‘ entropy

Article

GLUQ: Global-Local Representation Learning for UHD Image
Quality Assessment

Bing Zhu 10, Enqgi Chen !

W) Check for updates

Academic Editor: Andrea Murari

Received: 24 June 2026

Revised: 25 July 2026

Accepted: 27 July 2026

Published: 1 August 2026
Copyright: © 2026 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

, Ming Huang ¥, Xuemin Ren (%, Shaode Yu *© and Qiurui Sun %*

School of Information and Communication Engineering, Communication University of China,
Beijing 100024, China; zhubing1218@cuc.edu.cn (B.Z.); 202311043037@mails.cuc.edu.cn (E.C.);
202311043023@cuc.edu.cn (M.H.); 202520085410002@mails.cuc.edu.cn (X.R.)

Center of Information & Network Technology, Beijing Normal University, Beijing 100875, China
*  Correspondence: yushaodecuc@cuc.edu.cn (S.Y.); giuruisun@bnu.edu.cn (Q.S.)

Abstract

Ultra-high-definition (UHD) blind image quality assessment (BIQA) is challenging because
native-resolution inference is computationally expensive, whereas common strategies of
resizing or patching may suppress scale-sensitive distortions and weaken the relationship
between local artifacts and global scene context. To address this challenge, a Global-Local
graph representation learning framework for UHD image Quality prediction (GLUQ) is
proposed, which models structural dependencies among patches rather than treating them
as independent views. Specifically, it samples aspect ratio-aligned patches from each UHD
image, encodes these patches as graph nodes and constructs a hybrid k-nearest-neighbor
graph via weighted spatial proximity and feature similarity. Residual graph convolution
is used to propagate contextual information across regions, and gated attention pooling
is used to aggregate patch-level evidence into image-level quality prediction. Besides, an
exponential moving average normalized multi-objective loss function is adopted to stabilize
the joint optimization of regression, correlation, and ranking objectives. Experiments on
the UHD-IQA benchmark database show that GLUQ achieves the lowest RMSE among the
compared methods with competitive PLCC and SRCC, indicating strong absolute-score
calibration for UHD image quality prediction. The results suggest modeling global-local
graph relations enhances quality prediction for UHD images with extremely high-resolution
visual content.

Keywords: Ultra-High-Definition Image; image quality assessment; global-local representation;
graph representation learning; graph convolutional network

1. Introduction

BIQA aims to quantify perceptual image quality without access to pristine references.
It plays an important role in image acquisition, data compression, signal transmission,
quality enhancement, and visual monitoring [1]. In contrast to full-reference methods [2],
BIQA is more practical for real-life applications. This reference-free setting makes BIQA a
key technique for perceptual optimization in visual communication [3].

The development of BIQA approaches has progressed through several stages. Firstly,
BIQA mainly relied on natural scene descriptors under the assumptions or observations
that distortions perturb regular statistical patterns of natural images [4-6], while support
vector regression and other models build the relationships between quantitative features
and image quality scores [5-8]. Later, patch-based deep networks improved prediction
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accuracy by learning quality-aware representations in an end-to-end manner from train-
ing samples, thereby eliminating the need for feature handcrafting [9-13]. After that,
Transformer-based methods have strengthened long-range context modeling and flexible
input handling, and large-scale pre-training on diverse databases has improved representa-
tion quality [14-16]. Beyond backbone changes, recent algorithms begin to absorb ideas
from reinforcement learning and vision-language models that increasingly treat the BIQA
task as a richer semantic and perceptual reasoning problem [17-20].

With the rapid advancement of imaging sensors and display technologies, UHD im-
ages have become increasingly prevalent in consumer and professional applications [21].
Benefiting from rich visual details and high spatial fidelity, UHD images support more im-
mersive visual experiences, more reliable machine perception, and higher-quality content
production. However, the enormous resolution of UHD images presents substantial chal-
lenges for quality assurance [22]. Full-resolution processing is computationally prohibitive,
and common strategies, such as simple resizing and independent patching, are adopted. Simple
resizing compresses the entire UHD image into a much lower resolution that keeps global
scene semantics, lowers computational costs, and facilitates the deployment of existing
BIQA models without major architectural redesign [22-24]. However, it also inevitably
introduces substantial information loss by compressing millions of pixels into a fixed-size
representation, and thereby, fine-grained local distortions and high-frequency quality cues
are significantly weakened or even removed, limiting the model’s ability to accurately assess
perceptual quality in UHD images [23]. Independent patching preserves native-resolution
details by processing a limited number of local patches that retains fine-grained distortion
details, enables patch-level quality representation learning, supports multi-scale analysis,
and allows existing pre-trained models to be readily adopted [9,10]. However, by decom-
posing an image into numerous local patches, independent patching inevitably sacrifices
global contextual information and often fails to capture the global content structure and
long-range contextual dependencies due to their restricted spatial coverage. Moreover,
important distortion regions may be overlooked during patch sampling, leading to unstable
quality predictions. Therefore, the common strategies may sacrifice perceptually important
information by suppressing scale-sensitive distortions and disrupting the relationship
between global context and local artifacts [23,24].

The Ultra-High-Definition Image Quality Assessment (UHD-IQA) benchmark database
and the Advances in Image Manipulation 2024 UHD blind photo quality assessment
Challenge (referred to as Challenge hereafter) further establish that directly adapting con-
ventional BIQA models to 4 K imagery is difficult under both perceptual and efficiency
constraints [21-25]. Representative Challenge methods, such as UIQA [24], combine global
aesthetics, local distortion fragments, and saliency-guided cues for UHD quality prediction,
whereas a pseudo-reference dual-branch route based on super-resolution reconstruction
has also been explored [26]. In parallel, graph-based and relation-aware BIQA methods
have shown the value of modeling distortion relations, non-local dependencies, adaptive
graph attention, or inter-patch interactions [27-30].

In this study, we propose the framework named GLUQ that bridges patch-level
local evidence and image-level perceptual quality prediction. Unlike resizing-based meth-
ods, which sacrifice high-frequency distortion information for computational efficiency,
and patching-based methods, which preserve local details at the expense of global contex-
tual awareness, GLUQ provides a balanced solution by jointly preserving native-resolution
patch characteristics while explicitly modeling their spatial and semantic relationships.
The advantages of GLUQ are twofold. Firstly, it partitions each UHD image into native-
resolution patches and uses graph representation learning (GRL) to model inter-patch
dependencies. This design preserves fine-grained distortions without introducing resam-
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pling artifacts, while simultaneously capturing both local quality cues and global contextual
structure. As a result, GLUQ produces a more comprehensive and perceptually consistent
quality representation for UHD images, effectively bridging the gap between resizing-based
global modeling and patching-based local modeling. Secondly, GLUQ enables information
exchange among geographically and semantically related regions, allowing the model to
capture both localized distortion patterns and holistic scene structures. Such a design is
suitable for UHD images, where perceptual quality is jointly determined by fine-grained
local artifacts and large-scale contextual information. Consequently, GLUQ delivers more
reliable and human-consistent quality prediction while maintaining favorable computa-
tional efficiency. The main contributions of this work are summarized as follows. We do not
regard graph convolution, attention pooling, or k-nearest-neighbor graphs as individually
novel components; the contribution lies in their UHD-specific formulation and integration.

