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Abstract

Massive multi-modality datasets are fundamental to the suc-
cess of large video-language models. However, existing
datasets often focus on providing textual descriptions for vi-
sual content, treating audio, particularly music, as weakly
related information. This overlooks the inherent semantic cor-
relation between visual narratives and musical scores, limiting
the development of models for fine-grained cross-modal un-
derstanding and generation. To address this gap, we introduce
VMChill, a large-scale, fine-grained multimodal video dataset.
We leverage trailers as our data source, as they are profession-
ally edited to create a strong synergy between visual pacing,
scene transitions, and background music for narrative and emo-
tional impact. Our dataset comprises over 20 million video
clips derived from more than 27.1k hours of high-resolution
trailer videos. To annotate this data, we propose a system-
atic multimodal captioning framework. This framework first
employs specialized unimodal models to extract descriptive
features from multiple perspectives, including visual content,
motion dynamics, and musical attributes (e.g., genre, instru-
ments, mood). Subsequently, a large language model (LLM)
is utilized to adaptively fuse these diverse descriptions into a
single, coherent, and rich multimodal caption. This process
yields VMChill-2M, a high-quality subset of 2 million clips
with detailed multimodal annotations, and VMChill-Test, a
manually refined test set for evaluation. We conduct extensive
experiments on downstream tasks, including video understand-
ing and generation, to establish benchmarks and demonstrate
the dataset’s quality. The results validate that VMChill effec-
tively enhances model performance, highlighting its potential
to facilitate future research in fine-grained multimodal learn-
ing. We will release the dataset, annotation codebase, and
processing pipelines to support community research.

Introduction

Al-driven movies and short video production have a wide
range of applications in people’s daily lives. Clearly, creating
vivid videos requires more than just visual frame generation
or individual modality-based ones. Thanks to various large-
scale video-language datasets, numerous generative multi-
modal large language models have been developed to achieve
this goal (Blattmann et al. 2023; Long et al. 2024; Chen et al.
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2023a; He et al. 2023; Lin et al. 2023; Kondratyuk et al. 2023;
Wang et al. 2023a; Henschel et al. 2024). However, the exist-
ing video-language datasets (Chen et al. 2024; Miech et al.
2019; Wang et al. 2023c) typically focus on visual-based
text descriptions, and they overlook the significance of the
inherent visual-audio dependencies, especially the semantic
alignment between music and visual narratives. It presents
a complex challenge that demands cohesive integration of
multiple modalities, yet remains largely unexplored.

Collecting high-quality multi-modality source data that
preserves consistency between different modalities is chal-
lenging. Unlike previous datasets that only provide visual
frame-based caption (Bain et al. 2021), multimodal datasets
contain complex data formats (e.g.music), resulting in more
labor-intensive and time-consuming costs in data processing
and annotation. Music, as a critical component of trailers,
requires specialized annotation frameworks to capture its
stylistic and instrumental attributes while maintaining sync
with visual content. Moreover, achieving a high correlation
between audio and visual content presents challenges.

Targeting to fill the dataset gap by creating a comprehen-
sive and accurate multimodal visual-audio dataset, we first
notice trailers. As a precursor to a full-length work, the video
trailer has emerged as a vital tool for artists to showcase and
disseminate their creations. These short videos typically com-
bine the most compelling visual shots with carefully selected
music, have high cross-modality consistency, and hold sig-
nificant potential in broader multimodal research. The topics
are diverse, and the content characters are of various types,
e.g.film, comedy, and gaming, as shown in Fig. 3. Signif-
icantly, the trailer format represents a unique, high-quality,
video-centric multimodal data source that benefits further
multimodal research exploration and analysis.

