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Abstract

Video captions play a crucial role in text-to-video generation
tasks, as their quality directly influences the semantic coher-
ence and visual fidelity of the generated videos. Although large
vision-language models (VLMs) have demonstrated signifi-
cant potential in caption generation, existing benchmarks inad-
equately address fine-grained evaluation, particularly in cap-
turing spatial-temporal details critical for video generation. To
address this gap, we introduce the Fine-grained Video Caption
Evaluation Benchmark (VCapsBench), the first large-scale
fine-grained benchmark comprising 5,677 (5K+) videos and
109,796 (100K+) question-answer pairs. These QA-pairs are
systematically annotated across 21 fine-grained dimensions
(e.g., camera movement, and shot type) that are empirically
proven critical for text-to-video generation. We further intro-
duce three metrics (Accuracy (AR), Inconsistency Rate (IR),
Coverage Rate (CR)), and an automated evaluation pipeline
leveraging a large language model (LLM) to verify caption
quality via contrastive QA-pairs analysis. Our benchmark can
advance the development of robust text-to-video models by
providing actionable insights for caption optimization.

Code — https://github.com/anoycode22/VCapsBench

Introduction

Recent advances in video understanding (Reid et al. 2024;
Liu et al. 2025a; Zhang et al. 2022; Hong et al. 2024; Zhang
et al. 2024a; Li et al. 2024a) and generation (Brooks et al.
2024; Bao et al. 2024; Tian et al. 2024; Kong et al. 2024)
have been driven by large vision-language models (VLMs).
For video comprehension, researchers have extended image-
based architectures (e.g., PLLaVA (Xu et al. 2024) and
CogVLM2-Video (Hong et al. 2024)) and explored hybrid
image-video training approaches (Qwen2-VL (Wang et al.
2024a), LLaVA-OneVision (Li et al. 2025)). Currently, video
generation systems such as Sora (Brooks et al. 2024) and
HunyuanVideo (Kong et al. 2024) use VLMs for multimodal
captioning and prompt engineering. However, current bench-
marks (Li et al. 2024b,c; Wang et al. 2025; Fu et al. 2025;
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w Video Captions Evaluation

VLMs’ Video Caption
“A black and white puppy was jumping
back and forth in the room,....”

® (1: Is the dog running back and forth
in the video? Yes/No/Unanswerable

©® ()2: Are there two yellow tables in the
video? Yes/No/Unanswerable

® (O3: Did the dog in the video jump up?
Yes/No/Unanswerable e

Figure 1: Illustration of video caption evaluation by VCaps-
Bench. Evaluate the detail, comprehensiveness, and accuracy
of video captions using “yes-no” question-answer pairs.

Zhou et al. 2024; Wu et al. 2024) struggle to assess the de-
tailed spatio-temporal aspects required for these applications.

In visual generation, existing caption evaluation met-
rics fall mainly into two categories: reference-based (ME-
TEOR (Banerjee and Lavie 2005), BLEU (Papineni et al.
2002), SPICE (Anderson et al. 2016), and CIDEr (Vedantam,
Lawrence Zitnick, and Parikh 2015)) and reference-free (In-
foMetIC (Hu et al. 2023), CLIPScore (Hessel et al. 2021), and
TIGEr (Jiang et al. 2019)). Reference-based metrics (Baner-
jee and Lavie 2005; Papineni et al. 2002; Anderson et al.
2016; Vedantam, Lawrence Zitnick, and Parikh 2015) assess
the quality of the captions by comparing them with ground-
truth captions. However, these scores are highly dependent
on the reference captions’ format. Hence, FAIEr (Wang et al.
2021) adopts visual and textual scene graphs for a more ro-
bust reference-based evaluation. Reference-free metrics (Hu
et al. 2023; Hessel et al. 2021; Jiang et al. 2019) use semantic
vectors from the reference image to evaluate the similar-
ity of the caption. These methods falter with concept-dense
captions, overwhelmed by numerous concepts. Recent in-
novations like QACE (Lee et al. 2021), DSG (Cho et al.
2024)], DPG-bench (Hu et al. 2024) and CapsBench (Liu



et al. 2024) employ question-answering frameworks to ad-
dress dense concept evaluation for image captioning. Notably,
these methods derived from image description evaluation still
have significant measurement blind spots when dealing with
the spatio-temporal dynamic elements of video generation
scenarios, e.g., camera motion (“slow zoom” vs. “fast pan”)
or dynamic spatial relationships (object displacement from
“left foreground ” to “central midground”). In these cases,
video generation systems (e.g., Sora) need to ensure accurate
text-video alignment.

