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Abstract—Blind Image Quality Assessment (BIQA) models
trained on one distortion distribution often degrade when exposed
to new ones, making sequential adaptation without forgetting a
fundamental challenge. While continual learning offers a natural
solution, existing methods typically retrain the entire backbone
per task, limiting scalability and parameter efficiency. We pro-
pose ContEditIQA, a parameter-efficient framework for contin-
ual BIQA that selectively edits a pre-trained Vision Transformer
(ViT) rather than retraining it. Following a locate-then-edit
strategy, a lightweight attention-guided hypernetwork identifies
distortion-sensitive Feed-Forward Network (FFN) parameters for
each incoming task and restricts updates to those regions, while
attention layers remain frozen to preserve globally shared repre-
sentations. This targeted editing enables robust sequential adap-
tation without model expansion or memory replay. Experiments
across six BIQA benchmarks demonstrate superior knowledge
retention and cross-dataset generalization while modifying fewer
than 30% of backbone parameters, establishing selective model
editing as an effective and scalable paradigm for continual BIQA.

Index Terms—Blind Image Quality Assessment, Continual
Learning, Model Editing

I. INTRODUCTION

Blind Image Quality Assessment (BIQA) [1], [2], [3] pre-
dicts perceptual quality scores for a given distorted image
without needing its reference pristine image. This is essen-
tial for streaming services and social media where “perfect”
ground truths do not exist. While some datasets like LIVE
[4] and CSIQ [5] focused on synthetic distortions, some
benchmarks such as BID [6], CLIVE [7], KonlQ-10K [8], and
KADID-10K [9] capture complex real-natural degradations or
artifacts. Despite these advancements, modern architectures
[10], [11], [12] often fail to generalize; they learn dataset-
specific characteristics rather than universal quality principles,
causing models trained on synthetic noise to fail when applied
to real camera artifacts. If we directly fine-tune the model
on new distortion, this may result in catastrophic forget-
ting[13],[14] of previously seen distortions.

Continual Learning for BIQA: Previous works[15], [16]
address this by balancing plasticity (learning new information)
with stability (retaining old knowledge). While traditional
BIQA research focuses on maximizing correlation within a
single dataset, continual BIQA requires sustained performance
across an evolving stream of tasks. [17], [18], [19] formulated
continual learning for BIQA and introduced plasticity and
stability indices to quantify this trade-off. Early methods
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Fig. 1: Naive sequential learning vs. the proposed mask-based
continual learning approach for BIQA. Color-coded masks
and parameters indicate task-specific updates guided by the
hypernetwork, mitigating catastrophic forgetting.

like Learning without Forgetting (LwF) [20] used knowledge
distillation to prevent drift, and recent research integrated
distillation with task-specific heads [17]. [21] improved adap-
tation by freezing convolution filters and learning only task-
specific normalization layers, while [22] introduced channel
modulation kernels to encode channel attention and mitigate
model divergence across successive tasks through attention
distillation. However, these CNN-based methods lack precise
adaptation mechanisms, and the global reasoning power of
Vision Transformers (ViT) has yet to be fully exploited in this
context.

Model editing offers a surgical alternative to full retrain-
ing by updating only behavior-specific network components,
avoiding the instability of global updates. While widely ex-
plored in language models [23], [24], [25], its application
in computer vision remains limited [26]. In BIQA, different
parameters encode sensitivities to distinct distortions, enabling
targeted adaptation while preserving orthogonal knowledge.
We propose ContEditIQA, a mask-guided selective editing
framework for continual BIQA. Focusing on the FFN layers
of a ViT backbone, an attention-gated hypernetwork generates
task-specific binary masks to identify which weights require
updating, while self-attention modules remain fixed to preserve



global reasoning.

Our framework follows a two-stage locate—then—edit strat-
egy. A lightweight hypernetwork first localizes distortion-
sensitive FFN parameters for each incoming dataset, after
which only the selected parameters are updated to enable
targeted adaptation while preserving prior knowledge. This ap-
proach achieves fine-grained plasticity without replay buffers
or full-network fine-tuning and consistently outperforms ex-
isting continual BIQA methods across six benchmarks. Fig 1
compares naive sequential learning with hypernetwork-guided
selective editing for mitigating catastrophic forgetting. Our
contributions are summarized as follows:

« We propose a selective transformer editing framework for
continual BIQA that adapts only task-relevant FEN layers
while preserving global attention representations.

o We introduce a hypernetwork-driven locate—then—edit
mechanism for dynamic parameter localization and edit-
ing.

« We achieve a favorable stability—plasticity trade-off while
updating only <29% of backbone parameters.

