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Abstract

The rapid advancement of AIGC video generation
calls for evaluation frameworks that move beyond
technical fidelity and incorporate human-centered
aesthetic assessment. Existing benchmarks often
overlook fine-grained perceptual qualities such as
visual aesthetics, artistic style, and human pref-
erence. To address this limitation, we intro-
duce VGA-BenchV2, an extended human-aligned
benchmark and optimization framework for jointly
evaluating and improving video generation quality
and aesthetic value.

Built upon VGA-Bench, VGA-BenchV2 preserves
the original fine-grained taxonomy with two pri-
mary dimensions—Aesthetic and Generation—and
52 sub-dimensions. Guided by this taxonomy,
we curate 1,016 diverse prompts and collect over
60,000 videos generated by 12 mainstream video
generation models. More importantly, VGA-
BenchV?2 substantially expands human-labeled su-
pervision by adding 36,000 task-level annotations,
including 16,200 for aesthetic quality, 13,200 for
aesthetic tagging, and 6,600 for generation quality,
corresponding to 13.46x, 11.15x%, and 1.55x scale-
ups over VGA-Bench, respectively.

Leveraging this enlarged annotation corpus, we
develop a hybrid evaluator architecture consist-
ing of VAQA-Net for continuous aesthetic scor-
ing and two Qwen-based Large Vision-Language
Model evaluators, VTag-Net and VGQA-Net,
for aesthetic tagging and generation quality as-
sessment.  Extensive experiments demonstrate
strong alignment with human judgments across
diverse generation models. Beyond evaluation,
VGA-BenchV2 further introduces an evaluation-
to-optimization pipeline, where the learned aes-
thetic evaluator serves as a reward model for re-
inforcement learning-based generator fine-tuning.

*Corresponding author.

This closes the loop. from benchmark construc-
tion and human supervision to automated evalua-
tion and model optimization, enabling video gen-
erators to improve not only in realism but also in
aesthetic quality and human preference alignment.
Resources are available at https://huggingface.co/
datasets/BestiVictoryLab/VGA-Bench.

1 Introduction

Text-to-video generation has rapidly evolved from early
proof-of-concept systems into increasingly capable gener-
ative models that can synthesize coherent, temporally sta-
ble, and visually compelling videos from natural language
prompts [Blattmann et al., 2023a; Blattmann er al., 2023b;
Luo et al., 2023; Khachatryan er al., 2023]. Recent ad-
vances in diffusion models [Blattmann et al., 2023a; Song et
al., 2020], transformer-based architectures [Liu et al., 2022;
Selva et al., 2023], and large-scale vision-language pretrain-
ing [Chen er al., 2023; Wang et al., 2023b; Dou et al., 2022]
have further accelerated this progress, enabling state-of-the-
art systems [Wan et al., 2025; Kong et al., 2024; Tang et al.,
2025; Liu et al., 2024; HaCohen et al., 2024; Team, 2024,
Ma et al., 2024; Yang et al., 2024; Wang et al., 2023a;
Zhang et al., 2025; Wang et al., 2025a; Guo et al., 2023;
Blattmann et al., 2023a] to support increasingly diverse cre-
ative scenarios. As these models move closer to real-world
use in digital art, film production, advertising, and virtual re-
ality, evaluation is no longer limited to verifying whether a
video is technically plausible. It must also measure whether
the generated content is aesthetically appealing, stylistically
controllable, and aligned with human visual preferences.
However, most existing evaluation protocols are still
designed around technical correctness. Metrics such as
FVD [Unterthiner et al., 2019] and CLIP Score [Hessel et
al., 2021], together with their advanced variants [Liu et al.,
2023], primarily quantify distributional similarity, temporal
consistency, prompt alignment, or low-level visual artifacts.
These measurements are useful for diagnosing basic genera-
tion quality, but they provide limited insight into perceptual
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Figure 1: Overview of VGA-BenchV2. Left: expanded human annotations supporting evaluator training; middle: hybrid evaluator architec-
ture combining VAQA-Net, VTag-Net, and VGQA-Net; right: holistic evaluation of 12 state-of-the-art video generation models, visualizing
performance across 10 representative dimensions selected from the 52 sub-dimensions of VGA-Bench. The bottom panel illustrates the

evaluation-to-optimization pipeline using RL.

and artistic factors such as composition, lighting, color har-
mony, cinematic expression, and style controllability. More
importantly, conventional metrics usually serve as passive
evaluation tools: they can rank or compare models, but are
less effective at providing human-aligned supervision that can
be directly used to improve video generators.

