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Figure 1: Comparison of four paradigms for No-Reference Image Quality Assessment (NRIQA). (1) Traditional deep learning-
basedmodels offer good performance but struggle under domain shift. (2) Zero-shot multi-modal Large LanguageModels (LLMs)
are domain-robust but lack fine-grained quality perception. (3) Finetuned LLMs improve performance but incur high tuning
costs. (4) Test-Time Adaptation (TTA) methods adapt pre-trained models on-the-fly using test batches, balancing performance,
robustness, and efficiency.

Abstract
Recent test-time adaptation (TTA) methods for image quality as-
sessment (IQA) aim to mitigate the distribution shift between train-
ing and testing data by adapting the batch normalization layers
of the base IQA model. These methods typically leverage auxil-
iary tasks—such as group contrastive loss and rank loss—based
on feature clustering of low- and high-quality images. However,
existing approaches using base models or pre-trained VGG-16 net-
works struggle to generate meaningful quality-based clusters, lim-
iting their effectiveness. In this work, we introduce LLM-TTA, a
novel TTA framework that exploits the perceptual ranking capa-
bilities of pre-trained multi-modal Large Language Models (LLMs).
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The LLM-TTA algorithm is founded on the observation that, al-
though pre-trained LLMs exhibit limited capability in predicting
accurate absolute quality scores, they are highly effective in estimat-
ing relative quality rankings and generating more discriminative
clusters—both of which are essential for the efficient computa-
tion of group contrastive loss. This simple yet impactful insight
enables LLM-TTA to substantially improve the adaptability and
performance of base IQA models. We validate our method on lead-
ing architectures (TReS, MUSIQ, MetaIQA, UIQA) across diverse
natural (Koniq-10K, LIVE, PIPAL) and AI-generated (AGIQA-3K,
PKU-AGIQA-4K, AIGCIQA2023) image quality assessment datasets.
Experimental results demonstrate that LLM-TTA outperforms both
existing TTA strategies and standalone LLMs, establishing a new
state of the art in test-time IQA adaptation.

CCS Concepts
• Computing methodologies → Computer vision problems.
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1 Introduction
Image Quality Assessment (IQA) is a key task in image processing
and computer vision, aiming to objectively predict the perceptual
quality of images [18]. IQA methods are broadly classified into
full reference (FR-IQA) and non-reference (NR-IQA) approaches.
Although FR-IQA methods [29] rely on pristine reference images,
NR-IQAmethods estimate perceptual quality without any reference,
making them more applicable in real-world scenarios such as social
media, surveillance, and generative content evaluation [5].

Traditional NR-IQA approaches used hand-crafted features and
classical regression models to predict image quality [8, 21]. In con-
trast, modern deep learning based methods have significantly im-
proved NR-IQA performance by learning mappings from image
content to quality scores using convolutional neural network [6, 19,
26, 48] or transformer-based [1, 31, 41] backbones. However, these
models often suffer from performance drops under domain shifts,
due to their reliance on specific training distributions. Unsupervised
methods using self-supervised learning objectives like contrastive
learning [20] or ranking-based loss [47] have been proposed to
improve generalization but still lag behind supervised methods in
complex scenarios.

To bridge this gap, Test-Time Adaptation (TTA) has emerged as
a promising approach [23, 38], enabling models to adapt during in-
ference using only unlabeled test data. This is particularly valuable
for NR-IQA, where distributional changes caused by variations in
capture devices, scene content, lighting conditions, context, or com-
pression artifacts can significantly degrade performance. However,
existing TTA strategies developed for classification tasks—such as
self-training [30], correlative sampling [44], augmentation-based
techniques [46], entropyminimization [33], and pseudo-label refine-
ment [4] do not transfer directly to perceptual quality estimation.
While contrastive learning-based methods like TTT++ [16] offer
some adaptability, they are not designed to capture the fine-grained
distinctions critical for IQA.

Despite recent advancements in TTA, its application to NR-IQA
remains relatively unexplored. Roy et al. [27] proposed TTA-IQA,
using group contrastive (GC) and rank losses to adapt NR-IQA
models during inference. FA-TTA-IQA [11] extended this by using
perceptual features from VGG-16 and selecting the highest-quality
image in a batch as an anchor for contrastive learning.While promis-
ing, these methods rely on the base model’s initial prediction, which
may be incorrect.

