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Abstract

Image quality assessment (IQA) is inherently
multi-dimensional, yet existing reward models
are typically limited to a single task and become
unstable when extended to multi-task settings. In
particular, heterogeneous reward scales and vari-
ances across tasks can lead to conflicting opti-
mization signals during reinforcement learning.
We propose VisualScore, a unified visual evalu-
ation framework that formulates multi-task IQA
as structured, task-aware reasoning followed by
continuous reward optimization. VisualScore pro-
duces interpretable rationales together with scalar
quality scores under explicit evaluation principles.
We construct a reasoning-enhanced reward mod-
eling dataset via rejection sampling and initialize
the model through supervised fine-tuning. Visu-
alScore is then optimized with Group Relative Pol-
icy Optimization (GRPO) using a Gaussian-based
continuous reward. To address multi-task re-
ward conflicts and stabilize training, we introduce
standard deviation filtering and entropy gating to
normalize task-wise reward signals and suppress
noisy updates. Experiments on technical quality,
aesthetic quality, and text—image alignment show
that VisualScore improves robustness, general-
ization, and interpretability, and can effectively
guide text-to-image generation at test time with-
out retraining. Our code is available at https:
//github.com/yeppp27/VisualScore.

1. Introduction

The rapid growth of visual data, including user-generated
content (UGC) and Al-generated content (AIGC), presents
new challenges for image quality assessment (IQA) across
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Figure 1. Overview of the challenges in multimodal image qual-
ity assessment and the proposed VisualScore framework. Left:
Existing methods lack a structured reasoning process, often yield-
ing incomplete analysis, whereas VisualScore introduces a step-
by-step, interpretable reasoning structure. Right: VisualScore
achieves improved generalization performance, particularly with
few-shot data through reinforcement learning (RL), outperforming
existing SOTA models across multiple benchmarks. Bottom: Visu-
alScore supports multi-dimensional evaluation—technical quality,
aesthetic appeal, and text-image alignment—each guided by a
transparent think process and yielding final quality predictions.

diverse domains and tasks (Agnolucci et al., 2024; Min et al.,
2024; Sun et al., 2024; Li et al., 2024c; Yuan et al., 2024; Yu
et al., 2024a; Fang et al., 2024; Yu et al., 2024b). Traditional
IQA approaches, which rely on hand-crafted features (Mit-
tal et al., 2012b;a) or neural networks (Talebi & Milanfar,
2018; Su et al., 2020; Network, 2022; Ke et al., 2021; Wang
et al., 2023; Yang et al., 2022; Zhong et al., 2025; 2024,
Guan et al., 2025a; Peng et al.) trained on synthetic or au-
thentically distorted image datasets, often exhibit limited
generalization to new data. Moreover, these approaches typ-
ically output a single scalar score, offering little insight into
the underlying reasons for the quality judgment and lacking
interpretability. As IQA increasingly plays a critical role
in guiding image post-processing (e.g., super-resolution,
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restoration) (Jiang et al., 2025; Li et al., 2025a; Chen et al.,
2024b), image compression (Wang et al., 2025b; Li et al.,
2024d; Guan et al., 2025b;c), and serving as a reward model
for preference optimization in text-to-image (T2I) genera-
tion (Luo et al., 2025; Wang et al., 2025d; Xu et al., 2024;
Ma et al., 2025; Chen et al., 2024c; Xie et al., 2025a; Qin
et al., 2025; Lu et al., 2024; Luo et al., 2026; Liang et al.,
2026a;b), the demand for robust and explainable reward
models through all-encompassing quality assessment has
become more pressing. These conventional methods are
typically constrained by the domain-specific characteristics
of their training data, limiting their applicability to the di-
verse, high-variance visual content encountered in modern
applications. The recent development of vision-language
models, such as CLIP (Sun et al., 2023; Radford et al., 2021)
and BLIP (Li et al., 2022; 2023), offers new opportunities
for IQA. By leveraging rich vision-language pretraining,
these models enable more robust quality evaluation across a
wide range of content types (Wang et al., 2023; Zhang et al.,
2023). Recent advances in quality-aware multimodal large
language models (MLLMs) (Wu et al., 2024b; Zhang et al.,
2024b; Chen et al., 2024a; Wu et al., 2024a; Jia et al., 2024;
2025; Wu et al., 2023a) have further expanded the landscape
of IQA (Zhang et al., 2025). Several approaches explicitly
design prompts or conduct supervised fine-tuning (SFT)
to inject quality sensitivity into MLLMs. For instance, Q-
Instruct (Wu et al., 2024b) and Co-Instruct (Wu et al., 2024c¢)
adopt instruction tuning on diverse quality-related ques-
tion answering and caption tasks, while Q-Align (Wu et al.,
2023a), Q-Boost (Zhang et al., 2024a) and DeQA (You et al.,
2025a) focus on quality scoring tasks. Other works such as
DepictQA (You et al., 2024) and DepictQA-v2 (You et al.,
2025b) introduce text reasoning ability for full-reference im-
age quality assessment, and Q-Ground (Chen et al., 2024a)
leverages quality-grounded visual grounding to enhance lo-
calization of quality issues. Despite these efforts, current
quality-aware MLLMs typically follow fixed reasoning pat-
terns dictated by curated datasets and instructions, limiting
their flexibility and depth in complex assessments. Specifi-
cally, existing methods are often restricted to a single evalua-
tion task and lack structured chain-of-thought reasoning: for
example, Q-Align (Wu et al., 2023a) focuses on single-task
scoring without interpretable reasoning chains, while Q-
Insight (Li et al., 2025c), though supporting reasoning, does
not cover text—image alignment evaluation. This narrow
task scope prevents these models from serving as unified
reward models across heterogeneous quality dimensions.
Even cutting-edge models like Qwen2-VL (Wang et al.,
2024) and Qwen2.5-VL (Bai et al., 2025), while demon-
strating strong general perception capabilities, remain rel-
atively weak in fine-grained low-level quality perception
(e.g., subtle distortions, compression artifacts) due to their
broad-domain training objectives that do not specifically
target quality-sensitive features.

To address these challenges, we introduce VisualScore, a
unified reward model for multi-task image quality assess-
ment that enhances multimodal reasoning through structured
and interpretable evaluation across three representative qual-
ity dimensions: technical quality (low-level distortions),
text—image alignment (semantic consistency), and aesthetic
quality (subjective visual appeal), as illustrated in Fig. 1.
By enforcing a shared reasoning structure across hetero-
geneous tasks, VisualScore improves generalization and
enables consistent quality assessment under a unified evalu-
ation paradigm.

To equip Multimodal Large Language Models (MLLMs)
with robust quality-aware reasoning capabilities across di-
verse tasks, we design a two-stage training framework. In
the first stage, we perform cold-start fine-tuning with rejec-
tive sampling to teach implicit question analysis and explicit
reasoning structures based on task-specific evaluation plans.
In the second stage, we apply unified reinforcement learning
with Group Relative Policy Optimization (GRPO) to fur-
ther explore and refine reasoning pathways for continuous
score prediction. During reinforcement tuning, we adopt a
Gaussian-shaped reward function to reflect the continuous
nature of image quality scores and to provide smoother opti-
mization signals than binary or preference-based rewards.
However, in the multi-task setting, heterogeneous reward
distributions across tasks introduce scale and variance mis-
matches, which can lead to unstable policy updates and
task imbalance during reinforcement learning. To address
this issue, we introduce a stage-wise stabilization strategy.
Specifically, we employ entropy gating to prevent prema-
ture convergence on easier tasks and encourage balanced
exploration of reasoning pathways across tasks. In par-
allel, we apply standard deviation (STD)-guided filtering
to suppress task-specific low-variance signals that would
otherwise dominate gradient updates and cause batch-level
imbalance across tasks. Together, these mechanisms act
as task-level normalization components, aligning heteroge-
neous reward signals and stabilizing multi-task reinforce-
ment learning. This design significantly improves training
stability and generalization, particularly on challenging out-
of-distribution benchmarks.

* VisualScore: Structured Multi-Task Quality Reason-
ing. We propose VisualScore, a unified reward modeling
framework that formulates image quality assessment as
structured, task-aware reasoning across technical qual-
ity, aesthetic quality, and text—image alignment, enabling
interpretable and comprehensive evaluation.

* Two-Stage Training for Robust Quality-Aware Rea-
soning. We design a two-stage training pipeline that
combines cold-start rejective sampling fine-tuning with
reinforcement learning using Group Relative Policy Opti-
mization (GRPO), allowing MLLMs to learn both explicit
reasoning structures and accurate continuous score pre-
diction.
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* Task-Level Stabilization for Multi-Task Reinforcement
Learning. To address reward conflicts arising from het-
erogeneous scales and variances across tasks, we intro-
duce entropy gating and standard deviation (STD) filter-
ing as task-level stabilization mechanisms, which align
reward signals and ensure stable multi-task reinforcement
learning.

* Generalizable Evaluation and Test-Time Guidance.
VisualScore achieves strong performance across diverse
image quality benchmarks and can further serve as an in-
terpretable reward function to guide text-to-image genera-
tion at test time, improving alignment and compositional
fidelity without additional training.

2. Related Work
2.1. MLLMs

Recent progress in multimodal large language models
(MLLMs) (Wang et al., 2024; Bai et al., 2025; Team et al.,
2025; Zhu et al., 2025) has advanced along two major di-
rections. The first focuses on developing general-purpose,
state-of-the-art MLLMs such as Qwen2-VL (Wang et al.,
2024), Qwen2.5-VL (Bai et al., 2025), InternVL3 (Zhu et al.,
2025), Pixtral (Agrawal et al., 2024), and Kimi-VL (Team
et al., 2025). These models are pre-trained on large-scale
multimodal corpora and further refined through long-context
supervised fine-tuning, achieving strong performance across
diverse vision-language tasks and approaching proprietary
systems such as GPT-40. The second direction emphasizes
enhancing visual reasoning abilities through post-training
with high-quality chain-of-thought (CoT) supervised fine-
tuning (SFT). For instance, Mulberry (Yao et al., 2024)
employs Monte Carlo Tree Search (MCTS) with multiple
MLLMs to construct long-horizon reasoning trajectories,
which are then used to train reasoning-augmented models
through SFT. Similarly, Mammoth-VL (Guo et al., 2024)
leverages a 72B-parameter MLLM to rewrite reasoning
chains for visual question answering tasks, which are subse-
quently used to fine-tune models.

2.2. MLLMs for IQA

Recent works have significantly advanced the fine-tuning
and alignment of open-source MLLMs for IQA by intro-
ducing innovative training paradigms that balance accuracy
and interpretability. Q-Instruct (Wu et al., 2024b) lever-
aged a novel dataset of human-authored low-level quality
descriptions to instruction-tune MLLMs, markedly improv-
ing their ability to assess fine-grained distortions. In parallel,
Q-Align (Wu et al., 2023a) reframed quality prediction as
a classification task over discrete text-defined rating levels,
aligning model outputs with human subjective rating cate-
gories for more calibrated scoring. To incorporate relative
comparisons, Compare2Score (Zhu et al., 2024) trained on
pairwise image comparisons and proposed a soft-anchor
inference mechanism that compares test images against

anchor images to infer continuous quality scores, effec-
tively integrating diverse IQA datasets and enhancing cross-
domain robustness. On the interpretability front, DepictQA
(You et al., 2024) enabled free-form, language-based qual-
ity assessment by prompting models to generate detailed
descriptions of image artifacts and comparative judgments,
while Grounding-IQA (Chen et al., 2024d) further intro-
duced spatial grounding, requiring the model to localize
specific regions causing quality degradation via referring
expressions, thus achieving fine-grained quality analysis.
More recently, reinforcement learning has been utilized
to jointly optimize scoring and reasoning capabilities. Q-
Insight (Li et al., 2025¢) employed a Grouped Relative Pol-
icy Optimization (GRPO) framework to refine both score
regression and degradation reasoning using limited human
feedback, demonstrating improved accuracy and zero-shot
reasoning generalization. Similarly, VisualQuality-R1 (Wu
et al., 2025) adopted a reinforcement learning-to-rank ap-
proach that shifts training from absolute scoring to relative
pairwise ranking with continuous rewards, yielding superior
generalization across distortions and the ability to produce
human-aligned quality explanations. Moreover, Q-Ponder
(Cai et al., 2025) unified score and explanation alignment in
a two-stage pipeline.