In this work, we propose VMCHhill, which aims to un-
lock the potential of multimodal content understanding and
generation for innovative applications in video content gener-
ation. We first recognize the immense value of trailers as a
video-centric dataset, especially considering the music along-
side the videos. VMChill contains 20M+ video clips from
290k trailer videos encompassing various source categories
as shown in Fig. 3. To ensure the quality of our dataset, we
have carefully designed a robust data filtering and cleaning
methodology. We also extract a music-enriched subset with
our specifically designed music extraction pipeline. Extensive
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Figure 1: We present VMChill, a large dataset with multimodal captions. Visual inputs are segmented by scene transitions and
annotated with both keyframe content and dynamic motion features, while audio segments are analyzed across musical facets to
produce structured music descriptors. High-quality clips then fuse aligned visual and musical annotations into comprehensive

multimodal captions.

statistical results are provided to demonstrate the diversity
and complexity of our dataset.

To address the multimodal-to-language annotation chal-
lenge, we have designed a multimodal captioning pipeline in-
corporating diverse state-of-the-art (SOTA) captioning mod-
els (Doh et al. 2023; Yu et al. 2022; Liu et al. 2024). Further-
more, we propose a language model fusion strategy to gen-
erate fine-grained multimodal captions. We have performed
small-scale annotations on the entire dataset, created a multi-
modal annotation subset of 3 million samples VMChill-2M,
and provided a testing set VMChill-Test with manually-
refined multimodal caption. For the music-enriched subset
VMChill-Music, we perform detailed music annotating on
music clips of fixed duration.

We present evaluation metrics and benchmark results on
our dataset, demonstrating the high quality of our annota-
tions and their effectiveness for model training. Through
extensive experiments and benchmarking, we showcase the
difficulty and diversity of our dataset. We also conduct human
evaluations to validate the quality of our multimodal caption-
ing pipeline. Furthermore, we fine-tune understanding mod-
els (Zhang, Li, and Bing 2023) and generative models (Chen
et al. 2023a) on a subset of our dataset, providing evidence of
its high quality and efficacy. Additionally, we evaluate video

3354

understanding models on the VMChill-Test to highlight the
challenges posed by our dataset, and video-music-based mod-
els on the VMChill-Music to demonstrate the effectiveness
of cross-modality tasks.

Related Work
Video Understanding and Generation

Video understanding and text-to-video generation are inher-
ently connected tasks. In recent years, there has been re-
markable progress in understanding models (Bai et al. 2025;
Zhang, Li, and Bing 2023; Chen et al. 2023b), which have
greatly contributed to the advancement of text-based video
generation techniques. The availability of large-scale datasets
and diffusion models has revolutionized video generation,
from early pixel-level methods (Hong et al. 2022) to recent
latent diffusion frameworks (Wan et al. 2025; ai et al. 2025;
Yang et al. 2024). Concurrently, understanding models have
also witnessed significant improvements. A series of MLLM-
based understanding models (Wang et al. 2025; Liu et al.
2024; Yang et al. 2025; Jin et al. 2023) has reach a satisfied
understanding ability. The iterative interaction between video
understanding and generation has led to the development
of excellent large-scale datasets and models encompassing



Dataset Year Size Caption  Modality Clips E(V) E(T) Resolution
WebVid (Bain et al. 2021) 2021 52khr Alt-text Video 10M 10.0s - 360p
Panda (Chen et al. 2024) 2024 167khr Auto Video 70M 8.5s 13.2 720p
HD-VILA (Xue et al. 2021) 2022  371.5khr ASR Video 100M 3.6s 325 720p
MSR-VTT (Xu et al. 2016) 2016 40hr Manual Video 10K 15.0s 9.3 240p
InternVid (Wang et al. 2023c) 2023  760.3khr Auto MM 100M 11.7s 11.6 720p
HowTol00M (Miech et al. 2019) 2023  134.5khr ASR MM 136M 3.6s 4.0 720p
HarmonySet (Zhou et al. 2025) 2024  458.8hr Auto MM 48,328 - - 720p
VMChill-20M 2025  27.1khr Auto Video 20M 4.6s 10.7 720p
VMChill-Music 2025  15.3khr Auto MM M 10.0s  25.0 720p
VMChill-2M 2025 8.2khr Auto MM M 13.8s 394 720p
VMChill-Test 2025 3.2hr Manual MM 1k 11.6s  98.2 720p