Figure 1 illustrates the comparative limitations of existing IQA
paradigms. Traditional deep learning based NR-IQA models per-
form well on seen distributions but fail under domain shifts. Re-
cently, Large Language Models (LLMs), especially multimodal ones
(MLLMs), have shown promise in visual tasks [34, 35], due to their
zero-shot capabilities. However, while MLLMs handle domain shift
well, their scoring accuracy is often limited. In this paper, the terms
LLM and MLLM are used interchangeably, as we focus on LLMs
with vision-language capabilities. Fine-tuning LLMs for IQA can
improve performance [3, 32] but incurs high computational costs
and does not fully resolve generalization issues. Meanwhile, TTA-
based strategies [11, 27] offer a more efficient alternative, aiming
to balance accuracy and adaptability.

Motivated by these insights, we propose LLM-TTA, a novel TTA
framework that leverages the perceptual ranking capabilities of
LLMs to improve the adaptability of NR-IQA models under distribu-
tion shifts. LLM-TTA uses LLMs to rank images in a test batch, en-
abling more reliable high-quality and low-quality group formation,
which are later used for contrastive loss calculation. Importantly,
LLM-TTA does not require any ground-truth labels or retraining,
and is compatible with a variety of existing NR-IQA backbones.
The major contributions of the proposed work are summarized as
follows:

• We present the first framework that integrates LLMs with
efficient TTA for NR-IQA.

• Our proposed method, LLM-TTA, is motivated by the obser-
vation that while MLLMs may struggle to produce accurate
perceptual quality scores in a zero-shot setting, they excel at
providing reliable relative quality rankings. These rankings
are used for effective quality cluster formation in a group
contrastive loss framework.

• We demonstrate the effectiveness of LLM-TTA across several
backbones and datasets, consistently outperforming state-
of-the-art TTA-based IQA methods.

2 Motivation
The TTA methods available in literature such as TTA-IQA [27] and
FA-TTA-IQA [11] adapt NR-IQA models using group contrastive
loss as an auxiliary objective to align batch normalization param-
eters with the test distribution. Specifically, TTA-IQA computes
contrastive loss based on the base model’s direct predictions, while

Table 1: A comparison of TTA-IQA, FA-TTA-IQA, and the pro-
posed LLM-TTA across multiple datasets for the creation of
high-quality and low-quality clusters, as well as the accuracy
in identifying the image with the best perceptual quality.

Dataset Model TTA-IQA LLM-TTA FA-TTA LLM-TTA
C/W C/W Top-1 (%) Top-1 (%)

Koniq-10K Meta 2296/2740 2906/2130 27.96 35.27
UIQA 1841/3195 2906/2130 18.19 35.27

AIGC Meta 439/761 654/546 19.67 32.33
UIQA 555/645 654/546 25.67 32.33

SPAQ Meta 2352/3216 3486/2078 33.91 43.68
UIQA 1797/3771 3486/2078 29.09 43.68
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MOS: 43.66 / Rank 1 MOS: 45.65 / Rank 2 MOS: 58.20 / Rank 3 MOS: 58.60 / Rank 4
Baseline: 0.2807 / Rank 3 Baseline: 0.4034 / Rank 6 Baseline: 0.1745 / Rank 1 Baseline: 0.2218 / Rank 2
Qwen: 0.8519 / Rank 1 Qwen: 0.9688 / Rank 2 Qwen: 0.9944 / Rank 3 Qwen: 0.9994 / Rank 5

MOS: 67.52 / Rank 5 MOS: 69.06 / Rank 6 MOS: 69.32 / Rank 7 MOS: 70.80 / Rank 8
Baseline: 0.3122 / Rank 4 Baseline: 0.4380 / Rank 7 Baseline: 0.4012 / Rank 5 Baseline: 0.5850 / Rank 8
Qwen: 0.9991 / Rank 4 Qwen: 0.9996 / Rank 7 Qwen: 0.9995 / Rank 6 Qwen: 0.9980 / Rank 8

Figure 2: An example batch of 8 test images from the Koniq-10K dataset [9] used for adapting MetaIQA [48]. ‘MOS’ denotes the
ground-truth mean opinion scores, ‘Baseline’ shows predictions from the base MetaIQA model, and ‘Qwen’ displays the quality
scores obtained using the pretrained Qwen [40]. Rankings that match the ground-truth MOS are highlighted in blue, while
mismatches are shown in red.

FA-TTA-IQA selects the image with the highest perceptual quality,
identified using the base model, and computes the contrastive loss
using feature similarity between this image and the rest of the batch,
with features extracted via a pre-trained VGG-16 network.

However, both methods rely heavily on the base model’s ability
to produce accurate perceptual rankings. Under significant distri-
bution shifts, such as those introduced by AI-generated images, the
base model often fails to distinguish between high-quality and low-
quality images, leading to inaccurate contrastive loss estimation
and poor adaptation. This is reflected in Table 5, where perfor-
mance drops significantly on out-of-distribution data. Although
FA-TTA-IQA generally outperforms TTA-IQA on natural images,
its performance relies on the base model to select the image with
the best perceptual quality in a batch, while the remaining samples
in the cluster are chosen using features extracted from the pre-
trained VGG-16 network. At the same time, the performance of the
FA-TTA-IQA algorithm is limited for AI-generated datasets because
the features of VGG-16 are less perceptually relevant compared to
those of natural images.