3. Method

We propose VisualScore, a reward model designed as a struc-
tured reasoning framework for all-encompassing image qual-
ity assessment (IQA) inspired by how expert judges evalu-
ate images. Just as a photography judge first understands
the evaluation goal, then identifies key dimensions such as
composition, lighting, and artifacts to analyze individually
before summarizing into an overall score, VisualScore de-
composes the assessment into an explicit planning stage
followed by step-by-step guided reasoning. This approach
encourages the model to form interpretable, dimension-
aware judgments, enabling more robust and explainable
reward modeling across diverse evaluation tasks, including
technical quality assessment, aesthetic quality assessment,
and text-image alignment. In the following, we first de-
scribe how we construct a reasoning-enhanced dataset, then
present our two-stage training pipeline: supervised fine-
tuning on high-quality plan-reason trajectories, and post-
training with Group Relative Policy Optimization (GRPO)
using a continuous reward.

3.1. Cold-Start SFT Stage

Plan-then-Reason Dataset Construction The dataset con-
struction follows a structured Plan-then-Reason paradigm
for three multimodal image evaluation tasks: aesthetic qual-
ity, technical quality, and text—image alignment. Given
a task-specific prompt, the MLLM first generates an ex-
plicit evaluation plan that decomposes the task into a set of
concrete criteria, such as image clarity, color and contrast,
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Figure 2. Overview of the VisualScore Framework. The framework consists of three stages: (1) Generating Chain-of-Thought (CoT) data
with quality level prediction based on structured image analysis; (2) Reasoning-aware supervised fine-tuning (SFT) using reformatted
CoT samples, emphasizing hard cases; (3) Gaussian-reward guided GRPO that applies a standard deviation-based filter and high-entropy
token gating to optimize policy learning, improving reasoning robustness under rule-based supervision.

composition, lighting, and potential artifacts. This plan is
then combined with the original prompt and the input im-
age, and fed back into the MLLM to produce step-by-step
Chain-of-Thought (CoT) reasoning. The resulting CoT not
only supports the final quality score with interpretable deci-
sion steps, but also enforces consistent instruction-following
behavior across different tasks.

Rejective Sampling Finetuning This method supports
dataset creation across all three tasks by producing high-
quality, traceable annotations that are used for supervised
fine-tuning (SFT). Additionally, the process filters out both
easy and hard examples, retaining the remaining samples
for cold-start SFT training. This design mitigates the advan-
tage vanishing issue during the subsequent reinforcement
learning phase. Specifically, we first normalize all quality

scores to the range [0, 5] and discretize them into five se-
mantic levels (bad, poor, fair, good, excellent). For each
sample, we run the model N = § times and compare the
predicted quality-level word against the ground-truth level.
If all V predictions match the ground truth, the sample is
classified as easy; if none match, it is classified as hard.
Both categories are filtered out, and only the remaining
intermediate-difficulty samples are retained for cold-start
SFT, ensuring the model is trained on informative examples
that provide meaningful learning signals. Before supervised
training, we further refine the selected CoT trajectories us-
ing Gemini to correct visually grounded inconsistencies and
align the reasoning steps with the corresponding visual evi-
dence. Specifically, we prompt Gemini with the input image,
the original CoT trajectory, and a verification instruction
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that asks it to identify and correct any factual errors in the vi-
sual descriptions (e.g., incorrect color, misidentified objects,
or hallucinated artifacts). This refinement step ensures that
the reasoning chains are faithfully grounded in the actual
visual content, improving the quality of SFT supervision.
Finally, the reasoning-enhanced MLLM Tieq50n 1S fine-tuned
using supervised learning on the selected CoT trajectories.
Notably, during the training phase, only the original ques-
tion is retained while the previously generated analysis plan
is removed. This design choice is intentional and serves
to bypass the need for explicit plan generation during both
the reinforcement learning and inference stages. By train-
ing the model solely on the original prompt paired with
the reasoning-augmented response, the approach implicitly
encourages the model to internalize effective planning and
reasoning structures.

3.2. Reinforcement Finetuning with GRPO

In VisualScore, reinforcement learning is performed in
a multi-task setting, where heterogeneous image quality
objectives—technical fidelity, aesthetic preference, and
text—image alignment—are jointly optimized under a uni-
fied policy. While this enables shared reasoning across tasks,
it also introduces reward conflicts caused by task-wise dif-
ferences in scale, variance, and learning difficulty, which
can destabilize policy optimization if left unaddressed.
Gaussian Reward To provide a unified reward signal com-
patible with continuous score regression across tasks, we
adopt a Gaussian-shaped reward.:

o o*)2
R = oxp <(Ss)> (1)

202

where $ denotes the predicted score, s* is the ground-truth
score, and o controls the sharpness of the reward decay.
Compared to binary or preference-based rewards, this for-
mulation produces smoother gradients and better aligns with
the continuous nature of image quality assessment. More
importantly, it enables consistent supervision across het-
erogeneous tasks, forming the basis for unified multi-task
optimization.

Standard Deviation-Guided Sample Filtering Despite
the smoothness of Gaussian rewards, near-identical re-
wards within a response group can lead to vanishing ad-
vantages and ineffective gradients. This effect is ampli-
fied in multi-task reinforcement learning, where tasks sat-
urate at different rates. To mitigate this, we adopt a stan-
dard deviation-guided filtering strategy over sampled re-
sponse groups. Let the training batch be divided into M
groups, each containing K sampled responses with asso-
ciated Gaussian rewards {rg»z)}jK:l for group ¢. For each
group ¢, we compute the intra-group reward standard de-

viation ¢(9) = std({r](-i)}le), and retain the group for
training only if o(*) > 7, where 7 = 0.001. By focus-

ing on high-variance groups, the model benefits from more
informative feedback for policy gradient.

Entropy Gating for Backward Policy Gradient As train-
ing progresses, different tasks exhibit distinct entropy pat-
terns along their chain-of-thought trajectories: simpler tasks
quickly become over-confident, while harder tasks retain
high uncertainty in intermediate reasoning steps. This mis-
match leads to localized entropy collapse and unbalanced
learning signals in multi-task reinforcement learning. To
address this, following prior work on high-entropy token op-
timization (Wang et al., 2025¢; Guo et al., 2025), we adopt a
unified entropy gating mechanism that applies policy gradi-
ents only to high-entropy tokens. This design balances learn-
ing across tasks by emphasizing uncertain reasoning regions
while avoiding redundant updates on over-confident task-
specific trajectories. Crucially, the gating threshold is not
a fixed absolute value but a relative quantile: we compute
the top-p quantile (with p = 0.2) over all token entropies
within the current batch. Because the threshold adapts to
each batch’s entropy distribution, it naturally accommodates
tasks with different average entropies. = We modify the
DAPO loss (Yu et al., 2025) (token-level loss) to apply pol-
icy gradients only on high-entropy tokens. ri(#) denotes
the ratio between the current policy 7y and the old policy

76 (0t|q,0 N
o ti‘q’ —ft) , and A} is the
7Told(oth,()<t)

corresponding advantage estimate. H; is the entropy of the
predicted token distribution, and Tf denotes the top-p quan-
tile threshold computed across all token entropies within the
batch. The indicator function I( H} > Tf) ensures that only
high-entropy tokens contribute to the gradient, enabling the
model to focus on uncertain and informative regions. Given
a mini-batch B sampled from dataset D, the loss is defined

as:

Tola for token of, i.e., ri(0) =

G o'

J(0) =Eg [Zilllo S>u(Hi =)

i=1 t=1
- min (ri(&)/li, clip (Ti(@), 1—e,1+ €h> Ai>:|
)

3.3. Reinforced Training Strategy

We adopt a two-stage reinforcement training strategy with
Gaussian rewards. The first stage trains a stable baseline
with smooth regression-aligned feedback, while later train-
ing suffers from entropy collapse and vanishing advantages.
To address this, the second stage introduces high-entropy
gating and STD-guided sample filtering: the former applies
policy gradients only to high-entropy tokens, and the latter
removes low-variance response groups with weak gradient
signals. Together, these refinements maintain gradient infor-
mativeness and improve convergence and generalization.
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Table 1. PLCC / SRCC comparison on the technical quality assessment tasks with SOTA methods.

Category Methods KonlIQ

SPAQ

LIVEC KADID PIPAL AGIQA3k AVG.

Training-Free
Handcrafted

NIQE (Mittal et al., 2012b)
BRISQUE (Mittal et al., 2012a)

0.533/0.530 0.679/0.664 0.493/0.449 0.468/0.405 0.195/0.161
0.225/0.226 0.490/0.406 0.361/0.313 0.429/0.356 0.267/0.232 0.541/0.497 0.385/0.338

0.560/0.533  0.488/0.457

Test Setting In-domain

Out-domain  Out-domain Out-domain Out-domain  Out-domain

NIMA (Talebi & Milanfar, 2018) 0.896/0.859 0.838/0.856 0.814/0.771 0.532/0.535 0.390/0.399 0.715/0.654 0.697/0.679

Finetune on KonlQ MUSIQ (Ke et al., 2021)
Deep Learning ~ CLIP-IQA+ (Wang et al., 2023)
based method ~ ManIQA (Yang et al., 2022)

0.924/0.929 0.868/0.863 0.789/0.830 0.575/0.556 0.431/0.430 0.722/0.630 0.718/0.706
0.909/0.895 0.866/0.864 0.832/0.805 0.653/0.642 0.427/0.419 0.736/0.685 0.737/0.718
0.849/0.834 0.768/0.758 0.849/0.832 0.499/0.465 0.457/0.452 0.723/0.636 0.691/0.718

Test Setting In-domain

Jointly Finetune

MLLM-based
method

DeQAT (You et al., 2025a)
Qwen-SFTT (Bai et al., 2025)
Q-Insight’ (Li et al., 2025¢)

Out-domain  Out-domain Out-domain Out-domain Out-domain

0.936/0.934 0.884/0.882 0.869/0.860 0.674/0.717 0.443/0.420 0.832/0.776 0.774/0.764
0.928/0.908 0.863/0.856 0.847/0.866 0.677/0.681
0.850/0.823 0.870/0.862 0.792/0.784 0.643/0.659 0.423/0.404 0.793/0.658 0.729/0.698
0.899/0.882 0.899/0.897 0.838/0.808 0.627/0.666 0.478/0.472 0.817/0.775 0.759/0.750

0.411/0.390  0.864/0.806 0.763/0.751

Ours 0.941/0.927 0.900/0.900 0.880/0.857 0.745/0.741 0.481/0.456 0.823/0.758 0.795/0.773

4. Experiment
4.1. Experiment Setups

Training Datasets. We first perform SFT on a CoT dataset
comprising 41,183 examples, constructed through rejective
sampling from three major sources: AVA (Murray et al.,
2012), KonlQ (Hosu et al., 2020), and EvalMuse (Han
et al., 2024). This dataset spans a total of 15,206 unique im-
ages—4,916 from AVA, 4,889 from KonlQ, and 5,401 from
EvalMuse—and includes 3,840 samples from AVA, 15,314
from KonlQ, and 12,029 from EvalMuse. Subsequently,
Qwen2.5-VL-7B (Bai et al., 2025) is fine-tuned through
GRPO on three reference-scored datasets: 10K samples
from AVA, 10K from EvalMuse, and 7K from KonIQ.

