0.866 0.668 0.833 0.800 0.874
Additive noise in color components 0.493 0.536 0.164 0.553 0.753 0.579 0.614 0.749 0.784
Spatially correlated noise 0.833 0.782 0.709 0.881 0.842 0.704 0.869 0.875 0.902
Masked noise 0.406 0.260 0.463 0.556 0.462 0.473 0.541 0.627 0.872
HF noise 0.836 0.905 0.851 0.865 0.908 0.818 0.791 0.894 0.930
Impulse noise 0.723 0.839 0.596 0.859 0.855 0.719 0.687 0.912 0.963
Quantization noise 0.652 0.681 0.703 0.679 0.849 0.644 0.767 0.901 0.960
Gaussian blur 0.833 0.842 0.866 0.870 0.833 0.892 0.926 0.903 0.945
Image denoising 0.711 0.565 0.736 0.845 0.839 0.874 0.732 0.921 0.838
Jpeg compression 0.818 0.831 0.805 0.896 0.939 0.885 0.889 0.916 0.960
Jpeg2000 compression 0.816 0.756 0.855 0.901 0.912 0.897 0.889 0.907 0.891
Jpeg transmission errors 0.346 0.278 0.663 0.655 0.566 0.712 0.776 0.795 0.780
Jpeg2000 compression errors 0.817 0.703 0.677 0.683 0.772 0.722 0.916 0.848 0.946
Non-eccentricity pattern noise 0.174 0.264 0.199 0.176 0.234 0.283 0.630 0.668 0.785
Local block-wise distortions 0.366 0.272 0.021 0.269 0.339 0.612 0.546 0.716 0.640
Mean shift 0.106 0.239 0.203 0.128 0.135 0.342 0.392 0.528 0.544
Contrast change 0.132 0.090 0.254 0.138 0.578 0.830 0.887 0.785 0.828
Change of color saturation 0.209 0.214 0.156 0.048 0.484 0.752 0.759 0.728 0.863
Multiplicative Gaussian noise 0.688 0.777 0.583 0.731 0.787 0.515 0.835 0.754 0.842
Comfort noise 0.299 0.258 0.573 0.566 0.819 0.773 0.812 0.816 0.904
Lossy compression of noisy images 0.677 0.573 0.717 0.727 0.895 0.877 0.949 0.830 0.933
Color quantization with dither 0.775 0.782 0.699 0.802 0.822 0.848 0.917 0.702 0.856
Chromatic aberrations 0.732 0.768 0.686 0.721 0.762 0.744 0.798 0.932 0.816
Sparse sampling and reconstruction 0.848 0.857 0.888 0.856 0.917 0.882 0.913 0.769 0.839

The best and second-best results highlighted in bold and underline, respectively

4.4 Cross-Dataset Experiments
To demonstrate the generalizability of the proposed method, a comprehensive set of cross-dataset
experiments was conducted, including the LIVE, CSIQ, TID2013, and LIVEC datasets. As depicted
in Table 6, the training phase is conducted on a single dataset, followed by testing on the three
remaining datasets. Results obtained from the prediction models associated with databases that
utilize differing scales of subjective image quality are subjected to a scaling process. Post this scaling,
the results are aligned and compared on a uniform scale to facilitate a meaningful comparison. For
the comparative analysis, a selection of methods was made, consisting of four traditional BIQA
approaches, namely DIIVINE [24], BRISQUE [23], CORNIA [46], and HOSA [41], in addition to
seven methods that are predicated on deep learning, including CNN, WaDIQaM [2], TS-CNN [43],
RAN4IQA [30], Hall-IQA [17], MMMNet [16], and VCRNet [25]. Upon reviewing the table, it is
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Table 6. Cross-Dataset Performance Comparisons

Train on LIVE TID2013 CSIQ LIVEC
Test on TID2013 CSIQ LIVEC LIVE CSIQ LIVEC LIVE TID2013 LIVEC LIVE TID2013 CSIQ

DIIVINE [24] 0.342 0.602 0.296 0.714 0.583 0.235 0.817 0.417 0.366 0.354 0.327 0.419
BRISQUE [23] 0.354 0.573 0.326 0.724 0.568 0.109 0.823 0.433 0.106 0.244 0.275 0.236
CORNIA [46] 0.414 0.619 0.429 0.809 0.659 0.263 0.836 0.332 0.406 0.553 0.385 0.433
HOSA [41] 0.47 0.596 0.455 0.844 0.609 0.244 0.786 0.341 0.277 0.522 0.372 0.334
CNN [14] 0.407 0.616 0.103 0.532 0.598 0.104 0.713 0.315 0.013 0.103 0.021 0.095