To quantitatively validate these points, Table 1 presents the fre-
quency with which the base model correctly selects the top-2 and
bottom-2 images (from a batch of 8) based on the ground-truthMOS,
across various IQA datasets. The results reveal that the base model
often misidentifies both high- and low-quality images, which di-
minishes the effectiveness of the group contrastive loss in TTA-IQA
and results in suboptimal batch normalization updates. Similarly,
FA-TTA-IQA depends on the base model’s ability to correctly select
the highest-quality image, a task it fails to perform consistently,

thereby limiting adaptation performance. The fifth column of Ta-
ble 1 shows the percentage of times the base model successfully
identifies the highest-quality image.

This quantitative and qualitative analysis, illustrated in Figure 2,
emphasizes the necessity for a novel algorithm that can efficiently
classify images into high- and low-quality clusters. Such a classifi-
cation is crucial for the precise computation of group contrastive
loss, ensuring more accurate and reliable adaptation.

3 Proposed Algorithm
With the advancement of multimodal large languagemodels (LLMs),
these models have been increasingly applied to various image pro-
cessing and computer vision tasks [45]. In the IQA domain, studies
such as [36] and [39] indicate that pretrained LLMs can predict
the perceptual quality of images to some extent. In this work, we
observe that while zero-shot LLMs struggle to match ground-truth
MOS scores, they excel in producing reliable relative quality rank-
ings, which is crucial for TTA tasks. To substantiate this argument,
the fourth and sixth columns of Table 1 report the performance
of the pretrained Qwen model in (i) identifying the top 2 highest-
and bottom 2 lowest-quality images, and (ii) accurately selecting
the highest-quality image within a batch for constructing high-
and low-quality clusters. Figure 2 also illustrates a batch of 8 im-
ages along with their perceptual rankings as determined by the
base model and the Qwen LLM. These experiments reveal that the
Qwen-based selection demonstrates significantly higher accuracy
compared to the clustering-based approach used in TTA-IQA and
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Figure 3: Overview of the proposed LLM-TTA framework: Test images are processed by pretrained LLMs to obtain perceptual
rankings, which are used to compute group contrastive loss and adapt the batch/layer normalization parameters of the base
IQA model.

FA-TTA-IQA with the base model, enabling more reliable group
formation for contrastive learning.

In general, a deep learning-based IQA pipeline consists of a
feature extractor to capture quality-related features, followed by a
quality regressor that fuses these features to predict the final quality
score. In TTA-IQA [27], only batch normalization layers are up-
dated using auxiliary tasks such as group contrastive loss and rank
loss. The group contrastive loss aims to maximize the feature dis-
tance between high-quality and low-quality image groups, thereby
enhancing the model’s discriminative capability. In parallel, the
rank loss enforces the model to distinguish between high-quality
reference images and their corresponding degraded (noisy) counter-
parts. In the proposed LLM-TTA algorithm, only group contrastive
loss is employed. This design choice is motivated by advancements
in sensor technology, which have led to the acquisition of generally
high-quality images. Consequently, the base IQA models are typi-
cally capable of distinguishing between clean and noisy versions of
the same image, reducing the necessity for an additional rank loss.

The overall pipeline of the proposed LLM-TTA framework is
illustrated in Figure 3. During adaptation, the parameters of the
layer normalization and batch normalization layers within the fea-
ture extractor (Θ𝑒 ) are updated. The projection head (Θ𝑝 ) maps

the extracted features to a lower-dimensional space. Based on LLM-
guided grouping, the following loss function is used to adapt the
parameters of the feature extractor (Θ𝑒 ) through group contrastive
(GC) learning.

Θ∗
𝑒 = argmin

Θ𝑒

LLLM-GC (𝐵) (1)

where 𝐵 is the batch size of images. Each image in a batch of 𝐵 is
individually fed into the LLM with a fixed prompt (i.e., “The quality
of the image is"). The effect of using different fixed prompts on the
performance of the proposed LLM-TTA algorithm is analyzed in
Subsection 4.3. For each image, the output logits corresponding
to the score tokens good (ILogit(𝑔𝑜𝑜𝑑 ) ) and poor (ILogit(𝑝𝑜𝑜𝑟 ) ) are
extracted from the full set of logits. The final quality score of I𝑡ℎ
image is then obtained by applying the softmax function to these
logits, as described in [36]:

