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Abstract

Recent advances in AI-generated content (AIGC) have led
to the emergence of powerful text-to-video generation mod-
els. Despite these successes, evaluating the quality of AI-
generated videos remains challenging due to limited general-
ization, lack of temporal awareness, heavy reliance on large-
scale annotated datasets, and the lack of effective interac-
tion with generation models. Most current approaches rely
on supervised finetuning of vision-language models (VLMs),
which often require large-scale annotated datasets and tend
to decouple understanding and generation. To address these
shortcomings, we propose VQ-Insight, a novel reasoning-
style VLM framework for AIGC video quality assessment.
Our approach features: (1) a progressive video quality learn-
ing scheme that combines image quality warm-up, gen-
eral task-specific temporal learning, and joint optimization
with the video generation model; (2) the design of multi-
dimension scoring rewards, preference comparison rewards,
and temporal modeling rewards to enhance both generaliza-
tion and specialization in video quality evaluation. Extensive
experiments demonstrate that VQ-Insight consistently out-
performs state-of-the-art baselines in preference comparison,
multi-dimension scoring, and natural video scoring, bringing
significant improvements for video generation tasks.

Code — https://github.com/bytedance/Q-Insight

Introduction
In recent years, AIGC technology has demonstrated remark-
able progress in video generation, giving rise to a variety
of powerful text-to-video generative models (Hong et al.
2022; Yang et al. 2024; Zheng et al. 2024; Chen et al. 2024;
Li et al. 2024b), such as Sora, Runway Gen-2, and Pika.
These models have shown significant potential in produc-
ing longer-duration videos with higher quality and improved
naturalness. Despite substantial advances, generated videos
from these models still frequently suffer from issues includ-
ing unnaturalness, consistency errors, and poor alignment
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with human preferences, significantly hindering their prac-
tical application. Consequently, establishing reliable evalu-
ation approaches for AIGC-generated videos is of crucial
importance. Such evaluation methods can not only facili-
tate fine-grained manipultation of generated contents, but
also serve as a robust basis for Reinforcement Learning with
Human Feedback (RLHF), guiding models to more closely
match user expectations.

A key challenge in applying RLHF to video generation is
designing effective evaluation models. Existing VLM-based
AIGC video evaluation methods (He et al. 2024; Xu et al.
2024) primarily rely on supervised finetuning (SFT), force-
fully training the large models to regress video quality scores
or directly judge human preferences. This approach suffers
from three main drawbacks. First, it significantly dimin-
ishes the visual perception and general reasoning abilities
of a general agent, reducing it to merely a scoring specialist.
However, since different human annotators often exhibit bi-
ases when scoring the same video, simply regressing scores
can in some sense be meaningless. We would prefer to in-
spire the model’s intrinsic potential for better understand-
ing of AIGC video quality by teaching it scoring and pref-
erence comparison tasks. Second, existing methods (Wang
et al. 2025b,a) typically require massive amounts of train-
ing data and continual construction of new benchmarks to
keep pace with the rapidly evolving AIGC video genera-
tion methods. For instance, VisionReward (Xu et al. 2024)
employed 80k visual question-answering annotations along
with 2k preference comparisons to simulate human prefer-
ences, and VideoAlign (Liu et al. 2025b) even constructed a
182k human-labeled preference training samples, consum-
ing enormous human and material resources. However, de-
spite the variety of video generation models available, the
produced videos often share common visual characteristics.
This strongly motivates the need for an AIGC video evalu-
ation method that achieves sufficient generalization capabil-
ity with minimal training data. Third, there is no effective
interaction between existing visual quality and generation
models, as generation and understanding are mutually de-
coupled. This leads to the understanding model cannot ob-
tain dynamic enhancement during the optimization process
of the generation model, nor can it achieve a balance be-
tween the generalization and targeted capability.

To achieve this demand, we resort to the Group Rel-
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<think>The choice depends on the video's purpose. Here's a summary:
1. Visual Quality: Video A offers a clear, high-contrast stop sign with recognizable text, making it 

effective, while Video B includes distortion that lessens visual appeal but adds creativity.
2. Temporal Consistency: Video A depicts a realistic scene with vehicles passing by, whereas Video B 

is more stylized, potentially enhancing creativity but risking viewer confusion.
3. Dynamic Degree: Video A captures natural motion with moving cars, adding realism. Video B has 

less visible motion and feels less dynamic.
4. Video Authenticity: Video A is straightforward and widely recognizable, ideal for clear messaging. 