Evaluation Datasets. We evaluate our model on a
wide range of datasets across three task categories:
i)Technical Quality Assessment: Real-scene datasets in-
clude KonlIQ (Hosu et al., 2020) (excluding training im-
ages), SPAQ (Fang et al., 2020), and LIVEC (Ghadiyaram
& Bovik, 2015). Synthetic distortion datasets include
KADID-10k (Lin et al., 2019) and PIPAL (Jinjin et al.,
2020). ii)Aesthetic Quality Assessment: We evaluate on
AVA (Murray et al., 2012) (excluding training images) and
TADG66K (He et al., 2022). iii) Text-Image Alignment
Evaluation: Evaluation is conducted on EvalMuse (Han
et al., 2024) (held-out subset), EvalMi-50K (Wang et al.,
2025a), T2I-CompBench (Huang et al., 2023), and GenAl-
Bench (Li et al., 2024a).

Test-Time Text-Image (T2I) Optimization. To further
verify the performance of our VisualScore for the text-image
(T2I) generation task, we apply VisualScore into the test-
time guided optimization strategy for T2I generation. Specif-
ically, we evaluate its effectiveness on the Geneval Bench-
mark (Ghosh et al., 2023), an object-centric benchmark that
evaluates compositional properties such as position, count,
and color. We test the lightweight T2I model SANA-1.0-
1.6B (Xie et al., 2025a) under this setting.

Implementation Details. We initialize the model with
Qwen2.5-VL-7B and conduct supervised fine-tuning (SFT)
on the synthesis CoT dataset. For the second-stage rein-
forcement learning, we adopt a batch size of 64 and train
for 4 epochs (2 epochs for Gaussian Reward only, and 2
epochs for the STD-filter and Entropy Gating strategy). All
experiments are conducted using 4 NVIDIA A100 GPUs
with 80GB memory. For GRPO, we use n = 16 sampled re-
sponses per query, and set the hyperparameters as § = 0.04,
€ = 0.2, and the Gaussian reward decay parameter o = 0.8.

4.2. Result Analysis

Technical Quality Assessment Performance. We cat-
egorize the compared methods into three groups: hand-
crafted, deep-learning-based, and MLLM-based approaches.
Handcrafted methods such as NIQE (Mittal et al., 2012b)
and BRISQUE (Mittal et al., 2012a) rely on manually de-
signed features and do not involve any learning process.
Deep-learning-based methods (trained on KonlQ (Hosu
et al., 2020)), including NIMA (Talebi & Milanfar, 2018),
MUSIQ (Ke et al., 2021), CLIP-IQA++ (Wang et al., 2023),
and ManlQA (Yang et al., 2022). The MLLM-based
category consists of recently proposed MLLMs like Q-
Align (Wu et al., 2023a), DeQA (You et al., 2025a), Qwen-
SFT (Bai et al., 2025), Q-Insight (Li et al., 2025c). These
MLLMs follow the same joint finetuning setting with our
proposed VisualScore. In terms of experimental setting, all
models are evaluated across six benchmark datasets: KonlQ,
SPAQ, LIVEC, KADID, PIPAL, and AGIQA3k, with both
PLCC and SRCC used as evaluation metrics. Despite being
trained jointly on three heterogeneous tasks, our method
achieves consistently strong performance across all datasets,
as shown in Table 1. Notably, our model reaches comparable
or superior average scores to the best-performing baselines,
including those trained on multiple datasets.

Text-Image Alignment Quality Assessment Performance.
Table 2 summarizes comprehensive experimental results un-
der two evaluation settings for text-image alignment tasks.
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Table 2. PLCC / SRCC comparison on the text-image alignment assessment tasks.

Category Methods EvalMuse-40K EvalMi-50K GenAl-Bench CompBench AVG.
Test Setting Large-scale Pretraining, Out-domain testing
“CLIPScore (Hessel etal., 2021) 0.299/0.293  0.307/0.260  0.203/0.168  0.194/0.204 0.251/0.231
BLIPscore (Li et al., 2022) 0.335/0.358 0.347/0.290  0.298/0.273  0.394/0.397 0.344/0.330
ImageReward (Xu et al., 2023) 0.465/0.458 0.552/0.499  0.379/0.340  0.431/0.437 0.457/0.434
PickScore (Kirstain et al., 2023) 0.440/0.433 0.469/0.461  0.363/0.354  0.095/0.111  0.342/0.340
Full-Finetune HPSv2 (Wu et al., 2023b) 0.366/0.374 0.533/0.553  0.169/0.137  0.276/0.284 0.336/0.337
VQAScore (Li et al., 2024b) 0.488/0.484 0.606/0.612  0.518/0.553  0.532/0.583 0.536/0.558
UnifiedReward-Llavaov (Wang et al., 2025d)  0.710/0.722 0.661/0.686  0.606/0.621  0.470/0.508 0.612/0.634
UnifiedReward-Qwen (Wang et al., 2025d) 0.747/0.756 0.736/0.717  0.631/0.635  0.627/0.648 0.685/0.689
Test Setting In-domain Out-domain ~ Out-domain ~ Out-domain
'FGA-BLIP2 (Hanetal, 2024) 0.772/0.772  0.692/0.675  0.568/0.564  0.623/0.600 0.664/0.653
LMM4LMM (Wang et al., 2025a) 0.796/0.785 0.693/0.676  0.636/0.652  0.502/0.509 0.657/0.656
Test Setting In-domain Out-domain ~ Out-domain ~ Out-domain
"Q-Align (Wuetal., 20232) 0.755/0.742  0.680/0.694  0.579/0.572  0.565/0.546 0.645/0.639
QwenSFT (Bai et al., 2025) 0.734/0.711 0.718/0.683  0.643/0.653  0.566/0.598 0.665/0.661
Few-shot Joint Finetune DEQA (You et al., 2025a) 0.520/0.520 0.462/0.431  0.222/0.219  0.326/0.325 0.383/0.374
Q-Insight (Li et al., 2025¢) 0.647/0.688 0.660/0.714  0.641/0.672  0.554/0.611 0.626/0.671
Ours 0.764/0.775 0.743/0.734  0.674/0.679  0.617/0.635 0.700/0.706

Text Prompt: "a photo of a bear above a clock”

Best of N
Sampling

Text-Image Alignment
Score": 2.78

Text-Image Alignment
Score": 2.72

Text-Image Alignment
Score": 2.87

T2I Optimization Guided By VisualScore

Text-Image Alignment
Score": 2.87

<thinloLet's analyze the image step by step
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##£4# Step 1: Understand the Prompt

#4### Step 2: Tdentify Key Elements
Text-Based Reflection

=

##£4# Step 3: Evaluate the Image Against
Each Element

HH#H# Bear:

- **Presence™: The bear is present in the
image.

- **Posi
clock; i
it
- **Presence**: The clock is present in the
image.

- **Position**: The clock is above the bear,
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##4# Step 4: Make a Final Judgment
Based on the evaluation, the bear is not
above the clock. Therefore, the final
judgment is:

“/think>

<answer>2.87</answer>

Abstracted Feedback:
"There should bea
hoto of a bear above a
clock, but the bear is,
not above the clock: it
is in front of the clock"

The bear is not above the
ont of the clock.

Figure 3. The T2I optimization process visualization guided by our proposed VisualScore.

In the Full-finetune category, we compare several state-of-
the-art methods specifically optimized for text-image align-
ment. Among these, FGA-BLIP2 (Han et al., 2024) and
LMM4LMM (Wang et al., 2025a) are trained on the full
dataset of EvalMuse-40k (Han et al., 2024), while other
approaches rely on extensive large-scale pretraining (Hes-
sel et al., 2021; Li et al., 2023; Xu et al., 2023; Kirstain
et al., 2023; Wu et al., 2023b). In contrast, methods under
the Few-shot finetune category, including ours, are jointly
trained on limited few-shot datasets, as detailed in Section
4.1. Here, EvalMuse-40K serves as the in-domain dataset,
whereas EvalMi-50K, GenAl-Bench, and CompBench con-
stitute out-of-domain benchmarks. As illustrated in Table 2,
our method, despite being trained with significantly fewer
data samples, achieves superior performance compared to
most fully fine-tuned models on the EvalMuse-40K dataset.
Additionally, our approach demonstrates excellent domain
generalization capabilities, outperforming even specialized
full-finetuned models and achieving state-of-the-art perfor-
mance across most out-of-domain benchmarks. It is worth
noting that UnifiedReward-Qwen, which shares the same
backbone (Qwen2.5-VL-7B) as our model but is trained

with large-scale preference data, achieves competitive re-
sults on in-domain benchmarks. However, our method sur-
passes it on out-of-domain generalization (0.700 vs. 0.685
AVG PLCC), demonstrating that structured reasoning pro-
vides stronger transferability than simply scaling up prefer-
ence data.

Aesthetic Quality Assessment Performance. Table 5
presents the evaluation of our approach on aesthetic quality
assessment tasks under two distinct experimental settings:
Full-Finetune and Fewshot-Finetune. As shown in Table 5,
our method achieves state-of-the-art performance compared
to all other methods in both in-domain and out-of-domain
scenarios, clearly demonstrating the effectiveness and robust
generalization capability.

Visual Reward-Guided Test-Time T2I Scaling. As
shown in Table 4, we report the performance of T2I test-time
scaling guided by our VisualScore on the GenEval (Ghosh
et al., 2023) benchmark. Our method achieves the opti-
mal performance on the GenEval benchmark through a
two-stage enhancement strategy combining score-guided
selection and text-guided reflection. Starting from the base
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Table 3. Performance comparison across Stage 1 and Stage 2 reinforcement training. Stage 2 training is initialized from the corresponding

Stage 1 checkpoint.

Stage Method In-domain Out-of-domain
AVA EvalMuse-50k KonlIQ TAD66k EvalMi-50k KADID
GRPO+GR 0.763/0.760  0.764/0.768  0.937/0.925 0.448/0.406 0.740/0.731  0.672/0.675
Stage 1 + Entro. 0.762/0.762 0.742/0.746  0.938/0.925 0.437/0.397 0.716/0.715  0.645/0.665
+ Entro. + STD 0.757/0.759  0.748 /0.748  0.934/0.920 0.436/0.398 0.738/0.742  0.735/0.731
GRPO+GR 0.760/0.755 0.750/0.751  0.936/0.922 0.445/0.412 0.734/0.728 0.671/0.672
Stage 2 (from GRPO+GR) + Entro. 0.767/0.765 0.767/0.771  0.940/0.927 0.450/0.409 0.739/0.735  0.735/0.740
+ Entro. + STD 0.766/0.763  0.764/0.775  0.941/0.927 0.461/0.430 0.743/0.734  0.745/0.741
Table 4. Results on the GenEval benchmark
Generator Overall Single Two Counting Color Position Attribution
SANA-1.5-4.8B (Xie et al., 2025b)* 0.76 099 095 0.72 0.82 0.50 0.54
+ Best-of-2048* 0.80 099 0.88 0.77 0.90 0.47 0.74
SANA-1.0-1.6B' (Xie et al., 2025a) 0.62 098 0.83 0.58 0.86 0.19 0.37
+ Best-of-20 0.75 0.99 0.87 0.73 0.88 0.54 0.55
+ Best-of-20 with VisualScore 0.78 098  0.96 0.76 0.86 0.58 0.60
+ Best-of-20 and Reflected 20 times with VisualScore 0.80 1.00  0.96 0.78 0.86 0.66 0.61

Table 5. PLCC / SRCC comparison on the aesthetic quality assess-
ment tasks.

Table 6. Comparison of reward models as rerankers on GenEval
(Overall Score).