A series of video generation benchmarks have been pro-
posed to address this evaluation gap. V-Bench [Huang er
al., 2024] is a representative effort toward standardized multi-
dimensional evaluation, but its treatment of video aesthetics
remains coarse and depends heavily on off-the-shelf scoring
models such as MUSIQ [Ke et al., 2021] and DINO [Caron
et al., 2021]. VGA-Bench [Jiang er al., 2026] further ad-
vances this direction by introducing a fine-grained taxonomy
for jointly evaluating aesthetic quality, aesthetic tags, and
generation quality.. Nevertheless, as video generation mod-
els become stronger and more widely used, a benchmark
alone is insufficient: reliable aesthetic evaluation requires
substantially larger human-labeled supervision, more expres-
sive evaluator architectures, and a mechanism to convert hu-
man preference judgments into actionable optimization sig-
nals. These requirements motivate VGA-BenchV2, which
extends VGA-Bench from a fine-grained evaluation bench-
mark into a human-aligned framework that unifies large-scale
annotation, hybrid automated evaluation, and reinforcement
learning-based model optimization.

Notably, V-Bench [Huang er al., 2024] represents a pi-
oneering systematic effort to evaluate AIGC videos across
multiple dimensions, marking a significant step toward stan-

dardized evaluation. However, it reduces the multifaceted na-
ture of video aesthetics into a limited set of scalar measure-
ments and relies heavily on off-the-shelf scoring models, such
as MUSIQ [Ke et al., 2021] and DINO [Caron et al., 2021].
This reliance inevitably leads to coarse granularity, poten-
tial domain bias, and limited interpretability for improving
generation models. VGA-Bench [Jiang et al., 2026] further
advances this direction by introducing a fine-grained bench-
mark for jointly evaluating video aesthetic quality, aesthetic
tags, and generation quality. Nevertheless, its evaluator train-
ing is still limited by the scale of human-labeled supervision,
and the benchmark mainly focuses on evaluation rather than
forming a closed loop from human preference modeling to
generative model optimization.

To address these limitations, this paper introduces VGA-
BenchV2 (as shown in Figure 1), an extended human-
aligned benchmark and optimization framework for video
aesthetic and generation quality assessment. Built upon
VGA-Bench [Jiang er al., 2026], VGA-BenchV2 preserves
the original fine-grained taxonomy with two primary dimen-
sions, Aesthetic and Generation, and 52 sub-dimensions,
while substantially extending the human annotation scale,
evaluator architecture, and optimization capability. Our main
contributions are summarized as follows:

* Large-scale human annotation expansion. Com-
pared with VGA-Bench [Jiang et al., 2026], VGA-
BenchV2 substantially expands human-labeled supervi-
sion by adding 36,000 newly collected task-level anno-
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tations, including 16,200 annotations for aesthetic qual-
ity assessment, 13,200 annotations for aesthetic tagging,
and 6,600 annotations for generation quality assess-
ment. This corresponds to 13.46x, 11.15x%, and 1.55x%
scale-ups over VGA-Bench for the three tasks, respec-
tively, transforming the benchmark from an evaluation-
oriented suite into a large-scale human-aligned training
infrastructure.

¢ Human-supervised hybrid evaluator architecture.
Leveraging the enlarged annotation corpus, we de-
velop a hybrid evaluator system consisting of VAQA-
Net for continuous aesthetic scoring and two Qwen-
based Large Vision-Language Model evaluators, VTag-
Net and VGQA-Net, for aesthetic tagging and genera-
tion quality assessment, respectively. This design com-
bines specialized aesthetic regression with LVLM-based
semantic reasoning, enabling scalable, interpretable,
and human-aligned evaluation across diverse generation
models.