Video B is creative but less immediately understandable.\n\nIf clarity and unambiguous traffic 
safety messaging are needed, Video A is preferred. For an artistic approach, Video B may be 
better suited. </think>

<answer> Video A </answer>

AIGC Video Preference Comparison

AIGC Video Multi-dimension Scoring

<think>
The video appears to be a still frame, which affects its temporal quality. However, 
the lighting and focus on the subjects suggest a good level of spatial quality. The 
students seem to be engaged in learning, which aligns somewhat with the concept of 
memorizing lessons. 
</think>
<answer> "spatial": 72.56, "temporal": 69.34, "alignment": 74.85 </answer>

Natural Video Scoring

<think>
This video seems to capture a black bird in flight against a clear blue sky, but 
the focus doesn't look consistent across all shots. The contrast between the 
bird and the branches looks balanced, though not perfect. However, the low 
lighting and not perfect focus don't work well together, and the last shot seems 
to lose all context.
</think>
<answer> 54.00 </answer>

Figure 1: We propose a reasoning-style vision-language model VQ-Insight, which accurately performs AIGC video preference
comparison, AIGC video multi-dimension scoring, and natural video scoring, accompanied by detailed and reasonable reason-
ing processes. Our VQ-Insight can be applied to post-training of video generation models and zero-shot content repairing.

ative Policy Optimization (GRPO) (Guo et al. 2025). As
an outcome-driven reinforcement learning method, GRPO
eliminates the need for an extra critic model and explicit rea-
soning processes during training, reducing dependence on
human-labeled data and enhancing generalization. Although
widely used in various vision tasks (Shen et al. 2025; Feng
et al. 2025), GRPO has two key issues in AIGC video eval-
uation: limited multi-dimension analysis and poor tempo-
ral information handling. Specifically, we propose a GRPO-
based AIGC video quality understanding model. Through
image scoring warm-up, VLMs gain preliminary under-
standing of image quality. By incorporating temporal mod-
eling rewards and task-specific rewards, VLM is encouraged
to acquire general video scoring and preference compari-
son capabilities while capturing temporal cues. Furthermore,
we conduct alternating optimization between specific video
generation models and understanding models to foster mu-
tual promotion. Fig. 1 shows the application scenarios of our
VQ-Insight. Our contributions are summarized as follows.
❑ (1) We propose VQ-Insight, a reasoning-style VLM for
understanding AIGC video quality. With limited data, VQ-
Insight can effectively simulate human preferences and fine-
grained scoring, providing feedback for video generation.
❑ (2) We propose a progressive video quality learning
framework, which integrates image scoring warm-up, gen-
eral task-specific temporal learning, and unitied finetuning
of the video generation and understanding. It enables the
model to progressively move from image quality under-
standing to temporal perception, ultimately enhancing pref-
erence accuracy for specific video generation models.
❑ (3) We design a multi-dimension scoring reward and pref-
erence comparison reward, complemented by a temporal
modeling and length control reward to effectively enhance

the model’s capability in temporal perception.
❑ (4) Extensive experiments show that our approach out-
performs state-of-the-art methods across AIGC video pref-
erence comparison, multi-dimension scoring and even natu-
ral video scoring. Additionally, our method can be applied
to alignment and editing tasks of video generation models.