1.  We formulate UHD-BIQA as graph-level regression over aspect-ratio-aligned native-
resolution patches, which preserves local high-frequency distortion evidence while
maintaining image-level prediction.

2. We construct a hybrid spatial-feature k-nearest-neighbor (KNN) graph and combine
residual graph convolutional network (GCN) propagation with a gated attention
readout for modeling global-local relations among UHD patches.

3. We adopt the exponential moving average (EMA) for multi-objective optimization
and provide systematic ablations on the configuration settings under the UHD-IQA
benchmark, where GLUQ achieves the lowest RMSE among the compared methods
with competitive PLCC and SRCC values.

The remainder of this paper is organized as follows. Section 2 presents related work,
including the definition of the UHD-BIQA problem, GRL preliminaries, GRL-based and
UHD-oriented BIQA methods. Section 3 describes the technical details from aspect-ratio-
aligned patching, hybrid KNN graph construction, residual GCN, gated attention, a hybrid
loss function, computational complexity and implementation details. The UHD-IQA
benchmark database, involved BIQA methods, evaluation metrics, performance results,
ablation studies and complexity analysis are presented in Section 4. After that, the results
and limitations are discussed in Section 5, and the study is concluded in Section 6.

2. Related Work
2.1. The Definition of the UHD-BIQA Problem

Given an input image, I € RF*W*C (C = 3), and its corresponding score, y € R,
obtained from human subjective studies, BIQA aims to learn a regression function fy such
that § = fo(I) approximates y. In the UHD settings, feeding a full-resolution image into a
deep learning model is often infeasible due to memory constraints. A common workaround
is to use a set of patches {x;}Y; sampled from I and predict the image-level quality by
aggregating patch-level evidence as

y= 89<{¢9(Xz‘)}ﬁ1> 1)

where ¢y is a patch encoder, and gy is a function to predict the scores of input images.

Since the image resolution is extremely high and localized artifacts occupy only a small
portion of the image, an effective UHD-BIQA method should, on the one hand, provide
sufficiently dense spatial coverage to capture such localized degradations, and on the other
hand, preserve global structural context to interpret these local artifacts within a coherent
scene-level understanding.
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2.2. GRL Preliminaries

GRL learns embeddings that jointly encode node attributes and graph topology. GCNs
extend convolutional operations to graph-structured data via neighborhood message
passing [27-34]. In the BIQA task, graph formulation has been explored from distortion
graph modeling [27], non-local dependency modeling [28], adaptive graph attention [29]
and inter-patch message passing [30]. Recent efforts enrich graph-based BIQA with more
flexible relation modeling [28] and feature fusion [29]. Attention-based propagation [31]
and expressive graph isomorphism networks [32] have also been used in computer vision,
suggesting that richer message passing may benefit the BIQA task.

GRL models relational data as G = (V, &), where V is the node set and £ is the
edge set [33]. Each patch corresponds to a node with a feature vector, and edges encode
neighborhood relations. A typical message passing layer updates node embeddings by
aggregating information from neighbors. The GCN [34] computes as

H(+) — 0(]5’%A]5’%H(Z)W(l)) )

where A = A + I adds self-loops, D is the degree matrix of A, W() is learnable, and o () is
a nonlinearity. Many inductive variants exist, such as graph attention networks [31], which
differ in aggregation functions and attention mechanisms. For graph-level prediction, node
representations are aggregated by a readout function for scoring image-level quality.

2.3. GRL-Based BIQA Methods

Several GRL-based BIQA methods have been designed from the perspectives of dis-
tortion graph representation, semantic dependency reasoning and region-level interaction
modeling. Sun et al. focus on distortion-centered modeling which learns distortion graph
representation over distortion types and distortion levels, and this kind of explicit relation
modeling improves BIQA performance beyond isolated feature vectors [27]. Jia et al. model
non-local dependencies by constructing graph nodes from superpixels and learning long-
range regional interactions, which provides a complementary graph construction strategy
to regular patch-based modeling [28]. Wang et al. strengthen the region-level interaction
modeling via adaptive graph attention that enhance both local information and contextual
interactions by refining post-Transformer features [29]. Liu et al. construct patch graphs and
enable inter-patch message passing, and explicit information exchange across image regions
is found to be beneficial for the BIQA task [30]. Xu et al. construct a spatial view-port graph
and performing GCN reasoning across selected view-ports for omnidirectional image qual-
ity prediction [35]. Xie et al. introduce an image quality knowledge graph which is aligned
with explanatory text descriptions by exploring multi-modal input, and graph structures
can also support more interpretable and knowledge-driven quality prediction [36]. These
studies broaden the scope of GRL-based BIQA beyond patch regression and demonstrate
the flexibility of relational modeling for perceptual quality prediction.

2.4. UHD-Oriented BIQA Methods

UHD-oriented BIQA methods have attracted increasing attention due to the rapid
growth of high-resolution visual content. Sun et al. assess UHD image quality from
aesthetics, distortions, and saliency by evaluating resized images, grid-sampled local
regions, and saliency-guided patches [24]. In the Challenge, grid mini-patch sampling
and pyramid perception are explored to strengthen local evidence modeling under a
stronger Transformer backbone [25]. Gu et al. consider pseudo-reference modeling, where
original patches and super-resolution-reconstructed pseudo references are paired to learn
comparative quality cues [26]. These methods show that UHD-BIQA requires more careful
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sampling and feature fusion. However, most existing UHD-oriented methods still rely
primarily on multi-view sampling, cropping, or multi-branch fusion, while explicit patch-
to-patch graph reasoning remains less explored [25].

In summary, existing UHD-specific BIQA methods preserve global or local cues
through resizing, multi-view sampling, or late fusion, but they often process the sampled
regions independently and lack explicit patch-to-patch relation modeling. Existing graph-
based BIQA methods capture relational structure, yet they are mainly designed for standard-
resolution distortions, distortion graphs, or superpixel/non-local regions rather than aspect-
ratio-aligned UHD patch graphs. This gap motivates the proposed patch-graph formulation,
which combines aspect-ratio-aligned UHD patch sampling with hybrid spatial-feature
graph reasoning for global-local quality representation.

More broadly, the proposed global-local graph aggregation is related in spirit to
graph basis function partition-of-unity methods (GBF-PUM) [37,38], which organize graph-
localized basis functions through graph partitioning or community detection and recon-
struct global graph signals via partition-of-unity weights. GBF-PUM targets analytical
graph signal approximation, whereas GLUQ learns patch embeddings and edge affinities
end-to-end for data-driven quality prediction. The shared local-to-global perspective sug-
gests that community-aware graph pooling could be a promising direction for improving
the efficiency and interpretability of UHD-BIQA.

3. The Proposed GLUQ Framework

Figure 1 illustrates the proposed framework GLUQ. It consists of five steps, including
aspect-ratio-aligned patch sampling, patch feature encoding, hybrid KNN graph building,
residual GCN propagation, and gated attention readout for image-level score prediction.

Asy

pect-ratio-aligned Patch Sampling Patch Feature Encoding Hybrid KNN Graph Construction Residual GCN Propagation  Gated Attention & Quality Prediction

Ultra-High-Definition Image

oo ]

HO
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Figure 1. The GLUQ framework. A UHD image is partitioned into a number of aspect-ratio-aligned
patches from which local features are extracted by using a pre-trained network. Then, a hybrid KNN
graph is built to connect adjacent patch regions, and residual GCN layers are used to propagate
contextual information. In the end, gated attention pooling aggregates the patch-level representations
to produce an image-level quality prediction.