II. PROPOSED METHOD
A. Continual Learning of Dataset-Specific Heads for BIQA

Continual Blind Image Quality Assessment (BIQA) requires
models to adapt to newly emerging distortion distributions
without degrading performance on previously learned datasets.
A straightforward approach is to sequentially update both the
backbone and prediction heads; however, this often induces
global parameter drift, leading to overfitting and catastrophic
forgetting.

We consider a continual learning setting with a sequence
of datasets {D1, Da, ..., D}, each characterized by distinct
distortion types. Our BIQA architecture consists of a backbone
feature extractor fy : RZXW s RE and task-specific predic-
tion heads hy, (). The objective is to sequentially update the
shared backbone and dataset-specific heads while preserving
previously acquired knowledge.

Rank-Based Loss: We adopt a fidelity-aware ranking loss
[27], which better reflects perceptual ordering than regression-
based objectives. For an image pair (z,y) ~ D;, the proba-
bility that  has higher perceptual quality than y is defined

as
Pelz,y) = @ (hwt <f¢<f>>ﬁhwt (f¢(y)))

where ®(-) denotes the standard normal cumulative distribu-
tion function. Given MOS values ¢(x),¢(y) € R, the binary
label is defined as p(z,y) = 1 if ¢(z) > ¢(y) and 0 otherwise.
The fidelity loss is formulated as

E(gjﬂy;d)?wt) =1- Vv p(x,y)ﬁt($7y)
V(@ = p(z,9)) (1 pilz,y). (D)

The overall training objective is given by

t—1

min 0z, y;d ) + A LTy b1, k), ()
ée {0} P

where ¢ denotes the backbone parameters and v); corresponds
to the head for dataset ¢. For previous tasks, ground-truth
labels are unavailable; therefore, pseudo-labels generated by
the previous model are used, denoted as pg(z,y) for k =
1,...,t —1 and p(z,y) in (1) becomes pi(z,y) and used in
the second term of (1) . This formulation enables sequential
optimization across datasets while allowing prediction heads
to evolve with incoming data. The second term penalizes
the model from drifting from previous knowledge, where A
controls the penalty strength.

However, fully fine-tuning the backbone at each task in-
duces global parameter drift and leads to catastrophic forget-
ting. To mitigate this issue, we introduce a selective backbone
editing strategy that updates only a subset of parameters
while freezing distortion-invariant representations. This selec-
tive editing mechanism enables efficient task adaptation while
preserving prior knowledge, forming the foundation of the
proposed ContEditIQA framework.

B. Selective Transformer Editing via Hypernetwork Localiza-
tion

Our approach builds on the Vision Transformer (ViT) back-
bone, but departs from conventional fine-tuning by introducing
a selective editing mechanism for continual adaptation. Instead
of updating the entire network, we identify specific parameters
that are most responsive to particular distortions.

A Transformer block consists of Multi-Head Self-Attention
(MHSA) and Feed-Forward Network (FFN) modules. While
MHSA primarily captures global structural relationships that
remain largely distortion-invariant, FFN layers encode task-
dependent contextual representations[28]. This observation
motivates a targeted adaptation strategy: preserving attention
pathways while selectively modifying FFN parameters to
accommodate new datasets.

The FEN sublayer is defined as

FFN(z) = Lineary (GELU (Linear; (z))) . 3)

we keep the other components of backbone frozen while
adapting only the FFN components, as illustrated in Fig. 2.
This design constrains representational drift while enabling
task-specific plasticity.

For finding distortion-aware parameters, we used an
attention-guided hypernetwork that generates task-specific
masks for editing FFN weights. Rather than updating the
whole FFN, the hypernetwork learns which parameters are
critical for the incoming task and applies multiplicative mod-
ulation to those weights. The backbone fg, remains fixed
except for the masked FFN parameters, allowing controlled
adaptation without overwriting prior knowledge. This selective
transformer editing strategy forms the core of the proposed
ContEditlQA framework, enabling continual learning through
localized parameter updates while maintaining stable global
representations.

C. Hypernetwork-Guided Selective Editing

Let W7 and W5 denote the linear projection matrices
of the FFN within a Transformer block. Given an image
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Fig. 2: System diagram of the proposed ContEditIQA framework for continual learning. The framework processes datasets
in chronological order as shown above. At each task ¢, the frozen backbone ViT;_; from the previous task(for the first task
(t=1), VT is initialized with ImageNet-pretrained weights) generates features for two given images x,y then the difference
2t = foo(x) — fs,_,(y) is fed to the hypernetwork to produce binary masks 7 for selective parameter localization.The
trainable ViT; applies masked editing to FFN layers via elementwise multiplication. Task-specific heads A, to hy, compute
the combined objective: task loss £(x, y; Geditea; ¥+) for the current dataset and pseudo loss 22;11 (2, Y; Gedited, Vi) from
previous heads to prevent catastrophic forgetting. Then, the same hypernetwork is learned via (1) for the next dataset.