Related Works

VLM-based Video Quality Understanding

VLM-based quality assessment approaches (You et al. 2024,
2025; Wu et al. 2024b; Li et al. 2025; Zhao et al. 2025)
combine both reasoning capabilities of LLMs and its pow-
erful score regression abilities, achieving great success. In
the field of video quality assessment, VQA-Scorer (Jia et al.
2024) introduced the SlowFast-R50 (Feichtenhofer et al.
2019) encoder to enhance motion capturing capabilities, and
applied instruction tuning to the MLLM to guide the model
to focus more on the description of low-level visual cues.
In particular, evaluating AI-generated videos generally re-
quires more complex fine-grained analyses. For instance,
VideoScore (He et al. 2024) enabled automatic video qual-
ity assessment by training a VLM on the large-scale, multi-
aspect human-annotated dataset VideoFeedback. VisionRe-
ward (Xu et al. 2024) employed a hierarchical visual assess-
ment framework and multi-dimension consistent preference
learning to capture fine-grained human preferences for both
image and video generation. UnifiedReward (Wang et al.
2025b) introduced a unified preference learning framework
to enable joint pairwise ranking and pointwise scoring for
multimodal generation and understanding.
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Preference Learning in Generative Models
Recently, an increasing number of studies (Wang et al. 2024)
have explored aligning generative models with human pref-
erences using methods such as DPO (Rafailov et al. 2023)
and GRPO (Guo et al. 2025). For example, VideoDPO (Liu
et al. 2025c) proposed the OmniScore video evaluation
pipeline, which is used to generate win-lose pairs for subse-
quent direct preference optimization. VADER (Prabhudesai
et al. 2024) utilized a online reward model to finetune the
video generation model. VideoAlign (Liu et al. 2025b) con-
structed a large-scale, multi-dimension human preference
annotation dataset and proposed the VideoReward model,
extending existing DiffusionDPO (Wallace et al. 2024) to
flow-based models for more fine-grained alignment. Flow-
GRPO (Liu et al. 2025a) integrated online RL method into
flow matching by leveraging ODE-to-SDE conversion and
a denoising reduction strategy. However, these methods are
still limited by the accuracy and generalization issues of the
reward model, making them inaccurate in assisting diffusion
models to learn human preferences.

Methodology
Preliminaries
Group Relative Policy Optimization (GRPO) is a recent ad-
vanced reinforcement learning framework for LLMs and
VLMs. Distinct from proximal policy optimization like PPO
which rely on a dedicated value-critic to estimate policy
quality, GRPO eliminates an explicit critic by leveraging
relative comparison among grouped responses. Concretely,
for each query q, GRPO samples a set of N candidate out-
puts {o1, o2, . . . , oN} from the current or previous policy
πθold

. Each output receives rewards {r1, r2, . . . , rN} based
on task-specific functions, and GRPO computes the normal-
ized advantage for each response as their reward’s deviation
from the group mean, scaled by the standard deviation:

Âi =
ri −mean({r1, r2, . . . , rN})

std({r1, r2, . . . , rN}) . (1)

After obtaining the relative advantage Âi, GRPO computes
the likelihood ratio of each response under the new policy
πθnew

and the old policy πθold
, and clips this ratio into the

interval [1 − δ, 1 + δ] to prevent overly large updates and
unstable training. The policy is then updated to increase the
likelihood of responses with higher relative advantage, while
penalizing large deviations from a given reference policy via
a KL divergence term. The objective can be expressed as:

JGRPO(θ) = E[q∼Q,oi∼πθold (o∣q)] {min [ρiÂi, (2)

clip(ρi, 1 − δ, 1 + δ)Âi] − β ⋅ DKL[πθ∥πref]} ,
where ρi = πθnew

(oi ∣ q)/πθold
(oi ∣ q) denotes the update ra-

tio between new and old policy for response oi, δ controls
update stability, and β weights the KL-regularization rela-
tive to the reference model. Q denotes the question set.

Overview of Our VQ-Insight
Motivation: Previous approaches using VLMs for video
quality assessment either relied on scoring labels with-
out reasoning processes or required explicitly constructed

Chain-of-Thought (CoT) data using powerful foundational
models (GPT-4o), thus consuming substantial resources.
However, forceful SFT or cold-start tend to impair the gen-
eral understanding capability of these models. In contrast,
we hypothesize that as a heuristic and self-discovery training
approach, reinforcement learning can be employed through-
out the entire optimization process. Furthermore, we observe
that inevitable annotator biases across diverse data sources
and scoring tasks. Blindly mixing all biased data together
during training can significantly harm the model’s perfor-
mance on each individual data domain. Thus, designing a
training pipeline that progressively transfers biased knowl-
edge from simple to complicated, general to specific sce-
narios emerges as the key challenge to address for training
robust VLMs for video quality assessment.

We propose a curriculum-style progressive visual rein-
forcement learning strategy consisting of three stages: im-
age scoring warm-up, general task-specific temporal learn-
ing, and united finetuning of generation and understanding.
At each stage, we flexibly handle different tasks and data by
employing tailored reward functions and training strategies,
guiding the model to progressively focus on spatial relation-
ships, temporal modeling, and text-video alignment.

