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Abstract. We present BWAFDA, a dual-branch no-reference image qual-
ity assessment model that replaces uniform averaging with detail-aware,
block-wise fusion. The context encoder branch produces multi-scale block
tokens, and a lightweight detail branch extracts high-frequency cues.
These streams are combined late. First, block tokens are aggregated via
block-wise attention across scales, guided by a soft multi-scale prior that
stabilizes cross-scale interactions and preserves localized artifacts. The
resulting descriptors are then fused per scale using learned weights. Sub-
sequently, the detail cues are injected to refine distortion-sensitive evi-
dence. Finally, a class-token-guided head performs “where-to-trust-what”
selection over blocks to produce the quality score, without the need for
region labels. Comprehensive evaluations on seven public NR-IQA bench-
marks show state-of-the-art (SOTA) performance. Across multiple con-
trolled ablations, we observe consistent drops in correlation compared
to the full model, indicating that region-aware masking, contextual fea-
tures, and multi-scale aggregation contribute jointly rather than redun-
dantly. Overall, detail-aware, block-wise fusion delivers SOTA accuracy
while preserving data efficiency and transferability by aligning localized
artifact cues with global context.
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1 Introduction

Image Quality Assessment (IQA) aims to quantitatively evaluate images in align-
ment with human perceptual judgment of visual quality [25,/37,38], serving as a
crucial benchmark for applications reliant on visual fidelity and the development
of image processing techniques. Objective Image Quality Assessment comprises
Full-Reference (FR-IQA) [32/42], Reduced-Reference (RR-IQA) [4,39], and No-
Reference IQA (NR-IQA) [12}/26]. NR-IQA is especially critical because real-
world pipelines often lack a pristine reference image. NR-IQA models infer qual-
ity directly from the distorted content itself, learning to detect and weigh arti-
facts such as noise, blur, compression ringing, and exposure errors. This makes it
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Fig. 1: Performance Comparison on the LIVEFB Dataset. The proposed BWAFDA
method achieves state-of-the-art performance among all existing NR-IQA methods.

indispensable for large-scale, real-world scenarios where the diversity of content,
limited bandwidth, and on-device constraints demand a fast, robust, and no-
reference method of predicting quality. NR-IQA has become increasingly critical
for computer vision tasks such as image restoration [2] and super-resolution |7].

There has been impressive progress in recent years thanks to advances in
data-driven models, especially those based on deep neural networks [6}/12}/13]
18,[20},|23}1241 43,45, [46]. Among these, transformers [35,/36] have emerged as a
particularly powerful architecture for this task. They are a natural fit for NR-
IQA because they can capture long-range context, flexibly integrate multi-scale
evidence, and support region-selective weighting. However, many transformer-
based NR-IQA models [43,45] rely on global pooling or a single CLS token
for image-level summarization. While simple, this approach is suboptimal as it
tends to wash out subtle, localized distortions. Small artifacts (like fine speck-
les in leaf textures or faint edge ringing) occupy very little area, so their signal
gets drowned by large clean regions when everything is averaged together. Fur-
ther downsampling weakens these fine details. Without guidance, attention often
follows visually salient content instead of subtle flaws that actually affect per-
ceived quality. These limitations motivate an architecture that retains the global
reasoning of transformers while explicitly routing evidence by region and scale.

In this paper, we present BWAFDA, a dual-branch NR-IQA model that re-
places uniform averaging with structured, region-aware fusion. A lightweight
region-mask module predicts soft partitions over the ViT patch grid. These
masks bias a block-wise multi-scale aggregator that pools evidence per region
via masked cross-attention and then fuses across scales with learned per-scale
weights. Finally, a class-token-guided head gates the block descriptors-implement-
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ing a late “where-to-trust-what” fusion between the context encoder and the
detail-aware stream, without region supervision. Across seven public NR-IQA
benchmarks, BWAFDA delivers state-of-the-art PLCC and SROCC performance.
The results on a representative dataset (LIVEFB) are illustrated in Fig. [1} Con-
trolled ablations-removing the detail-aware branch, disabling mask bias, or con-
straining fusion to fewer scales-consistently reduce correlation, showing that re-
gion masks, detail cues, and multi-scale aggregation are complementary rather
than redundant. Under 20% and 40% training-data regimes, BWAFDA main-
tains clear margins over strong baselines; cross-dataset tests indicate robust
transfer.

Our contributions can be summarized as follows:

e We propose a dual-branch framework that integrates a transformer-based
encoder with a lightweight detail-aware branch via block-wise fusion.

e We present a mask-biased, multi-scale block aggregation module with per-
scale fusion that is learnt. This replaces global pooling with a mask-biased,
block-wise fusion process that routes evidence by region.

e Our design is compact, data-efficient, and transferable, achieving state-
of-the-art results while remaining competitive under limited training data and
generalizing reliably across datasets.