Algorithm 1 Bi-level Hypernetwork Optimization TABLE I: Performance Comparison (mSRCC, mPI, mSI,
mPSI)

Require: d; € D, fs, , (Frozen), v, (Learning Rates)
Ensure: w; (Hypernetwork params), v; (Task Head) Method mSRCC  mPI mSI mPSI
1: Initialize: w;, 1), randomly

LwF-KG[17] 0.815 0.8563 0.9796 0.9180
2: for Batch (z,y) € D; do TSN-IQA[21] 084  0.860 0985 0923
3: 2t f¢t71 (;c) — f¢t71 (y) ContEditIQA-KG 0.8187 0.8382 0.9553 0.8968
4 Randomly initialize 7 ContEditIQA-O 0.8579  0.8662 0.9859  0.9261
5 for i = 1 to Outer do
6: for ZEZ 1o gInner do - TABLE II: Performance comparison of previous SOTAs after
7 ~lé)1ksk <—~ (2,950 © M, 1) trained on the last dataset of the sequence (KADID-10K).
8 m* < m — YV Lask
9: e}ld for o Method Test Dataset (SRCC)
10: m < Hy, (z) > Hypernet Prediction LIVE CSIQ BID CLIVE KonlQ KADID
11 Lalign < BCE(m, m*) LwF-KG [20], [17] 0.8996 0.7983 0.8128 07742 0.8520 0.7622
12: wi < Wi — BV, Lalign > Update Hypernet TSN-IQA[21] 0954 0801 0829 078 0870  0.830
g MH-CMKernel-[KG[22] 0.9327 0.8905 07437 0.8134 0.7263  0.8243
13: end for CCL-IQA[19] 09112 - - 0.8021 0.8653  0.8092
14: end for ContEditIQA-KG 09476 0.8775 0.7697 0.7511 0.7453  0.8214
ContEditIQA-O 0.9493 09087 0.7928 0.8168 0.8214 0.8794

pair (x,y) ~ D;, we compute the feature difference z; =
fd’t—l(z) - fd)tfl(y)., which captures distortion-aware varia-  pen oo then defined as
tions under the previously learned backbone.
A lightweight hypernetwork H,, predicts sparse binary
masks indicating which FFN parameters require updating: FFN;(z) = V~V2t . GELU(Wf - ). 5)

MY, My = Hy, (1), )
Once masks are learned via bi-level optimization (Algo-
where the edited FFN weights are obtained via element-wise rithm 1), they remain fixed during backbone adaptation. Given
modulation: W} = Wy © M} and W} = W,©MJ. The masked ~ a training batch B, from dataset D;, we jointly optimize the



masked backbone parameters ¢eqieq and task-specific head /;:
t—1

min - B ), |, Y; Gedieds U1)+ > (2, Y Gediteas Pi) |
¢ediled e k=1
(6)

where pseudo-label losses from previous heads enforce func-
tional consistency while adapting to the current task. This lo-
cate—then—edit procedure repeats sequentially across datasets,
as illustrated in Fig. 2.

D. Inference Strategy

We evaluate the proposed framework under two comple-
mentary inference protocols that reflect both practical de-
ployment and ideal task-aware settings.K-means Gating (KG)
[17] enables task-agnostic inference by computing a weighted
aggregation of predictions from all learned heads. The co-
efficients a; are obtained using standard gating procedures
to estimate task affinity at test time.Task-Oracle inference
assumes knowledge of the test task and directly selects the
corresponding head:

T
dxa(r) = Z ag hq/,t* (f(z)Edited* (I))
t=1

QOracle(x) = hw;: (f¢Ediled* (93))

Together, these protocols provide complementary perspec-
tives on real-world usability and upper-bound performance,
highlighting the robustness of the proposed continual editing
framework across both task-agnostic and task-aware scenarios.

III. EXPERIMENTS AND RESULTS
A. Experimental Setup and Performance Evaluation

We evaluate the proposed method on six widely used
BIQA benchmarks: LIVE [4], CSIQ [5], BID [6], LIVE
Challenge (CLIVE) [7], KonlQ-10K [8], and KADID-10K [9].
Following [17], the datasets are arranged chronologically to
simulate a continual learning setting, with a 70%/10%/20%
train/validation/test split. Content independence is ensured
for LIVE, CSIQ, and KADID-10K by splitting based on
reference images, and 500 samples per dataset are reserved
for hypernetwork training and excluded from the main splits.