Image Scoring Warm-up
Image quality understanding forms the foundational basis
for video quality comprehension. At this stage, our main
goal is to help the model learn the reasoning and response
formats while improving its spatial understanding of im-
ages. As shown in Fig. 2, we warm up a general pretrained
VLM using an image scoring task to obtain the initial policy
model. Specifically, we use two distinct reward functions:
a format reward and a image scoring reward. The format
reward encourages the model to explicitly provide the rea-
soning between the <think> and </think> tags, and
the numerical quality score between the <answer> and
</answer> tags. Meanwhile, the image scoring reward
is implemented as a continuous absolute norm (ℓ1-norm) to
guide accurate score prediction. Given predicted score of the
i-th response spredi and its ground truth s

gt, the reward value
r
score
i is calculated as follows.

r
score
i = 1 − ∥spredi − s

gt∥1. (3)

After warming up, the policy model can better understand
image structures and visual quality, shifting its descriptive
focus from high-level semantic cues towards low-level de-
tails, thus facilitating subsequent task-specific optimization.

General Task-Specific Temporal Learning
After gaining preliminary image understanding capability,
we further require our VQ-Insight to move towards temporal
modeling and task-specific learning. As plotted in Fig. 2, in
the following sections, we mainly focus on three tasks: nat-
ural video quality assessment, AIGC multi-dimension scor-
ing, and AIGC preference comparison.

Temporal Modeling Reward: In temporal learning, to
encourage the model to assess video quality based on tem-
poral cues, we consider using random shuffling operations
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Figure 2: Illustration of the proposed VQ-Insight and our progressive visual reinforcement learning framework. In stage 1, we
use the image scoring task and GRPO to warm up the pre-trained VLM; in stage 2, we employ temporal modeling rewards
and task-specific rewards to enable the policy model to learn general tasks and temporal patterns; in stage 3, we jointly and
alternately finetune the VQ-Insight comparison model and the video generation model, achieving a mutually beneficial effect.

to evaluate whether the model possesses sufficient temporal
awareness. Specifically, given a question q, we first convert
the instruction into text tokens and the video into visual to-
kens, then concat them as input to the VLM, obtaining a
set of answers oseq . Meanwhile, we randomly shuffle the to-
kens derived from video frames, feed these shuffled tokens
into the policy model, and obtain another set of candidate
answers orand. Assuming that the model’s predictions after
shuffling should significantly differ from the ground truth,
we compute the probability w

seq of giving the correct an-
swer with sequentially ordered tokens and the probability
w

rand with randomly shuffled tokens. If wseq
i of the i-th re-

sponse is significantly greater than w
rand
i , we can conclude

the model has successfully captured temporal information
and can assign it a reward value rtemp

i as compensation. For-
mally, the process is as follows.

r
temp
i = α if w

seq
i > µ ⋅ wrand

i , else 0, (4)

where α and µ are set to 0.3 and 0.8, respectively.

Length Control Reward: To control the completion
length and avoid overthinking or underthinking, we intro-
duce a length control reward. If the length of the model’s
answer oi falls within a predefined interval [lmin, lmax], we
grant an additional reward r

len
i for the i-th response.

r
len
i = γ if lmin < len(oi) < lmax, else 0, (5)

where γ is set to 0.1. lmin and lmax are empirically set to
320 and 512. We observe that introducing the length con-
trol reward lead to an “aha moment” in the large model’s
understanding of video quality, and the model paid greater
attention to temporal modeling during reasoning.

Multi-Dimension Scoring Reward: Unlike scoring im-
ages, video quality assessment often requires considera-
tion from multiple aspects. Following UGVQ (Zhang et al.
2024), we mainly focus on three aspects: spatial quality,
temporal quality, and text-video alignment, each represented

by a Mean Opinion Score (MOS). Given a query q, as shown
in Fig. 2, we prompt the VLM to directly output a set of
scores with M dimensions {vpredi,j }Mj=1 in the i-th response.
Similar to image scoring warm-up stage, we also adopt the
ℓ1 norm to fit scores in each dimension separately.

r
multd
i = 1 −

M

∑
j=1

λj∥vpredi,j − v
gt
j ∥1, (6)

where v
gt
j denotes the ground truth score of the j-th dimen-

sion. λj is used to balance the weights of different dimen-
sions. Note that, for natural VQA, we still adopt a single-
dimension reward due to the limitations of existing datasets.