Table 1: Comparison of VMChill-X and other Video to language datasets. VMChill-X contains four sets(20M, Music, 2M, Test)

with 720p resolution.

diverse approaches. Panda (Chen et al. 2024) introduced an
auto-caption model distilled from video understanding mod-
els like (Li et al. 2024b; Yang et al. 2025; Zhang, Li, and
Bing 2023; Zhu et al. 2023a), as well as multimodal gener-
ation models (Chen et al. 2025; Wu et al. 2024; Xiang et al.
2024; Chi et al. 2023; Ma et al. 2024).

Video-Language Datasets

Captioned video datasets are essential for text-to-video un-
derstanding and generation tasks. MSR-VTT (Xu et al. 2016),
UCF-101 (Soomro, Zamir, and Shah 2012) are commonly
used as evaluation sets. WebVid (Bain et al. 2021), Video-
Factory (Wang et al. 2023b), and other works (Sanabria et al.
2018; Wang et al. 2019; Stroud et al. 2020; Nagrani et al.
2022) contain multilingual video descriptions, video clips,
and basic metadata, and are used for tasks like video under-
standing, text-to-video retrieval, and audio-video captioning
with weak annotations. Several datasets and approaches have
utilized audio to enhance video captioning (Miech et al. 2019;
Rohrbach et al. 2016; Zellers et al. 2021; Wang et al. 2023c;
Chen et al. 2024; Xue et al. 2021), providing either tran-
scribed audio descriptions, narrations, ASR transcriptions, or
multiple captions generated through an auto caption model.
Recently, (Zhou et al. 2025) noticed the alignment between
audio and video.

Large-scale video-audio collections like AudioSet (Gem-
meke et al. 2017) and VGGSound (Chen et al. 2020) provide
even broader audio-visual pairings. However, these audio-
focused works treat music as a generic category without tem-
poral or instrumental annotations. While pioneering in scale,
such datasets fail to capture the fine-grained alignment be-
tween music and visual dynamics. Music-specific efforts like
SymMYV (Zhuo et al. 2023) and BGM909 (Li et al. 2024a)
address video-music alignment along with structured descrip-
tors (e.g.chords, genres) and full-track consistency annotation.
However, their whole-video-level annotation scheme with
unsegmented, lengthy clips combined with a limited dataset
scales makes them impractical for training frame-accurate
tasks. This leaves video-language models unable to leverage
music as a semantically rich modality—a critical shortcom-
ing for content like trailers, where music drives narrative
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impact.

Cross-Modal Music-Video Systems

Current research on music-aware video systems reveals
critical gaps in both understanding and generation tasks.
For video understanding, Music-AVQA (Li et al. 2022)
establishes instrument-centric question answering, while
Sound2Synth (Chen et al. 2022) specializes in timbre recog-
nition, yet both remain limited to narrow musical domains.
AVFormer (Seo, Nagrani, and Schmid 2023) demonstrates
improved joint audio-visual learning but suffers from coarse
musical annotations. In the generation domain, while text-
to-music models like MusicGen (Copet et al. 2024) and Mu-
sicLM (Agostinelli et al. 2023) produce high-quality audio,
their lack of visual conditioning limits video applications.
A series of work including V2Meow (Su et al. 2024), Vid-
Muse (Tian et al. 2025b), and AudioX (Tian et al. 2025a)
features direct video-to-music synthesis through cross-modal
attention, yet remain constrained by the data scarcity issues
and struggle with long-term musical structure preservation.

Collectively, these approaches demonstrate the potential of
cross-modal music-video systems, yet their effectiveness is
fundamentally hindered by the absence of large-scale datasets
with fine-grained, temporally aligned music-video annota-
tions - a gap our work aims to address.