Category Methods AVA TAD66k AVG. Reward Model Reasoning Support Best-of-N BoN + Revise
. lbsj ‘Set,".fg 7777777777 I ”,'ll,(”ﬁ“i”, 705!;4/2/!17111'7/1 B ImageReward (Xu et al., 2023) X 0.74 -
MUSIQ (Ke et al., 2021) 0.738/0.726 0.216/0.228 0.477/0.477 UnifiedReward (Wang et al., 2025d) v 0.77 0.78
Full-Finetune VILA (Ke et al., 2023) 0.664/0.658 0.372/0.350 0.518/0.504 VisualScore (Ours) v 0.78 0.80
UNIAA (Zhou et al., 2024)  0.704/0.713 0.425/0.411 0.565/0.562
Test Setting In-domain_ Out-domain Table 7. Test-time guidance on the stronger Flux.2-Klein-9B gen-
etSetting __ __ ____ twdomdn Outdonan
Q-Align' (Wu etal,, 2023a)  0.747/0.729 0.387/0.401  0.567/0.565 erator (GenEval Overall Score).
Qwen-SFT (Bai et al., 2025) 0.650/0.629 0.403/0.386 0.526/0.507
Few-shot Joint Finetune DeQAT (You et al., 20252)  0.751/0.749 0.433/0.409 0.592/0.579 Setti GenEval O I
Q-Insight! (Li etal., 2025¢)  0.699/0.699 0.443/0.416 0.571/0.558 etting enkival Uvera
Ours 0.766/0.763 0.461/0.430 0.612/0.597 . .
Flux.2-Klein-9B (Baseline) 0.82
+ Best-of-N with VisualScore 0.88
+ BoN + Reflection with VisualScore 0.89

SANA-1.0-1.6B model (Xie et al., 2025a), naive Best-of-20
sampling yields a solid baseline (0.75 overall). By incorpo-
rating score prediction (VisualScore) to guide the Best-of-20
sampling, we obtain a significant improvement to 0.78, out-
performing the larger SANA-1.5-4.8B (0.76) despite using
significantly fewer parameters and less compute. Building
on this, we further apply the text-guided reflection strategy
described in Reflect-DiT (Li et al., 2025b) to iteratively re-
fine the generated outputs, achieving a new state-of-the-art
score of 0.80 overall. While the larger SANA-1.5-4.8B
model with Naive Best of 2048 sampling performs competi-
tively, it is not open-sourced and requires significantly more
computational resources and cost. The optimization process
is shown in Fig. 3.

To further validate VisualScore as a reward model for T2I
reranking, we compare it against ImageReward (Xu et al.,
2023) and UnifiedReward (Wang et al., 2025d) under the
same Best-of-N protocol on GenEval. As shown in Ta-
ble 6, VisualScore consistently outperforms both baselines.
Notably, ImageReward only outputs a scalar preference
score and cannot support iterative reflection, whereas Visu-
alScore provides structured reasoning feedback that enables
the BoN+Revise strategy, achieving the highest overall score

of 0.80.

To further demonstrate the generalizability of VisualScore
across different T2I generators, we evaluate it on the
stronger Flux.2-Klein-9B (Labs, 2025) model. As shown in
Table 7, VisualScore consistently improves generation qual-
ity on this stronger baseline, achieving +0.06 with Best-of-N
and +0.07 with BoN+Reflection, confirming its effective-
ness as a general-purpose reward model for T2I scaling.

More application on test-time guidance. To evaluate the
effectiveness of test-time guidance in text-to-image (T2I)
generation, we adopt a best-of-20 sampling strategy, where
20 images are generated per prompt and a scoring-based
selector is used to choose the final output. We compare
three selection methods on SANA 1.0: (1) Q-Align select,
which uses Q-Align (Wu et al., 2023a)’s aesthetic score;
(2) VisualScore-Aes select, which selects based on Visu-
alScore’s aesthetic score alone; and (3) VisualScore select,
which combines both aesthetic and technical scores from
VisualScore. The selected images are then evaluated us-
ing three external metrics: Q-Insight (Li et al., 2025c¢),
DEQA (You et al., 2025a), and AesMMIT (Huang et al.,
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Table 8. Comparison of generated images selected by different
methods (20 images per prompt). Higher scores indicate better
performance. And the final score is averaged on a subset of 50
prompts.

Selection Method Q-Insight (1) DEQA (1) AesMMIT (1)
Q-Align select 4.165+£0.198 3.897 +£0.461 0.480+0.114
VisualScore-Aes select 4.208 £ 0.175 3.912+0.441 0.513 £0.116

VisualScore select 4.264 £0.175 4.062 £0.363 0.557 +0.101

Table 9. Results on the main component of our VisualScore frame-
work with 2 epochs training setting for stage 1 reinforcement
training.

Method AVA EvalMuse-50k KonIQ

Naive GRPO 0.733/0.732 0.640/0.641 0.899/0.882
Rej. Tuning + GRPO 0.737/0.735 0.689/0.706 0.911/0.897
Rej. Tuning + GRPO with GR  0.763/0.760 0.764/0.768  0.937/0.925

2024).

As shown in Table 8, the VisualScore selector achieves the
highest scores across all metrics, outperforming both Q-
Align and the aesthetic-only variant. This indicates that
considering both aesthetic and technical quality dimensions
leads to more robust and perceptually preferred image se-
lection. Notably, while aesthetic-only selection already im-
proves over Q-Align, incorporating technical quality pro-
vides further performance gains, suggesting its complemen-
tary importance in high-quality T2I generation.

5. Ablation Study

Single-task vs. Multi-task Training To validate the ef-
fectiveness of multi-task joint training with our proposed
stabilization mechanisms, we compare four settings in Ta-
ble 11: single-task naive training, single-task with our
method, multi-task naive training, and multi-task with our
full framework. Multi-task naive training without stabiliza-
tion performs worst due to task conflicts, while our method
resolves these conflicts and achieves the best results across
all benchmarks, demonstrating that unified multi-task opti-
mization benefits from entropy gating and STD filtering.

The effectiveness of cold-start reject sampling tuning
As shown in Table 9, cold-start reject sampling leads to
consistent improvements over the naive GRPO baseline,
especially on more challenging datasets like EvalMuse
(0.640—0.689). These results facilitate the learning of rea-
soning pathway structures that reflect the underlying thought
processes.

The effectiveness of Gaussian Reward Comparing the
second and third rows of Table 9, we observe that replacing
the binary reward with a Gaussian-shaped reward leads to
consistent performance gains. This suggests that continuous
reward modeling provides richer learning signals for the
policy.

The effectiveness of Entropy Gating and STD-guided
Filtering Table 3 reveals that directly applying entropy-

Table 10. Per-token average entropy across tasks before and after
Stage 2 training with entropy gating.

Task After Stage 1 After Stage 2
KonlQ (Technical) 0.0691 0.0687
EvalMuse (Alignment) 0.0838 0.0726
AVA (Aesthetic) 0.0952 0.0646

Table 11. Single-task vs. Multi-task training comparison (PLCC).

Setting KonlQ AVA  EvalMuse
Single naive 0918 0.734 0.708
Single + Ours  0.936  0.759 0.731
Multi naive 0.899 0.733 0.640
Multi + Ours  0.941  0.766 0.764

based gating or STD-guided filtering during Stage 1 rein-
forcement learning leads to slight performance degradation
across most benchmarks. And we found that these mecha-
nisms can be counterproductive when applied to a model
that has not yet acquired a strong quality assessment base-
line—often resulting in unstable optimization or degraded
performance. In contrast, when introduced in Stage 2 (after
warming up the policy with Gaussian reward), their effects
become significantly positive. The model benefits from sta-
bilized reasoning pathways and gains better learning signals,
resulting in consistent performance boosts.

To further illustrate how entropy gating balances learning
across tasks, we report the per-token average entropy for
each task before and after Stage 2 training in Table 10. After
Stage 1, the three tasks exhibit imbalanced entropy levels
(0.069 for KonlQ vs. 0.095 for AVA), indicating uneven
confidence across tasks. After Stage 2 with entropy gating,
the entropy values converge to a narrower range (0.065—
0.073), confirming that our mechanism effectively equalizes
learning signals across heterogeneous tasks.

6. Conclusion

In this work, we have presented VisualScore, a reward model
with a structured reasoning framework for explainable and
robust image quality assessment across multiple tasks. Vi-
sualScore decomposes reward modeling over key quality
dimensions and leverages high-quality plan-reason trajecto-
ries for fine-grained, interpretable assessment. It combines
supervised fine-tuning on structured CoT data with GRPO-
based reinforcement learning for continuous score predic-
tion, further stabilized by STD filtering and entropy gating.
Extensive experiments across aesthetic, technical, and align-
ment evaluation tasks demonstrate that VisualScore not only
achieves structured reasoning across diverse settings, but
also substantially improves generalization to unseen data,
suggesting a scalable path toward more robust reward mod-
els. Moreover, VisualScore can serve as a test-time reward
model for guiding text-to-image (T2I) generation models,
highlighting its versatility and effectiveness.



VisualScore: Learning Holistic Visual Quality Scores via Multi-Task Reasoning

Acknowledgements

This work was supported in part by NSFC under Grant
62371434 and U25B2010, the Fundamental Research Funds
for the Central Universities (No. WK2100250064), An-
hui Postdoctoral Scientific Research Program Foundation
(No0.2025A1015), the Postdoctoral Fellowship Program of
CPSF under Grant Number GZC20252293, the China Post-
doctoral Science Foundation-Anhui Joint Support Program
under Grant Number 2024T017AH, and China Postdoctoral
Science Foundation under Grant Number 2025M783529.

Impact Statement

This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
specifically highlighted here.

References

Lorenzo Agnolucci, Leonardo Galteri, Marco Bertini, and
Alberto Del Bimbo. Arniqa: Learning distortion man-
ifold for image quality assessment. In Proceedings of
the IEEE/CVF Winter Conference on Applications of
Computer Vision, pp. 189-198, 2024.

Pravesh Agrawal, Szymon Antoniak, Emma Bou Hanna,
Baptiste Bout, Devendra Chaplot, Jessica Chudnovsky,
Diogo Costa, Baudouin De Monicault, Saurabh Garg,
Theophile Gervet, et al. Pixtral 12b. arXiv preprint
arXiv:2410.07073, 2024.

Shuai Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wenbin
Ge, Sibo Song, Kai Dang, Peng Wang, Shijie Wang, Jun
Tang, et al. Qwen2. 5-vl technical report. arXiv preprint
arXiv:2502.13923, 2025.

Zhuoxuan Cai, Bowen Tang, Lujian Yao, Qiyuan Wang,
Jinwei Chen, and Bo Li. Q-ponder: A unified training
pipeline for reasoning-based visual quality assessment.
arXiv preprint arXiv:2506.05384, 2025.

Chaofeng Chen, Sensen Yang, Haoning Wu, Liang Liao,
Zicheng Zhang, Annan Wang, Wenxiu Sun, Qiong Yan,
and Weisi Lin. Q-ground: Image quality grounding with
large multi-modality models. In Proceedings of the 32nd
ACM International Conference on Multimedia, pp. 486—
495, 2024a.

Haoyu Chen, Wenbo Li, Jinjin Gu, Jingjing Ren, Sixiang
Chen, Tian Ye, Renjing Pei, Kaiwen Zhou, Fenglong
Song, and Lei Zhu. Restoreagent: Autonomous image
restoration agent via multimodal large language models.
arXiv preprint arXiv:2407.18035, 2024b.

Weifeng Chen, Jiacheng Zhang, Jie Wu, Hefeng Wu, Xue-
feng Xiao, and Liang Lin. Id-aligner: Enhancing identity-
preserving text-to-image generation with reward feedback
learning. arXiv preprint arXiv:2404.15449, 2024c.

10

Zheng Chen, Xun Zhang, Wenbo Li, Renjing Pei, Fenglong
Song, Xiongkuo Min, Xiaohong Liu, Xin Yuan, Yong
Guo, and Yulun Zhang. Grounding-iqa: Multimodal
language grounding model for image quality assessment.
arXiv preprint arXiv:2411.17237, 2024d.

Xi Fang, Weigang Wang, Xiaoxin Lv, and Jun Yan.
Pcqga: A strong baseline for aigc quality assessment
based on prompt condition. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 6167-6176, 2024.

Yuming Fang, Hanwei Zhu, Yan Zeng, Kede Ma, and Zhou
Wang. Perceptual quality assessment of smartphone pho-
tography. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pp. 3677—
3686, 2020.

Deepti Ghadiyaram and Alan C Bovik. Live in
the wild image quality challenge database. Online:
http://live. ece. utexas. edu/research/ChallengeDB/index.
html [Mar, 2017], 2015.

Dhruba Ghosh, Hannaneh Hajishirzi, and Ludwig
Schmidt. Geneval: An object-focused framework
for evaluating text-to-image alignment.  Advances

in Neural Information Processing Systems, 36:52132—
52152, 2023.