Current video understanding benchmarks primarily fo-
cus on holistic semantic alignment (MVBench (Li et al.
2024b), VideoVista (Li et al. 2024c)) or specific skill evalua-
tion (LVBench (Wang et al. 2025)), neglecting fine-grained
spatial-temporal dynamics essential for video generation.
This gap becomes critical when evaluating text-to-video sys-
tems where caption precision directly impacts visual output.
For instance, failing to distinguish between “slow zoom” ver-
sus “fast pan” camera motions, or misrepresenting object
trajectories from “left foreground” to “central midground”.
While manual evaluation of such nuances remains impracti-
cal at scale, automated metrics also struggle with dynamic
semantic alignment due to inherent limitations in traditional
evaluation paradigms. To address this problem, it is neces-
sary to re-examine the design principles of video description
evaluation metrics.

To address critical gaps in evaluating video caption, we
introduce VCapsBench, the first large-scale fine-grained
benchmark for video caption evaluation. It contains 5,677
diverse videos with 109,796 human-verified questions, allow-
ing fine-grained caption quality evaluation. Specifically, we
employ text-based question-answering across 21 categories,
including action, camera movements (e.g., zoom, pan, and
tilt), object positioning (absolute or relative position), entity
and shot type, efc., with “yes”, “no”, and “unanswerable”
ternary judgments. Unlike image-focused caption bench-
marks like CapsBench (Liu et al. 2024), our VCapsBench
prioritizes temporal continuity through video-specific queries
(avg. 19 questions/video) while mitigating LLM hallucination
via an “Unanswerable” option. To accurately and compre-
hensively assess caption quality, we introduce three metrics:
Accuracy (AR), Inconsistency Rate (IR), and Coverage Rate
(CR). To automate calculating these metrics, we develop an
evaluation pipeline that leverages powerful LLMs for ob-
jective video caption quality measurement, as illustrated in
Fig. 1. In summary, our contributions are as follows:

* We introduce VCapsBench, the first large-scale fine-
grained benchmark for video caption evaluation, featuring
diverse videos (5K+) and QA-pairs (100K+).

¢ We introduce three metrics: Accuracy (AR), Inconsistency
Rate (IR), and Coverage Rate (CR), along with an auto-
mated evaluation pipeline to fairly assess the correctness
and coverage of video captions.

* We evaluate ten VLMs, including seven advanced open
models (Qwen2.5VL, InternVL2.5, and VideoLLaMA3,
etc.) and three closed model, GPT-40, Gemini2.5-Pro-
Preview, providing a solid reference for the community.
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Related Work

Reference-based metric methods (Banerjee and Lavie
2005; Papineni et al. 2002; Anderson et al. 2016; Vedan-
tam, Lawrence Zitnick, and Parikh 2015; Wang et al. 2021)
evaluate caption quality by comparing generated captions
with ground-truth captions. BLEU (Papineni et al. 2002;
Zhou et al. 2023) is a fast, cost-effective, and language-
independent metric for machine translation, correlating well
with human assessments. METEOR (Banerjee and Lavie
2005) also evaluates machine translation and shows a high
correlation with human judgments, significantly outperform-
ing BLEU. CIDEr (Vedantam, Lawrence Zitnick, and Parikh
2015) measures the similarity of generated sentences against
a set of human-written ground-truth sentences, serving as
an automatic consensus metric for image description quality.
However, these metrics primarily focus on n-gram overlap,
which is neither necessary nor sufficient for simulating hu-
man judgment. To address these limitations, SPICE intro-
duces a metric based on semantic propositional content over
scene graphs, though its scores highly rely on the format of
reference captions. Newer methods like FAIEr (Wang et al.
2021) leverage visual and textual scene graphs for a more
robust evaluation.