VMChill Dataset

To boost the performance of multimodal generation tasks, we
construct a high-quality multimodal dataset based on trailers,
which offers a wealth of multimodal information and diverse
categories that distinguish it from existing large-scale video-
language datasets.

Data Collection Pipeline

Trailers are uniquely crafted videos with distinct data dis-
tributions and high quality. They showcase diverse themes
(e.g.movies, TV shows, games) through compelling clips, of-
ten paired with background music and narration. This dense,
rich content poses a significant challenge for Al-generated
content (AIGC) tasks and complicates data cleaning. To solve
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Figure 2: Word cloud of the (left) objects and (right) back-
ground in VMChill. Most of the objects are human, and most
of the backgrounds are indoor scenes like office, kitchen, etc.

this challenging problem, we design a comprehensive data
collection and cleaning process, as shown in Fig. 4, to deal
with such complex videos, as described in this section.

Collection Strategies To enrich the diversity of our VM-
Chill, we first employ the keyword “trailer” to retrieve vari-
ous in-the-wild trailer videos that encapsulate a wide range
of artistic works and genres. Then, we tailor the keywords
(e.g.“Movie Trailers”, “Video Game Trailers”, “TV Show
Trailers”, “Documentary Trailers”) more specifically to ex-
plicitly collect trailer videos with divergent sources. Through
these two methods, we collect 285,518 comprehensive trailer
videos with a total duration of 94,911,802.8 seconds.

Trimming To facilitate the extraction of various video in-
formation in subsequent analyses, we cut the original videos
into clips based on the scenes. As the most mature and prac-
tical tool currently available, PySceneDetect offers robust
functionalities for this purpose. Thus, we use the ContentDe-
tector of PySceneDetect to compare the difference in content
between adjacent frames and then cut the videos according to
the predetermined threshold of 30. We finally get 21,588,792
clips with an average duration of 4.6 seconds.

Motion Filtering Evaluating motion quality is a crucial
step in selecting high-quality video content. Motion vectors
and optical flow are both mainstream motion quality evalua-
tion methods. In our case, trailer videos often have rapid cuts
and transitions between scenes, posing challenges for optical
flow-based analysis. Other than optical flow, motion vectors
are more robust to these quick changes, as they rely on larger
block units’ displacement rather than individual pixels’ con-
tinuous flow. On the other hand, motion vectors are more
lightweight and can be calculated more efficiently. Thus, we
leverage motion vectors to filter out clips with problems like
static frames, title sequences, and slideshow-like playback.
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Figure 3: Distribution of video categories of the VMChill
dataset.

Diversity We evaluate the diversity and richness of our
dataset from three aspects: theme, objects, and backgrounds.
While collecting, we first assess the categories from the
Yotoube metadata provided by the video provider, as shown
in Fig. 3. Furthermore, we generate an object-level caption
list and background by Llava-NexT (Liu et al. 2024) for a
more accurate category-based generation. The word cloud of
objects and backgrounds is shown in Fig. 2.

OCR Trailer videos often have text-heavy sections with
high-quality text animations, like opening and ending cred-
its. To identify these text-rich segments, we utilize OCR to
detect the text content in the video frames and calculate the
bounding box area of the text. This measurement reflects the
amount of text in the clips.

Quality Statistics In addition to text detection, we con-
sider image quality (Huang et al. 2024) and aesthetic
scores (Schuhmann et al. 2021) to enhance our analysis of
trailer videos. These measures allow us to evaluate frames’
visual fidelity, clarity, and aesthetic appeal, providing more
comprehensive insights for trailer analysis and editing.

Audio and Music Extraction We extract the audio from
the video source with a sampling rate of 44.1 kHz. We use
PANNSs (Kong et al. 2020) to perform music event detec-
tion, and over 70% of the audio segments contain music. To
isolate musical components, we employ Demucs for source
separation, extracting discrete stems. This separation enables
precise music analysis by removing speech interference (e.g.,
dialogue/narration), with 89% of processed clips achieving
<3dB vocal suppression. The purified music stems are stored
alongside original audio for multimodal comparison.