Fengbin Guan, Xin Li, Zihao Yu, Yiting Lu, and Zhibo
Chen. Qmamba: On first exploration of vision mamba for
image quality assessment. In International Conference
on Machine Learning, pp. 20598-20611. PMLR, 2025a.

Fengbin Guan, Zihao Yu, Yiting Lu, Xin Li, and Zhibo Chen.
Internvqa: Advancing compressed video quality assess-
ment with distilling large foundation model. In 2025

IEEE International Symposium on Circuits and Systems
(ISCAS), pp. 1-5. IEEE, 2025b.

Fengbin Guan, Zihao Yu, Yiting Lu, Wei Luo, Yixin Gao,
Xin Li, and Zhibo Chen. Mmf-qe: Advanced multi-
modal fusion for quality assessment and engagement pre-
diction in user-generated short videos. In Proceedings
of the IEEE/CVF International Conference on Computer
Vision, pp. 3458-3465, 2025c.

Jarvis Guo, Tuney Zheng, Yuelin Bai, Bo Li, Yubo Wang,
King Zhu, Yizhi Li, Graham Neubig, Wenhu Chen, and
Xiang Yue. Mammoth-vl: Eliciting multimodal rea-
soning with instruction tuning at scale. arXiv preprint
arXiv:2412.05237, 2024.

Yiran Guo, Lijie Xu, Jie Liu, Dan Ye, and Shuang Qiu.
Segment policy optimization: Effective segment-level
credit assignment in rl for large language models. arXiv
preprint arXiv:2505.23564, 2025.




VisualScore: Learning Holistic Visual Quality Scores via Multi-Task Reasoning

Shuhao Han, Haotian Fan, Jiachen Fu, Liang Li, Tao
Li, Junhui Cui, Yunqiu Wang, Yang Tai, Jingwei Sun,
Chunle Guo, et al. Evalmuse-40k: A reliable and fine-
grained benchmark with comprehensive human anno-
tations for text-to-image generation model evaluation.
arXiv preprint arXiv:2412.18150, 2024.

Shuai He, Yongchang Zhang, Rui Xie, Dongxiang Jiang,
and Anlong Ming. Rethinking image aesthetics assess-
ment: Models, datasets and benchmarks. In IJCAI, pp.
942-948, 2022.

Jack Hessel, Ari Holtzman, Maxwell Forbes, Ronan Le
Bras, and Yejin Choi. Clipscore: A reference-free
evaluation metric for image captioning. arXiv preprint
arXiv:2104.08718, 2021.

Vlad Hosu, Hanhe Lin, Tamas Sziranyi, and Dietmar Saupe.
Konig-10k: An ecologically valid database for deep learn-
ing of blind image quality assessment. IEEE Transactions
on Image Processing, 29:4041-4056, 2020.

Kaiyi Huang, Kaiyue Sun, Enze Xie, Zhenguo Li, and Xi-
hui Liu. T2i-compbench: A comprehensive benchmark
for open-world compositional text-to-image generation.
Advances in Neural Information Processing Systems, 36:
78723-78747, 2023.

Yipo Huang, Xiangfei Sheng, Zhichao Yang, Quan Yuan,
Zhichao Duan, Pengfei Chen, Leida Li, Weisi Lin, and
Guangming Shi. Aesexpert: Towards multi-modality
foundation model for image aesthetics perception. In
Proceedings of the 32nd ACM International Conference
on Multimedia, pp. 5911-5920, 2024.

Ziheng Jia, Zicheng Zhang, Jiaying Qian, Haoning Wu,
Wei Sun, Chunyi Li, Xiaohong Liu, Weisi Lin, Guang-
tao Zhai, and Xiongkuo Min. VQA?: Visual question
answering for video quality assessment. arXiv preprint
arXiv:2411.03795, 2024.

Ziheng Jia, Zicheng Zhang, Zeyu Zhang, Yingji Liang, Xi-
aorong Zhu, Chunyi Li, Jinliang Han, Haoning Wu, Bin
Wang, Haoran Zhang, et al. Scaling-up perceptual video
quality assessment. arXiv preprint arXiv:2505.22543,
2025.

Xu Jiang, Gehui Li, Bin Chen, and Jian Zhang. Multi-agent
image restoration. arXiv preprint arXiv:2503.09403,
2025.

Gu Jinjin, Cai Haoming, Chen Haoyu, Ye Xiaoxing, Ren
Jimmy, and Dong Chao. Pipal: a large-scale image quality
assessment dataset for perceptual image restoration. In
European Conference on Computer Vision, pp. 633-651,
2020.

11

Junjie Ke, Qifei Wang, Yilin Wang, Peyman Milanfar, and
Feng Yang. Musiq: Multi-scale image quality trans-
former. In Proceedings of the IEEE/CVF international
conference on computer vision, pp. 5148-5157, 2021.

Junjie Ke, Keren Ye, Jiahui Yu, Yonghui Wu, Peyman Mi-
lanfar, and Feng Yang. Vila: Learning image aesthetics
from user comments with vision-language pretraining. In
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 10041-10051, 2023.

Yuval Kirstain, Adam Polyak, Uriel Singer, Shahbuland
Matiana, Joe Penna, and Omer Levy. Pick-a-pic: An open
dataset of user preferences for text-to-image generation.
Advances in neural information processing systems, 36:
36652-36663, 2023.

Black Forest Labs. FLUX.2: Frontier Visual Intelligence.
https://bfl.ai/blog/flux-2,2025.

Baiqi Li, Zhiqiu Lin, Deepak Pathak, Jiayao Li, Yixin Fei,
Kewen Wu, Tiffany Ling, Xide Xia, Pengchuan Zhang,
Graham Neubig, et al. Genai-bench: Evaluating and
improving compositional text-to-visual generation. arXiv
preprint arXiv:2406.13743, 2024a.

Baiqi Li, Zhiqiu Lin, Deepak Pathak, Jiayao Li, Yixin Fei,
Kewen Wu, Xide Xia, Pengchuan Zhang, Graham Neubig,
and Deva Ramanan. Evaluating and improving compo-
sitional text-to-visual generation. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 5290-5301, 2024b.

Bingchen Li, Xin Li, Yiting Lu, and Zhibo Chen. Hy-
brid agents for image restoration. arXiv preprint
arXiv:2503.10120, 2025a.

Chunyi Li, Tengchuan Kou, Yixuan Gao, Yuqin Cao, Wei
Sun, Zicheng Zhang, Yingjie Zhou, Zhichao Zhang,
Weixia Zhang, Haoning Wu, et al. Aigiqa-20k: A large
database for ai-generated image quality assessment. In
Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pp. 6327-6336, 2024c.

Chunyi Li, Guo Lu, Donghui Feng, Haoning Wu, Zicheng
Zhang, Xiaohong Liu, Guangtao Zhai, Weisi Lin, and
Wenjun Zhang. Misc: Ultra-low bitrate image semantic
compression driven by large multimodal model. IEEE
Transactions on Image Processing, 2024d.

Junnan Li, Dongxu Li, Caiming Xiong, and Steven Hoi.
Blip: Bootstrapping language-image pre-training for uni-
fied vision-language understanding and generation. In
International conference on machine learning, pp. 12888—
12900. PMLR, 2022.



https://bfl.ai/blog/flux-2

VisualScore: Learning Holistic Visual Quality Scores via Multi-Task Reasoning

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi.
Blip-2: Bootstrapping language-image pre-training with
frozen image encoders and large language models. In
International conference on machine learning, pp. 19730—
19742. PMLR, 2023.

Shufan Li, Konstantinos Kallidromitis, Akash Gokul, Arsh
Koneru, Yusuke Kato, Kazuki Kozuka, and Aditya Grover.
Reflect-dit: Inference-time scaling for text-to-image diffu-
sion transformers via in-context reflection. arXiv preprint
arXiv:2503.12271, 2025b.

Weigqi Li, Xuanyu Zhang, Shijie Zhao, Yabin Zhang, Junlin
Li, Li Zhang, and Jian Zhang. Q-insight: Understanding
image quality via visual reinforcement learning. arXiv
preprint arXiv:2503.22679, 2025c.

Sen Liang, Fengbin Guan, Youliang Zhang, Xin Li, and
Zhibo Chen. Cot-edit: Let cot guide instruction video
editing. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pp. 37960-
37970, 2026a.

Sen Liang, Cong Wang, Fengbin Guan, Zhentao Yu, Yiting
Lu, Yuanzhi Wang, Yuan Zhou, Xin Li, and Zhibo Chen.
Spongebob: Sync-aware harmonious audio-visual gener-
ative editing. arXiv preprint arXiv:2605.25193, 2026b.

Hanhe Lin, Vlad Hosu, and Dietmar Saupe. Kadid-10k:
A large-scale artificially distorted iqa database. In
2019 Eleventh International Conference on Quality of
Multimedia Experience (QoMEX), pp. 1-3. IEEE, 2019.

Yiting Lu, Xin Li, Bingchen Li, Zihao Yu, Fengbin Guan,
Xinrui Wang, Ruling Liao, Yan Ye, and Zhibo Chen. Aigc-
vqa: A holistic perception metric for aigc video quality as-
sessment. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pp. 6384—
6394, 2024.

Wei Luo, Yiting Lu, Xin Li, Haoran Li, Fengbin Guan,
Chen Gao, Xin Jin, Yong Li, Zhibo Chen, Sijing Wu,
et al. Lovif 2026 the first challenge on holistic quality
assessment for 4d world model (physcore). arXiv preprint
arXiv:2605.05187, 2026.

Yihong Luo, Tianyang Hu, Weijian Luo, Kenji Kawaguchi,
and Jing Tang. Reward-instruct: A reward-centric ap-
proach to fast photo-realistic image generation. arXiv
preprint arXiv:2503.13070, 2025.

Zi-Ao Ma, Tian Lan, Rong-Cheng Tu, Shu-Hang Liu, Heyan
Huang, Zhijing Wu, Chen Xu, and Xian-Ling Mao. T2i-
eval-rl: Reinforcement learning-driven reasoning for
interpretable text-to-image evaluation. arXiv preprint
arXiv:2505.17897, 2025.

12

Xiongkuo Min, Yixuan Gao, Yuqin Cao, Guangtao Zhai,
Wenjun Zhang, Huifang Sun, and Chang Wen Chen.
Exploring rich subjective quality information for im-
age quality assessment in the wild. arXiv preprint
arXiv:2409.05540, 2024.

Anish Mittal, Anush Krishna Moorthy, and Alan Conrad
Bovik. No-reference image quality assessment in the
spatial domain. IEEE Transactions on image processing,
21(12):4695-4708, 2012a.

Anish Mittal, Rajiv Soundararajan, and Alan C Bovik. Mak-
ing a “completely blind” image quality analyzer. IEEE
Signal processing letters, 20(3):209-212, 2012b.

Naila Murray, Luca Marchesotti, and Florent Perronnin.
Ava: A large-scale database for aesthetic visual analysis.
In 2012 IEEE conference on computer vision and pattern
recognition, pp. 2408-2415. IEEE, 2012.

A Deep Bilinear Convolutional Neural Network. Blind
image quality assessment using a deep bilinear convo-
lutional neural network. Deep Bilinear Convolutional
Neural, 2022.

Xinge Peng, Yiting Lu, Xin Li, and Zhibo Chen. Iqa-spider:
Unifying multi-granularity image quality assessment
with reasoning, grounding and referring. In Forty-third
International Conference on Machine Learning.

Qi Qin, Le Zhuo, Yi Xin, Ruoyi Du, Zhen Li, Bin Fu, Yit-
ing Lu, Jiakang Yuan, Xinyue Li, Dongyang Liu, et al.
Lumina-image 2.0: A unified and efficient image genera-
tive framework. arXiv preprint arXiv:2503.21758, 2025.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya
Ramesh, Gabriel Goh, Sandhini Agarwal, Girish Sastry,
Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learn-
ing transferable visual models from natural language
supervision. In International conference on machine
learning, pp. 8748-8763. PmLR, 2021.