WaDIQaM [2] 0.396 0.601 0.151 0.805 0.683 0.009 0.813 0.506 0.106 0.323 0.141 0.323
TS-CNN [43] 0.431 0.621 0.273 0.566 0.613 0.014 0.848 0.484 0.169 0.081 0.049 0.200
RAN4IQA [30] 0.466 0.64 0.134 0.811 0.694 0.036 0.806 0.471 0.116 0.296 0.157 0.276
Hall-IQA [17] 0.486 0.668 0.126 0.786 0.683 0.116 0.833 0.491 0.107 / / /
MMMNet [16] 0.546 0.793 0.502 0.853 0.702 0.348 0.890 0.522 0.406 0.528 0.398 0.518
VCRNet [25] 0.521 0.693 0.566 0.843 0.660 0.263 0.916 0.528 0.422 0.428 0.309 0.553
HPM-Net 0.489 0.712 0.472 0.863 0.731 0.240 0.931 0.576 0.323 0.740 0.401 0.602

The best and second-best results highlighted in bold and underline, respectively

evident that out of the entire set of 12 items subjected to comparison, the proposed method has
demonstrated a high level of performance in 7 items. In particular, training on CSIQ and testing
on LIVE and TID2013 achieved strong results, outperforming the second best by 1.5% and 4.8%,
respectively. These results indicate that the transfer performance of HPM-Net benefits from the
complementary design of QEM, CLDM, OCHFM, and HFF.
To further examine whether HF-conditioned modulation contributes to cross-dataset gener-

alization, we conduct an additional diagnostic ablation under representative transfer settings.
Specifically, we compare the full HPM-Net with two controlled variants, i.e., “w/o OCHFM” and
“Late HF Fusion.”The former removes the HF cue extraction branch, while the latter retains OCHFM
but fuses HF features only before the final MLP prediction head, without stage-wise injection into
intermediate QEM representations. Across four representative transfer settings, HPM-Net con-
sistently outperforms both variants. The average SRCC increases from 0.713 for “w/o OCHFM”
and 0.727 for “Late HF Fusion” to 0.738 for the full HPM-Net. These results suggest that HF cues
contribute to transferable quality representation learning and that stage-wise HF-conditioned
modulation is more effective than simple late-stage fusion. Nevertheless, the cross-dataset perfor-
mance should not be attributed solely to HF modulation, but to the joint effect of the QEM, CLDM,
OCHFM, and HFF modules.

4.5 Ablation Experiment
Table 7 presents the ablation results used to verify the individual and complementary contributions
of the proposed components. Due to space constraints, we report the ablation study on CSIQ
and TID2013, which are two representative synthetic distortion datasets with different distortion
scales and complexity. Since the full benchmark comparison has already been provided in previous
experiments, these two datasets are sufficient to demonstrate the effectiveness of each component
while avoiding redundant results.
We further evaluate a variant denoted as “w/o CLDM & OCHFM,” which obtains the lowest

performance among all ablation settings.This result indicates that CLDM and OCHFM provide com-
plementary information for quality prediction: CLDM contributes distortion-aware representations,
while OCHFM provides perceptually important HF cues for hierarchical modulation. When CLDM
is removed, the performance drops by 2.2%/3.1% on CSIQ and 1.3%/1.4% on TID2013. This suggests
that the contrastive learning-based distortion representation helps the model better distinguish
distortion-related quality variations, especially when different distortion types produce similar
visual appearances. When OCHFM is removed, the performance shows average drops of 1.5%/2.7%,
demonstrating that HF cues are useful for guiding the QEM to focus on perceptually sensitive
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Table 7. Performance Comparison of Different
Components

Dataset CSIQ TID2013
Metrics PLCC SRCC PLCC SRCC

w/o CLDM & OCHFM 0.934 0.910 0.892 0.865
w/o CLDM 0.945 0.931 0.903 0.883
w/o OCHFM 0.951 0.931 0.902 0.875
Late HF Fusion 0.964 0.956 0.911 0.890

Addition 0.957 0.943 0.899 0.882
Vanilla Convolution 0.957 0.943 0.898 0.877

HPM-Net 0.967 0.962 0.916 0.897

The best results highlighted in bold.

local details, such as edges, textures, and distortion artifacts. To further distinguish hierarchical
HF modulation from standard late-stage feature fusion, we introduce a controlled variant named
“Late HF Fusion.” In this variant, OCHFM is retained to extract HF features, but the HF features are
not injected into the intermediate QEM representations through HFF. Instead, they are fused only
once before the final MLP prediction head. As shown in Table 7, Late HF Fusion outperforms the
“w/o OCHFM” variant but remains lower than the full HPM-Net. This comparison indicates that
HF cues themselves are beneficial for BIQA, while simply introducing them as late-stage auxiliary
information is insufficient to achieve the best performance. In contrast, injecting HF cues into
multiple hierarchical stages enables them to progressively reweight and refine quality-aware rep-
resentations, leading to more effective quality prediction. The term “Addition” denotes the variant
where the proposed AFF is replaced by a simple addition operation, while “Vanilla Convolution”
refers to replacing octave convolution with standard convolution in the HF extraction stream.
Compared with these two variants, HPM-Net achieves consistent improvements on both CSIQ and
TID2013, with average absolute gains of 1.4%/1.7% and 1.4%/2.0% in terms of PLCC/SRCC. These
results indicate that attention-based fusion is more effective than treating different feature streams
equally and that octave convolution better separates and models frequency-aware representations
than standard convolution. Overall, these results confirm that CLDM, OCHFM, octave convolution,
and AFF all contribute to the final performance of HPM-Net.