3.1. Aspect-Ratio-Aligned Patch Sampling

Given an image I with width W and height H, N = G,,G}, patches of size P x P are
sampled on a proper rectangular grid (G, Gy). Let (x;, ;) denote the center of the i-th
patch in pixel coordinates, and the patch position of p; is normalized as in Equation (3).

pi= | ] €017 )

Then, each patch is encoded by an offline backbone (ResNet-50 [39] pre-trained on
ImageNet [40]) into a feature vector h; € R4, Rectangular grids (e.g., 18 x 12) align better
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with common UHD aspect ratios (e.g., 16:9) and yield more uniform spatial coverage under
a fixed patch budget.

After patch sampling, each patch is resized to the backbone input resolution, and the
global average pooled feature of dimension d = 2048 is extracted, followed by a linear
projection to d = 512 for node embedding.

The key idea of aspect-ratio-aligned patch sampling is to match the sampling lattice to
the native aspect ratio rather than squeezing the entire image into a square tensor. Given a
patch budget N, we choose a rectangular grid (G, G;) such that G, /G, =~ W/H, so that
the spatial support of sampled patches is approximately isotropic in the imaging coordinate
system. And therefore, a practical heuristic method could be

4% N
Gy = round( N - H) , G, = round<Gw>, (4)

followed by minor adjustments to satisfy G,Gj, = N. The advantages of aspect-ratio-
aligned patch sampling are twofold. Compared with independent patching, the grid ensures
deterministic and uniform coverage of the full field of view. Compared with simple resizing,
it preserves local frequency characteristics inside each patch and provides a tractable
number of nodes for subsequent graph reasoning.

3.2. Hybrid KNN Graph Construction

Jointly considering spatial proximity and feature similarity, a hybrid KNN graph is
built as shown in Figure 2. Based on patch nodes Figure 2a, three kinds of weighting
strategies could be conducted, respectively, to form a spatial distance-weighted KNN graph
Figure 2b, a feature similarity-weighted KNN graph Figure 2¢, and a hybrid graph that
explores both spatial distance and feature similarity for weighting Figure 2d.

( (b) (

0000 Q000
0000 oJeYofe
0000 0000
0000 efefete

Patch Nodes Spatial KNN Graph Feature kNN Graph Hybrid Graph
Th. hyb gt i
o i = Ao + (1= hu)-3f
ili211%112 2
k 4 Ajj= exp(— (dgyb) /‘[)

Figure 2. Hybrid KNN graph construction. (a) Patch nodes sampled on an aspect-ratio-aligned grid;
each patch is treated as a node. (b) Spatial distance-weighted KNN graph. (c) Feature similarity-
weighted KNN graph. (d) Hybrid graph that combines spatial distance and feature similarity for
weighting. Edges are formed based on spatial proximity and feature similarity, and the two adjacency
matrices are linearly combined to obtain the final hybrid graph used for message passing in this study.

For the hybrid KNN graph, Euclidean distance is defined as dijp = ||pi — pjl[2, and fea-
ture similarity is measured as shown in Equation (5).

h'h

_— 5
I ®)

t
d{; —1—

Notably, the similarities {d;p } and {d?;t} are z-score normalized to generate {df-]-p} and
{d?;.t}. And thereby, the hybrid distance metric is defined as
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hyb ft
Y = Aod + (1 - M) (6)

where A, — 1 assigns greater weight to spatial proximity.
After that, edges £ = {(i,j) | j € kNN(i)} are formed based on dZy ’ The adjacency
matrix weight A;; is computed as
(")

Ajj = exp 771]1_ (7)

where T is a scale parameter controlling the bandwidth of Gaussian affinity, which deter-
mines how rapidly the edge weights decay with respect to the hybrid distance [41]. In
practice, T = 0.35 provides a reasonable trade-off between preserving local neighborhood
structures and global connectivity.

A spatial graph preserves geometric continuity but may overlook semantically similar
regions far apart, while a feature-based graph may connect such regions but ignore the
strong locality prior of visual degradation. The hybrid distance metric interpolates between
these two cues as shown in Equation (6), where A, controls how strongly the graph respects
geometric adjacency, and the feature term provides content-aware shortcuts for contextual
reasoning. Notably, {dfjp }and { d{;t} are z-score normalized before mixing to prevent trivial
domination by one component due to scale mismatch. Finally, the radial basis function
weighting is used to transform distances into soft affinities as shown in Equation (7), which
stabilizes message passing under noisy neighbor assignments.

3.3. Residual GCN

Given the node features H(!) € RN*? at layer I, the graph convolution is applied as
shown in Equation (8).
u® = O’(AH(Z)WU)) (8)

When [ increases, repeated neighborhood averaging may cause node representations over-
smoothing. To mitigate the over-smoothing for stable model training, residual mixing is
then adopted

H) = 4 Ul + (1 — ) ROED) 9)

where & € (0,1) controls aggregation strength. A smaller « preserves the original patch evidence,
a larger a strengthens contextual integration, and a = 0.55 is set to balance these effects.

In this study, each GCN block is implemented as a pre-activation residual unit con-
sisting of graph convolution, linear projection, batch normalization, ReLU, and dropout
as shown in Figure 1. Batch normalization stabilizes optimization under heterogeneous
distortion distributions, and dropout acts as regularization against overfitting.

3.4. Gated Attention for Score Prediction

Node features are aggregated with a gated attention mechanism to form a graph-
level representation z as shown in Equation (12). This design is related to attention-based
multiple-instance learning pooling [42], which is a fit for BIQA because an image can be
viewed as a “bag” of patches where only a subset may be strongly degraded. Concretely,
we compute a scalar importance score for each node as

w; = g(h;) (10)

where g(-) is a lightweight multi-layer perceptron (MLP). The attention weights are ob-
tained by a softmax normalization as shown in Equation (11),
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exp(w;
= p(wi) (11)
L exp(w;)
and the pooled representation is as shown in Equation (12).
z = Zaih,’ (12)
i

Finally, an MLP regressor f(-) predicts the raw quality score § = f(z), and we apply an
affine calibration

J=sj+b (13)
to better match the score scale.

Attention pooling is important for UHD distortions because degradations are often
spatially sparse. Therefore, the model must emphasize informative regions, such as block-
ing around edges and ringing near high-contrast structures, while it still needs to integrate
global context from different patches.

3.5. A Hybrid Loss Function with EMA-Based Normalization

A BIQA model is to produce predictions that are accurate in absolute score with lower
error, consistent in linear correlation and reliable in score ranking. To this end, we propose
a composite objective function

L) =) ML(0) (14)
kel

where 0 denotes model parameters, C = {mse, corr, rank, var}, and Ay are user-specified
coefficients. In this study, Lmse encourages accurate regression, Lqorr penalizes correlation
inconsistency (e.g., 1 — PLCC), L., enforces pairwise ordering constraints, and Lyar
regularizes prediction dispersion to avoid degenerate outputs.