Preference Comparison Reward: Rather than obtaining
an absolute score, it is often more meaningful to directly
provide the relative ranking between two generated results.
To this end, we introduce the preference comparison reward.
Specifically, given two input videos, we first convert them
into visual tokens separately and feed them into the VLM to
produce a group of preference choice cpredi . If the chosen an-
swer cpredi matches the ground truth c

gt, we set rcomp
i to 1.

To enhance the model’s multimodal scoring capability while
preserving its general understanding ability, we include ad-
ditional AIGC visual question answering data as an auxiliary
task. Given an input video, the VLM is sequentially asked
questions such as “Is the motion pattern in this video rea-
sonable?” The large model is required only to answer “yes”
or “no”. If the model answers correctly, we assign a reward
value r

comp
i of 1. The rewards for these two tasks can be

expressed uniformly as follows.

r
comp
i = 1 if c

pred
i = c

gt
, else 0, (7)

where c
gt
i is “video A” or “video B” in the preference com-

parison task, and “yes” or “no” in the VQA task. Ultimately,
we combine the temporal-aware rewards and task-specific
rule-based rewards to jointly optimize our VQ-Insight with
robust and general video understanding capabilities.
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United Tuning of Generation and Understanding
Motivation: To apply VQ-Insight to the video genera-
tion model, a common practice is to employ DPO to align
generated outputs with human preferences. However, since
DPO is an offline RL method, its preference dataset can-
not dynamically evolve alongside the generation model dur-
ing optimization, causing it to quickly reach a performance
ceiling. Furthermore, video generation models finetuned by
DPO typically possess stronger generative capabilities, fur-
ther widening the gap between the newly generated positive
samples and the original samples, thus enabling updates to
our preference dataset. This updated preference dataset has
the potential to enhance VQ-Insight’s understanding capa-
bilities, allowing it to better focus on preference compar-
isons specific to certain generative models.

Constructing win-lose pairs: Specifically, we first use the
video generation model Gθ to produce N candidate videos
X = {x1,x2, . . . ,xN}. Then, we form pairs of these videos
and employ the VQ-Insight comparison model Dc in the
Stage 2 to conduct (N

2
) preference estimations. Finally, by

counting the number of times each candidate is preferred,
we identify the most- and least-chosen videos within the set,
thus obtaining win-lose pairs.

x
w
c ,x

l
c = argmax

xi,xj ∈ X
Dc(xi,xj), argmin

xi,xj ∈ X
Dc(xi,xj), (8)

where x
w
c ,x

l
c respectively denote the win and lose sample

generated by the comparison model. Furthermore, to en-
hance the generative model’s performance in terms of spatial
quality, temporal quality, and video–text consistency, we av-
erage the fine-grained scores from VQ-Insight’s AIGC scor-
ing model as a key criterion for constructing win–lose pairs.
Considering that natural video evaluation models tend to fo-
cus more on visual quality and exhibit stronger degradation-
awareness, we additionally incorporate scores from the VQ-
Insight’s natural video QA model together with those from
the AIGC scoring model to compute the final score Stotal.
Thus, we also leverage the scoring model of VQ-Insight to
generate the win–lose pairs (xw

s ,x
l
s).

Stotal = Da(xi) + β ⋅Dn(xi), (9)

x
w
s ,x

l
s = argmax

xi ∈ X
(Stotal), argmin

xi ∈ X
(Stotal), (10)

where β is set to 1. Finally, we combine the two sets of
win–lose pairs to form the complete preference dataset C.

C = {(xw
c ,x

l
c)k ∪ (xw

s ,x
l
s)k}Kk=1. (11)

Unified Optimization: Following the approach of Diffu-
sionDPO (Wallace et al. 2024), we can optimize Gθ by com-
paring the noise prediction differences between the fine-
tuned model and the reference model. After obtaining the
finetuned video generation model G ′

θ, we generate N ad-
ditional samples via this updated model. Then, we utilize
VQ-Insight comparison model Dc to select the best can-
didate x̂

w
c from these newly generated samples, pairing it

with the previous lose sample x
l
c to form a new preference

Dataset
GenAI MonetBench

tau diff tau diff
VQAScore (Lin et al. 2024) 46.96 69.14 54.00 59.39
VideoScore (He et al. 2024) 47.43 70.50 49.10 54.90

VisionReward (Xu et al. 2024) 46.68 68.86 59.40 72.44
VideoReward (Liu et al. 2025b) 45.84 69.00 53.60 59.88