Shaolin Su, Qingsen Yan, Yu Zhu, Cheng Zhang, Xin Ge,
Jingiu Sun, and Yanning Zhang. Blindly assess image
quality in the wild guided by a self-adaptive hyper net-
work. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pp. 3667-3676,
2020.

Quan Sun, Yuxin Fang, Ledell Wu, Xinlong Wang, and Yue
Cao. Eva-clip: Improved training techniques for clip at
scale. arXiv preprint arXiv:2303.15389, 2023.

Wei Sun, Weixia Zhang, Yanwei Jiang, Haoning Wu,
Zicheng Zhang, Jun Jia, Yingjie Zhou, Zhongpeng Ji,
Xiongkuo Min, Weisi Lin, et al. Dual-branch network
for portrait image quality assessment. arXiv preprint
arXiv:2405.08555, 2024.




VisualScore: Learning Holistic Visual Quality Scores via Multi-Task Reasoning

Hossein Talebi and Peyman Milanfar. Nima: Neural image
assessment. IEEE transactions on image processing, 27
(8):3998-4011, 2018.

Kimi Team, Angang Du, Bohong Yin, Bowei Xing, Bowen
Qu, Bowen Wang, Cheng Chen, Chenlin Zhang, Chen-
zhuang Du, Chu Wei, et al. Kimi-vl technical report.
arXiv preprint arXiv:2504.07491, 2025.

Jianyi Wang, Kelvin CK Chan, and Chen Change Loy. Ex-
ploring clip for assessing the look and feel of images.
In Proceedings of the AAAI conference on artificial
intelligence, volume 37, pp. 2555-2563, 2023.

Jiarui Wang, Huiyu Duan, Yu Zhao, Juntong Wang, Guang-
tao Zhai, and Xiongkuo Min. Lmm4lmm: Benchmarking
and evaluating large-multimodal image generation with
Imms. arXiv preprint arXiv:2504.08358, 2025a.

Miaohui Wang, Zhuowei Xu, Xiaofang Zhang, Yuming
Fang, and Weisi Lin. Visual quality assessment of com-
posite images: A compression-oriented database and
measurement. IEEE Transactions on Image Processing,
2025b.

Peng Wang, Shuai Bai, Sinan Tan, Shijie Wang, Zhihao Fan,
Jinze Bai, Keqin Chen, Xuejing Liu, Jialin Wang, Wenbin
Ge, et al. Qwen2-vl: Enhancing vision-language model’s
perception of the world at any resolution. arXiv preprint
arXiv:2409.12191, 2024.

Shenzhi Wang, Le Yu, Chang Gao, Chujie Zheng, Shixuan
Liu, Rui Lu, Kai Dang, Xionghui Chen, Jianxin Yang,
Zhenru Zhang, et al. Beyond the 80/20 rule: High-entropy
minority tokens drive effective reinforcement learning for
IIm reasoning. arXiv preprint arXiv:2506.01939, 2025c.

Yibin Wang, Yuhang Zang, Hao Li, Cheng Jin, and Jiaqi
Wang. Unified reward model for multimodal understand-
ing and generation. arXiv preprint arXiv:2503.05236,
2025d.

Haoning Wu, Zicheng Zhang, Weixia Zhang, Chaofeng
Chen, Liang Liao, Chunyi Li, Yixuan Gao, Annan Wang,
Erli Zhang, Wenxiu Sun, et al. Q-align: Teaching Imms
for visual scoring via discrete text-defined levels. arXiv
preprint arXiv:2312.17090, 2023a.

Haoning Wu, Xiele Wu, Chunyi Li, Zicheng Zhang,
Chaofeng Chen, Xiaohong Liu, Guangtao Zhai, and Weisi
Lin. T2i-scorer: Quantitative evaluation on text-to-image
generation via fine-tuned large multi-modal models. In
Proceedings of the 32nd ACM International Conference
on Multimedia, pp. 36763685, 2024a.

Haoning Wu, Zicheng Zhang, Erli Zhang, Chaofeng Chen,
Liang Liao, Annan Wang, Kaixin Xu, Chunyi Li, Jing-
wen Hou, Guangtao Zhai, et al. Q-instruct: Improving

13

low-level visual abilities for multi-modality foundation
models. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pp. 25490-
25500, 2024b.

Haoning Wu, Hanwei Zhu, Zicheng Zhang, Erli Zhang,
Chaofeng Chen, Liang Liao, Chunyi Li, Annan Wang,
Wenxiu Sun, Qiong Yan, et al. Towards open-ended
visual quality comparison. In European Conference on
Computer Vision, pp. 360-377. Springer, 2024c.

Tianhe Wu, Jian Zou, Jie Liang, Lei Zhang, and Kede
Ma. Visualquality-rl: Reasoning-induced image qual-
ity assessment via reinforcement learning to rank. arXiv
preprint arXiv:2505.14460, 2025.

Xiaoshi Wu, Keqgiang Sun, Feng Zhu, Rui Zhao, and Hong-
sheng Li. Human preference score: Better aligning text-
to-image models with human preference. In Proceedings
of the IEEE/CVF International Conference on Computer
Vision, pp. 20962105, 2023b.

Enze Xie, Junsong Chen, Junyu Chen, Han Cai, Haotian
Tang, Yujun Lin, Zhekai Zhang, Muyang Li, Ligeng
Zhu, Yao Lu, et al. Sana: Efficient high-resolution
text-to-image synthesis with linear diffusion transformers.
In The Thirteenth International Conference on Learning

Representations, 2025a.

Enze Xie, Junsong Chen, Yuyang Zhao, Jincheng Yu,
Ligeng Zhu, Chengyue Wu, Yujun Lin, Zhekai Zhang,
Muyang Li, Junyu Chen, et al. Sana 1.5: Efficient scal-
ing of training-time and inference-time compute in linear
diffusion transformer. arXiv preprint arXiv:2501.18427,
2025b.

Jiazheng Xu, Xiao Liu, Yuchen Wu, Yuxuan Tong, Qinkai
Li, Ming Ding, Jie Tang, and Yuxiao Dong. Imagereward:
Learning and evaluating human preferences for text-
to-image generation. Advances in Neural Information
Processing Systems, 36:15903-15935, 2023.

Jiazheng Xu, Yu Huang, Jiale Cheng, Yuanming Yang, Ji-
ajun Xu, Yuan Wang, Wenbo Duan, Shen Yang, Qun-
lin Jin, Shurun Li, et al. Visionreward: Fine-grained
multi-dimensional human preference learning for image
and video generation. arXiv preprint arXiv:2412.21059,
2024.

Sidi Yang, Tianhe Wu, Shuwei Shi, Shanshan Lao, Yuan
Gong, Mingdeng Cao, Jiahao Wang, and Yujiu Yang.
Maniqga: Multi-dimension attention network for no-
reference image quality assessment. In Proceedings
of the IEEE/CVF conference on computer vision and
pattern recognition, pp. 1191-1200, 2022.




VisualScore: Learning Holistic Visual Quality Scores via Multi-Task Reasoning

Huanjin Yao, Jiaxing Huang, Wenhao Wu, Jingyi Zhang,
Yibo Wang, Shunyu Liu, Yingjie Wang, Yuxin Song,
Haocheng Feng, Li Shen, et al. Mulberry: Empow-
ering mllm with ol-like reasoning and reflection via
collective monte carlo tree search. arXiv preprint
arXiv:2412.18319, 2024.

Zhiyuan You, Zheyuan Li, Jinjin Gu, Zhenfei Yin, Tianfan
Xue, and Chao Dong. Depicting beyond scores: Ad-
vancing image quality assessment through multi-modal
language models. In European Conference on Computer
Vision, pp. 259-276. Springer, 2024.

Zhiyuan You, Xin Cai, Jinjin Gu, Tianfan Xue, and Chao
Dong. Teaching large language models to regress ac-
curate image quality scores using score distribution.
In Proceedings of the Computer Vision and Pattern
Recognition Conference, pp. 14483-14494, 2025a.

Zhiyuan You, Jinjin Gu, Xin Cai, Zheyuan Li, Kaiwen
Zhu, Chao Dong, and Tianfan Xue. Enhancing descrip-
tive image quality assessment with a large-scale multi-
modal dataset. IEEE Transactions on Image Processing,
34:8201-8215, 2025b.

Qiying Yu, Zheng Zhang, Ruofei Zhu, Yufeng Yuan, Xi-
aochen Zuo, Yu Yue, Weinan Dai, Tiantian Fan, Gao-
hong Liu, Lingjun Liu, et al. Dapo: An open-source llm
reinforcement learning system at scale. arXiv preprint
arXiv:2503.14476, 2025.

Zihao Yu, Fengbin Guan, Yiting Lu, Xin Li, and Zhibo
Chen. Sf-iqa: Quality and similarity integration for ai gen-
erated image quality assessment. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pp. 6692-6701, 2024a.

Zihao Yu, Fengbin Guan, Yiting Lu, Xin Li, and Zhibo
Chen. Video quality assessment based on swin trans-
formerv2 and coarse to fine strategy. arXiv preprint
arXiv:2401.08522, 2024b.

Jiquan Yuan, Xinyan Cao, Jinming Che, Qinyuan Wang, Sen
Liang, Wei Ren, Jinlong Lin, and Xixin Cao. Tier: Text-
image encoder-based regression for aigc image quality
assessment. arXiv preprint arXiv:2401.03854, 2024.

Weixia Zhang, Guangtao Zhai, Ying Wei, Xiaokang Yang,
and Kede Ma. Blind image quality assessment via
vision-language correspondence: A multitask learning
perspective. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pp. 14071-
14081, 2023.

Z. Zhang, H. Wu, Z. Ji, et al. Q-boost: On visual
quality assessment ability of low-level multi-modality
foundation models.  In Proceedings of the 2024

14

IEEE International Conference on Multimedia and Expo
Workshops (ICMEW), pp. 1-6. IEEE, 2024a.

Zicheng Zhang, Haoning Wu, Yingjie Zhou, Chunyi Li,
Wei Sun, Chaofeng Chen, Xiongkuo Min, Xiaohong
Liu, Weisi Lin, and Guangtao Zhai. Lmm-pcqa: As-
sisting point cloud quality assessment with Imm. In
Proceedings of the 32nd ACM International Conference
on Multimedia, pp. 7783-7792, 2024b.

Zicheng Zhang, Yingjie Zhou, Chunyi Li, Baixuan
Zhao, Xiaohong Liu, and Guangtao Zhai. Qual-
ity assessment in the era of large models: A sur-
vey. ACM Transactions on Multimedia Computing,
Communications and Applications, 21(7):1-31, 2025.

Yan Zhong, Xingyu Wu, Li Zhang, Chenxi Yang, and
Tingting Jiang. Causal-iqa: Towards the generaliza-
tion of image quality assessment based on causal infer-
ence. In Forty-first International Conference on Machine
Learning, 2024.

Yan Zhong, Chenxi Yang, Suyuan Zhao, and Tingting
Jiang. Semi-supervised blind quality assessment with
confidence-quantifiable pseudo-label learning for authen-
tic images. In Forty-second International Conference on
Machine Learning, 2025.

Zhaokun Zhou, Qiulin Wang, Bin Lin, Yiwei Su, Rui
Chen, Xin Tao, Amin Zheng, Li Yuan, Pengfei Wan,
and Di Zhang. Uniaa: A unified multi-modal image aes-
thetic assessment baseline and benchmark. arXiv preprint
arXiv:2404.09619, 2024.

Hanwei Zhu, Haoning Wu, Yixuan Li, Zicheng Zhang,
Baoliang Chen, Lingyu Zhu, Yuming Fang, Guangtao
Zhai, Weisi Lin, and Shiqi Wang. Adaptive image qual-
ity assessment via teaching large multimodal model to
compare. In Advances in Neural Information Processing
Systems (NeurIPS), 2024.