¢ Evaluation-to-optimization via reinforcement learn-
ing. Beyond passive evaluation, VGA-BenchV2 intro-
duces an evaluation-to-optimization pipeline in which
the learned aesthetic evaluator serves as a reward model
for reinforcement learning-based fine-tuning of video
generators. By using the aesthetic score as a reward
signal, the framework converts human aesthetic prefer-
ences into actionable optimization objectives, demon-
strating that VGA-BenchV2 can directly guide genera-
tive models toward higher aesthetic quality and better
human preference alignment.

 Unified benchmark, evaluator, and optimization in-
frastructure. VGA-BenchV2 integrates 52 fine-grained
evaluation dimensions, 1,016 diverse prompts, over
60,000 videos generated by 12 mainstream models,
large-scale human annotations, hybrid automated eval-
uators, and reinforcement learning-based optimization
into a unified framework. This enables systematic anal-
ysis, fair cross-model comparison, and closed-loop im-
provement of video generation models.

We believe that VGA-BenchV2 serves not only as a rigor-
ous evaluation platform, but also as a key infrastructure for
advancing the next generation of video generation systems
with enhanced aesthetic intelligence, artistic controllability,
and human preference alignment.

2 Related Work

Evaluating video generation models remains challenging de-
spite their rapid progress. Early metrics such as FVD [Un-
terthiner et al., 2019], CLIP Score [Hessel et al., 2021], and
their advanced variants [Liu et al., 2023] mainly measure
distributional similarity, temporal consistency, prompt align-
ment, or low-level visual artifacts. While useful for assessing
basic technical quality, these metrics are insufficient for cap-
turing fine-grained perceptual factors such as composition,
lighting, color harmony, artistic style, and overall aesthetic
appeal.
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Figure 2: Comparison between VGA-Bench (V1) and VGA-
BenchV2 (V2). Both include human annotations and multi-model
evaluation; V2 expands annotation scale, adds a hybrid evaluator,
and supports optional RL optimization.

Recent benchmarks have promoted more systematic eval-
uation of video generation models. V-Bench [Huang et
al., 2024] provides a representative multi-dimensional eval-
uation protocol, and V-Bench2 [Zheng er al., 2025] fur-
ther extends the evaluation scope. Other benchmarks, in-
cluding ChronoMagic-Bench [Yuan et al., 2024], T2V-
CompBench [Sun ef al., 2025], and StoryEval [Wang e al.,
2025b], focus on complementary aspects such as temporal
coherence, compositional binding, and narrative consistency.
Compared with these works, VGA-Bench [Jiang et al., 2026]
is distinguished by its fine-grained treatment of video aes-
thetics, jointly modeling aesthetic quality, aesthetic tags, and
generation quality within a unified taxonomy.

VGA-BenchV2 further extends VGA-Bench [Jiang et
al., 2026] from a fine-grained evaluation benchmark into
a human-aligned evaluation and optimization framework.
Specifically, it strengthens human-labeled supervision, in-
troduces a hybrid evaluator architecture that combines spe-
cialized aesthetic scoring with LVLM-based tagging and
generation-quality assessment, and further connects evalua-
tion with reinforcement learning-based generator optimiza-
tion. In this way, VGA-BenchV2 moves beyond passive
benchmarking and forms a closed-loop framework that links
benchmark design, human annotation, automated evaluation,
and model improvement.

3 VGA-BenchV2 Construction

3.1 Inherited Evaluation Taxonomy

VGA-BenchV2 inherits the fine-grained evaluation taxonomy
of VGA-Bench [Jiang et al., 2026] to ensure continuity, re-
producibility, and cross-version comparability. Rather than
redesigning the benchmark dimensions, we preserve the orig-
inal taxonomy as the evaluation backbone and focus the V2
extension on human annotation expansion, hybrid evaluator
training, and evaluation-to-optimization. Overall, the taxon-
omy contains 52 sub-dimensions organized into two primary
categories: Aesthetic and Generation.