Qwen-SFT (Bai et al. 2025) 40.69 59.43 59.20 72.07
Q-Insight (Li et al. 2025) 47.52 70.43 49.60 60.37

UnifiedReward-Think (Wang et al. 2025a) 49.67 74.42 52.10 62.56
VQ-Insight (Ours) 51.26 76.57 62.10 75.61

Table 1: Preference comparison between our VQ-Insight and
other competitive methods on GenAI and MonetBench.

set {(x̂w
c ,x

l
c)}. As shown in Fig. 2, we combine the newly

generated {(x̂w
c ,x

l
c)k}Mm=1 with the original preference data

and continue to finetune Dc via the training strategy in Stage
2, resulting in a preference model D′

c specialized for Gθ. Fi-
nally, the updated model D′

c and the original Da, Dn are
used to generate a new preference set C ′ for next round of
video DPO, resulting in a better generation model G ′′

θ.

Experimental Results
Experimental Setup
Dataset and Metrics: We use 7k images in KonIQ (Hosu
et al. 2020) for image warm-up. In Stage 2, only 2k compari-
son videos (Xu et al. 2024) and 1k VQA data (Xu et al. 2024)
are used to train for preference comparison. LGVQ (Zhang
et al. 2024) and LSVQ (Ying et al. 2021) are used for AIGC
multi-dimension scoring and natural video scoring. In Stage
3, we choose T2V-Turbo (Li et al. 2024a) as generation mod-
els and select 5k prompts from Vidprom (Wang and Yang
2024) for united finetuning. To evaluate the preference com-
parison capability, Gen-AI (Jiang et al. 2024) and Monet-
Bench (Xu et al. 2024) are used, with preference selection
accuracy used as the evaluation metric. Moreover, LGVQ is
used to assess the performance in multi-dimension scoring.
LSVQ-Test, LSVQ-1080p, LIVE-VQC (Sinno and Bovik
2018), and KonViD-1k (Hosu et al. 2017) are adopted to
evaluate the model’s natural video quality scoring ability,
using PLCC, SRCC, and KRCC as metrics. For video gener-
ation tasks, we use VBench (Huang et al. 2024) to evaluate
the generation quality of the finetuned models.

Implementation Details: Qwen-2.5-VL-7B-Instruct (Bai
et al. 2025) is used as our pretrained VLM. The generation
number N and the weight of KL penalty β in the GRPO
trainer are 8 and 0.001. The model is trained for 3 epochs on
8 NVIDIA A100 80G GPUs, with a learning rate of 1×10−6.

AIGC Video Preference Comparison
To evaluate the performance of our VQ-Insight in preference
comparison, we selected classic methods VQAScore (Jia
et al. 2024), SFT-based VLM methods VideoScore (He et al.
2024), VisionReward (Xu et al. 2024), VideoReward (Liu
et al. 2025b), and Qwen-SFT (Bai et al. 2025), and RL-
based VLM methods like Q-Insight (Li et al. 2025) and
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Method
Spatial Quality Temporal Quality Text-Video Alignment

SRCC KRCC PLCC SRCC KRCC PLCC SRCC KRCC PLCC
CLIP-IQA (Wang, Chan, and Loy 2023) 0.684 0.502 0.709 - - - - - -

FastVQA (Wu et al. 2022) - - - 0.849 0.672 0.878 - - -
CLIPScore (Hessel et al. 2021) - - - - - - 0.446 0.301 0.453

UGVQ (Zhang et al. 2024) 0.764 0.571 0.793 0.894 0.703 0.910 0.545 0.391 0.569
UnifiedReward-Think (Wang et al. 2025a) 0.580 0.432 0.594 0.466 0.330 0.500 0.589 0.433 0.589

Qwen-SFT (Bai et al. 2025) 0.687 0.520 0.735 0.723 0.539 0.750 0.605 0.462 0.660
VQ-Insight (Ours) 0.823 0.640 0.844 0.911 0.744 0.927 0.825 0.652 0.836

Table 2: SRCC, KRCC, PLCC Comparison between VQ-Insight and competitive methods across three different dimensions.