SI =
exp(ILogit(𝑔𝑜𝑜𝑑 ) )

exp(ILogit(𝑔𝑜𝑜𝑑 ) ) + exp(ILogit(𝑝𝑜𝑜𝑟 ) )
(2)

After computing the quality scores 𝑆𝐼1 , 𝑆𝐼2 , . . . , 𝑆𝐼𝐵 for each im-
age 𝐼1, 𝐼2, . . . , 𝐼𝐵 in a batch of size 𝐵, the images are sorted based on
their scores. The two images with the lowest scores and the two

159



LLM-TTA: Leveraging Large Language Models for Test-Time Adaptation in ImageQuality Assessment McGE ’25, October 27–28, 2025, Dublin, Ireland

with the highest scores are selected to form the low-quality and
high-quality clusters, respectively. Table 1 and Figure 2 illustrate
the effectiveness of the pretrained Qwen LLM in guiding the clus-
tering process. It is evident that the proposed LLM-based clustering
strategy for group contrastive loss outperforms the conventional
clustering mechanisms employed in TTA-IQA and FA-TTA-IQA.
Once the high-quality and low-quality clusters are formed, the
group contrastive loss is applied to minimize the feature distances
among images within the same cluster (i.e., intra-cluster similarity)
and maximize the distances between images from different clusters
(i.e., inter-cluster dissimilarity). The proposed group contrastive
loss (LLLM-GC) for 𝑖𝑡ℎ sample is calculated as:

LGCL = − log
exp

(
sim(𝑧𝑖 , 𝑧 𝑗 )/𝜏

)∑
(𝑘 ) ∈𝐴(𝑖 ) exp (sim(𝑧𝑖 , 𝑧𝑘 )/𝜏)

(3)

Here, 𝑧𝑖 = Θ𝑝 (Θ𝑒 (𝐼𝑖 )) and 𝑧 𝑗 = Θ𝑝 (Θ𝑒 (𝐼 𝑗 )) represent the pro-
jected feature vectors of image samples 𝐼𝑖 and 𝐼 𝑗 , which belong
to the same quality cluster. The function sim(·, ·) denotes the sim-
ilarity between these features, computed using cosine similarity.
𝑧𝑘 = Θ𝑝 (Θ𝑒 (𝐼𝑘 )) corresponds to the projected features of samples
𝐼𝑘 from the opposite (negative) cluster. 𝐴(𝑖) denotes the set of all
such contrasting samples for anchor 𝑖 , and 𝜏 is the temperature
parameter that controls the sharpness of the softmax distribution. A
similar LGCL is computed for each sample within the high-quality
and low-quality groups, and the final group contrastive loss is ob-
tained by averaging these individual losses.

It is also noteworthy that, during the ranking process within
a batch, images are not simultaneously fed to the LLM for direct
relative ranking (i.e., multi-stimulus setting). Instead, each image
is evaluated individually in a single-stimulus manner, and the rel-
ative ranking is derived based on the predicted quality scores. As
highlighted in [39], the single-stimulus approach has been shown
to yield more reliable and consistent quality assessments compared
to the multi-stimulus setting.

4 Experimental Results
The proposed LLM-TTA algorithm is applied to adapt several NR-
IQA models, including TReS [6], MUSIQ [12], MetaIQA [48], and
UIQA [31], across a diverse set of IQA datasets. These datasets
encompass both natural image quality assessment datasets, such
as LIVE [28], PIPAL [10], and Koniq-10K [9], as well as AI-generated
image quality assessment datasets like AGIQA-3K [13], PKU-AGIQA-
4K [43], andAIGCIQA [24]. Detailed descriptions of the IQA datasets
and models are provided in Tables 2 and 3, respectively. The pro-
posed LLM-TTA algorithm is exclusively compared with existing
TTA-based methods, namely TTA-IQA [27] and FA-TTA-IQA [11],
as, to the best of the authors’ knowledge, no other TTA techniques
have been introduced in the literature for the IQA task.

4.1 Implementation Details
All experiments are carried out on a Tesla V100-PCIE-32GB GPU
using PyTorch 2.4.0 and CUDA 11.8.2 in a Linux machine. To ensure
reproducibility, the random seed is set to 2021, and a consistent
batch size of 8 is maintained. During the TTA phase, all parameters
of the base model are kept frozen, except for the layer normalization

Table 2: Details of the datasets used for the evaluation of
the proposed algorithm in comparison with existing TTA
algorithms.

Dataset Description

LIVE [28] 779 distorted images affected by compression
artifacts, noise contamination, and other com-
mon visual degradations.

PIPAL [10] 1,130 images containing restoration-related dis-
tortions generated by deep learning-based mod-
els.