2 Related Works

2.1 NR-IQA with Transformers

Vision Transformer (ViT)-based NR-IQA approaches can be grouped into two
types. The first type is hybrid transformers [51/9,/19,|40L/45]. The second type
is pure transformers [13,|17}/28]. Hybrid models fuse multi-scale CNN features
to enhance local distortion sensitivity, but this often comes with higher archi-
tectural complexity and training overhead. Although pure transformers such
as DEIQT |28| excel at forming strong global abstractions via the CLS token,
a well-known limitation is their inadequate representation of fine-grained lo-
cal image structure [53]. Several memory-efficient approaches employ local or
block-wise self-attention [22[29], prioritizing computational efficiency over full
long-range interaction. Although sampling-based designs (e.g., VT-IQA [15])
endeavor to balance global and local information through input resampling and
global attention, they are not explicitly supervised to localize degradations. Con-
sequently, their capacity to reliably capture region-specific artifacts throughout
training remains limited. We introduce a Vision Transformer (ViT) framework
that explicitly couples local and global information. Its design consists of four
key components: a soft multi-scale prior Pr(*) stabilizes the cross-scale attention
mechanism; a block-wise aggregation module produces distortion-aware patch
descriptors; a class token-conditioned head then selectively weights these de-
scriptors; and finally, a lightweight, detail-aware branch amplifies high-frequency
cues. This approach preserves the transformer’s global reasoning while providing
targeted sensitivity to local defects.
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2.2 NR-IQA with Detail-aware Representation

Early NR-IQA methods demonstrated the predictive power of high-frequency
and edge information for perceived quality. They explicitly leveraged detail-
sensitive cues, such as natural-scene statistics of local luminance or contrast
(BRISQUE |[25]) and joint statistics of gradients or Laplacians (GM-LOG [41]).
Opinion-unaware models like IL-NIQE [47] further aggregated local statistics
without MOS labels, reinforcing the value of localized detail beyond global ap-
pearance priors. With deep learning, dual-branch architectures (DBCNN [48])
combined semantic features with distortion-aware (texture or frequency) cues to
better capture authentic artifacts, while remaining fully reference-free. Zhang et
al. [50] enhanced feature extraction efficiency by pre-processing images into sepa-
rate high-frequency and low-frequency distortion maps using the Sobel operator
and Piecewise Smooth Image Approximation (PSIA). In the transformer-based
methods, attention-centric NR-IQA (MANIQA [43|) assigns patch-level weights
and multi-dimensional attention so that fine defects are not averaged out by
global pooling, and content-adaptive frameworks (HyperIQA [34]) separate “con-
tent understanding” from “perception rule learning”, effectively boosting detail
cues when they matter for quality judgments. By aligning frequency- or gradient-
based priors with tokenized representations and fusing them with global context,
NR-IQA models can retain and emphasize fine, localized artifacts, ensuring these
high-frequency cues are properly integrated into global quality inference.

2.3 NR-IQA with Multi-scale Aggregation

Multi-scale and region-aware transformers have become central to NR-IQA be-
cause they preserve localization of artifacts while reconciling evidence at the
global image level. MUSIQ [13] introduces a multi-scale transformer that pro-
cesses native-resolution images and explicitly fuses scales to capture quality “at
different granularities”, addressing the loss of fine cues under single-scale pool-
ing. MANIQA [43] complements this with patch-weighted prediction and multi-
dimensional attention, ensuring block contributions are selectively aggregated
rather than uniformly averaged. Content-adaptive designs like HyperIQA [34]
further show that quality estimation benefits from region-dependent rules that
modulate local evidence before global scoring. However, despite these advances,
SHDIQA [18|] notes that sampling- or block-structured transformers often lack
explicit supervision for localized degradations, making small-area artifacts hard
to capture. To address this gap, we replace uniform pooling with a soft prior
that regulates cross-scale attention during block-wise aggregation, preserving
localized artifacts while reconciling them with global context.