Reference-free metric methods (Hu et al. 2023; Hessel
et al. 2021; Jiang et al. 2019; Zhang et al. 2024b) utilize
semantic vectors from the reference image to assess caption
similarity. InfoMetIC (Hu et al. 2023) is an informative met-
ric for reference-free image caption evaluation to identify
incorrect words and unmentioned image regions with fine-
grained precision. It provides a text precision score, a vision
recall score, and an overall quality score at a coarse-grained
level, with the latter showing significantly better correlation
with human judgments than existing metrics across multi-
ple benchmarks. CLIPScore (Hessel et al. 2021) employs
clip-embedding for robust automatic evaluation of image cap-
tioning without references, focusing on image-text compati-
bility. Although complementary to reference-based metrics
emphasizing text-text similarities, CLIPScore is relatively
weaker for tasks requiring richer contextual knowledge, e.g.,
news captions. TIGEr (Jiang et al. 2019) assesses caption
quality by evaluating both the representation of image con-
tent and the alignment of machine-generated captions with
human-generated ones.

Question-based evaluation methods (Lee et al. 2021;
Cho et al. 2024; Liu et al. 2024) developed to enhance the
assessment of caption quality in visual generation tasks. The
QACE framework (Lee et al. 2021) generates questions from
captions to evaluate their quality. A similar approach has been
proposed for image generation models, where the Davidso-
nian Scene Graph (DSG) (Cho et al. 2024) organizes ques-
tions into dependency graphs, facilitating comprehensive
evaluation of text-to-image models. Inspired by DSG and
DPG-bench (Hu et al. 2024), Playground v3 (Liu et al. 2024)
introduces CapsBench, a benchmark for image captioning
that uses “yes-no” question-answer pairs. However, these
benchmarks focus solely on image captioning. In contrast,
video captioning requires consideration of additional factors
such as actions, motion, camera movements, and shot types,
which are crucial for text-to-video generation.
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Figure 2: An example of video caption and question-answer pairs in our VCapsBench.

The VCapsBench Benchmark
Dataset Statistics

Data Dimensions. As illustrated in Fig. 2, our video cap-
tion evaluation is organized into four primary categories. The
first, Content and Entity, focuses on core elements through
seven subcategories, including action, count, entity, entity
size, entity shape, proper noun, and relation. The second,
Visuals and Composition, pertains to spatial arrangement
and visual presentation, comprising five subcategories: posi-
tion, relative position, text, blur, and background. The third
category, Color and Lighting, addresses the enhancement
of mood and style via four subcategories: color, color palette,
color grading, and lighting. Finally, Cinematography and
Atmosphere integrates filming techniques and artistic expres-
sion with five subcategories: camera movement, shot type,
style, atmosphere, and emotion. This structured categoriza-
tion facilitates a statistical analysis of caption quality across
different dimensions, thereby providing detailed guidance for
optimizing the video understanding capabilities of VLMs.
Data Collection. To fully support the caption evaluation
task in video understanding and generation tasks, we priori-
tized the complexity of aesthetic and content in our data col-
lection for VCapsBench. We sourced videos from 10 publicly
available datasets to ensure diversity: Panda-70M (Chen et al.
2024b), Ego4D (Grauman et al. 2022), BDD100OK (Yu et al.
2020), Pixabay (Chen et al. 2024a), Pexel (Chen et al. 2024a),
VIDGEN-1M (Tan et al. 2024), ChronomicBench (Yuan et al.
2024), FineVideo (Farré et al. 2024), FunQA (Yuan et al.
2024), and LiFT-HRA-20K (Wang et al. 2024b). As illus-
trated in Fig. 3, we create a diverse collection of 988 high-
resolution videos from Panda-70M (Chen et al. 2024b), en-
compassing a wide range of scenes such as wildlife, cooking,
sports, TV shows, gaming, and 3D rendering. These videos
often contain complex content and transformations, providing
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a robust foundation for understanding various real-world sce-
narios. Additionally, we included 494 high-resolution videos
from Pexels and 298 from Pixabay, both renowned for their
scenic landscapes and human activities, characterized by
high aesthetic quality and detailed imagery. To further en-
sure data diversity, we sample 1,018 videos from FineV-
ideo (Farré et al. 2024), encompassing 6 major categories
and 122 subcategories. Despite their lower resolution (below
640 %x360), we balanced this by sampling 333 ultra-high-
resolution videos (2K, 3K, and 4K) from VIDGEN-1M (Tan
et al. 2024), typically used for training text-to-video mod-
els due to their high detail and quality. Our collection was
further enriched with videos from Ego4D (Grauman et al.
2022) and BDD100K (Yu et al. 2020) to cover ego-centric
human activities and autonomous driving scenarios, ensuring
a comprehensive representation of real-world scenes. To as-
sess the VLM model’s grasp of object motion and physical
laws, we used 1,549 videos from ChronomicBench, spanning
categories such as biological, artificial, meteorological, and
physical, across 75 subcategories. Additionally, we included
227 videos from FunQA, featuring human-centric content
like humorous clips, creative performances, and visual illu-
sions, and 200 synthetic videos from LiFT-HRA-20K.