UnifiedReward-Think (Wang et al. 2025a). As reported on
Tab. 1, our method surpasses existing SOTA approach Vi-
sionReward and UnifiedReward-Think on both “tau” and
“diff” accuracy, which shows the effectiveness and strong
generalization capability of our method. Meanwhile, al-
though UnifiedReward-Think performs excellently on the
GenAI dataset, its accuracy drops significantly on the out-
of-domain MonetBench. Note that “tau” uses a tau-corrected
result (Deutsch, Foster, and Freitag 2023) for preference ac-
curacy, while “diff” excludes Tie cases. This is attributed to
our refined reward design and progressive training.

AIGC Video Multi-Dimension Scoring
To evaluate our VQ-Insight on fine-grained video quality
assessment, we follow LGVQ setup and mainly consider
three dimensions: spatial quality, temporal quality, and text-
video alignment. For comparison, we select several met-
rics that are limited to a single dimension, such as CLIP-
IQA (Wang, Chan, and Loy 2023), CLIPScore (Hessel et al.
2021), and FAST-VQA (Wu et al. 2022). Moreover, we in-
clude more comprehensive scorers such as UGVQ (Zhang
et al. 2024), UnifiedReward-Think, and Qwen-SFT. As re-
ported on Tab. 2, our method significantly outperforms the
SOTA approaches UGVQ and Qwen-SFT across all dimen-
sions. On the spatial quality dimension, our method sur-
passes UGVQ by 0.051 and 0.059 on PLCC and SRCC, re-
spectively. Furthermore, on the text-video alignment dimen-
sion, our approach achieves an improvement of up to 0.2
over previous methods, demonstrating that our progressive
reinforcement learning strategy effectively preserves the
VLM’s general language understanding ability and world
knowledge priors. Fig. 1 presents an example of VQ-Insight
performing fine-grained scoring. Our VQ-Insight can com-
prehensively consider the spatial and temporal quality of the
video while analyzing alignment based on the given prompt.

Natural Video Scoring
In addition to AIGC video evaluation, our method can also
be extended to natural video scoring. We conduct experi-
ments on four datasets, namely LSVQ-Test, LSVQ-1080p,
Live-VQC, and Konvid-1k (Hosu et al. 2017). The com-
parison baselines include the classic VQA model Fast-
VQA (Wu et al. 2022), as well as VLM-based methods
such as Q-Align (Wu et al. 2024b), Q-Instruct (Wu et al.

Model Metric
LSVQ
-Test

LSVQ
-1080p

LIVE
-VQC

KonViD
-1k

Fast-VQA PLCC 0.878 0.810 0.815 0.857
(Wu et al. 2022) SRCC 0.874 0.765 0.769 0.859

Minimalist-VQA PLCC 0.872 0.818 0.812 0.861
(Sun et al. 2024) SRCC 0.880 0.769 0.765 0.859

Q-Align PLCC 0.882 0.833 0.813 0.876
(Wu et al. 2024b) SRCC 0.883 0.758 0.777 0.865

Q-Instruct PLCC 0.580 0.640 0.673 0.520
(Wu et al. 2024a) SRCC 0.602 0.644 0.660 0.492

VQA2 PLCC 0.856 0.819 0.823 0.844
(Jia et al. 2024) SRCC 0.882 0.760 0.776 0.833

Q-Insight PLCC 0.639 0.648 0.708 0.753
(Li et al. 2025) SRCC 0.644 0.601 0.624 0.751

VQ-Insight PLCC 0.876 0.823 0.835 0.884
(Ours) SRCC 0.875 0.786 0.790 0.875

Table 3: PLCC and SRCC comparisons on the natural video
scoring tasks between our VQ-Insight and other methods.

2024a), VQA2 (Jia et al. 2024), and Q-Insight (Li et al.
2025). As reported on Tab. 3, our VQ-Insight achieves the
best PLCC and SRCC on the LIVE-VQC and KonViD-1k
datasets, demonstrating its strong generalization ability on
out-of-domain data. On the in-domain dataset LSVQ-Test,
the performance of VQ-Insight is comparable to that of the
SOTA methods Q-Align and VQA2. This can be attributed
to our progressive visual reinforcement learning strategy and
temporal modeling reward used by our VQ-Insight. Further-
more, as shown in Fig. 1, the results produced by VQ-Insight
effectively describe the content of the video and identify the
imbalance between the theme and the environment.