3 Method

3.1 Overview

As illustrated in Fig. [2, BWAFDA takes an input RGB image I and predicts a
scalar quality ¢ € R. The context encoder branch fe,(I) produces patch tokens.
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Fig. 2: Overview of the proposed BWAFDA framework. The model has two coop-
erating branches: (1) The context encoder branch that maps the RGB input I into
feature tokens with a ViT. It also uses a mask net to produce masks M. Furthermore,
it applies masked attention (Eq. ) over Q/K/V from a learned Q-bank, and forms
block embeddings (Eq. ) which are fused by the block-wise weighted attention fu-
sion (BWAF) module. (2) The detail-aware branch that derives spatial-detail features
from the grayscale image Y using Sobel/Laplacian filters and frequency-detail features
via FFT, refined by Conv—GELU blocks. The fused context features are concatenated
with detail features and passed to the class-token-guided quality head to output the
predicted quality score g. Notation: I denotes the input RGB image; Y denotes the
grayscale image; M denotes the learned block mask; g denotes the final predicted score.

The detail-aware branch fget(I) extracts high-frequency and edge-like cues and
projects to the shared embedding space. The block-wise aggregator pools tokens
per predicted block across multiple scales using mask-biased attention, and fuses
the resulting per-block descriptors with learned per-scale weights. The quality
head then applies class-token-guided gating over blocks to produce final score q.

3.2 Context Encoder and Detail-Aware Branch

Detail-aware Branch. The objective of this branch is to provide additional

cues by extracting local structures and frequency-band energy that are aligned
with the ViT patch grid.

(1) Spatial-detail stream. Convert the input RGB image I € [0, 1]>*#*W to
grayscale image Y, then apply fixed Sobel filters S, S, and a Laplacian L:

Gy,=Y-5, Gy,=Y.-5,, A=Y.L. (1)
Stack spatial cues and project to width D:

Fyp = Projy, ([Ga, Gy, A]) € ROV, (2)
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Align to the patch grid via area pooling (same grid as tokens):
Dy, = Pool(,, ) (Fsp) € REXFnxPu, (3)
(2) Frequency-detail stream. Compute rFFT magnitude on grayscale Y:
M(u,v) = fFFT2(Y)| € REXW/2+1), (4)

Define B radial bands via masks {R}Z2_,, where Ry(u,v) € {0,1} selects fre-
quencies with radius r in [rp—1, 7). Then band energies can be described as:

Eb:ZRb(u7v)~M(u,v)7b: 1,..,B. (5)

u,v

Tile each E} spatially, concatenate, and project:

Fireq = Projgeq([E1, ..., Ep]) € R®*HXW, (6)
then pool to the patch grid:

Direq = Pool(p, p,)(Fireq) € R®* > Fu, (7)

(8) Detail feature fusion. Concatenate spatial and frequency features on the
grid and reduce back to width .

Daer = ¢([DSPHDfreq]) € RQXP}LXPW? (8)
where ¢ is a 1 x 1 linear projection function. Multi-scale variants D((fe)t are ob-
tained by the same pooling schedule as the context tokens:

(2) y p(s)
D((;)t = POOI(P}(LS),PS))(DdCt) S RQXP’L x Py, . (9)

Context Encoder Branch. (1) ViT-based context encoder. Let the input RGB
image be I € [0,1]>*7*W_We use a ViT-style encoder as backbone (patch size
is P, width is ©). Firstly, we split I into non-overlapping patches and project:
H W

20 = [coit1y s tN] + Eposs tn = We-vec(I,) €R®, N = 5 o € R®, (10)
where E,qs is positional encoding, cy is the class token, and W, is the learned
patch-embedding matrix that projects the flattened patch to the model width
®. The vec(-) is the vectorization operator, it flattens the patch I,, € R3*FP*P
into a column vector vec(I,) € R¥ P,

Then, for layer £ =1, ..., L:

201 = LN(ngl), Z?lsa =% —l—MSA(ﬁg,l), 2y = Z?ﬂsa—‘y—1\/ILP(I.;N(Zénsa))7 (11)

where LN(+) is layer normalization, MSA(+) is the multi-head self-attention mod-
ule. The output can be written as:

zr = [c;tgL),...,t%’)},ceRg,t,(lL) e RP. (12)
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Finally, we reshape patch tokens to a grid:

H W
T eR"*PxPv pp=— P,=— 13
S ’ h P’ P’ ( )
and form a multi-scale pyramid by area pooling:
T(s) — POOI(P}ES),P&S))(T) € RDXP;ES)XPéS)“S 1.8 (14)

This encoder provides context tokens 7¢) for the block-wise weighted attention
fusion (BWAF) module.

(2) Block-wise weighted attention fusion. We propose a block-wise aggrega-
tor (BWAF) that converts multi-scale patch tokens and per-block masks into
one ®-dimensional embedding for each block in an image. At each scale, learn-
able block queries attend to tokens under a mask-derived probabilistic prior,
and the resulting block embeddings are fused across scales via a learned convex
combination.