As shown in Fig. 3, our VCapsBench dataset comprises
5,677 videos from a wide range of scenes, e.g., natural
landscapes, animals, human activities, physical phenomena,
games, 3D renderings, and synthetic videos (more than 100
subcategories). VCapsBench also features diverse video du-
rations (4 to 16 seconds), resolutions (125 different resolu-
tions), and aspect ratios (87 different ratios). This extensive
collection allows for a thorough evaluation of VLM mod-
els’ understanding and insight across various video types,
ensuring a robust assessment of video captioning.
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Figure 4: The pipeline of QA-pairs generation, which includes multiple data processing and a data correction pipeline.

Annotation Details

Inspired by DPG-bench (Hu et al. 2024) and CapsBench (Liu
et al. 2024), we developed a method to evaluate video cap-
tion quality using multi-dimensional question-answer pairs.
Based on the raw video, we generate “yes-no” question-
answer pairs as annotations. As shown in Fig. 4, our “Data
Processing Pipeline” creates these pairs, which are stored
in the “QA-pairs Pool”. Each pair includes a category, ques-
tion, and answer, formatted as “[category][question][answer]”
for easy processing. To ensure diversity and accuracy, we
designed two data production pipelines. The first one uses
various VLMSs, such as Gemini, Qwen, and HunYuan, to
generate detailed video captions from predefined prompts.
Large Language Models (LLMs) like GPT-4, Gemini, and
Qwen72B then use these captions and additional prompts to
create question-answer pairs. The second approach directly
utilizes VLMs to generate question-answer pairs from videos
and prompts. The outputs from both pipelines are then com-
bined into a comprehensive question-answer pool.

To enhance the quality of the QA-pairs, we established a
data correction pipeline. This pipeline takes multiple sets of
QA-pairs and captions from the same video as input and uses
an advanced LLM (Geminil.5) with predefined instructions
to de-duplicate, filter, and retain high-quality QA-pairs. The
instructions guide the LLM to merge similar QA-pairs, filter
out those with the same question but different answers, and
remove QA-pairs that appear only once (may be invalid).

Human Correction. After generating high-quality candi-
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date QA-pairs, we sample the data according to latitude to
ensure that the data focuses more on important latitudes, and
then conduct a final quality control process manually. Human
reviewers re-examine these QA-pairs, deleting those with
unreasonable or incorrect questions and correcting those with
erroneous answers. Following this manual revision, we es-
tablish a benchmark VCapsBench consisting of 5,677 videos
and 109,796 question-answer pairs. As shown in Fig. 5, each
video contains between 10 and 27 QA-pairs, with each cat-
egory comprising between 2,431 and 6,513 QA-pairs. The
questions are organized into four major categories and 21
subcategories. Most answers are “yes” providing a clear indi-
cation of correctness, while a smaller number of “no” answers
help assess whether the video captions contain hallucinations.