A known issue in multi-objective training is that different objectives may have different
numeric scales and gradient magnitudes. The parameter update is driven by

VoLl =) M VoL (15)
k

and if some L is larger, it dominates the optimization procedure. In the hybrid loss
function (Equation (15)), ranking- or correlation-based losses have bounded ranges, while
the MSE loss may vary across samples in the training stage.

To mitigate this issue, we normalize each term using a running estimate of its typical
magnitude. Here let y; ~ E[L}] denote the characteristic scale of the k-th loss, and we
estimate y online with an EMA as

pl=ppl M ra-pLl,  pe) (16)

where ? is the iteration index. In this study, the uncorrected EMA is sufficient when g is
close to 1 and the training runs for enough iterations. Here the EMA-normalized objective
is defined as

£’total(e) = Z A £il0)

P ¥ stopgrad (fig) + € A7)

where € is a small constant for numerical stability, and stopgrad(-) indicates that the EMA
statistics are treated as constants with respect to 6 and detached from back-propagation.
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And thus, the gradient of Equation (17) becomes

M
VoLiotal = k;C Tte VoL (18)
which can be viewed as adaptive preconditioning that re-scales each term by the inverse of
its running magnitude. Specifically, if £ is large, its scale estimate fi; grows and its effective
weight is reduced. If £ is small, the normalization can alleviate gradient vanishing. This
strategy is lightweight, suitable for the UHD-BIQA task, since patch diversity and distortion
heterogeneity may cause large fluctuations across different loss terms.

3.6. Computational Complexity

Let N = GGy, denote the number of patches (graph nodes), k the neighborhood size
in the KNN graph, and d the node embedding dimension. Assuming a sparse adjacency
with |€] ~ Nk edges, one GCN layer roughly costs

O(|€|d) + O(Nd?*) ~ O(Nkd + Nd?) (19)

where the first term corresponds to message passing and the second term corresponds to
the feature transformation by W € R?*?. The memory footprint is mainly from storing
node features O(Nd) and sparse edges O(Nk).

In the UHD-BIQA task, the overall runtime is additionally dominated by patch feature
extraction, which requires N forward passes through the pre-trained backbone. Therefore,
N is a key trade-off parameter, and a larger N provides denser evidence while increasing
both backbone and graph computing cost.

3.7. Implementation Details

Table 1 lists the default settings of the proposed GLUQ framework. Unless otherwise
specified, all experiments and ablation studies follow the official train/validation split of
the UHD-IQA benchmark database for hyper-parameter selection as well as the held-out
test split for prediction performance comparison.

Table 1. Default implementation details of the proposed GLUQ.

Component Settings

Patch sampling Patch size P = 256; grid (G, Gj,) = (18,12) (N = 216)

Backbone encoder ResNet-50 [39] pre-trained on ImageNet [40]

Node embedding Global average pooled 2048-dimensional (d) features are linearly projected to d = 512 features
Graph construction  k = 24; edge weight via radial basis function kernel (Equation (7))

Distance metric Hybrid spatial-feature distance with A, = 0.7 (Equation (6))

GCN L = 3 residual layers; the mixing coefficient « = 0.55

Readout Gated attention pooling with MLP regression; affine calibration

Regularization Dropout 0.15; batch normalization in each GCN block

Optimization AdamW; initial learning rate 2 x 10~* (backbone x 0.5); weight decay 6 x 10~°; gradient clipping 1.0

Training schedule 40 epochs; 3-epoch warmup; early stopping with patience 5; batch size 6 with gradient accumulation 6
(effective 36); mixed-precision (FP16); training-time grid jitter 0.08

Model selection Best checkpoint selected by validation SRCC; EMA of weights with decay 0.999 used for evaluation

Evaluation EMA weights; two-pass plus horizontal-flip test-time augmentation (TTA); hyper-parameter selection

Hardware NVIDIA A800 GPU (80 GB)

Reproducibility Trained checkpoint (.pt) to be released for research use; full training repository not released

The GLUQ framework is implemented in PyTorch (version 2.1), and sparse graph
operations are used to scale message passing to hundreds of nodes per image. To avoid
data leakage, all hyper-parameters, including grid size, neighborhood k, distance mixing,
and loss weights, are selected on the training/validation split, and the held-out test split is
used for the final reported evaluation. Patch extraction uses an aspect-ratio-aligned grid,
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each 256 x 256 crop is clipped so that it stays within the image, and no padding beyond
the image boundary is introduced. Patches are converted to tensors and normalized
with the ImageNet suggested mean and standard deviation [40]. In the training stage,
a small grid jitter is applied for augmentation, whereas in the validation and testing stages,
the deterministic grid is used unless test-time augmentation is explicitly enabled. A full
training run completes within 16 h on a single A800 GPU under early stopping. The trained
.pt checkpoint is released at https://github.com/NicoYuCN/GLUQ (accessed on 23 July
2026) for reproducibility, whereas the full private training repository is not released at
this stage. A high-level summary of the inference pipeline is provided in Appendix A
(Algorithm A1).

4. Experiments and Results
4.1. The Database

The UHD-IQA benchmark database [23] contains 6,073 UHD photographs with a stan-
dardized width of 3840 pixels. Each image is annotated by 20 expert ratings aggregated into
a mean opinion score (MOS). The official split includes 4269 training images, 904 validation
images, and 900 testing images.

4.2. Involved BIQA Methods

Three categories of BIQA methods are compared. The first group includes three
DL-based methods (DBCNN [11], CONTRIQUE [12] and ARNIQA [13]). The second
group contains the methods from the Challenge [25]. The last consists of GRL-based
methods, including GraphIQA [27], NLNet-IQA [28], AGA-IQA [29], and our proposed
GLUQ framework.

4.3. Performance Evaluation

Three metrics, Spearman rank-order correlation coefficient (SRCC), Pearson linear
correlation coefficient (PLCC), and root mean square error (RMSE), are used for evaluating
prediction performance. In accordance with MOS values, a higher SRCC indicates stronger
monotonic agreement, a higher PLCC reflects better linear agreement, and a lower RMSE
indicates smaller absolute prediction error.

4.4. Prediction Performance on the UHD-IQA Benchmark Database

Table 2 shows the prediction performance from three major categories of DL-based
methods, the Challenge-leading UHD-specific methods and GRL-based methods on the
UHD-IQA benchmark database. For each category of BIQA method, the best metric values
are shown in boldface. For fair comparison, we distinguish quoted and reproduced results.
Metric values of the DL-based methods and the Challenge methods are quoted from the
UHD-IQA benchmark [23] and the AIM 2024 UHD challenge report [25] respectively under
the official split. The GRL-based baselines, including GraphIQA, NLNet-IQA and AGA-
IQA, have no published values on this benchmark under the same protocol, so we reproduce
them under the official train/validation/test split with the identical PLCC/SRCC/RMSE
evaluation procedure used for GLUQ. For GLUQ), all hyper-parameters are selected on the
validation split (criterion: validation SRCC), the test split is used for the final single report,
and the affine calibration is a trainable readout module rather than a post hoc fit on the test set.
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Table 2. Comparison of different categories of methods on the UHD-IQA benchmark database.
Entries marked with T are reproduced under the official split with identical evaluation procedure,
and the other entries are quoted from [23,25]. Bold indicates the best overall result of our proposed
method (GLUQ).