The Aesthetic category consists of two complementary
perspectives.

* Aesthetic Quality measures the perceptual appeal of
generated videos as continuous scores, covering ten di-
mensions adapted from VADB [Qiao et al., 2025]: Over-
all Score (Ovr), Composition (Com), Shot Size (SS),
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Benchmark Aes?hetic Eva}uator Annotation RL
Dims Architecture Usage Opt.
V-Bench [Huang et al., 2024] 1 Off-the-shelf Expert Models Alignment Only X
V-Bench2.0 [Zheng et al., 2025] 2 Off-the-shelf Expert Models Alignment Only X
T2V-CompBench [Sun et al., 2025] 0 MLLM-based Alignment Only X
ChronoMagic-Bench [Yuan e al., 2024] 0 Hybrid Alignment Only X
StoryEval [Wang et al., 2025b] 0 MLLM-based Alignment Only X
VGA-Bench [Jiang er al., 2026] 21 Specialized Nets Training & Alignment X
Hybrid Training, Alignment
VGA-BenchV2 (Ours) 21 Specialized}ll\lets + LVLMs & %ewa%d v

Table 1: Comparison with existing video generation benchmarks. VGA-BenchV2 preserves the fine-grained aesthetic and generation taxon-
omy of VGA-Bench while further extending it with hybrid human-aligned evaluators and an evaluation-to-optimization pipeline.

Lighting (Lig), Visual Tone (VT), Color (Col), Depth
of Field (DoF), Expression (Exp), Costume (Cos), and
Makeup (Mak).

Aesthetic Tagging describes discrete visual and stylis-
tic attributes as classification labels. Following pho-
tographic and cinematographic principles [Qiao et al.,
2025; Matbouly, 2022; Deren, 1960; Brown, 2016],
it contains eleven tag dimensions: Composition Types
(CT), Shot Type (ST), Number of Light Sources (NoLS),
Light Source Position (LSP), Light Quality (LQ), Light
Color (LC), Color Temperature (ColT), Saturation (Sat),
Brightness (Bri), Contrast (Con), and Depth of Field
(DoF). These 21 aesthetic-related dimensions support
both quantitative model ranking and interpretable analy-
sis of visual style controllability.

The Generation category evaluates whether generated
videos are semantically faithful, physically plausible, and vi-
sually stable. Following VGA-Bench [Jiang et al., 2026] and
building upon V-Bench [Huang er al., 2024], VGA-BenchV2
retains 31 generation-quality sub-dimensions grouped into
three aspects.

L]

Video-Text Consistency includes Character-Text Con-
sistency (Cha-T), Action-Text Consistency (Act-T),
Object-Text Consistency (Obj-T), Scene-Text Consis-
tency (Sce-T), Object Position-Text Consistency (Pos-
T), Camera Movement-Text Consistency (Cam-T), Ob-
ject Attribute-Text Consistency (Att-T), Video Content-
Text Consistency (Cnt-T), Video Style-Text Consistency
(Sty-T), and Video Speed-Text Consistency (Spd-T).

Reality & Plausibility includes Rigid Body Colli-
sion Realism (Rig-R), Fluid Motion Realism (Flu-R),
Gaseous Motion Realism (Gas-R), Gradual Change Re-
alism (Gra-R), Object Trajectory Realism (Tra-R), Ac-
tion Realism (Act-R), Scene Realism (Sce-R), Object
Realism (Obj-R), Character Generation Quality (Cha-
R), Weather Representation Realism (Wea-R), Time
Period Representation Realism (Tim-R), Lighting &
Shadow Realism (Lig-R), Moving Scene Reasonable-
ness (Dyn-R), Textual Attribute Representation (Att-R),
Overall Realism (Glo-R), and Unrealistic Description
Imaginative Presentation (Ima-R).