Captioning Evaluation

We employ VCapsBench to evaluate video captions produced
by various VLMs, like Gemini-1.5. For each test video, an
evaluation-capable VLM generates a detailed caption accord-
ing to specific guidelines and an output schema. This caption,
along with each question from the video’s QA pairs, is fed
into a LLM. As shown in Fig. 1, the LLM responds to each
question based on the caption, providing answers in the for-
mat “[answer], [reason].” We instruct the LLMs to assess the
caption in the following three scenarios:

* Positive: The caption accurately describes the relevant
content, and the LLM’s response aligns with the answer.

» Negative: The caption mentions the relevant content, but
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the LLM’s response does not align with the answer. Experiment

* Unanswerable: The caption does not involve the relevant
content for the dimension.

To comprehensively evaluate the quality of the captions,
we developed three metrics tailored to these scenarios. The
captions’ quality is evaluated using the following measure:

_ N(Positive)
AR = N(All) 1

N (Negative)
IR = 2
R N (Positive) + N (Negative)’ @
OR — N (Positive) + N (Negative) 7 3)

N (Al

Accuracy (AR): This metric evaluates the percentage of
“Positive” responses, indicating that the caption correctly
describes the relevant content and aligns with the LLM’s
response. A higher AR signifies a more accurate and reliable
caption, reflecting better quality in the LLM’s outputs.

Inconsistency Rate (IR): This metric measures the per-
centage of “Negative” responses among all responses that
reference the relevant content (both “Positive” and “Nega-
tive”’). A lower IR denotes a more accurate caption, indicating
that when the caption involves relevant content, it is more
likely to be consistent with the real video content.

Coverage Rate (CR): This metric evaluates the total per-
centage of “Positive” and “Negative” responses, reflecting
whether the caption contains the relevant content, indepen-
dent of the LLM’s response consistency. A higher CR in-
dicates greater caption richness, as it means the caption in-
cludes more relevant content from the video.
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Experimental Setup. We evaluated several popular
open-source vision-language models (VLMs), including
Qwen2VL (Wang et al. 2024a), Qwen2.5VL (Bai et al.
2025), InternVL2.5 (Bai et al. 2025), LLaVA-Video (Zhang
et al. 2024c), NVILA (Liu et al. 2025b), and VideoL-
LaMA3 (Zhang et al. 2025), alongside the closed-source
Gemini-2.5 and GPT-40 accessed via API. All models were
prompted identically to generate detailed video descriptions
across 21 dimensions. For better evaluation, we adopted two
powerful LLMs (e.g., Gemini-2.5-Pro-Preview and GPT-4.1)
as TextQA experts to answer VCapsBench questions based
on the generated descriptions. Following the Playground v3
protocol (Liu et al. 2024), each caption was queried three
times, and a consensus response was obtained to minimize
output variability and ensure consistency.

Main Results

Table 1 and Fig. 6 presents the accuracy rate (AR), incon-
sistency rate (IR), and coverage rate (CR) of various VLM
methods across multiple dimensions. Overall, Gemini-2.5-
Pro-Preview achieves the best or second-best performance in
nearly all categories. Notably, it attains the highest AR and
CR in most dimensions, such as “Background” and “Cam-
era Movement”, reaching 92.72% and 92.09%, respectively,
which demonstrates its strong multimodal understanding ca-
pabilities. Meanwhile, its IR remains low, indicating good
consistency in its responses. GPT-40 also shows competitive
results in certain aspects (such as “Entity Shape” and “Light-
ing”), but its overall performance is still slightly behind the
Gemini series. In contrast, smaller models like LLaVA-Video-
7B and Qwen2VL-7B lag significantly in all metrics, espe-
cially in complex scenarios and fine-grained attributes (e.g.,
“Blur” and “Camera Movement”). In summary, as model
scale and multimodal capabilities increase, VLMs exhibit