Categories Algorithm PLCC SRCC RMSE
DBCNN [11] 0.723 0.745 0.154
DL-based [23] CONTRIQUE [12] 0.678 0.732 0.073
ARNIQA [13] 0.694 0.739 0.074

UIQA [24] 0.7985 0.8463 0.0615

GS-PIQA 0.7925 0.8297 0.0607

CIPLAB 0.7995 0.8354 0.0638

The Challenge [25] EQCNet 0.7682 0.7954 0.0621

MobileNet-IQA 0.7559 0.7883 0.0659

NF-RegNets 0.7222 0.7715 0.0703

GraphIQA  [27] 0.6420 0.6632 0.0875

CRLbased NLNet-IQA 1 [28] 0.6804 0.7122 0.0675

-base AGA-IQA 1 [29] 0.5914 0.6426 0.0972

GLUQ (ours) 0.7784 0.8019 0.0519

GLUQ achieves the lowest RMSE and slightly inferior SRCC and PLCC values com-
pared with UIQA, GS-PIQA and CIPLAB among all the methods. Firstly, the methods
from the Challenge [25] confirm the value of architectures specifically optimized for UHD
settings. CIPLAB achieves the highest PLCC (0.7995) and UIQA [24] obtains the best SRCC
(0.8463). These methods likely benefit from specialized patch aggregation, distortion-aware
modeling, or multi-cues-driven optimization. Secondly, GRL-based methods [27-29] obtain
relatively inferior results to the methods in the Challenge [25]. Graph modeling is suitable
for preserving structural relationships among image regions, while the comparison results
suggest that these approaches [27-29] may not fully exploit UHD-specific spatial dependen-
cies or may suffer from sub-optimal graph construction. Notably, GLUQ achieves the best
performance among the GRL-based methods with highest PLCC and SRCC and the lowest
RMSE value. It enhances prediction precision by better modeling patch relationships and
reducing regression error. Thirdly, the performance of DL-based approaches [11-13] seems
limited on the UHD-IQA database [23]. In other words, these methods originally designed
for standard-resolution images struggle to generalize to UHD perceptual distortions. The
inferior performance indicates that DL-based strategies may inadequately capture the
complex multi-scale and heterogeneous distortions present in UHD content.

4.5. Ablation Studies
4.5.1. The Sampling Grid Number

Table 3 shows the BIQA performance and training time under different grid resolutions
via a simple setting (Amse = 1). When the grid number increases from N = 150 to N = 216,
both SRCC and PLCC improve noticeably, while the RMSE decreases from 0.0632 to 0.0602.
This trend suggests that denser spatial sampling provides richer local evidence and helps
the graph model capture more informative distortion patterns in UHD images. However,
increasing grid density also leads to higher computational cost, as reflected by the longer
wall-clock training time.

The 18 x 12 grid (N = 216) offers a favorable trade-off between BIQA performance
and computational feasibility. When the grid resolution increases to 21 x 14 (N = 294),
the model training becomes infeasible due to out-of-memory errors. Based on the observa-
tion, we adopt the 18 x 12 grid as a balanced configuration for the subsequent experiments,
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including the search of the graph neighborhood size and the later coefficient optimization

of the full multi-loss objective.

Table 3. BIQA performance and time cost regarding the grid size. Arrows indicate the preferred

direction (1: higher is better; |: lower is better).

Grid N Best k SRCC 1 PLCC 1 RMSE | Time (min) |
15 x 10 150 20 0.7791 0.7281 0.0632 485.8

18 x 12 216 24 0.7920 0.7545 0.0602 603.0
21 x 14 294 - - - - -

4.5.2. The Neighborhood Size k for KNN Graph Construction

Figure 3 presents a coarse-to-fine search procedure for the neighborhood size k under a
simple setting (Amse = 1). The coarse scan first evaluates a compact candidate set between
4 and 28 with an equal interval of 4, and k = 24 is identified as the most promising option.
A subsequent fine-grained examination around this region between 21 and 28 with an
equal interval of 1 further confirms that k = 24 remains the best-performing neighborhood
size for graph construction.

The result indicates that a moderately sized local neighborhood is sufficient to capture
the structural dependency among sampled regions, since using too few neighbors may
lead to incomplete local connectivity, whereas overly large neighborhoods may introduce

redundant or less informative relations.

fine scan region «@= Coarse scan
0.80 =A- Fine scan
best (coarse)
k=24, 0.7920,
0.79
A / P A 'A
° A AT g \\ "
~ / \ H
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Figure 3. Coarse-to-fine search of the neighborhood size k for graph construction.

4.5.3. Coefficient Search for the Hybrid Loss Function

Under the settings of grid = 18 x 12 and k = 24, the coefficients in Equation (17) is
investigated under EMA-normalized multi-objective optimization. Table 4 summarizes
all tested coefficient settings, including the single-term cases and multi-loss combinations,
and sorts them by SRCC in descending order.

It is found that Acorr = 0.8, Amgse = 0.0, Aank = 0.2, and Ayar = 0.0 lead to the
highest SRCC value (0.7982). Several mixed settings also outperform the single-term cases,
indicating that correlation and ranking objectives can complement score regression when
the coefficients are chosen appropriately. By contrast, configurations dominated by the
variance term (Avar = 1.0 ) lead to clear performance degradation.
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Table 4. Coefficients via EMA-based multi-objective optimization (sorted by SRCC). Arrows indicate
the preferred direction (: higher is better; |: lower is better).

Acorr Amse Arank Avar PLCC T SRCC T RMSE J/
0.8 0.0 0.2 0.0 0.7744 0.7982 0.0567
0.6 0.4 0.0 0.0 0.7548 0.7939 0.0540
0.0 1.0 0.0 0.0 0.7545 0.7920 0.0602
0.4 0.6 0.0 0.0 0.7540 0.7919 0.0611
0.2 0.0 0.8 0.0 0.7626 0.7914 0.0576
0.2 0.8 0.0 0.0 0.7495 0.7906 0.0601
1.0 0.0 0.0 0.0 0.7673 0.7897 0.0612
0.0 0.8 0.2 0.0 0.7439 0.7860 0.0620
0.8 0.2 0.0 0.0 0.7464 0.7847 0.0536
0.8 0.0 0.0 0.2 0.7516 0.7828 0.0619
0.0 0.6 0.4 0.0 0.7476 0.7820 0.0540
0.0 0.4 0.6 0.0 0.7489 0.7799 0.0574
0.0 0.0 0.6 0.4 0.7621 0.7780 0.0567
0.6 0.0 0.4 0.0 0.7465 0.7730 0.0570
0.0 0.0 0.8 0.2 0.7381 0.7694 0.0584
0.4 0.0 0.6 0.0 0.7427 0.7678 0.0568
0.0 0.8 0.0 0.2 0.7160 0.7508 0.0455
0.0 0.0 1.0 0.0 0.7220 0.7426 0.0594
0.0 0.2 0.8 0.0 0.7565 0.7201 0.0599
0.0 0.0 0.4 0.6 0.6410 0.6591 0.0601
0.6 0.0 0.0 0.4 0.6158 0.6476 0.0575
0.4 0.0 0.0 0.6 0.3670 0.3955 0.0572
0.0 0.0 0.2 0.8 0.2904 0.3363 0.0573
0.0 0.4 0.0 0.6 0.1384 0.2932 0.0639
0.2 0.0 0.0 0.8 0.2283 0.2847 0.0578
0.0 0.2 0.0 0.8 0.1475 0.2614 0.0630
0.0 0.0 0.0 1.0 0.1316 0.2421 0.0662
0.0 0.6 0.0 0.4 0.0635 0.2227 0.0640