Aesthetic Quality
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Figure 3: Prompts for the three core dimensions, their corresponding
sub-dimensions, and example generated videos.

e Basic Quality includes Video Noise-Free (Noi), Ab-
normal Lighting Detection (AbL), Video Clarity (Cla),
Static Content Stability (Sta), and Static Content Non-
distortion (Dis). We use the suffix “-T” to denote video-
text consistency dimensions and “-R” to denote reality
or plausibility dimensions, while basic quality dimen-
sions use standalone mnemonic codes. Detailed defi-
nitions and evaluation criteria are provided in the Ap-
pendix.

3.2 Prompt Suite and Video Pool

VGA-BenchV2 inherits the prompt suite from VGA-
Bench [Jiang et al., 2026] to ensure cross-version compara-
bility and stable dimension-wise evaluation. The prompt suite
is designed under the principle of explicit attribute specifica-
tion: each prompt explicitly triggers one or more target di-
mensions, such that annotators and automated evaluators as-
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3: The video is very clear, with only slight imperfections visible in detail-
rich areas (such as hair or edges).
Static Content Non-distortion:

2: Slight distortion occurs.

Figure 4: Examples of human annotations for the three core dimen-
sions.

sess only the attributes that are semantically grounded in the
prompt. This design reduces ambiguity during both human
annotation and automated evaluation.

The prompt suite contains 1,016 prompts, including 200
prompts for aesthetic quality, 220 for aesthetic tagging, and
596 for generation quality. Each dimension is covered by
at least 50 prompts, and the suite supports both single-
dimension and multi-dimensional combinations. We also re-
tain two lightweight subsets with 508 and 127 prompts for
efficient evaluation under different computational budgets.

In VGA-BenchV2, the prompt suite serves as a unified an-
chor for three downstream components: large-scale human
annotation, supervised evaluator training, and evaluation-to-
optimization experiments. By reusing the same dimension-
aligned prompts as VGA-Bench, VGA-BenchV2 isolates the
effect of expanded human supervision and improved evalua-
tor design, while preserving a consistent benchmark protocol
for comparing video generation models.

3.3 Large-scale Human Annotation Expansion

A central goal of VGA-BenchV2 is to transform VGA-Bench
from an evaluation-oriented benchmark into a human-aligned
training infrastructure for automated video evaluators. To
this end, we substantially expand the task-level human anno-
tations over VGA-Bench [Jiang er al., 2026]. Specifically,
VGA-BenchV2 introduces 36,000 newly collected annota-
tions, including 16,200 annotations for aesthetic quality as-
sessment, 13,200 annotations for aesthetic tagging, and 6,600
annotations for generation quality assessment. These annota-
tions provide direct supervision for evaluator training, align-
ment verification, and reward modeling.

Annotation Protocol and Quality Control

We follow an expert-guided and multi-annotator annotation
protocol. Domain experts first provide exemplar annotations
and detailed rating guidelines for each task. Trained annota-
tors then label the remaining samples according to these ex-
emplars, while experts conduct batch-wise audits to ensure

Task VGA-Bench — New V2 V2 Scale-up
Supervision Annotations Total

Aesthetic Quality 1,300 +16,200 17,500  13.46x

Aesthetic Tagging 1,300 +13,200 14,500 11.15x

Generation Quality 12,000 +6,600 18,600 1.55%

Total 14,600 +36,000 50,600 3.47x

Table 2: Human annotation expansion in VGA-BenchV2. We re-
port task-level supervision for aesthetic quality, aesthetic tagging,
and generation quality. VGA-BenchV2 substantially increases the
amount of human-labeled data used for evaluator training and align-
ment.

annotation consistency. If a batch fails the quality check, it is
rejected and re-annotated.

For aesthetic quality, each sample is scored on a 0—10 scale,
and the final score is obtained by averaging multiple inde-
pendent ratings. For aesthetic tagging, annotators assign dis-
crete visual labels such as composition type, light source po-
sition, shot type, color temperature, and contrast, with final
labels determined by majority voting. For generation qual-
ity, each dimension is formulated as a task-specific question
with structured ordinal options, enabling the labels to capture
different levels of semantic consistency, realism, and basic
visual quality.