4.6 Group MAximum Differentiation (gMAD) Experiment
To further evaluate the performance of the proposed method, the gMAD competition was con-
ducted [20]. gMAD is based on the idea that an attempt is made to disprove a model, and a model
that is more difficult to disprove is considered to be a relatively better model. gMAD utilizes an
attacker model to search for counterexamples in the database. These counterexamples are optimal
for the attacker model, and if the attack is successful, the defender model is disproved. If, on the
contrary, the defender survives such an attack, this indicates that it may be a robust and reliable
model. Figure 4 illustrates the results of our experiments. A comparative analysis was performed,
positioning it against the current SOTA model known as VCRNet [25]. In Figure 4, panels (a) and
(b) denote the image pairs selected by our proposed model as the defender and VCRNet as the
attacker in two sets of images at high and low levels, respectively. Panels (c) and (d) show the cases
where our proposed model acts as the attacker and VCRNet acts as the defender. As depicted in
Figure 4, it can be observed that the image selected by the attacker undergoes minimal perceptual
change when the proposed method acts as the defender. On the contrary, when the proposed
method functions in the capacity of an attacker, image pairs with significantly larger differences
are efficiently recognized and selected. This reflects the robustness of our method.
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Fig. 4. The gMAD competition results between VCRNet and our proposed method. (a) Fixed proposed at the
high-quality level. (b) Fixed proposed at the low-quality level. (c) Fixed VCRNet at the high-quality level. (d)
Fixed VCRNet at the low-quality level. To better compare the differences between the two images, the ground
truth (MOS) of the images has been shown. gMAD, Group MAximum Differentiation.

Table 8. Computational Complexity Comparison
with Representative BIQA Methods

Method Params (M) FLOPs (G) FPS
WaDIQaM [2] 5.24 2.43 122.40
MetaIQA [54] 13.24 1.82 /
HyperIQA [35] 27.38 4.31 33.36
TReS [9] 152.45 20.03 3.98
TOPIQ [3] 36.04 / 45.17
Q-Align [38] 8.2 × 103 / 22.94

HPM-Net 51.33 9.57 27.00

The best results highlighted in bold.

4.7 Computational Complexity Analysis
To further evaluate the efficiency of the proposed method, we compare HPM-Net with represen-
tative BIQA methods in terms of the number of parameters, computational cost, and inference
speed. The results are reported in Table 8. Although the proposed model introduces the OCHFM,
CLDM, and HFF modules to model hierarchical perceptual modulation, its computational cost
remains acceptable compared with existing BIQA models. Compared with TReS [9], HPM-Net is
much more compact in terms of both parameters and computational cost and also achieves a faster
inference speed. Compared with lightweight methods such as WaDIQaM [2], MetaIQA [54], and
HyperIQA [35], HPM-Net has a higher model complexity, but it provides stronger quality prediction
performance across multiple benchmarks. Compared with TOPIQ [3], HPM-Net has more parame-
ters and a lower FPS, but achieves competitive or superior performance on the evaluated datasets.
In addition, compared with the large multimodal model-based Q-Align [38], HPM-Net is signifi-
cantly more compact in terms of parameter size and achieves a higher FPS, while still maintaining
competitive performance, especially on synthetic distortion datasets. These results demonstrate that
HPM-Net achieves a favorable tradeoff between prediction accuracy and computational efficiency.
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5 Conclusion
In this article, we identified a key limitation in current BIQA: the lack of a framework that uses HF
cues as perceptually motivated conditioning signals for hierarchical quality representation learning.
To address this, we introducedHPM-Net, a bio-inspired framework that treats HF cues asmodulators
guiding representation learning across layers. Concretely, OCHFMextracts and hierarchically injects
HF cues into the backbone quality estimation stream; CLDM learns distortion-aware representations
and is integrated with the modulated features via AFF to improve generalization; and HFF performs
modulation-aware integration, adaptively combining HF cues with globally contextualized quality
representations to yield coherent quality estimates. Extensive experiments on five BIQA datasets
show consistent gains over SOTA methods, demonstrating both effectiveness and robustness across
synthetic and authentic distortions. Despite its effectiveness, HPM-Net still has two limitations.
First, HF cues may be less informative for distortion types where HF responses are weakened or less
distinguishable, such as blur-related and contrast-related distortions. In such cases, the benefit of
HF-guided modulation may become less pronounced. Second, the introduction of OCHFM, CLDM,
and HFF increases computational overhead compared with lightweight BIQA models. In future
work, we will explore adaptive frequency modeling to better handle distortions with weak HF
responses and lightweight network designs to reduce computational cost.
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