The observations suggest that the EMA-normalized formulation is beneficial, while
its effectiveness depends on careful coefficient selection. The best-performing coefficient
setting is therefore adopted in the subsequent graph-topology study, where the graph scale
and neighborhood size remain fixed so that the effect of the graph distance measure can
be examined in a controlled manner. This coefficient search was conducted under the
default Euclidean-only distance (A, = 1.0), and the best setting (Acorr = 0.8, Arank = 0.2)
attains PLCC/SRCC/RMSE of 0.7744/0.7982/0.0567, which corresponds exactly to the
Aw = 1.0 row in Table 5; we then fix these coefficients and search the spatial-feature mixing
weight Ay, reaching the best 0.7784/0.8019/0.0519 at A, = 0.7. This staged protocol keeps
each ablation single-variable and makes the search traceable, while a full joint search is
prohibited by the high cost of encoding hundreds of UHD patches per image.

Table 5. Effect of graph distance measures under different weights Ay,. Arrows indicate the preferred
direction (1: higher is better; |: lower is better).

Aw PLCC 1 SRCC 1 RMSE |
Feature-only (semantic) 0.0 0.7216 0.7434 0.0728
Hybrid 0.1 0.7466 0.7683 0.0672
Hybrid 0.3 0.7682 0.7894 0.0593
Hybrid 0.5 0.7741 0.7933 0.0598
Hybrid 0.7 0.7784 0.8019 0.0519
Hybrid 0.9 0.7709 0.7915 0.0617
Euclidean-only (spatial) 1.0 0.7744 0.7982 0.0567
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4.5.4. Effect of Different Distance Measures in Graph Construction

The graph topology is evaluated under various distance metrics and weighting
schemes (Equation (6)). As shown in Table 5, we compare feature-based, Euclidean-based,
and hybrid KNN graph constructions. The results consistently demonstrate that spatial
proximity is the primary factor governing the effectiveness of graph representation.

As shown in Table 5, incorporating spatial distance into graph construction signifi-
cantly improves performance over the feature-only baseline. The hybrid graph exhibits a
consistent performance gain as Ay, increases from 0.1 to 0.7, indicating that spatial informa-
tion effectively regularizes graph connectivity and enhances perceptual consistency. The
best performance is achieved at Ay, = 0.7, suggesting an optimal balance between spatial
proximity and feature similarity. Further increasing A, leads to performance degradation,
implying that excessive reliance on spatial structure suppresses discriminative feature
relationships. Notably, the spatial-only graph (A;,, = 1.0) remains competitive but does
not surpass the optimal hybrid setting, demonstrating that spatial information is more
important for graph construction.

4.6. Computing Complexity

Table 6 compares the computational complexity of three UHD-BIQA frameworks in
terms of input size, parameter count, and multiply—accumulate operations (MACs). GLUQ
has the smallest model size, indicating strong parameter efficiency, but it also requires
substantially higher MACs.

Table 6. Comparison of computing complexity across current UHD-BIQA frameworks.

Input Size Params. (M) MAGs (G)
UIQA [24] 480 x 480 82.85 43.53
GS-PIQA [25] 384 x 384 144.81 50.26
GLUQ (ours) (18 x 256) x (12 x 256) 25.61 1153.59

GLUQ offers the most parameter-efficient design among the approaches, requiring
only 25.61 M parameters compared with 82.85 M for UIQA and 144.81 M for GS-PIQA.
This lightweight model size reduces storage demands and simplifies deployment. How-
ever, these advantages come at the cost of substantially higher computational complexity,
with GLUQ requiring 1153.59 GMACs, far exceeding the 43.53 GMACs and 50.26 GMACs
required by the compared methods. This heavy computational burden is mainly caused by
its multi-patch encoding and graph reasoning strategy, which enhances detailed perceptual
modeling for UHD images while significantly increases inference cost. Overall, GLUQ
achieves a favorable balance in model compactness and training simplicity, while its high
MACs indicate further optimization for real-time or resource-constrained applications.

4.7. Further Analysis and Stability

Beyond the single-configuration comparison, we further examine the parameter stabil-
ity, statistical reliability, computational behavior, and backbone capacity of GLUQ under
the default configuration (grid 18 x 12, k = 24, A, = 0.7, T = 0.35, « = 0.55, dropout 0.15,
AdamW with initial learning rate 2 x 104, and the EMA-normalized loss with Acorr = 0.8
and Apank = 0.2).

4.7.1. Parameter Interaction and Local Stability

The hybrid graph depends on several interacting design choices. In view of the high
cost of encoding hundreds of UHD patches per image, these factors are examined in a
staged manner rather than by an exhaustive joint search (Section 4.5.3). To verify that the
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selected configuration is not a fragile single-point optimum, we report local scans around it
under the default multi-objective setting.

Table 7 shows local stability when the neighborhood size k changes where T = 0.35. It
is found that the neighborhood size k € {22,...,26} yields an SRCC variation below 0.002
with the peak at k = 24 that leads to stable UHD image quality prediction.

Table 7. Local 1: higher is better; |: lower is better. Bold marks the best result. stability when the
neighborhood size k changes. Arrows indicate the preferred direction (1: higher is better; |: lower is
better); bold marks the best result.

k PLCC 1 SRCC 1 RMSE |
22 0.7761 0.8004 0.0522
23 0.7770 0.8010 0.0521
24 0.7784 0.8019 0.0519
25 0.7780 0.8016 0.0520
26 0.7772 0.8011 0.0520
27 0.7751 0.7996 0.0524
28 0.7736 0.7985 0.0527

Table 8 illustrates the local stability when the Gaussian bandwidth T changes. It is
observed that T € [0.25,0.50] similarly varies by less than 0.003 with the peak at T = 0.35.
In summary, the selected configuration of k and 7 lies within a region for stable UHD-
BIQA performance.

Table 8. Local stability when the Gaussian bandwidth T changes. Arrows indicate the preferred
direction (1: higher is better; |: lower is better).

T PLCC 1 SRCC 1 RMSE |
0.25 0.7762 0.7998 0.0524
0.30 0.7778 0.8014 0.0521
0.35 0.7784 0.8019 0.0519
0.40 0.7779 0.8015 0.0521
0.50 0.7761 0.8001 0.0525

4.7.2. Multi-Seed Stability and Confidence Intervals

To assess the robustness of model initialization and data ordering, the default configu-
ration is used with three random seeds (Table 9). Notably, the reported result corresponds
to the validation-selected checkpoint of seed 1337. As shown in Table 9, small standard de-
viations (PLCC 0.7781 4 0.0033, SRCC 0.8016 + 0.0026, RMSE 0.0520 - 0.0005) are observed,
indicating low sensitivity of UHD-BIQA prediction performance to random seeds.

Table 9. Multi-seed stability of the default configuration. Arrows indicate the preferred direction
(1 higher is better; |: lower is better).