Importantly, all annotation tasks follow the explicit-trigger
principle inherited from the prompt suite: annotators evaluate
only the dimensions explicitly specified by the prompt. This
prevents subjective speculation on unmentioned attributes
and ensures that each label is semantically grounded in the
prompt-video pair.

3.4 Hybrid Automated Evaluation Networks

Leveraging the expanded human-annotated corpus, VGA-
BenchV2 moves beyond lightweight task-specific evaluators
to train a robust, human-aligned hybrid evaluator system. The
architecture combines specialized aesthetic regression with
LVLM-based semantic reasoning, consisting of VAQA-Net
for continuous aesthetic scoring, VTag-Net for aesthetic tag-
ging, and VGQA-Net for generation quality assessment.

VAQA-Net (Aesthetic Scoring): We adopt a two-stage
transfer learning strategy. First, the video encoder is initial-
ized from the VADB pre-trained model to inherit aesthetic
representations. Second, the model is fine-tuned on a large-
scale generated video dataset, including 8,366 videos from 12
mainstream generation models with high-quality human an-
notations. Evaluation is performed on a held-out set of 1,186
generated videos to assess generalization.

VTag-Net & VGQA-Net (LVLM-based Evaluators): To
enable semantic reasoning and detailed assessment, we lever-
age Qwen3-VL-32B [Bai et al., 2025] as the backbone and
apply instruction tuning for task-specific adaptation.

e VTag-Net: Trained on a combination of real VADB
videos and 11,100 generated videos with human-
annotated aesthetic tags, outputting discrete visual la-
bels.

* VGQA-Net: Trained on 7,054 generated videos with
human-annotated question-answer pairs, optimized for
coherent reasoning and generation quality assessment.
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(a) VAQA-Net Architecture (Regression - Fine-tuned)

Pre-trained
Video Encoder

Figure 5: Overview of the hybrid evaluation networks. VAQA-Net
predicts scalar aesthetic scores via a pre-trained encoder and regres-
sion head, while VTag-Net and VGQA-Net leverage a LVLM back-
bone via instruction tuning for aesthetic tagging and quality reason-
ing.

The training set includes representative samples from all
12 source models to ensure generalization across generation
paradigms.

The network architectures of VAQA-Net, VTag-Net, and
VGQA-Net are illustrated in Figure 5.

3.5 Evaluation-to-Optimization Interface
Beyond serving as passive evaluation metrics, the learned
evaluators in VGA-BenchV2 can be used as reward mod-
els for generator optimization. In particular, the aesthetic
score predicted by VAQA-Net provides a scalar reward re-
flecting human-aligned visual preference. This reward can
be incorporated into reinforcement learning-based fine-tuning
pipelines, enabling video generators to optimize toward
higher aesthetic quality while maintaining stability.
Formally, given a prompt p, the current policy mg generates
avideo v ~ my(-|p), and VAQA-Net outputsa scalar reward:

r¢(v) = VAQA4(v), ey
with ¢ denoting the frozen evaluator parameters. To stabilize
training, KL regularization is applied:
7(v,p) = 14(v) = AkLDkr (7o (|p) || meet (), (2)
and the normalized advantage is

Ay = i — BB 3)

oB + € ’

where pp and o denote the batch mean and standard devia-
tion.

For policy optimization, the unclipped and clipped advan-
tages are defined as

it = pitAi,
Clip(pi,t7 1- €, 1+ G)Aia
7T9(¢%‘,t|8i,t)

T0c1a (ai7t|si7t) ’

and the clipped GRPO objective is
Larpo(0) = —Eiy[min(rig, ciq)]. 5)

Ci,t

4
Pit =

VAQA-Net (SROCC) | VTag-Net (Accuracy)