Jinguo Zhu, Weiyun Wang, Zhe Chen, Zhaoyang Liu, Shen-
glong Ye, Lixin Gu, Hao Tian, Yuchen Duan, Weijie Su,
Jie Shao, et al. Internvl3: Exploring advanced training
and test-time recipes for open-source multimodal models.
arXiv preprint arXiv:2504.10479, 2025.




VisualScore: Learning Holistic Visual Quality Scores via Multi-Task Reasoning

A. Appendix

A.1. Use of Language Models for Manuscript Editing
This manuscript has benefited from language refinement us-
ing a large language model (LLM). The LLM was employed
exclusively for linguistic improvements, such as enhancing
clarity, grammar, and style, without altering the scientific
content, data interpretation, or conclusions. All substantive
ideas, analyses, and findings presented herein are entirely
the authors’ own, and the responsibility for the final content
rests solely with the authors.

A.2. Dataset Generation

The dataset generation processes for the text-image align-
ment task, aesthetic quality assessment task, and technical
quality assessment task are illustrated in Fig. 4, Fig. 5, and
Fig. 6, respectively.

Each image is paired with one or more chain-of-thought
(CoT) reasoning paths generated from Qwen2.5-VL-7B.
The average response lengths also vary across datasets, with
AVA exhibiting longer reasoning trajectories (mean: 478.04
tokens), while KonlQ and EvalMuse maintain more concise
styles (mean: 346.17 and 342.39 tokens, respectively). This
diversity in both image content and reasoning style promotes
broader generalization and robustness in quality assessment
capabilities.

A.3. More Experiments

Token Entropy Visualization. To better understand how
high entropy gating impacts the model’s reasoning behav-
ior, we visualize the token-level entropy heatmaps before
and after reinforcement training with entropy gating across
all three tasks. As shown in Fig. 8, Fig. 9, and Fig. 10,
after training, the model generates more high-entropy to-
kens, especially around key reasoning and decision points.
This indicates increased uncertainty awareness and richer
lexical exploration. Our entropy-gated training effectively
mitigates entropy collapse and encourages more informative
and diverse reasoning.

Gaussian Reward Visualization. From the Fig. 11, it can
be observed that the threshold-based reward remains fixed at
1 when the error is less than 0.3, but drops abruptly to 0 once
the threshold is exceeded, showing a lack of continuity. In
contrast, the Gaussian-based reward decreases smoothly as
the error increases, and even beyond the threshold the model
still receives feedback proportional to the prediction quality.
As aresult, the Gaussian reward provides more informative
guidance, accelerates convergence, and improves model
performance on continuous-valued quality evaluation tasks.

Table 12. Results on the Gaussian reward decay parameter ablation
in Stage 1 Training.

4 AVA

0.6 0.761/0.756
0.8 0.763/0.760
1 0.741/0.735

EvalMuse-50k

0.734/0.756
0.764/0.768
0.724/0.737

KonIQ
0.931/0.929
0.937/0.925
0.913/0.912
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Hyper-Parameter. Table 12 shows that the Gaussian re-
ward decay achieves the best results at ¢ = 0.8, striking
a balance between over-penalization (when ¢ is too small)
and under-penalization (when ¢ is too large).
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Analysis Plan:

mouth?

To evaluate the image based on the given
prompt, we need to break down the
elements into specific questions and
consider whether the image effectively
meets each criterion:
1. *Tllustration of a deer with a
cigarette in its mouth**:
~ Does the image clearly depict a deer?
- Is there a cigarette in the deer's

4.**Use of thick paint**

- Does the image appear o be painted with

thick, impasto-like strokes?
5. **Expressive style**

strong and engaging?
image?
7. **Rule of thirds**:

thirds?
8. **Dripping paint effect**

- Is the overall expression of the image

6.**Brown and green color palette™™
- Are these colors prominently used in the

- Is there a noticeable dripping or textured

Think Process Synthesis For Text-Image Alignment

Questio
the prompt: "

" Please evaluate how well the image
matches each element of provided prompt.

the image:

- Does the composition follow the rule of
2.**Thick smoke coming out of the cigarette™*:
- Look for evidence of smoke in the image.
- Assess if if appears thick and substantial

Analysis Plan:

To evaluate how well the image matches the
provided prompt, we need to break down the
elements of the prompt and analyze them against

1.**Deer with a cigarette in its mouth
- Check if there’s a deer depicted in the image.
- Confirm if the deer has a cigarette in ifs

@

Evaluate how well the following is illustrated for P

Multiple Thinking Pathways

Comprehensive Explainable

- Check the primary color

6. **Rule of thirds™

Dimensions

5. **Brown and green palette**

rs used in the painting

- Ensure they align with brown and green fones,

- Analyze the composition of the image.

- Verify if the rule of thirds is applied

effectively.
7. **Dripping paint*
- Look for any icaton

of paint dripping or

texture that suggests this style.

8. **Thick strokes®

- Assessif the technique fifs the description

- Observe the brushwork in the image.

2. **Thick smoke coming out of the appearance indicative of thick paint?
3 9. **Thick strokes’
- Is the smoke depicted as thick? - Are the brushstrokes thick and heavy?
- Is it visibly emanating from the For each of these points, you can provide a
cigarette? brief analysis indicating whether the image
3. **Very detailed depiction**: meets or exceeds expectations for each

_ How detailed is the illustration? Are  element. This willlead to a comprehensive:
Shere fine details visibled ’ evaluation that can be summarized into one of

the alignment ratings provided

3.**Very detailed, thick paint**:

- Examine the level of detail in the painting

- Assess the thickness of the paint application
4. **Expressive™*

- Evaluate the emotional or visual impact of the
image.

- Determine if the expression of the scene is
stron

~ Confirm i the strokes are indeed sk and
bold.

For each of these elements, gather observations
and then compile your findings into a final
alignment rating. This will help you determine
whether the image meets the criteria set by the
prompt.

Think Process

Let's evaluate the |mage against each element

of the provided pror

S eprton of a seer with a cigarette in ifs
mouth**;

- The image clearly depicts a deer, which is the

main subject.

- There is no visible cigarette in the deer's

mouth; instead, the deer appears to have

antlers.

2. *Thick smoke coming out of the cigarette**:

3.%*Very defailed depiction™:
“The image has a detaled depiction of the deer,
including the texture of the fur and the

intricate defails of the antlers.

4. **Use of thick paint**:
- The image does not show thick, impasto-like
strokes. Instead, it uses a blend of smooth and

K'ex'ure,d brushwork.

- The background has a soft, almost watercolor
ke quality, lacking the heavy fexture implied
by “thick paint."

5. **Expressive style*™:
- The image is expressive, with a strong focus
T S e TS b
the warm browns of the deer and the cool
greens of the background.,

= The expression is engaging, though it's more
about the serene presence of the deer rather
than an emotional expression.

6. **Brown and green color palette**:

- The colors are prominently used, with brown
tones for the deer and various shades of green
for the background.

- The palette is effective in creating a
naturalistic setting,

7. **Rule of thirds**:

- The composition follows the rule of thirds,
with the deer positioned off-center and the
background balanced around it.

8. **Dripping paint effect**:

- There is no noticeable dripping effect. The
paint appears to be applied in smooth, blended
strokes rather than thick, dripping lnes.

9. **Thick strokes’

- The bmshsh‘ckes are not thick but rather
vary in thickness, with some areas appearing
smoother and others having a slightly textured
look.

##### Final Analysis: The image excels in several
aspects such as the detailed depiction of the
deer, the use of a brown and green color palette,
and the adherence to the rule of thirds.
However, it falls short in terms of illustrating a
deer with a cigarette, depicting thick smoke,
using thick paint, and achieving a dripping paint
effect. The overall style is expressive and
engaging, but it doesn't fully meet all the
criteria set forth in the prompt.

**Final Alignment Rating: Fair**
\boxed( Fair}

Think Process

Let's evaluate the image against each element:
of the provided prompt:

1. **Deer with a cigarette in its mouth**:

- The image depicts a deer.

- There is no cigarette or smoke visible; instead,
the deer appears to be in a natural setfing
without any human-related objects.

2.**Thick smoke coming out of the cigarette**:

3. Very detailed, thick paint**:
- The painting does show detailed brushstrokes
and thick paint application, giving it a textured
q

LB presive:
- The image conveys a sense of calmness rather
than expressiveness. The deer's posture and
the overall mood do not appear to be highly

e.
5. **Brown and green palette™

g

- The image primarily uses brown and green
tones, which aligns with the specified palette.
6.*Rule of thirds™

~The composition of the image appears to
follow the rule of thirds, with the deer
positioned slightly off-center.

7. *Dripping :

- There is no indication of paint dripping in the
image; e pait ppears fobe applied n thick
but controlled stra

8, **Thick strckes"".

- The image features thick, expressive
brushstrokes, contributing o the overall
textured look.

Final Alignment Rating: **fair™

The image successfully captures some aspects
of the prompt, such as the use of a brown and
green paletre, the thick paint application, and
the rule of thirds. However, i

erms of depicting o deer with a cigaretteand
thick smoke. as well os being highly expressive.
\boxed( fair}

16

Figure 4. The visualization of think process synthesis for text-image alignment.




VisualScore: Learning Holistic Visual Quality Scores via Multi-Task Reasoning

-

Analysis Plan:

To evaluate the quality of the image, consider the
following steps:

1, **Clarity and Sharpness**: Assess how clearly
defined the image is. Check if details in the subject
are sharp and well-defined.

2.**Color Accuracy**: Evaluate the colors in the
image. Are they true fo life? Are there any
distortions or unnatural color shifts?

3. **Lighting and Exposure**: Consider how well the
image is lit. Is the exposure balanced, avoiding
overexpostre or underexposure that might wash out
details or make certain areas too dark.

4. **Noise and Grain**: Look for signs of noise or

Think Process

Let's analyze the image step by step:

1.**Clarity and Focus**: The main subject appears o
be in focus, although there is some softness around
the edges, which could be due to motion blur or
shallow depth of field. The details are not very

2.**Noise**: There doesn't seem o be significant
noise in the image. The colors and contrasts appear
relatively smooth, suggesting a moderate level of
noise.

3**Lighting**: The lighting is somewhat uneven, with
strong highlights on the person's face and darker
areas in the background. This suggests that the
image was taken in low light with a flash or stage
lighting, which is common in concert settings.

4.**Color Accuracy**: The colors are warm and have
a reddish tint, which is typical for stage lighting.

Think Process Synthesis For Technical Quality

this image's

&

graininess, especially in darker areas. High levels can
indicate poor image quality.

5. **Composition**: Analyze the composition. Ts it
balanced and aesthetically pleasing? Does the framing
work well for the intended purpose?

6. + If applicable, check the resolution
of the image. A higher resolution generally indicates
better image quality, but also consider the context in
which the image will be used.

7. **Distortions**: Look for any distortions like
warping, bending, or blurring that might affect the
overall quality.

By systematically addressing these aspects, you can
provide a detailed analysis that will help determine
‘the quality of the image. This process should lead to
an informed judgment among the options provided:
bad, poor, fair, good, or excellent.

5. **Composition**: The composition centers the
subject well, but the angle is slightly tilted, which
might be intentional for artistic effect or due to the
camera's position relative to the subject.

6. **Resolution**: Without specific information
about the image size, it's hard to comment on the
resolution. However, given the apparent sof tness and
the details visible, it seems fo be of a medium
resolution, which is sufficient for most casual viewing
purposes.

7. **Overall Impression**: Considering the focus,
noise, lighting, and color accuracy, the image has a
certain aesthetic quality appropriate for a concert
setting. However, the lack of sharpness and the
slightly unnatural skin tone bring down the overall
quality. Based on these observations, T would rate
the image as **fair**. It captures the scene
adequately but lacks the crispness and color accuracy
that would elevate it to a higher quality.

\boxed{fair}

Question: What is your ovemll rating of

@

Multiple Thinking Pathways

Comprehensi

%

Analysis Plan:

To evaluate the quality of the image and provide a
Judgment, follow these steps:
1. **Examine the Image for Clarity**:

- Assess whether the image is sharp and free from
blurriness.