Koniq-10K [9] 10,073 authentically distorted images collected
from the web, exhibiting a wide range of real-
world distortions such as blur, noise, compres-
sion artifacts, and exposure issues.

AGIQA-3K [13] 3,000AI-generated imageswith diverse prompts
and distortion types.

PKU-AGIQA-4K [43] 4,000 AI-generated images sourced from vari-
ous generative models such as Stable Diffusion,
DALL·E, and Midjourney.

AIGCIQA [24] 1,200 AI-generated images from various models
and prompt styles.

and batch normalization layers, which are adapted using the pro-
posed group contrastive loss (LGCL). The adaptation is performed
using the Adam optimizer with a learning rate of 0.001. Each batch
undergoes 10 adaptation iterations; more iterations are avoided
to prevent the base model’s learned representations from being
overwritten. For every batch of test images, the original source
model is reloaded and adapted independently.

4.2 Performance Comparison
The evaluation is conducted using two standard metrics: Spear-
man’s Rank Correlation Coefficient (SRCC) for ranking consistency
and Pearson’s Linear Correlation Coefficient (PLCC) for assessing
prediction linearity.

Table 4 reports the performance of the proposed LLM-TTA frame-
work, where different LLMs, including InternLM-XComposer2-
VL (ILM) [2], LLaVA-v1.5-13B (LLaVa) [15], Deepseek-VL-7B-base
(DS) [17], Llama-3.2-11B-Vision (Llama) [7], and Qwen2.5-VL-7B-
Instruct (Qwen) [40], are employed to compute group contrastive
loss and adapt the normalization layers for natural image quality as-
sessment. The table also presents the performance of the pre-trained
LLMs, along with a comparative analysis against state-of-the-art
TTA methods, namely TTA-IQA [27] and FA-TTA-IQA [11]. It is

Table 3: Details of NR-IQA models adapted using test time
adaptation methods.

Model Training Dataset

MetaIQA [48] Trained on TID2013 [25] and KADID-10K
dataset [14].

TReS [6] Trained on LIVEFB database [42].
MUSIQ [12] Trained on LIVEFB database [42].
UIQA [31] Trained on AVA database [22].
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Table 4: Performance comparison of the proposed LLM-TTA-IQA with pretrained LLMs and existing TTA methods on multiple
NR-IQA backbones across natural image datasets. Higher values denote better performance; the best results are highlighted in
blue, and the second-best in red. Here, ProposedILM represents the proposed LLM-TTA algorithm leveraging the internLM.

Backbone Datasets Koniq-10k LIVE PIPAL Average

Method SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC

Pretrained LLMs

ILM [2] 0.4432 0.4362 0.4556 0.4534 0.1957 0.1972 0.3648 0.3623
LLaVa [15] 0.1117 0.0992 0.2625 0.2733 0.0220 0.0167 0.1321 0.1297
Deepseek [17] 0.2864 0.3028 0.0026 0.0155 0.2084 0.2160 0.1658 0.1781
LLaMa [7] 0.1554 0.1996 0.4628 0.4659 0.1430 0.1452 0.2537 0.2702
Qwen [40] 0.6387 0.5931 0.6667 0.5356 0.4195 0.4425 0.5750 0.5237

TReS

Baseline 0.6690 0.6920 0.5434 0.4450 0.3624 0.3592 0.5249 0.4987
TTA-IQA [27] 0.6578 0.7074 0.6722 0.5963 0.4278 0.4204 0.5859 0.5747
FA-TTA-IQA [11] 0.6917 0.7381 0.6922 0.6309 0.4729 0.4765 0.6189 0.6152
ProposedILM 0.6432 0.6584 0.4544 0.4328 0.4448 0.4490 0.5141 0.5134
ProposedLLaVa 0.2640 0.2791 0.3951 0.4218 0.4258 0.4419 0.3616 0.3809
ProposedDS 0.5049 0.5283 0.4396 0.4832 0.4222 0.4067 0.4556 0.4727
ProposedLlama 0.4209 0.4624 0.8005 0.7164 0.4253 0.4325 0.5489 0.5371
ProposedQwen 0.7005 0.7309 0.7843 0.7202 0.4506 0.4502 0.6451 0.6338

MUSIQ

Baseline 0.6452 0.6816 0.2685 0.3393 0.3407 0.3307 0.4181 0.4505
TTA-IQA [27] 0.6693 0.7230 0.3649 0.4031 0.3743 0.3731 0.4695 0.4997
FA-TTA-IQA [11] 0.6711 0.7263 0.3561 0.4063 0.3738 0.3744 0.4670 0.5023
ProposedILM 0.6907 0.7373 0.4201 0.4257 0.3767 0.3737 0.4958 0.5122
ProposedLLaVa 0.6652 0.7191 0.3966 0.4174 0.3756 0.3725 0.4791 0.5030
ProposedDS 0.6751 0.7250 0.3818 0.4104 0.3765 0.3752 0.4778 0.5035
ProposedLlama 0.6652 0.7189 0.3891 0.4156 0.3785 0.3778 0.4776 0.5041
ProposedQwen 0.6816 0.7316 0.4552 0.4409 0.3815 0.3805 0.5061 0.5177