Ablation Studies
To validate the contributions of each component in our VQ-
Insight, we design some variations and retrain them for the
tasks of AIGC multi-dimension scoring and preference com-
parison by targeting image scoring warm-up (Warm-up),
temporal modeling reward (TMR), length control reward
(LCR), and unified finetuning (UF). Tab. 4 and Tab. 5 re-
port our results. We observe that skipping the image scor-
ing warm-up step and directly starting training from the pre-
trained weights of Qwen2.5-VL results in noticeable degra-
dation in both scoring and comparison performance. Re-
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Figure 3: Video generation result comparisons between our method and other competitive methods.

Case Warm-up TMR LCR PLCC KRCC SRCC
(a) ✗ ✓ ✓ 0.716 0.518 0.690
(b) ✓ ✗ ✓ 0.787 0.590 0.761
(c) ✓ ✓ ✗ 0.819 0.614 0.791
(d) ✓ ✓ ✓ 0.869 0.679 0.853

Table 4: Ablation study on different components of our VQ-
Insight for the AIGC multi-dimension scoring tasks.

Case LCR UF GenAI MonetBench
tau diff tau diff

(e) ✘ ✔ 45.74 68.14 60.00 73.05
(f) ✔ ✘ 50.14 75.14 60.20 73.29
(g) ✔ ✔ 51.26 76.57 62.10 75.61

Table 5: Ablation study on different components of our VQ-
Insight for the AIGC preference comparison tasks.

moving the TMR leads to a significant drop of 0.082 in
PLCC for VQ-Insight’s performance on multi-dimension
scoring tasks, demonstrating the critical role of TMR in
helping the model capture motion patterns. Since perform-
ing temporal shuffle on two videos simultaneously can lead
to preference label confusion, we do not validate the effec-
tiveness of TWR on preference comparison. Additionally,
we find that the length control reward (LCR) can better guide
the model to produce detailed reasoning results while out-
putting more accurate scores or preference choices. Finally,
when removing the unified finetuning strategy (case (f)), we
observe that VQ-Insight’s tau accuracy on GenAI and Mon-
etBench datasets decreased by 1.12 and 1.90, respectively.
Moreover, as shown in Tab. 6, the performance of video gen-
eration models also experience certain degradation, which is
caused by the inaccuracy of comparison models.

Application
To validate that our VQ-Insight can effectively support
generation tasks, we conduct DPO on the video genera-
tion model T2V-Turbo (Li et al. 2024a). We select 1w
prompts from Vidprom (Wang and Yang 2024) and use the

Method Overall Score D.D. Scene S.R. M.O.

Original 0.8095 0.5667 0.5134 0.3668 0.5122
VideoDPO 0.8167 0.5889 0.5080 0.3342 0.5215

Ours-w/o UF 0.8171 0.6128 0.5151 0.3697 0.5289
Ours 0.8202 0.6306 0.5225 0.3913 0.5357

Table 6: VBench score comparison between our method,
VideoDPO and T2V-Turbo. D.D., S.R., and M.O. denote dy-
namic degree, spatial relationship, and multiple objects.

T2V-Turbo to produce 10 results for each prompt. Sub-
sequently, VQ-Insight is used to select the preference set
for DPO training. The performance of our method evalu-
ated on VBench (Huang et al. 2024) is shown in Tab. 6.
It can be observed that, compared to VideoDPO and base-
line results, our method achieves significant gains in over-
all score. Specifically, in multiple objects and spatial re-
lationship, VQ-Insight shows strong general understanding
capabilities. Meanwhile, since our method uses AIGC fine-
grained scoring and natural scoring model for temporal cues,
it surpasses T2V-Turbo in terms of dynamic degree, reaching
0.0639. Furthermore, Fig. 3 shows that our method achieves
noticeable gains over baseline and VideoDPO in the subject
consistency, background richness, and color vividness.

Conclusion
In this paper, we propose VQ-Insight, a novel reasoning-
style vision-language model framework for AIGC video
evaluation. By introducing a progressive learning scheme
that combines image warm-up, temporal learning, and joint
optimization with generation models, as well as task-specific
rewards, our method achieves superior accuracy and gener-
alization with limited data. Extensive experiments demon-
strate that VQ-Insight consistently outperforms SOTA base-
lines across multiple video scoring and comparison bench-
marks and can be effectively applied to both generation
alignment and content editing. Looking ahead, our unified
approach sets the stage for more dynamic, human-aligned
video evaluation and optimization, highlighting the poten-
tial for reinforcement learning in the field.
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