Seed PLCC 1t SRCC 1t RMSE |
1337 (reported) 0.7784 0.8019 0.0519
2024 0.7746 0.7988 0.0525
3407 0.7812 0.8040 0.0515
Mean =+ std 0.7781 £ 0.0033 0.8016 £ 0.0026 0.0520 £ 0.0005

We additionally report bootstrap 95% confidence intervals (CIs) over 10,000 resamples
of the test images, since the test set is of moderate size. As shown in Table 10, the RMSE
interval upper bound (0.0548) does not overlap with the strongest competitor GS-PIQA
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(0.0607), supporting the “lowest RMSE” claim, whereas the PLCC/SRCC intervals overlap
with the top Challenge methods.

Table 10. Bootstrap 95% ClIs over 10,000 resamples of the test images. Arrows indicate the preferred
direction (1: higher is better; |: lower is better).

Maetric Point Estimate 95% CI

PLCC 1 0.7784 [0.7510, 0.8048]
SRCC 1 0.8019 [0.7776, 0.8247]
RMSE | 0.0519 [0.0492, 0.0548]

4.7.3. Effect of EMA Normalization Versus Auxiliary Objectives

To disentangle the contribution of EMA normalization from that of adding correla-
tion/ranking objectives, Table 11 compares six controlled settings. Adding the correla-
tion/ranking objectives improves SRCC by 0.0032 and RMSE by 0.0040 over MSE-only,
and EMA normalization further improves SRCC by 0.0045 and RMSE by 0.0019 under
the same multi-objective weights while stabilizing training, whereas EMA alone on a
single MSE loss is nearly inert. EMA normalization thus acts as a scale normalizer for
heterogeneous losses rather than a universal stabilizer.

Table 11. The effect of EMA normalization from that of auxiliary correlation/ranking objectives.
Arrows indicate the preferred direction (f: higher is better; |: lower is better); bold marks the
best result.

ID Objectives Acorts Arank Normalization PLCC 1 SRCC 1 RMSE |
D1 MSE — none 0.7618 0.7942 0.0578
D2 MSE — EMA 0.7626 0.7948 0.0575
D3 Corr + Rank 0.8,0.2 none 0.7721 0.7974 0.0538
D4 Corr + Rank 0.8,0.2 fixed scale 0.7758 0.7998 0.0527
D5 Corr + Rank 0.8, 0.2 EMA 0.7784 0.8019 0.0519
D6 Corr + Rank + Var 0.6,0.2 EMA 0.7749 0.7992 0.0531

4.7 4. Inference Profiling and Deployment Cost

Table 12 reports the per-image inference cost on a single A800 80 GB GPU (batch size 1,
AMP, no TTA). It is found that the runtime is dominated by repeated patch-level ResNet-50
extraction (x72% of the 323 ms per-image latency), whereas graph construction and the
three-layer GCN together account for only ~12%. Peak memory and throughput scale from
5.8 GB and 3.1 img/s at batch size 1 to 32.4 GB and 12.7 img/s at batch size 8, and enabling
TTA (two-pass plus horizontal flip) raises the per-image latency to 690 ms.

Table 12. Per-image inference profiling on a single A800 80GB GPU (batch size 1, AMP, no TTA).

Stage Time (ms) Share
Image read + 216 patch cropping 35 10.8%
ResNet-50 patch feature extraction 232 71.8%
Linear projection 2048 — 512 7 2.2%
Hybrid graph construction 18 5.6%
3-layer residual GCN 22 6.8%
Gated attention + regression head 3 0.9%
CUDA /PyTorch overhead 6 1.9%
Total 323 100%

Therefore, GLUQ is much suitable for offline or near-offline UHD image quality
prediction than for real-time monitoring, while acceleration should prioritize fewer patches,
shared backbone feature maps, lighter backbones, or community-aware graph pooling.
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4.7.5. Backbone Capacity

To test whether a stronger backbone improves correlation, we replace ResNet-50 [39]
with Swin-T [43] while keeping the graph, GCN, readout, and loss fixed, projecting the
final-stage Swin-T feature to the same 512-d node embedding.

Table 13 shows that Swin-T improves PLCC/SRCC by about 0.011 and slightly lowers
RMSE, while it increases parameters by 20%, MACs by 45%, per-image latency from 323 ms
to 412 ms, and peak memory from 45-58 GB to 55-68 GB. ResNet-50 is therefore retained as
the efficiency-balanced default, and the result indicates that backbone capacity is one factor
that may partly limit the correlation performance of GLUQ rather than the sole cause of the
gap to the strongest Challenge methods.

Table 13. Backbone ablation: ResNet-50 versus Swin-T (graph, GCN, readout, and loss fixed).

Backbone Params (M) MACs (G) Feature Extraction Time (ms) PLCC 1t SRCC 7t RMSE |

ResNet-50 25.61 1153.59 323 0.7784 0.8019 0.0519
Swin-T 30.84 1672.30 412 0.7896 0.8127 0.0506

4.8. Qualitative Behavior of the Attention Readout

To examine whether the learned gated readout attends to quality-relevant regions,
Figure 4 visualizes the 216 patch-level attention weights of a trained GLUQ model, re-
shaped to the 12 x 18 sampling grid, bilinearly upsampled, and overlaid on the image.
Since the map has only 12 x 18 support, it indicates which patch groups dominate the
readout, not pixel-precise localization. In successful predictions, the weights concentrate on
perceptual regions of interest (e.g., the subject’s face and salient object contours), whereas in
two failure cases the readout is misled. The attention readout favors crisp repetitive high-
frequency texture (crosswalk stripes) over the genuinely degraded regions (motion-blurred
pedestrians), or becomes dispersed over colorful but uninformative structure. This indi-
cates that gated attention offers useful content-aware quality sampling for spatially sparse
UHD distortions, yet is not strictly distortion-specific and can be biased by salient texture.

high
Success - 1966.jpg Success - 2696.jpg Failure - 4049.jpg Failure - 4754.jpg

UHD image

Attention

MOS 0.80 Pred 0.80 |err| 0.000 MOS 0.77 Pred 0.78 |err| 0.001

low

Figure 4. Gated-attention behavior of the trained GLUQ model. The 216 patch-level attention
weights are reshaped to the 12 x 18 sampling grid, bilinearly upsampled, and overlaid (jet colormap;
red = high weight, per-image min-max normalized) on a downsampled copy of each UHD image.

MOS, the predicted score, and the absolute error are reported under each overlay. Left two columns
are success predictions. Attention concentrates on perceptual regions of interest—balloon contours
(1966) and the subject’s face (2696). Right two columns are failure cases. In 4049, it is dispersed
over colorful droplets while the severely blurred center is underweighted, while in 4754, the readout
favors crisp, repetitive crosswalk stripes over the pervasive motion-blurred pedestrians.
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5. Discussion

UHD-BIQA is challenging due to the extremely high spatial resolution of the input
images. To address this challenge, GLUQ is proposed (Figure 1) that combines aspect ratio-
aligned patch sampling, hybrid KNN graph construction, and EMA-based optimization
of a hybrid loss function. The experimental results suggest that GLUQ achieves promis-
ing performance on the UHD-IQA database (Table 2) based on the grid patch number
N = 18 x 12 (Table 3), k = 24 in KNN graph building (Figure 3), Acorr = 0.8 and A, = 0.2
in the hybrid loss function (Equation (14)), and A, = 0.7 in the weighted distance metric
(Equation (6)).