MetaIQA

Baseline 0.5209 0.4760 0.7323 0.6732 0.3441 0.3168 0.5324 0.4887
TTA-IQA [27] 0.5549 0.5329 0.7899 0.7646 0.3524 0.3319 0.5657 0.5431
FA-TTA-IQA [11] 0.5735 0.5529 0.8521 0.8326 0.3637 0.3424 0.5964 0.5760
ProposedILM 0.6294 0.5907 0.8626 0.8499 0.4476 0.3907 0.6465 0.6104
ProposedLLaVa 0.4994 0.4806 0.7628 0.7316 0.3888 0.3469 0.5503 0.5197
ProposedDS 0.4941 0.4662 0.7731 0.7464 0.2441 0.2301 0.5038 0.4809
ProposedLlama 0.4711 0.4436 0.8731 0.8510 0.4077 0.3721 0.5840 0.5556
ProposedQwen 0.6539 0.5979 0.8405 0.8227 0.4420 0.3925 0.6455 0.6044

UIQA

Baseline 0.7515 0.7468 0.6956 0.6654 0.1705 0.1668 0.5392 0.5263
TTA-IQA [27] 0.7648 0.7573 0.7024 0.6717 0.2233 0.2170 0.5635 0.5487
FA-TTA-IQA [11] 0.7294 0.7274 0.6669 0.6180 0.1943 0.1890 0.5302 0.5115
ProposedILM 0.7421 0.7225 0.6936 0.6628 0.3436 0.3413 0.5931 0.5755
ProposedLLaVa 0.6320 0.6461 0.4682 0.4451 0.2804 0.2773 0.4602 0.4562
ProposedDS 0.6840 0.6985 0.4185 0.4129 0.1762 0.1658 0.4262 0.4257
ProposedLlama 0.6959 0.6969 0.6784 0.6495 0.1707 0.1640 0.5150 0.5035
ProposedQwen 0.7937 0.7872 0.7402 0.7073 0.3650 0.3722 0.6330 0.6222

evident from the results that the proposed LLM-TTA algorithm
consistently outperforms both TTA-IQA and FA-TTA-IQA across
multiple benchmarks. Furthermore, among the evaluated LLMs,
Qwen demonstrates the best standalone performance, and its in-
tegration with the proposed LLM-TTA framework also yields the
best results. These experimental results are in line with previous
studies [36, 37, 39]. Interestingly, although some LLMs do not ex-
hibit strong performance individually, their integration within the

LLM-TTA framework significantly improves their effectiveness,
often surpassing the base IQA algorithm in most scenarios.

Similarly, Table 5 reports the performance of pretrained LLMs, ex-
isting TTA methods (TTA-IQA [27] and FA-TTA-IQA [11]) and the
proposed LLM-TTA framework across AI-generated IQA datasets:
AGIQA-3K [13], PKU-AGIQA-4K [43], and AIGCIQA2023 [24], us-
ing various pretrained NRIQA as backbones. The experimental
results demonstrate that, despite the base models not being ex-
plicitly trained on AI-generated content, the proposed LLM-TTA
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Table 5: Performance comparison of the proposed LLM-TTA-IQA with pretrained LLMs and existing TTA methods on multiple
NR-IQA backbones across AI-generated datasets. Higher values indicate better performance; best results are marked in blue,
and second-best in red.

Backbone Datasets AGIQA-3K PKU-AGIQA-4K AIGCIQA2023 Average

Model SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC

Pretrained LLMs

ILM [2] 0.4590 0.5075 0.0402 0.0323 0.3118 0.3138 0.2703 0.2845
LLaVa [15] 0.2431 0.2369 0.1740 0.1675 0.1126 0.1027 0.1766 0.1690
Deepseek [7] 0.2395 0.2553 0.0250 0.0221 0.1493 0.1346 0.1379 0.1373
LLaMa [17] 0.4992 0.5122 0.1482 0.1824 0.4808 0.4284 0.3761 0.3743
Qwen [40] 0.6169 0.6525 0.1444 0.0571 0.7106 0.5304 0.4906 0.4133

TReS [6]