Let B denote the batch size, ® denote the feature dimension, H denote the
number of attention heads, and dj, = ®/H. We consider S input scales indexed

by s € {1,...,5}. The token grid on scale s has spatial size P,Es) x P and
NG = P,Es) . P{) tokens. The token is described as X(®) € REXN® %D o the
scale s. Each sample provides K blocks (variable per batch, but K < Kpax).
During the experiment, K.« took the value of 4. On the scale s, the block masks
M) ¢ REXEXN® yoshaped from [B, K, P,ES), Pu(f)]; the row lesk) indicates the
support for the tokens for block k. For query bank Qo € RE=ax*® e select the

first K rows at runtime. The coeflicients of the linear projection are denoted as
Wgq € RP*®P Wi € R®*® and W, € R®*?® respectively.

At scale s, for sample b, and block k, let Mésk) € Rgo denote the (flattened)
block mask over the N = P,ss) . Pé,s) tokens. We convert this mask into a

. . ()1 . . ..
token-level prior distribution Pb(sk): e AN71 yia row-wise normalization:

N Mlgb'lz " (s)
S S S 3’ - [} S > O,
Sii = D My, Pil, = q siiee 0 (15)
n=1 1 S(S) =0
N(s)» b,k ’

with a small constant € > 0 for numerical stability. Here b € [1, B] indexes batch
samples (images), k € [1, K] indexes blocks for that sample (K < Kpax), and
s € [1, 5] indexes scales; tokens within a scale are indexed by n € [1, N(*)].
AN =1 {pe RN : pp = 0 for all n,zg:f pn = 1} means the (N(®) — 1)-
dimensional probability simplex. We inject log P(*) additively into attention
logits as a soft prior that encourages, but does not force, focus on mask-selected
tokens.

We form block queries from the bank, broadcast to the batch, project queries,
keys, and values:

QW =Qoll: K, |- Wo, KO =XxO.Wwg, v =x.w,  (16)
——

cRE XD
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The output is then split into H attention heads. Here, H refers to the number of
heads, and the superscripts s and b are omitted for brevity. For the h-th head,

QM) ¢ RBXExdn () () ¢ REXNxdn oy — 1 H. (17)

Let the log-prior as Pr(®) = log P®) ¢ RBXKXN The masked attention can

be described as

Q(h)( K(h))T
Vdp

and the per-scale block embedding is

A(9) = softmax( + Pr(®)) g RBXKXN® (18)

Ohs) — Ahs) 1 (h) ¢ REXKxdn
0 = Concat,0"*) e REXKX® (19)

The prior biases attention toward desired regions while the learned query-key
similarity determines fine-grained token weights, yielding robust block descrip-
tors.

We maintain a global learnable vector of fusion logits w € RS. To activate S
scales, we compute as follows:

_ exp(ws)
=g
>y exp(wy)

and fuse per-scale outputs into the final block representation

s=1,...,8, (20)

S
0=> a, -0 e RPX>D, (21)

s=1

Thus, the module produces one ®-dimensional embedding per block after an
adaptive, convex multi-scale aggregation. In our experiments, the max-scales
is set to 3. The aggregator learns per-block queries that perform mask-guided
cross-attention over multi-scale tokens and combines scales through a learned
convex fusion, producing compact and discriminative block embeddings suitable
for downstream quality assessment.

3.3 Class-token-guided quality head

Let ¢ € R® denote global class token from context encoder branch, and let
Dget = {Dﬁet szl, be the block-aligned detail descriptors produced by the detail-
aware branch. For each block k, we fuse the contextual and detail information
by concatenating the BWAF output with the aligned detail descriptor and pro-
jecting back to width ©:

Dy = ¢([0| Déer)) (22)

where OF is block-wise context embedding from BWAF, () is linear projection.
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For each block k, we concatenate the global context with the block descriptor
and map it through a lightweight MLP to obtain a gate logit gg:

Up = [CHDk] S RQ'Q,

(23)
gr = wa - o(w1 - uk + b1) + ba,

where o(-) is a pointwise nonlinearity (e.g., GELU). In the gating MLP, w; €
RA*29 and b; € R¥ are the hidden-layer weight matrix and bias that map the
concatenated input [c||Dy] to a hidden feature, while wy € R¥ and by € R are
the output-layer weight vector and bias that convert this hidden feature into the
scalar gate logit ¢x. A softmax over blocks yields normalized importance weights:

exp(qr.)
> exp(;) (24)
g = [gla"'7gK] S AK?la

9k =

where AK=1 = {5 € RE : g, > 0 for all i7ZiK:1 g; = 1} denotes the (K — 1)-
dimensional probability simplex. Thus, the allocation of importance across blocks
is conditioned on global context ¢ as well as the feature evidence Dy.