Video Captioning Pipeline

The VMChill contains many complex themes, like subtitles
and character animations, as shown in Fig. 3, which brings
extraordinary complex work for video captioning. At the
same time, smooth transition shots also make it impossible
for traditional single-frame annotation methods to convey
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semantics coherently. Therefore, this section introduces a
multi-temporal and multimodal caption pipeline containing
a detailed video description from frame, motion, and music
levels.

Frame Caption The auto-captioning pipeline has proven
efficient in cutting-edge video generation foundation models.
SVD (Blattmann et al. 2023) and Pandas (Chen et al. 2024)
have given promising results and demonstrated the impor-
tance of high-quality frame captions for the generation model.
We initially perform image-level captioning on the individual
frames of the data. We employ CoCa (Yu et al. 2022) for each
video clip to generate separate captions for three frames(first,
middle, and last), resulting in relevant captions.

Clip Caption We use concise captions for three frames
that capture the essential information. We aim to obtain fine-
grained captions and variations between frames in the video.
We concatenate multiple frames into a comic strip format and
employ the LLaVA (Liu et al. 2024) image model to guide the
description of the dynamic differences between frames. Addi-
tionally, leveraging a powerful multimodal language model,
we incorporate OCR and more detailed summary descriptions
to expand the information within the frame captions.

Categories and Background Noticing the LLM-based
caption has hallucinations when describing the frame, we
further generate word-level labels to enhance the annota-
tion of the main objects and background. Initially, we utilize
LLaVA’s QA capabilities to have the model answer questions
about the background. Subsequently, through QA, we prompt
the model to provide relevant category information. We per-
form the word cloud in Fig. 2, and certify the quality of the
captions by subjective experience.

Music-Aware Filtering and Detailed Annotation To con-
struct a music-enriched subset with high-quality annotations,
we implement a two-stage pipeline. First, we process music
quality filtering: For all clips, we employ Qwen2-Audio (Chu
et al. 2024) to evaluate two metrics: sound quality (e.g.clarity,
noise level) and musicality (e.g.harmonic richness, rhythmic
consistency). Then for the clips with higher quality and scores
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Figure 5: Data captioning pipeline. Starting from video clips,
we extract frames and audio, and then perform multiple
rounds of captioning. A predefined instruction format com-
bines multimodal captions, which serve as prompts for the
language model and generate the final merged prompts.

above the threshold in both metrics, Qwen2-Audio gener-
ates structured captions covering genre (e.g.electronic rock,
ambient), instruments (e.g.distorted guitar, piano), mood
(e.g.energetic, melancholic), tempo (e.g.120 BPM, moderate),
and music dynamics (e.g.ascending, crescendo).

OCR The trailer contains many text animations. Caption-
ing the context inside the movie can also be a challenging
task. In this task, we utilize the OCR ability by LLaVA (Liu
et al. 2024) and caption the context for 5 frames of each
video. We merge reliable text animation captions based on
the previous method.

General caption Combining all the captions mentioned
above, we use the language model LLaMA?2-13B (Touvron
et al. 2023) to merge all the captions and generate complete
and high-quality multimodal captions. We evaluate the cap-
tion accuracy and quality by human preference.

SubSet Separation

We annotate all video clips in VMChill-20M with frame
captions, comprising over 20 million clips. As shown in Tab.1,
our dataset is comparable in scale to existing benchmarks. All
videos maintain 720p or higher resolution, with an average
clip duration of 4.6 seconds.

Music-Enriched Subset contains samples selected from
VMChill-20M based on sound quality and musicality scores.
These segments are annotated with the aforementioned four
musical dimensions (genre, instruments, mood, tempo), en-
suring to retain both high acoustic fidelity and rich musical
semantics critical for tasks like video-to-music generation.
Examples include film trailers with orchestral scores (high
musicality) and game trailers with electronic beats (high
tempo diversity).
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tion.