Methods Content & Entity Color & Light
Proper . . .. Entit Entity P Color Color
N ogn Action  Relation Count Entity Siz ey Shape Lighting Palette Grading Color
LLaVA-Video-7B 40.7 57.1 51.7 549 340 66.2 26.6 57.6 61.5 23.8 56.0
] Qwen2VL-7B 39.2 56.3 52.9 572 323 642 25.6 69.9 55.6 30.6 50.8
<| VideoLLaMA3-7B 38.9 58.5 52.6 56.3 335 643 25.6 60.6 59.0 252 54.1
NVILA-8B 40.0 442 48.0 580 373 637 29.3 72.6 66.0 424 59.6
InternVL2.5-8B 38.6 53.9 48.7 59.6 36.8 609 29.4 81.3 754 60.4 55.8
Qwen2.5VL-7B 47.0 63.9 57.7 624 418 694 34.9 83.6 73.9 51.3 59.8
wen2.5-VL-72B 48.8 67.3 63.0 67.3 454 725 37.8 88.4 75.3 61.3 62.7
PT-40 51.1 69.5 66.3 70.1 514 775 479 88.0 82.5 68.2 67.1
Gemini2.5-Pro-Flash 60.2 76.2 73.5 79.6 64.0 853 59.6 90.1 86.6 69.1 79.4
Gemini-2.5-Pro-Preview | 61.4 78.1 75.2 80.5 64.4 86.5 62.2 88.9 88.1 67.0 80.0
LLaVA-Video-7B 13.1 15.1 11.3 13.1 3.8 8.6 8.5 5.6 11.1 4.1 13.2
Qwen2VL-7B 8.4 13.8 10.3 11.7 3.8 8.6 6.1 7.5 12.9 5.7 134
&| VideoLLaMA3-7B 9.9 17.9 12.0 126 3.5 8.4 7.6 6.2 11.5 44 12.8
NVILA-8B 12.0 20. 15.0 155 45 124 9.6 8.1 15.7 6.5 17.8
InternVL2.5-8B 14.6 19.0 16.4 142 55 140 10.2 8.1 15.1 8.6 16.0
Qwen2.5VL-7B 8.7 14.7 12.4 114 32 93 8.4 6.9 11.5 5.5 13.9
Qwen2.5-VL-72B 7.9 15.0 11.6 117 50 9.0 8.3 6.9 134 5.3 15.2
GPT-40 7.5 11.3 9.6 10,6 39 65 8.5 6.3 11.7 7.3 13.2
Gemini2.5-Pro-Flash 6.8 12.6 9.6 98 52 54 8.4 6.4 11.3 7.0 11.2
Gemini-2.5-Pro-Preview | 6.6 13.1 9.8 91 429 59 8.6 7.1 10.2 5.8 12.2
LLaVA-Video-7B 46.9 67.3 58.3 632 354 724 29.1 61.0 69.1 24.8 64.5
" wen2VL-7B 42.8 65.4 58.9 64.7 335 703 27.3 75.4 63.8 325 58.6
O ideoLLaMA3-7B 432 71.3 59.7 644 347 702 27.7 64.6 66.7 264 62.1
NVILA-8B 454 554 56.5 68.5 39.1 7238 324 79.0 78.3 453 722
InternVL2.5-8B 452 66.5 58.3 69.5 389 708 32.8 88.4 88.8 66.0 66.5
Qwen2.5VL-7B 514 74.8 65.9 704 431 764 38.1 89.8 83.5 543 69.4
wen2.5-VL-72B 52.9 79.2 71.3 762 478 79.6 41.2 95.0 87.0 64.7 74.0
PT-40 55.3 78.3 73.4 783 535 829 52.3 93.9 934 73.6 77.2
Gemini2.5-Pro-Flash 64.6 87.2 81.3 88.3 67.5 90.1 65.0 96. 97.6 74.2 89.4
Gemini-2.5-Pro-Preview |  65.7 89.9 83.3 88.6 673 919 68.1 95.7 98.0 71.0 91.0
Methods Visuals & Composition Cinematography & Environment