The head forms a gated summary feature by combining block descriptors:

K

D =Y gi Dy€eR®. (25)
k=1

The image-level quality score ¢ is obtained via a regressor:
g = Wreg - qb(lN)) + breg- (26)

In this case, the function denoted by the symbol ¢(-) can be an optional hidden
layer (MLP) with nonlinearity. The learnable weight vector of the final regression
layer is represented by wyeg, and the corresponding bias is represented by byeg.

3.4 Training Objective

Given a supervised mini-batch with image-level Mean Opinion Score (MOS)
targets ¢, model makes the prediction ¢g. The loss combines a regression term,
a pairwise ranking term, and two regularizers on the soft region masks:

L :'Creg(q; qgt) + Erank(qa qgt)

+ 5() - (Nent - H(M) + Ay - TV(M)), (27)

where £,¢; = SmoothL1(g, ¢8") penalizes absolute error in the predicted quality.
Lrank = RankHinge(q, ¢8°) |1] enforces correct relative ordering of image qualities
in the batch.

Let M € RBXEXPaxPu denote the soft region masks, where a softmax
is applied along the block dimension K at every spatial location (,j), i.e.,
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Zle My ri; = 1. These masks are predicted by a lightweight convolutional
mask net attached to the context encoder branch. The mask net is a shallow,
fully convolutional module that converts hand-crafted SNR, edge, and residual-
noise cues into K soft masks on the patch grid. These masks guide block-wise
aggregation while remaining lightweight and independent of the ViT backbone.
We refer readers to the supplementary material for architectural details. Im-
portantly, the mask net is trained end-to-end with the total loss £. Define the
spatial index set 2 ={1,..., P} x{1,..., Py}, |2| = Py Py,. H(M) encourages
confident (low-entropy) soft masks |10]:

B K
1
H(M) = —m ZZ Z Mb7k,i7j . IOgMb7k7i7j. (28)

b=1 k=1 (i,j)eN

TV(M) = mean(| v, M| + | 7y M]) encourages spatial smoothness [30]. The
weights Aent and \¢y are user-set hyper-parameters with a default value of 1072
and 2 x 1072, respectively. The regularizers are modulated by: s(t) = 0.25 +
0.75- %, where t is the current epoch and T is the total number of epochs, which
down-weights mask penalties as training progresses.

4 Experiments

4.1 Experimental Settings

Datasets. Experiments are conducted on 7 typical NR-IQA datasets. These
include 4 synthetic datasets. These are LIVE [33|, CSIQ [14], TID2013 |27],
and KADID |[21]. The other 3 are authentic datasets. These are LIVEC [¢§],
KonlIQ [11], and LIVEFB [44]. For authentic datasets, LIVEC (LIVE Challenge)
contains 1,162 authentically distorted images captured by diverse mobile devices
and photographers. KonlQ includes 10,073 images collected from public sources.
LIVEFB is a large real-world picture quality dataset with 39,810 images. For the
remaining synthetic datasets, LIVE has 779 distorted images with 5 distortion
types, CSIQ includes 866 distorted images built from 30 references with 6 dis-
tortion types, and KADID contains 10,125 distorted images produced from 81
references across 25 distortion types and 5 levels. TID2013 is widely used as a
synthetic-distortion benchmark and comprises 3,000 distorted images generated
from 25 reference images under 24 distortion types at 5 degradation levels.

Evaluation Metrics. Spearman’s Rank-Order Correlation Coefficient (SRCC)
and Pearson’s Linear Correlation Coefficient (PLCC) are reported to measure
prediction monotonicity and accuracy, respectively. Values ranging from -1 to 1
are used to indicate performance. Higher values indicate better performance.

Training Settings. Our proposed BWAFDA IQA network is trained end-to-
end with SGD |[3] optimizer and mixed precision (AMP). The backbone of the
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Table 1: Performance comparison measured by the average of SRCC and PLCC. Best
results are in bold, second-best are underlined.