Baseline 0.5052 0.5285 0.0171 0.0132 0.5864 0.5370 0.3696 0.3596
TTA-IQA [27] 0.5209 0.5780 0.0251 0.0182 0.5958 0.5971 0.3806 0.3978
FA-TTA-IQA [11] 0.5092 0.5859 0.0692 0.0616 0.5503 0.5339 0.3762 0.3938
ProposedILM 0.4967 0.5318 0.0081 0.0234 0.5132 0.5109 0.3393 0.3554
ProposedLLaVa 0.4597 0.5017 0.0999 0.1052 0.3926 0.3944 0.3174 0.3338
ProposedDS 0.5934 0.6748 0.0713 0.0658 0.6440 0.6494 0.4362 0.4633
ProposedLlama 0.4836 0.5526 0.0249 0.0267 0.5009 0.4642 0.3365 0.3478
ProposedQwen 0.6029 0.6685 0.2625 0.2496 0.6852 0.6946 0.5169 0.5376

MUSIQ [12]

Baseline 0.4435 0.5686 0.0524 0.0712 0.6024 0.5810 0.3661 0.4069
TTA-IQA [27] 0.4596 0.5852 0.0782 0.0854 0.6214 0.5882 0.3864 0.4196
FA-TTA-IQA [11] 0.4470 0.5797 0.0772 0.0882 0.6003 0.5735 0.3748 0.4138
ProposedILM 0.4643 0.5861 0.0743 0.0808 0.6176 0.5817 0.3854 0.4162
ProposedLLaVa 0.4536 0.5794 0.0702 0.0763 0.6069 0.5749 0.3769 0.4102
ProposedDS 0.4601 0.5863 0.0774 0.0828 0.6213 0.5877 0.3863 0.4189
ProposedLlama 0.4591 0.5834 0.0789 0.0854 0.6060 0.5717 0.3813 0.4135
ProposedQwen 0.4626 0.5879 0.0953 0.0995 0.6272 0.5916 0.3950 0.4263

MetaIQA [48]

Baseline 0.5119 0.4886 0.1397 0.1329 0.4504 0.4139 0.3673 0.3451
TTA-IQA [27] 0.5342 0.5279 0.1263 0.1269 0.4612 0.4470 0.3739 0.3673
FA-TTA-IQA [11] 0.5336 0.5168 0.1261 0.1241 0.4768 0.4606 0.3788 0.3672
ProposedILM 0.5333 0.4823 0.0981 0.1054 0.4888 0.4687 0.3734 0.3521
ProposedLLaVa 0.5454 0.4793 0.1482 0.1447 0.4243 0.4007 0.3726 0.3416
ProposedDS 0.5327 0.5039 0.1309 0.1315 0.5231 0.4662 0.3956 0.3672
ProposedLlama 0.5168 0.5345 0.0874 0.0913 0.4684 0.4334 0.3575 0.3531
ProposedQwen 0.5689 0.5452 0.2334 0.2219 0.5897 0.5451 0.4640 0.4374

UIQA [31]

Baseline 0.6181 0.7009 0.2040 0.2307 0.6566 0.6733 0.4929 0.5350
TTA-IQA [27] 0.6322 0.6932 0.2362 0.2665 0.6777 0.7016 0.5154 0.5538
FA-TTA-IQA [11] 0.6182 0.6945 0.2127 0.2372 0.6399 0.6520 0.4903 0.5279
ProposedILM 0.6352 0.7201 0.1938 0.2202 0.6673 0.6850 0.4988 0.5418
ProposedLLaVa 0.5285 0.5786 0.2206 0.2453 0.5509 0.5549 0.4333 0.4596
ProposedDS 0.6338 0.7229 0.2236 0.2452 0.7147 0.7454 0.5240 0.5712
ProposedLlama 0.6027 0.6499 0.2000 0.2190 0.6217 0.6326 0.4748 0.5005
ProposedQwen 0.6529 0.7479 0.2178 0.2281 0.7236 0.7588 0.5314 0.5783

method consistently enhances their performance across these chal-
lenging datasets. Additionally, TTA-IQA outperforms FA-TTA-IQA,
as the latter relies on feature similarity using a pretrained VGG-
16 architecture, which is originally trained on natural images and
therefore struggles to capture the relevant perceptual features re-
quired for assessing AI-generated images. On average, the proposed
LLM-TTA achieves PLCC improvements of 13.52%, 9.77%, and 7.85%
over pretrained Qwen, TTA-IQA, and FA-TTA-IQA, respectively,
on natural image quality assessment datasets. For AI-generated

image datasets, it achieves even greater gains—19.73%, 13.87%, and
16.26%, respectively.