) Position gg;?ggg Background Text Blur | Style M%%rgr%?m Shot Type Emotion Atmosphere | ALL
LLaVA-Video-7B 343 33.0 69.3 438 135 ] 66.6 23.7 38.1 48.5 82.0 47.7
v wen2VL-7B 353 324 68.7 348 152 | 71.5 16.3 32.7 55.2 83.6 475
< ideoLLaMA3-7B 354 325 65.4 38.1 17.0 | 71.7 39.3 39.5 533 80.4 48.5
NVILA-8B 40.7 334 69.7 38.0 264 | 74.1 17.0 394 53.5 81.0 49.7
InternVL2.5-8B 39.1 32.6 70.9 37.3 36.8 | 86.6 51.3 50.5 58.8 86.6 54.9
Qwen2.5VL-7B 45.0 38.6 77.2 45.0 30.7 | 88.6 51.9 50.9 63.5 89.5 58.7
wen2.5-VL-72B 49.8 43.0 79.0 45.6 363 | 92.0 66.5 594 67.9 89.9 63.1
PT-40 57.2 49.0 83.1 46.8 48.0 | 92.1 55.6 63.0 62.5 90.8 66.5
Gemini2.5-Pro-Flash 70.4 63.6 87.6 63.7 67.3 | 96.1 70.8 74.4 73.0 86.2 75.6
Gemini-2.5-Pro-Preview | 70.6 66.1 88.0 63.5 68.8 | 95.8 74.9 75.7 77.1 88.3 76.7
LLaVA-Video-7B 10.5 11.8 7.5 179 101 | 1.6 24.1 12.2 3.7 3.7 10.1
Qwen2VL-7B 11.2 10.4 8.8 13.5 145 | 2.7 19.2 13.2 52 6.3 9.7
&| VideoLLaMA3-7B 12.3 12.2 7.9 149 122 | 22 234 14.7 37 4.5 10.5
NVILA-8B 16.2 16.5 10.3 179 18.6 | 4.5 23.6 22.5 6.3 6.1 13.1
InternVL2.5-8B 15.3 14.7 8.7 19.1 219 | 49 26.2 20.0 6.1 5.6 13.4
Qwen2.5VL-7B 12.8 13.5 8.4 123 198 | 2.7 22.8 16.4 5.5 5.1 10.6
wen2.5-VL-72B 13.3 13.5 8.0 126 20.7 | 34 21.0 17.0 5.7 5.1 11.0
PT-4o 124 12.4 6.2 129 223 | 3.6 214 19.0 6.9 5.1 10.2
Gemini2.5-Pro-Flash 14.7 15.2 5.1 11.9 235 | 25 20.6 20.3 5.1 4.8 10.5
Gemini-2.5-Pro-Preview | 15.7 14.0 5.1 109 226 | 2.3 18.7 19.2 4.7 4.7 10.3
LLaVA-Video-7B 383 374 74.9 533 15.0 | 67.7 31.2 434 50.4 85.2 53.1
wen2VL-7B 39.8 36.2 75.3 40.2 177 | 73.5 20.1 37.7 58.3 89.1 52.5
6 ideoLLaMA3-7B 40.4 37.1 71.0 448 194 | 733 514 46.3 55.3 84.3 54.1
NVILA-8B 48.6 39.9 77.7 464 3251 177.6 222 50.8 57.1 86.2 57.2
InternVL2.5-8B 46.2 38.2 77.7 46.1 47.1 | 91.1 69.6 63.2 62.6 91.7 63.3
Qwen2.5VL-7B 51.6 44.6 84.2 512 383 | 910 67.2 60.9 67.2 94.3 65.8
wen2.5-VL-72B 57.5 49.7 85.8 52.1 458 | 952 84.1 71.5 71.8 94.8 70.9
PT-40 65.4 55.9 88.7 537 61.8 | 955 70.7 77.8 67.1 95.7 74.1
Gemini2.5-Pro-Flash 82.5 74.9 92.3 72.3 88.0 | 98.4 89.1 93.3 77.0 90.6 84.4
Gemini-2.5-Pro-Preview | 83.7 76.9 92.7 71.3 88.8 | 98.0 92.1 93.7 80.9 92.7 85.5