All experiments are conducted using the Adam optimizer
with learning rates of 2 x 10™* for head training(rehearsal)
and 2 x 1075 during editing. Models are trained for 6 epochs
with a batch size of 32 using random 224 x 224 crops. Results
are reported after training on last dataset.

We compare against regularization-based methods EWC
[29], SI [30], and MAS [31]; distillation-based LwF [20]; and
architectural variants MH-CL and SH-CL. All methods use the
same ViT-B backbone [32] and training protocol. Performance
is evaluated using SRCC, mSRCC, mean Plasticity Index
(mPI), mean Stability Index (mSI), and mean Plasticity—
Stability Index (mPSI) [17].

Comparison with Joint Learning: Interestingly,
ContEditIQA-O outperforms joint learning (JL) across
all datasets (Table II) despite using only 29% of trainable

TABLE III: Ablation study on editing strategies for continual
BIQA.

Test Dataset (SRCC)

Method

LIVE CSIQ BID CLIVE KonlQ KADID
Only-FFN-LwF 0.7228  0.6856  0.6718 0.6704 0.7122 0.7627
Rand-Mask-edit ~ 0.8468  0.7017  0.6014 0.7164 0.7287 0.6908
6-layer-edit 0.9470  0.8787  0.8089 0.8117 0.8029 0.8472
Ours 0.9493  0.9087  0.7928 0.8168 0.8214 0.8794

TABLE IV: Performance comparison after training VIT with
different continual methods on the last dataset of the sequence
(KADID-10K).

Test Dataset (SRCC)

Method Params (M)

LIVE CSIQ BID CLIVE KonlQ KADID
JL 86.57 09131 0.7428 0.6799 0.6960 0.7447 0.7922
SH-CL 86.57 0.8577 0.7296 0.7062 0.4548 0.6666 0.8394
MH-CL-O 86.57 0.8618 0.7402 0.7094 0.4216 0.6455 0.8634
EWC-0 [29] 86.57 0.8533 0.6309 0.5207 0.4614 0.6167 0.6270
SI-O [30] 86.57 0.8575 0.6882 0.4819 0.4819 0.6909 0.8066
MAS-O [31] 86.57 0.7850 0.7731 0.6831 0.7169 0.7338 0.8053
LwF-O [20] 86.57 0.7947 0.7387 0.6984 0.7204 0.7423 0.8073
ContEditIQA-O < 2536  0.9493 0.9087 0.7928 0.8168 0.8214 0.8794

< shows that in FFN layers itself not all params are being edited, mask may be sparse

parameters. While joint learning trains on all datasets
simultaneously, which typically provides an upper bound
on performance, selective FFN editing achieves better
generalization. This can be explained by the localized
parameter updates reducing cross-task interference: by
constraining modifications to distortion-sensitive regions,
the model maintains cleaner decision boundaries for each
distortion type, whereas unconstrained joint optimization
may lead to parameter configurations that compromise across
different distortion families.

Parameter Efficiency and Scalability: The proposed
method edits only < 25.36M parameters (29% of the 86.57M
ViT backbone), achieving superior stability-plasticity trade-
off compared to full-parameter methods. The attention-based
hypernetwork requires minimal overhead, using only 500
samples per task for learning mask generation. This efficiency
is particularly valuable for continual learning scenarios where
computational resources and storage are constrained.

Result Analysis: Careful analysis reveals distinct perfor-
mance characteristics of ViT: it demonstrates robust perfor-
mance on most datasets while showing marginally lower corre-
lation on KonlQ-10K. CNN methods [17], [21], [22] perform
better on KonlQ-10K but lag substantially on KADID-10K.
This suggests that ViT’s global self-attention may be less ef-
fective at capturing localized authentic artifacts while excelling
at systematic synthetic distortions. Our use of vanilla ViT-B
[32] ensures fair baseline comparison, indicating potential for
advanced ViT variants with enhanced local feature modeling.

IV. CONCLUSION

We proposed ContEditIQA, a selective ViT editing frame-
work for continual BIQA that achieves a strong stability—



plasticity trade-off by restricting parameter updates to
distortion-sensitive FFN layers. Experiments across six bench-
marks show that targeted editing of fewer than 30% of
backbone parameters consistently outperforms full-backbone
continual learning methods, demonstrating that surgical model
editing is a viable and scalable alternative to retraining for
unified BIQA under evolving data conditions.
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