Dimension Score | Dimension #Cls. Acc.
Overall Score 87.6 | Color Temp. (ColT) 3 64.8
Composition (Com)  86.9 | Saturation (Sat) 3 71.9
Shot Size (SS) 87.4 | Brightness (Bri) 3 70.3
Lighting (Lig) 87.2 | Contrast (Con) 3 75.0
Visual Tone (VT) 87.4 | Light Quality (LQ) 2 66.3
Color (Col) 86.5 | Light Color (LC) 4  93.6
Depth of Field (DoF) 87.4 |Light Pos. (LSP) 5 68.3*
Expression (Exp) 89.2 | Num. Lights (NoLS) 2 83.7
Costume (Cos) 88.4 | Comp. Type (CT) 7 49.8*
Makeup (Mak) 86.3 | Shot Type (ST) 5 75.9%

Depth of Field (DoF) 2 76.1

Table 3: Validation of Aesthetic Evaluators. We report the SROCC
(%) for VAQA-Net and Classification Accuracy (%) for VTag-Net.
Specifically, we adopt Top-1 Accuracy for dimensions with < 4
classes and Top-2 Accuracy for.those with > 4 classes (marked with
*) to account for varying label space sizes.

Dim. Acc. Dim. Acc. Dim. Acc. Dim. Acc.

Cha-T  70.5¢ Sty-T 69.6 Sce-R 89.2 Glo-R 69.8
Act-T 707 Spd-T 76.6 Obj-R 812 Ima-R 59.2
Obj-T 752 Rig-R 622 Cha-R 56.8 Noi 58.3
Sce-T 747 Flu-R 756 Wea-R 66.8 AbL 857
Pos-T 643 Gas-R 783 Tim-R 83.1 Cla 66.4
Cam-T 725 Gra-R 804 Lig-R 80.5 Sta 50.5
Att-T  72.6 Tra-R 62.1 Dyn-R 67.0 Dis 71.7
Cnt-T 584 Act-R 802 Att-R 787 - -

Table 4: Validation of VGQA-Net. We report the Accuracy (%)
across 31 sub-dimensions. The suffixes -T and -R denote Video-
Text Consistency and Reality/Plausibility, respectively.

This formulation encourages higher-reward samples to con-
tribute stronger updates while constraining policy drift. De-
tailed implementation and training parameters are described
in Section 4.

4 Experiments and Results

4.1 Validation of Automated Evaluator

To ensure the reliability of VGA-BenchV2, we rigorously
validated our automated evaluators against human ground
truth on a held-out test set. For aesthetics, Table 3 shows that
VAQA-Net achieves a high SROCC of 87.6% on the overall
score, demonstrating strong ranking consistency with human
experts. Simultaneously, VTag-Net delivers robust classifi-
cation performance, particularly in objective dimensions like
Light Color (93.6%) and Number of Light Sources (83.7%),
validating its precision in identifying visual elements. For
generation quality, VGQA-Net (Table 4) exhibits consistent
alignment across all 31 fine-grained dimensions, with an av-
erage accuracy approximately 71.3%. High scores in chal-
lenging categories like Scene Realism (89.2%) and Abnormal
Lighting Detection (85.7%) confirm that our MLLM-based
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evaluators serve as effective, scalable proxies for human as-
sessment.

These high scores not only demonstrate the effectiveness
of our models but also indicate that their predictions are
closely aligned with expert human annotations, corroborating
the human-aligned supervision highlighted in Table 1.

4.2 VGA-BenchV2 Evaluation Results

We evaluate all generative models using the trained VAQA-
Net, VTag-Net, and VGQA-Net to assess their performance
across diverse aesthetic and quality dimensions. To ensure
a fair and unbiased ranking, all generated videos used for
evaluation are strictly held out from the evaluator training
process, preventing data leakage. The evaluated models are
listed chronologically by release date: Stable Video Diffusion
(SVD) [Blattmann et al., 2023al, AnimateDiff-v2 [Guo et al.,
2023], LaVie [Wang et al., 2025a], Show-1 [Zhang et al.,
20251, ModelScope [Wang et al., 2023al, CogVideoX [Yang
et al., 2024], Latte-1 [Ma et al., 2024], Mochi [Team, 2024],
LTXVideo [HaCohen ef al., 2024], HunyuanVideo [Kong et
al., 2024], Wan2.2 [Wan et al., 2025], and Sora2 [Liu et al.,
2024].
The ranking metrics are defined as follows:

* Aesthetic Quality: Models are ranked by their average
predicted score (higher is better).