Table 1: The accuracy (AR), inconsistency rate (IR), and coverage rate (CR) of VLM methods on all dimensions, where GPT-4.1
as a TextQA expert. The symbol “1” indicates that the larger the value, the better; The symbol “|” indicates that the smaller the
value, the better.

substantial improvements in video understanding tasks, with Gemini-2.5-Pro-Preview excels in generating video de-
Gemini-2.5-Pro-Preview currently demonstrating the best scriptions, demonstrating high accuracy (AR), consistency
overall performance. (IR), and comprehensive coverage (CR). This underscores its
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Figure 6: Results of GPT-4.1 captioning evaluation, organized by category.

B CaptionLength g
Coverage Rate (CR)
B Inconsistency Rate (IR)

Values

(%

503 5] \o] g 2D K A0 AeW 2\
\\5["3 ! ide© j 5—‘1\‘:‘1 5’\1 v 1(0\1\;7‘5 %}\\1\\}\ ¥ GYX ?toY‘e\“es Y(O‘Y\ﬁ
X 05

o NS

o W
QW W g\eo\’ R e

W 05

D N L] AR
Qw Q 0@““‘“\‘ & eﬁ“\(\

VLMs

Figure 7: The relationship between CR, IR and caption length,
where GPT-4.1 as a TextQA expert. Caption length is the
number of words in the caption, not counting special symbols.

superior performance in producing high-quality, detailed, and
consistent descriptions compared to other models. VCaps-
Bench highlights the shortcomings of existing open-source
VLMs, such as the lack of detailed object shapes, sizes, col-
ors, and lighting in descriptions. These deficiencies can be
particularly problematic for applications requiring highly de-
tailed and complete captions, such as text-to-video generation
models and advanced video analysis tools.

Evaluation Analysis

Gemini surpasses open-source VLMs in every aspect, verify-
ing the advanced video comprehension ability. However, it is
crucial to acknowledge that Gemini’s captions were utilized
in creating QA-pairs, potentially influencing its elevated CR.
Nevertheless, Gemini’s metrics are valuable as they establish
a benchmark for open-source models, emphasizing the dis-
parity in video content understanding. This insight is key in
guiding the optimization of open-source VLMs.

Caption length distribution analysis. We also explore
the caption lengths to determine if longer captions are associ-
ated with a higher evaluation coverage rate (CR), as shown
in Fig. 7 . The Fig. 7 compare the performance of various
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Vision-Language Models (VLMs) in terms of caption length,
coverage rate (CR), and inconsistency rate (IR). As shown
in Fig. 7, advanced models such as Gemini-2.5-Pro-Flash,
Gemini-2.5-Pro-Preview, and GPT-40 generate much longer
captions and achieve higher coverage rates compared to ear-
lier models like Qwen2VL-7B and VideoLLaMA3-7B. De-
spite the increase in caption length, the inconsistency rate
remains low and stable across all models.

However, this increase in length also leads to more er-
rors in some open-source models, such as Qwen2VL-7B,
VideoLLaMA3-7B, LLaVA-Video-7B, and InternVL2.5-8B.
Interestingly, open-source VLMs like Qwen2.5-VL-72B and
the closed VLM Gemini-2.5, despite producing longer cap-
tions, exhibit lower error rates compared to other VLMs.
Additionally, Qwen2.5-VL-7B achieves a higher CR than
VILA-8B with shorter captions and a lower IR than LLaVA-
Video-7B, which also has shorter captions. This suggests
that a deep understanding of video content allows models to
generate concise, yet thorough and accurate descriptions.

Conclusion

In this work, we introduce VCapsBench, a new large-scale
fine-grained benchmark for evaluating video caption quality.
VCapsBench is meticulously designed to support detailed
long captions, aiming to advance research and benchmark-
ing in video understanding. The benchmark comprises over
5K videos and more than 100K QA-pairs, assessing 21 criti-
cal dimensions of video generation. We have evaluated the
caption quality produced by various open-source and closed-
source models using this benchmark. The comprehensive
analysis highlights the strengths and weaknesses of these
models in generating accurate and detailed captions. We be-
lieve that VCapsBench will play a crucial role in guiding the
optimization of video caption generation, thereby advancing
the development of text-to-video models and enhancing the
overall understanding of video content.
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