5.1. Why Graph Reasoning Is Suitable for the UHD-BIQA Task

A practical advantage of graph reasoning for UHD-BIQA is that it places all sampled
patches into a unified relational structure instead of treating them as isolated crops. This
matters because UHD quality is rarely determined by a single local artifact alone; rather,
local degradations are interpreted in the context of surrounding regions and the broader
scene layout. Simple resizing and independent patching preserve some local detail, while
they usually fuse different views after separate feature extraction [24-26]. By contrast,
graph message passing provides an explicit mechanism for contextual interaction among all
sampled regions, and gated readout lets the final prediction emphasize the most informative
regions without discarding scene-level context [27-30].

The experimental results are consistent with this interpretation. Table 3 shows that
performance improves when the sampling grid becomes dense enough to expose richer
local evidence, and Figure 3 shows that graph reasoning is most effective only when the
neighborhood size is chosen carefully rather than enlarged arbitrarily. Table 2 further
shows that the resulting pipeline achieves the best RMSE among the public UHD-oriented
methods. Taken together, these observations support the basic motivation behind graph
reasoning for UHD-BIQA that local evidence is useful, and it becomes more reliable when
it is embedded in a structured global context rather than pooled independently. This is also
consistent with scale-aware UHD studies [21,22], which suggest that perceptual quality is
entangled with native spatial structure.

5.2. Why GLUQ Does Not Outperform the Top-Tier Methods in the Challenge

GLUQ does not outperform the top-tier methods in the Challenge [24,25], and reasons
are manifold. Generally, UIQA [24] combines global aesthetics, local distortion fragments,
and saliency-guided regions through coordinated Transformer branches. GS-PIQA [25]
enhances ranking-oriented perceptual modeling by incorporating grid mini-patch sampling,
pyramid perception, and a larger Swin-base backbone under the challenge setting. These
models achieve superior performance by leveraging advanced backbone architectures,
enriched feature representations, and effective multi-scale semantic integration.

GLUQ exhibits slightly inferior correlation performance while achieving the lowest
RMSE (Table 2). The effectiveness of GLUQ can be attributed to several factors. First,
the framework unifies patch encoding, graph construction, and interactive message passing
within a single structured pipeline. This design enables more accurate absolute score
calibration, as reflected by its superior RMSE performance. Second, GLUQ employs a
pre-trained ResNet-50 [39] as the feature extractor, which is computationally efficient but
less expressive than the more advanced backbone architectures used in UIQA [24] and
GS-PIQA [25], as also evidenced by the controlled backbone ablation in Table 13. Therefore,
GRL-based patch reasoning facilitates effective global-local contextual interaction in UHD
image quality representation, thereby improving UHD-BIQA performance.
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5.3. Computational Considerations

One challenging issue of GLUQ lies in its high MACs (Table 6), particularly when
hundreds of patches are aggregated to enhance UHD perceptual representation (Table 3).
The computational cost is in fact dominated by repeated patch-level feature extraction
rather than by edge-level message passing. Profiling (Table 12) shows that ResNet-50 patch
encoding accounts for about 72% of the per-image latency, whereas graph construction and
the GCN together account for only about 12%, so the large MAC count is driven primarily by
the hundreds of native-resolution patch encodings. Moreover, when attention mechanisms
and pairwise similarity modeling are introduced, additional overhead arises from dense
relational computations, significantly increasing complexity in high-dimensional feature
space. Consequently, improving the real-time efficiency of GLUQ becomes an important
requirement for enabling practical deployment in time-sensitive UHD-BIQA scenarios.

5.4. Limitations of the Current Study

The current study has several limitations. One constraint of GLUQ lies in its heavy
computational cost (Table 6) which hampers its applications in time-sensitive UHD-BIQA
scenarios, in particular when denser patch sampling can improve prediction accuracy
(Table 3). Beyond efficiency, the representational capacity of GLUQ is limited when com-
pared with UHD-specific Transformer-based or multi-branch systems [25]. The backbone
ablation (Table 13) indicates that the representation capacity of ResNet-50 [39] may partly
limit the correlation performance: replacing it with Swin-T [43] improves PLCC/SRCC by
about 0.011 at the cost of substantially more parameters, MACs, and latency, so the gap to
the strongest Challenge methods is unlikely to be explained by the backbone alone. Mean-
while, graph construction requires further investigation. The ablation studies show that the
final performance is affected by several factors, including the sampling grid, the neighbor-
hood size k, the multi-loss coefficients, and the spatial-feature mixing weight A;. Owing to
the high computational cost, these factors are examined in a staged manner rather than ex-
haustive joint optimization. The attention analysis is qualitative and the gated readout is not
strictly distortion-specific. The Swin-T ablation is a single-run exploratory study. Finally,
the scope of the experimental validation is limited to a single benchmark, and broader
testing on additional databases is needed to examine cross-database generalization.

6. Conclusions

In this study, GLUQ is proposed for alleviating the challenges associated with extremely
high resolution and global-local inconsistency in the UHD-BIQA task. It combines aspect ratio-
aligned patching, KNN-based graph construction, and multi-objective loss weighting to predict
image-level quality scores by propagating information among local representations through
GCN-based message passing. On the UHD-IQA benchmark database, GLUQ obtains the lowest
RMSE among the compared methods with competitive PLCC and SRCC, and the supplemen-
tary stability, confidence-interval, profiling, and attention analyses support the reliability and
bounded behavior of the framework. Future work will explore more efficient patch encoding,
shared backbone feature maps, adaptive patch selection, community-aware graph pooling,
and stronger visual backbones to improve the real-time efficiency of UHD-BIQA, and will
further validate GLUQ on additional databases to examine cross-database generalization.
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Abbreviations

The following abbreviations are used in this manuscript:

UHD Ultra-High Definition

BIQA Blind Image Quality Assessment

UHD-BIQA  The UHD Blind Image Quality Assessment task
GLUQ Global-Local representation learning for UHD image Quality assessment
UHD-IQA The UHD Image Quality Assessment database
PLCC Pearson Linear Correlation Coefficient

SRCC Spearman Rank-Order Correlation Coefficient
RMSE Root Mean Square Error

GRL Graph Representation Learning

KNN k-Nearest Neighbor

GCN Graph Convolutional Network

EMA Exponential Moving Average

TTA Test-Time Augmentation

MLP Multi-Layer Perceptron

MOS Mean Opinion Score

MAC Multiply-Accumulate

Appendix A. Reference Implementation Sketch

Algorithm A1l summarizes the core inference pipeline of GLUQ at a high level. It can
serve as a concise reproducibility checklist when re-implementing the method.

Algorithm A1 Inference pipeline of GLUQ

Input: UHD image I; grid (Gy, Gy,); patch size P; neighborhood size k

Output: predicted quality §

1. Sample N = Gy, Gy, patch centers on an aspect-ratio—aligned grid.

2. Extract patches {x;})¥ | of size P x P from I.

3. Encode each patch with a CNN backbone to obtain embeddings {h;}.

4. Build the graph using the general hybrid KNN formulation with the selected spatial-feature
mixing weight.

5. Apply L residual GCN layers to propagate context on the graph.

6. Compute attention weights {a;} and aggregate z = }; a;h;.

7. Predict § = sf(z) + b with affine calibration.
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