- Consider if defails in the image are distinguishable.
2. **Check for Color Accuracy**

- Determine if the colors appear natural and true to
life.
- Evaluate if there are any noticeable color
distortions.
3. **Analyze Lighting Conditions**:

- Check if the lighting is even across the image.

- Assess whether the exposure is appropriate,
avoiding overly bright or dark areas.

Think Process

##t# Step-by-Step Andlysis:
1.**Examine the Image for Clarity**:

- The image appears pecially
around the edges of the subject's hair and clothing.

- The focus seems to be slightly of f, which affects the
overall clarity.

2. **Check for Color Accuracy**:

. there is a strong
purplz hue dominating the image, likely due to stage
lighting.

- This may affect the perception of the subject's
actual skin tone and clothing color.
3. "Analyze nghﬂng Conditions**:

ith the subject being
illuminated by stage lights but the background
remaining dark.
- There are no harsh shadows, indicating some level of
diffusion, but the purple tint suggests artificial
lighting rather than natural light.
4. **Look for Noise and Artifacts**:
- There are
artifacts that degrade the image quality.

4. **Look for Noise and Artifacts**:

- Identify if there are any visible noise points or
compression artifacts that degrade image quality.
5. **Consider the Composition**:

- Evaluate the overall composition of the image.

- Assess if the subject is well-placed and if there's
any distracting background.

6. **Evaluate Content and Context**:

- Understand what the image is supposed to convey.

- Assess if the content is relevant and clearly
represented.
7.**Reflect on the Purpose**:

- Consider why the image was taken and who it is
intended for.

- Reflect on how well the image fulfills its purpose.
Based on these observations, categorize the image into
one of the following categories: bad, poor, fair, good,
or excellent. This structured approach will help in
making a more informed assessment.

~The image maintains a consistent level of detail throughout,
although it lacks sharpess.

5. **Consider the Composition**:

- The subject is centered in the frame, which is a common
composition choice.

- However, the angle and framing could be improved to
better capture the subject's expression and inferaction with
the microphone.

6. **Evaluate Content and Context**

- The image captures a moment during a performance, which
is contextually appropriate.

- The subject appears to be singing, and the microphone
suggests a live music setting.

7. **Reflect on the Purpose™

- The image seems to aim at capturing the energy of a live
performance.

- While the context is clear, the technical aspects of the
#+## Final Judgment: Given the observed blurriness, lack of

sharpness, and the dominant purple hue, the image quality is
compromised. Despite the contextual appropriateness of the

image, these issues prevent it from being classified as high-

quality.
\boxed{fair}

Figure 5. The visualization of think process synthesis for image technical quality assessment.
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Analysis Plan:
Evaluating the aesthetics of an image involves several

key aspects that can be systematically analyzed. Here's a

structured approach for assessing the image's qualities:
### Step 1: Composition

- **Rule of Thirds**: Check if the main elements of the
image align with the rule of thirds, which can create a
more balanced and visually appealing composition.

- **Balance**: Assess whether the image has a sense of
balance between different elements (e.g., weight
distribution).

- **Framing**: Look at how the edges of the frame
interact with the subjects, ensuring they don't distract
from the main focus.

### Step 2: Color Harmony

- **Color Palette**: Evaluate the use of colors. Are they
complementary or contrasting? Does the color scheme
enhance the mood or subject matter?

- **Saturation**: Check if the colors are vivid enough
but not oversaturated, which can make the image look
unnatural.

Think Process

#### Step 1: Composition

- **Rule of Thirds**: The "ESC" key is placed slightly
of f-center, adhering to the rule of thirds, creating a
balanced composition.

- **Balance**: The "ESC" key and the keyboard are
balanced, with the keyboard taking up most of the right
side of the frame, while the "ESC" key is smaller and
positioned on the left.

- **Framing**: The edges of the frame do not distract
from the main focus, as the green surface provides a
clean background.
### Step 2: Color Harmony

- **Color Palette**: The color palette is simple,
consisting mainly of white and green. The white of the
keys contrasts nicely with the bright green background,
creating a harmonious and visually appealing effect.

- **Saturation**: The colors are vibrant yet not
oversaturated, enhancing the subject without appearing
unnatural.

Think Process Synthesis For Aes

?

Question: What is your overall rating
of this image's ?

- **Contrast**: Assess the contrast between different
elements. Too much or too little contrast can affect the
visual clarity.

#### Step 3: Lighting Quality

- **Source and Direction**: Identify the light source
and direction. Is it natural or artificial, and does it add
depth or flatten the image?

- **Shadows and Highlights**: Evaluate the presence of
shadows and highlights. Do they enhance the subject or
detract from it?

- **Exposure**: Check if the exposure is appropriate.
Overexposed areas may lose detail, while underexposed
areas can appear dark and unclear.

### Step 4: Subject Focus

- **Depth of Field**: Assess the depth of field. Is the
subject in sharp focus, or is there intentional blur (bokeh)
to emphasize certain parts?

- **Contrast**: The contrast between the white keys
and the green background is strong, making the "ESC"
key stand out and the keyboard appear more prominent.
### Step 3: Lighting Quality

- **Source and Direction**: The lighting appears to be
natural, possibly from a window, as indicated by the soft
shadows. The direction seems to be coming from above,
creating a subtle gradient on the surface.

- **Shadows and Highlights**: There are soft shadows
beneath the "ESC" key and the keyboard, adding depth
and dimension to the image. The highlights on the keys
suggest a well-lit environment.

- **Exposure**: The exposure is appropriate, with no
areas overexposed or underexposed, maintaining detail
throughout the image.

### Step 4: Subject Focus

- **Depth of Field**: The "ESC" key is in sharp focus,
while the rest of the keyboard is slightly blurred,
creating a shallow depth of field that isolates the
subject.

- **Clarity**: The subject is clear and free from noise
or blurriness, with fine details visible on the keys.
### Step 5: Emotional Impact

thetic Quality

- **Clarity**: Ensure the subject is clear and free from
noise or blurriness. This is especially important for
macro photography or portraits.

##+# Step b: Emotional Impact

- **Mood and Tone**: Consider the overall mood or tone
conveyed by the image. Does it evoke a specific feeling?
- **Storytelling**: Think about whether the image tells a
story or conveys a message effectively.

##+# Step 6: Overall Visual Appeal

- **Balance of Elements**: Assess the overall balance of
all elements in the image.

- **Innovation**: Consider if the image is unique or
innovative in some way.

- **Impact**: How does the image make the viewer feel
or react?

### Step 7: Final Evaluation

Based on the above analyses, classify the image into one
of the categories: bad, poor, fair, good, or excellent.
Remember, these are subjective judgments and what
works for one person might not work for another.

- **Mood and Tone**: The image evokes a sense of
playfulness and whimsy due to the "ESC" key being
anthropomorphized with legs.

- **Storytelling**: The image tells a small, lighthearted
story of a key coming alive, which is both charming and
imaginative.

#### Step 6: Overall Visual Appeal

- **Balance of Elements**: The composition, color
harmony, and lighting work together to create a visually
appealing image.

- **Innovation**: The image is unique and innovative, as
it combines everyday objects in an unexpected and
creative way.

- **Impact™™*: The viewer is likely fo react positively,
finding the image both amusing and aesthetically
pleasing.

### Final Evaluation Based on the analysis, the image
is well-composed, with effective use of color and
lighting, and it successfully tells a charming story. It is
visually appealing and innovative, making it a good image.

\boxed{good}

Figure 6. The visualization of think process synthesis for image aesthetic quality assessment.
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ni What is your overall rating of this image's

Technical Quality Assessment

? Provide a float between 0 and 5, rounded to two

decimal places. A rating of O represents very poor quality, while 5 represents excellent quality

!l <think>Let's analyze the image step by step according to the provided instruction:

### Step 1: Understand the Criteria

- **Bad**: The image is extremely blurry, making it difficult to discern details.

- **Poor**: The image has some blurring but is still somewhat clear.

- **Fair**: The image has moderate clarity with some areas being clearer than others.
- **Good**: The image has %ood clarity with no noticeable issues.

- **Excellent**: The image

### Step 2: Identify Key Factors

as excellent clarity with no issues.

- **Blurring**: The entire image is blurred, making it difficult to see details.
- **Compression Artifacts**: No compression artifacts are visible in the image.

- **Noise**: No noise is visible in the image.

- **Color Distortion**: No color distortion is visible in the image.
- **Other Visual Degradations**: No other issues are apparent.

### Step 3: Make a Judgment

Based on The analysis, the'image is blurred and has no other visible issues. Therefore, the quality is low.

</think>
<answer>0.42</answer>

N

What is your overall rating of this image's

1)

Aesthetic Quality Assessment

? Provide a float between O and 5, rounded to two

decimal places. A rating of O represents very poor quality, while 5 represents excellent quality

!l <think>Let's analyze the image step by step according to the provided instruction:

### Step 1: Understand the Question

The question asks us to evaluate the aesthetics of the image. This involves considering various aspects such as

composition, color balance, lighting, and emotional impact.

### Step 2: Identify Key Elements

- **Composition**: The composition is straightforward, with a simple arrangement of dots.

- **Color Balance**: The image has a monochromatic color scheme, using only white dots against a black background.

- **Lighting**: The lighting is consistent, with no noticeable differences in brightness or shadow.
- **Emotional Impact**: The image does not convey any specific emotion; it simply presents a geometric pattern.

### Step 3: Make a Judgment

Based on the analysis, the image has a simple and straightforward composition. The color balance is consistent, and
the lighting is even. However, the lack of any emotional impact and the simplicity of the pattern might make it less

engaging.
### Step 4: Provide a Rating

Given the simplicity and lack of emotional impact, I would rate this image as:

</think>
<answer>1.72</answer>

/
A

Text-Image Alignment

And answer with the final

5 represents excellent alignment

<think>Let's analyze the image step by step
according to the provided instruction:

### Step 1: Understand the Prompt
- **Alphabet Soup**: This suggests a mix of
letters and possibly numbers or symbols.

- **High Quality**: The image should be clear
and degtai%d U &

- **Photographic**: The image must be a
photograph.
- **Criminal Evidence**: The image should

contain elements that suggest it is related to a
criminal case.

### Step 2: Identify Key Elements

- **Alphabet Soup**: The image does not contain
any visible letters, numbers, or symbols.

- **High Quality**: The image is clear and
detailed.

- **Photographic**: The image is a photograph.

- **Criminal Evidence**: There are no elements

in the image that suggest it is related to a
criminal case.

Does the picture accurately represent the prompt: "Alphabet soup, high quality photographic criminal evidence"?
Please evaluate how well the image matches each element of provided prompt.

Provide a float between O and 5, rounded to two decimal places. A rating of O represents very poor alignment, while

### Step 3: Evaluate the Image Against Each

Element

#### Alphabet Soup:

- The image does not contain any visible letters,
numbers, or symbols

#### High Quality:

- The image is clear and detailed.

#### Photographic:

- The image is a photograph.

#### Criminal Evidence:

- There are no elements in the image that suggest it
is related to a criminal case.

### Step 4: Make a Final Judgment
Based on the evaluation, the image does not meet the
criteria set by the prompt. It is clear and detailed,

but it does not contain any visible letters, numbers,
or symbols, and there are no elements that suggest it

is related to a criminal case.
</think>

<answer>0.92</answer>

)
~

)
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Figure 7. The visualization of our proposed VisualScore on three evaluation tasks.
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Figure 8. The entropy distribution for each word in the response of technical quality assessment.
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Figure 9. The entropy distribution for each word in the response of text-image alignment.
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Figure 10. The entropy distribution for each word in the response of aesthetic quality assessment.

Threshold-based vs Gaussian-based

1.0 1 | == Threshold-based Reward (thr=0.3)
- Gaussian-based Reward (0=0.8)
1
1
0.8 FoN
1
. \
1
1
0.6 1
B 1 \
[ 1
H 1
=04 ! \
1
1 \
1
0.2 | \
1 \
1
1
0.0 L

0.0 0.5 1.0 1.5 2.0 25 3.0
MAE (|pred score - gt score|)

Figure 11. Comparison of threshold-based and Gaussian-based reward functions.
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