LIVE TID2013 CSIQ KADID Il LIVEC KonlQ LIVEFB
Method PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC H PLCC SRCC PLCC SRCC PLCC  SRCC
ILNIQE |47] 0.906 0.902 0.648 0.521 0.865 0.822 0.558 0.534 0.508 0.508 0.537 0.523 0.332 0.294
BRISQUE|25] 0.944 0.929 - - 0.748 0.812 0.567 0.528 0.629 0.629 0.685 0.681 0.341 0.303
DBCNN 48] 0.971 0.968 0.865 0.816 0.959 0.946 0.856 0.851 0.869 0.851 0.884 0.875 0.551 0.545
TIQA [45] 0.965 0.949 0.858 0.846 0.838 0.825 0.855 0.850 0.861 0.845 0.903 0.892 0.581 0.541
MetalQA™|52] 0.959 0.960 0.868 0.856 0.908 0.899 0.775 0.762 0.802 0.835 0.856 0.887 0.507 0.540
HyperIQA (27M) [34]  0.966 0.962 0.858 0.840 0.942 0.923 0.845 0.852 0.882 0.859 0.917 0.906 0.602 0.544
TReS (152M) |9 0.968 0.969 0.883 0.863 0.942 0.922 0.858 0.859 0.877 0.846 0.928 0.915 0.625 0.554
MUSIQ (27M) [13| 0.911 0.940 0.815 0.773 0.893 0.871 0.872 0.875 0.746 0.702 0.928 0.916 0.661 0.566
Re-IQA (48M) 131 0.971 0.970 0.861 0.804 0.960 0.947 0.885 0.872 0.854 0.840 0.923 0.914 - -
DEIQT (24M) 28| 0.982 0.980 0.908 0.892 0.963 0.946 0.887 0.889 0.894 0.875 0.934 0.921 0.663 0.571
QPT (24M) 51| - - - - - - - - 0.914 0.895 0.941 0.927 0.675 0.575
LIQE (151M) 49} 0.951 0.970 - - 0.939 0.936 0.931 0.930 0.910 0.904 0.908 0.919 - -
QFM-IQM (24M) |16 0.983 0.981 0.932 0.916 0.965 0.954 0.906 0.906 0.913 0.891 0.936 0.922 0.667 0.567
LoDa (118M) 40| 0.979 0.975 0.901 0.869 - - 0.936 0.931 0.899 0.876 0.944 0.932 0.679 0.578
SHDIQA (24M] 18] 0.984  0.982 - - 0.972 0962  0.940  0.937 0.922 0.909 0.948 0937  0.735 0.639
BWAFDA (23M) 0.985 0.983 0.975 0.972 0.988 0.983 0.972 0.970 0.928 0.917 0.949 0.940 0.777 0.723

Rel. gain vs 2nd-best  +0.10% +0.10% +4.61% +6.11% +1.65% +2.18% +3.40% +3.52% || +0.65% +0.88% +0.11% +0.32% +5.71% +13.15%

context encoder branch is ViT-S [35] (DeiT-III). The model is trained for 40
epochs with warm-up, then cosine annealing. We use a cosine learning rate sched-
ule with 10% warm-up, employing a rate of 5 x 107° for the context encoder
backbone and 5 x 10~ for all remaining parameters. During training, we apply
random cropping with crop sizes that are multiples of 16. At test time, we eval-
uate on the full image after padding it to the nearest multiple of 16 to satisfy
ViT-S’s input constraints. We divide the data into two parts: 80% for training
and 20% for testing. We then repeat the training process 10 times, using differ-
ent random numbers for each repetition. Finally, we report the mean SRCC and
PLCC to reduce the effect of sampling bias. All experiments are conducted on
four NVIDIA RTX 4090 GPUs or single NVIDIA RTX 5090 GPU.

4.2 Experimental Results

Evaluation on Individual Database. Tab.[[]shows how the proposed BWAF-
DA compares with other (SOTA) NR-IQA methods. These include ViT-based
IQA methods such as SHDIQA |[18] and LoDa [40], as well as degradation
modelling-based methods such as Re-IQA [31] and QPT [51]. The superior per-
formance of the proposed BWAFDA over all other methods across all seven
datasets is clearly evident. It is worth noting that BWAFDA achieves a signif-
icant performance enhancement on the most challenging LIVEFB dataset. We
primarily attribute the +5.71% PLCC and +13.15% SRCC gains to block-wise
weighted fusion with detail-aware branches. This provides robust local defect
sensing while maintaining global contextual information, which is particularly
effective for the noisy, real-world LIVEFB dataset.

Evaluation of Data-efficient Learning. We demonstrate the data efficiency
of our proposed approach in Tab. We train models using 20% and 40%
of the available images, following the efficient validation protocol outlined in
SHDIQA [18], LoDa [40|, and DEIQT [28]|. This process was repeated 10 times
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with different seeds, and the average SRCC and PLCC scores are reported. Un-
der the 20% and 40% low-data regimes on LIVEC and KonIQ datasets, our
method achieves comparable or better performance than prior methods. We at-
tribute these gains to our integrated approach of block-wise weighted fusion and
detail-aware branches. This combination not only enhances local defect sensing
but also effectively suppresses content bias and label noise, leading to improved
rank consistency and linear correlation.