These experimental results clearly validate that the proposed
LLM-TTA algorithm outperforms both the existing IQA-TTA al-
gorithms and the base IQA models. Integrating LLMs with TTA
significantly boosts performance compared to both the base mod-
els and the existing TTA-IQA approaches. From this perspective,
further advances in LLMs tailored for low-level vision tasks are
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Table 6: Performance comparison of the proposed LLM-
TTA algorithm using different prompts (Prompt1, Prompt2,
Prompt3) on the LIVE and AIGC datasets.

Model P1 P2 P3

SRCC PLCC SRCC PLCC SRCC PLCC

LI
VE

[2
8]

Score 0.591 0.519 0.667 0.536 0.621 0.643
MetaIQA [48] 0.876 0.862 0.841 0.823 0.865 0.850
MuSIQ [12] 0.456 0.440 0.455 0.441 0.463 0.444
TReS [6] 0.756 0.699 0.784 0.720 0.667 0.611
UIQA [31] 0.723 0.689 0.740 0.707 0.744 0.710

A
IG
C
[2
4]

Score 0.673 0.499 0.711 0.530 0.698 0.668
MetaIQA [48] 0.590 0.546 0.589 0.545 0.417 0.413
MuSIQ [12] 0.625 0.591 0.627 0.591 0.623 0.589
TReS [6] 0.674 0.676 0.685 0.695 0.679 0.691
UIQA [31] 0.722 0.757 0.723 0.759 0.727 0.763

expected to complement and enhance the effectiveness of the pro-
posed LLM-TTA framework.

4.3 Ablation Studies
The input prompts play a crucial role in influencing the performance
of LLMs and, consequently, the effectiveness of the proposed LLM-
TTA framework. To investigate this, we experimented with three
different prompt formulations:

(1) Prompt1: Rate the quality of the image, followed by ap-
plying softmax over the logits corresponding to ‘good’ and
‘poor’ tokens;

(2) Prompt2: The quality of the image is, followed by softmax
of the logits for ‘good’ and ‘poor’ tokens as suggested in [36];

(3) Prompt3: Rate the quality of the image in terms of
sharpness, noise, distortion, and clarity. Provide a qual-
ity score from 1 (bad) to 10 (good) only. Format: Score:
x, as proposed in [39].

Table 6 presents the results of an ablation study evaluating the
impact of different prompts used with the Qwen LLM for generating
clusters in the proposed LLM-TTA algorithm on the LIVE and AIGC
datasets. The first row shows the PLCC and SRCC values of the
quality predictions made by the pretrained LLM, Qwen, under each
prompt. The subsequent rows report the performance of various
IQA models after adaptation using the LLM-TTA framework. AA-
mong the evaluated prompts, Prompt 2 demonstrates the highest
performance, aligning with the findings previously reported in [36].
Based on this observation, all the experimental results presented in
Tables 4 and 5 are obtained using Prompt 2.

The scatter plots in Fig. 4 illustrate the relationship between
MOS and the predicted scores for the base MetaIQA model, as
well as its adapted versions using TTA-IQA, FA-TTA-IQA, and the
proposed LLM-TTA algorithm. It is evident that the predictions
from LLM-TTA align more closely with the regression line than
other methods. These results demonstrate the effectiveness of the
proposed approach and highlight the advantages of incorporating
LLMs into the TTA pipeline.

Figure 4: Scatter plots comparing the proposed LLM-TTA
with the baseline MetaIQA model, TTA-IQA, and FA-TTA-
IQA methods on the KONIQ-10K dataset [9].

5 Conclusions and Future Work
In this paper, we proposed a novel TTA algorithm for NR-IQA that
leverages the capabilities of pretrained LLMs. The key insight be-
hind the proposed LLM-TTA algorithm is that while pre-trained
LLMs may struggle to provide accurate absolute quality scores,
they are effective in generating consistent relative quality rank-
ings of images, a property that is highly beneficial for TTA. Based
on this, our approach employs LLM-based clustering to guide the
adaptation of NR-IQA models through a group contrastive loss as
an auxiliary task, eliminating the need for ground-truth labels at
test time. Extensive experiments on both natural and AI-generated
datasets show that LLM-TTA significantly boosts the performance
of various existing NR-IQA models. These results highlight the
promising role of LLMs as auxiliary tools in improving test-time
adaptation for perceptual quality assessment. Furthermore, the
proposed framework opens up opportunities for extending this
concept to related image restoration tasks such as super-resolution
and denoising.

One of the key open challenges in the domain of test-time adap-
tation is the development of a reliable early-stopping criterion. We
hypothesize that large language models can contribute to solving
this problem, for example, by terminating the adaptation process
when the clustering results produced by the base model converge
with those generated by the LLM. We plan to investigate this direc-
tion in future work. Another area of future work involves enhanc-
ing the clustering of low- and high-quality images by ensembling
multiple LLMs.
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