* Aesthetic Tagging: We utilize alignment accuracy as
the metric (i.e., whether the generated video successfully
reflects the prompted aesthetic tag), where higher mean
accuracy indicates superior controllability.

* Generation Quality: Models are ranked by the mean
score across all sub-dimensions, where a higher average
indicates better generation fidelity and consistency.

The final aggregated results, obtained by normalizing and
averaging scores across all sub-dimensions within the three
main categories, are presented in Table 5. For detailed per-
formance breakdowns of each model across specific sub-
dimensions, please refer to the Appendix.

4.3 Aesthetic Optimization via Reinforcement
Learning

To validate the practical effect of our evaluators, we fine-
tune Wan2.1 using the evaluation-to-optimization interface
described in Section 3.5. As shown in Figure 6, the VAQA-
Net Overall Score is used as the reward, and Flow-GRPO [Liu
et al., 2025] is applied with LoRA and ODE-to-SDE conver-
sion.

Quantitative results on a held-out test set show that the av-
erage aesthetic score increases from 0.49 to 0.52. Qualitative
results indicate that fine-tuned videos exhibit more appealing
visual composition and higher overall aesthetic quality. These
results demonstrate that VGA-BenchV2 evaluators can sup-
port not only passive evaluation but also reward-driven video
generator optimization.

5 Conclusion

We present VGA-BenchV2, an extended human-aligned
benchmark and optimization framework that builds upon

RL Optimization

| A4

Task Prompt
(Text) V|

Figure 6: RL Aesthetic Optimization Pipeline. We utilize the Flow-
GRPO algorithm to fine-tune video generation models, employing
VAQA-Net as the reward model to enhance artistic quality.

Model Aes. Score Tag Cla. Gen. Level
SVD [Blattmann et al., 2023al 0.20 0.60 0.69
AnimateDiff [Guo et al., 2023] 0.36 0.57 0.67
LaVie [Wang et al., 2025a] 0.34 0.58 0.68
Show-1 [Zhang et al., 2025] 0.29 0.60 0.04
ModelScope [Wang et al., 2023al 0.31 0.51 0.64
CogVideoX [Yang er al., 2024] 0.41 0.56 0.70
Latte-1 [Ma et al., 2024] 0.35 0.60 0.68
Mochi [Team, 2024] 0.21 0.68 0.71

LTXVideo [HaCohen et al., 2024] 0.22 0.61 0.61
HunyuanVideo [Kong ef al., 2024] . 0.45 0.66 0.73
Wan2.2 [Wan et al., 2025] 0.46 0.63 0.71
Sora2 [Liu et al., 2024] 0.50 0.64 0.80

Table 5: Performance comparison of state-of-the-art text-to-video
generation models on aesthetic score (Aes. Score), tag classification
accuracy (Tag Cla.), and generation level (Gen. Level) metrics.

VGA-Bench by preserving 52 sub-dimensions, 1,016
prompts, and over 60,000 videos while introducing three
key advancements: expanded human-labeled supervision for
aesthetic quality, aesthetic tagging, and generation quality;
a hybrid evaluator architecture combining VAQA-Net and
LVLM-based VTag-Net and VGQA-Net for accurate, in-
terpretable, and scalable assessment; and an evaluation-to-
optimization pipeline enabling RL-based fine-tuning of video
generators to align outputs with human aesthetic prefer-
ence. Experiments demonstrate that VGA-BenchV2 provides
more precise, human-aligned evaluation and facilitates multi-
dimensional optimization. In the future, it can be extended
to higher-resolution videos, additional aesthetic dimensions,
cross-modal generation, and controllable creative applica-
tions, supporting next-generation AIGC video systems that
harmonize fidelity, artistry, and human preference.
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