Table 2: Validation of data-efficient Table 3: SRCC on the cross datasets vali-
learning with a training set containing dation. The best results are highlighted in

20% and 40% of the images. bold, second-best are underlined.
Mode Methods LIVEC KonlQ Training LIVEFB  LIVEC KonIQ LIVE CSIQ
PLCC SRCC PLCC SRCC Testing KonIQ LIVEC KonlQ LIVEC CSIQ LIVE
_ DEIQT 28] 0.822 0.792 0.908 0.888 DBCNN [48] 0.716 0.724 0.754 0.755 0.758 0.877
20% LoDa 0] __ 0.854 0.815 0.923 0.907 P2P-BM [44] 0.755 0.738 0.740 0.770 0712 -
SHDIQA \18 0.866 0.840 0.928 0.915 TReS [9 0.713 0.740 0.733 0.786 0.761
BWAFDA 0.904 0.884 0.929 0.919 eS [9) ) : : : ) N
DEIQT [28] 0.733 0.781 0.744 0.794 0.781 0.932
DEIQT (28] 0.855 0.838 0.922 0.903 LoDa\40\ 0.763 0.805 0.745 0.811 _ _
40% LoDa [40] __ 0879 0.849 0.935 0.922 SHDIQA 18] 0.723 0.791 0.782 0.819 0.789 0.943
SHDIQA [18] 0.889 0.869 0.942 0.929
BWAFDA — 0.913 0.896 0.942 0.932 BWAFDA  0.805 0.803 0.828 0.846 0.810 0.949

Cross-Database Evaluation. Cross-dataset experiments are used to evaluate
BWAFDA'’s ability for generalization, with the NR-IQA model being trained
on one dataset and tested on others. The SRCC averages for five datasets are
shown in Tab.[3] BWAFDA achieves the best performance in five out of six cross-
dataset evaluations. BWAFDA attains the top SRCC on almost all train-test
pairs. Compared with strong baselines (e.g., LoDa [40], DEIQT |28|, TReS [9]),
our method achieves higher correlations consistently, often by 0.02-0.04 SRCC,
and never collapses in any transfer direction. This indicates that our proposed
model captures distortion cues that are less dependent on the specific content
distribution of a dataset.

FLOPs/Inf. Time Comparison. To evaluate computational efficiency, we
compare model complexity under a fixed 224 x224 input resolution (see Tab. .
Inference latency is measured on an NVIDIA RTX 5090 GPU (Windows 11)
by averaging 100 forward passes after 30 warm-up iterations. Our BWAFDA
contains only 23M parameters, achieving 14.9 GFLOPs and 6.6 ms per image.
These results confirm a favorable accuracy—efficiency trade-off, underscoring the
practical advantage of our approach.

4.3 Ablation Study

Ablation on Masked Prior. In the “Without Prior” variant in Tab. [5| we
ablate the masked prior Pr(®) = logP(*)from the attention logits (see Eq. (18)).
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Table 4: Complexity comp.

Method Param. (M) GFLOPs Inf. Time (ms)
HyperIQA |34] 27 8.650 4.465
TReS |9 152 39.910 10.276
MUSIQ [13 27 43.469 16.857
DEIQT |28| 24 9.340 3.686
LIQE |49 W/O CLIP 151 8.817 3.082
LIQE |49| W CLIP 151 2958.530 40.907
LoDa [40] 118 47.269 8.696
Ours 23 14.885 6.595

This ablation leads to consistent performance drops compared with our full
model. On the LIVEFB database, the PLCC score fell from 0.777 to 0.754,
a decrease of 3.0%, while the SRCC score declined from 0.723 to 0.677, expe-
riencing a 6.8% drop. Similarly, on the LIVEC database, the PLCC decreased
from 0.928 to 0.908 (-2.2%), and the SRCC dropped from 0.917 to 0.893 (-2.6%).
From a mechanical perspective, adding log P(®) is equivalent to reweighting atten-
tion using a probability mask specific to the scale, which suppresses implausible
token interactions and stabilizes rankings. These effects are particularly bene-
ficial for the noisier, in-the-wild LIVEFB data. Overall, the masked prior acts
as a lightweight, structure-aware regularizer that improves both absolute agree-
ment (PLCC) and ordinal consistency (SRCC), and is therefore an important
contributor to our model’s robustness and SOTA performance.

Ablation on Multi-scale. The adoption of a three-scale architecture in our fi-
nal model is justified by the ablation results (Tab. , where the single-scale
(“Multiscale One”) and two-scale (“Multiscale Two”) variants lag behind the
three-scale design. At the same time, the step from one to two scales offers
negligible improvement (e.g., SRCC: 0.677 — 0.678 on LIVEFB). By contrast,
introducing the third scale brings pronounced gains: PLCC +0.022 (+2.91%)
and SRCC +0.045 (+6.64%) on LIVEFB; PLCC +0.018 (+1.98%) and SRCC
+0.022 (+2.46%) on LIVEC. This performance leap stems from (i) the multi-
scale coverage of fine-to-coarse visual cues and (ii) our detail-aware, block-wise
weighted fusion, which dynamically selects informative scales per region instead
of relying on naive averaging. Consequently, the three-scale design materially
strengthens both PLCC and SRCC.

Ablation on Detail-aware Branch. As shown in Tab. 5| removing the detail-
aware branch from our full model leads to clear performance drops. The degrada-
tion is more pronounced on the in-the-wild LIVEC dataset. For example, PLCC
decreases by 0.017 and SRCC by 0.022. The drop on LIVEFB is smaller but
still consistent. These results suggest that modelling details, such as edges, tex-
tures, and local artifacts, are particularly important for real-world distortions.
In such cases, global semantic cues alone are often ambiguous. Mechanistically,
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Table 5: Ablation results on LIVEFB and LIVEC datasets.

LIVEFB LIVEC
PLCC SRCC PLCC SRCC
Without Detail-aware Branch 0.774 0.720 0.911 0.895

Mode

Without Prior 0.754 0.677 0.908 0.893
Multiscale One 0.753 0.677 0.908 0.892
Multiscale Two 0.755 0.678 0.910 0.895
Ours (BWAFDA) 0.777 0.723 0.928 0.917

the detail-aware branch provides high-frequency evidence. BWAFDA uses this
evidence to emphasize the most informative scales dynamically. Therefore, the
detail-aware branch complements contextual features effectively. It helps stabi-
lize rank-order consistency and improves absolute score agreement.

4.4 Qualitative Analysis

We provide qualitative visualizations of the detail-aware branch feature maps
(as shown in Fig. 3| ), where high responses concentrate on edges/high-frequency
structures that typically correlate with perceptual distortions. In addition, Tab.
confirms its contribution quantitatively: removing the detail-aware branch leads
to consistent drops in PLCC/SRCC, indicating it indeed contributes to the final
distortion-aware prediction.

In Fig. 4] we show KonlQ examples with their block-wise importance maps.
For well-predicted images (top row), the model assigns high importance to re-
gions that are perceptually informative-such as textured areas, object bound-
aries, or local artifacts-while largely down-weighting flat backgrounds, leading
to predictions that closely match the ground-truth MOS. For poorly-predicted
images, importance sometimes becomes too diffuse or biased toward salient ob-
jects, so subtle or highly localized distortions are underweighted. Overall, the
block-wise fusion is effective, and remaining mismatches mostly occur for visually
complex or ambiguous images where quality assessment is inherently difficult.

~ Source Image Detail-aware Branch Feature Source Image Detail-aware Branch Feature

Fig. 3: Visualization of the detail-aware branch features. Compared with the source
images, the extracted feature maps highlight fine-grained local structures, including
edges, contours, textures, and other high-frequency details.
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Test Imay Block-wise Importance Map Test Image Block-wise Importance Map

Fig. 4: Qualitative examples on KonlIQ showing test images and corresponding block-
wise importance maps. The top row shows well-predicted samples, where the predicted
MOS is close to the ground truth, while the bottom row shows poorly predicted samples.
Warmer colors indicate blocks that are more influential for quality prediction.

5 Conclusion

We introduced BWAFDA, an NR-IQA model that keeps the transformer’s global
view but adds two missing pieces: (1) a multi-scale, block-wise fusion that aggre-
gates evidence where artifacts actually appear, and (2) a lightweight detail-aware
branch that preserves high-frequency cues. A soft prior, Pr(*), guides cross-scale
attention, and a class token head converts the fused block features into a sin-
gle quality score, without the need for region labels. Experiments show three
key findings. Firstly, local detail, multi-scale, and global context work together;
removing any of these factors reduces performance. Secondly, our block-wise se-
lective fusion compares favorably against global pooling baselines, particularly
when the image contains small, scattered artifacts. Thirdly, the method remains
data-efficient and can be transferred easily across datasets. These observations
suggest two next steps: learning stronger priors from self-supervision and extend-
ing BWAFDA to video IQA and explainable region attribution. Overall, these
results confirm the effectiveness of BWAFDA and its clear advantage over SOTA
NR-IQA models.
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