Dataset Year Dur./Clip #Clips #Hours
Audioset 2017 10s 2M 5.8khr
Vggsound 2020 10s 210K 550hr
VMChill-Music = 2025 10.0s SM  15.3khr
VMChill-2M 2025 13.8s 2M 8.2khr
VMChill-Test 2025 11.6s 1k 3.2hr

Table 2: Comparison of VMChill-Music, VMChill-2M,
VMChill-Test, and other Video-Audio Generation Datasets.
For each dataset, we list the following information in each
column: dataset name (Dataset), public year (Year), average
duration per clip (Dur./Clip), total number of clips (#Clips),
total number of hours (#Hours).

High-Quality Subset , named VMChill-2M, contains a
detailed multimodal caption. From the original set, we sample
VMChill-2M using the following criteria: 1. We filter out
clips with motion scores below 0.45 or above 50. 2. We only
retain the clips within the top 85% of image quality scores. 3.
We only keep the clips within the top 85% of aesthetic scores.
All clips in VMChill-2M are longer than 4s and are provided
with all captions, as shown in Fig. 5.

Manually Refined Test Set is extracted from the VMChill-
2M, we extract a fine-branded testing set that contains 1k
video clips and multiple multimodal captions. Then, we re-
vise the merged caption manually to build a testing subset
with trust-wise multimodal prompts. We test several tasks
and models on the test set to show the complexity and diffi-
culties of VMChill. The test set has 98.2 words of caption on
average and includes 3.2hr video clips.

Experiments

This section presents comprehensive experiments on multiple
tasks to demonstrate the effectiveness, diversity, complexity,
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and difficulty of VMChill.

Multimodal Captioning

We present the results of our human evaluation of the quality
of video caption in Fig. 7. Ten videos are randomly selected
from the VMChill-Test dataset. They are rated on a scale of 0
to 10 based on general impressions, including aspects such as
correctness, level of detail, richness, and fluency. The results
of more than 100 sets of samples indicate that the manually
adjusted prompts rating of 8.12 outperforms the auto-caption
pipeline, while our merged captions achieve the second-best
performance of 6.62. Despite being short and straightforward,
object/background labels achieve a 6.02 evaluation score,
demonstrating more correctness than other captions. The
frame caption, music caption, and LLaVA caption obtain 4.3,
4.6, and 5.4, respectively, and these findings demonstrate the
effectiveness of our captions and highlight the quality of our
labeled captions by human annotators.

Video Generation

The model is fine-tuned on the VideoCrafter-2.0 (Long et al.
2024) dataset using 8 Tesla-H800 GPUs with a batch size of
3 for 10,000 steps at a learning rate of 6e-6. The training data
is randomly sampled from the VMChill-2M dataset, using
the video captions as input. The evaluation results, shown in
Tab.3, include 9 metrics on VBench (Huang et al. 2024), indi-
cating that fine-tuning the model on the VMChill-2M dataset
leads to improvements of 0.6 in motion smoothness and
1.77 in subject consistency, with a slight overall performance
boost(0.12 higher) compared with the official VideoCrafter-
2.0 checkpoint. Visual examples of the generated content are
provided in Appendix, and additional demonstrations and
experiment details will be included in the supplementary ma-
terial. This thorough evaluation and comparison of the tuned
model’s performance on critical metrics provides valuable
insights into the effectiveness of the fine-tuning process and



Dimentions(?) | VC-2.0 | VC-2.0(VMChill)

temporal style 25.84 24.61
appearance style 25.13 24.10
image quality 67.22 69.78
dynamic degree 42.50 43.50
motion smoothness 97.73 98.33
temporal flickering 98.41 98.50
Subject consistency 96.85 98.62
background consistency | 98.22 98.40
Overall consistency 28.23 25.33
Sum | 6445 | 64.57

Table 3: Comparison of VideoCrafter-2.0 and VideoCrafter-
2.0(VMChill) on 9 different dimensions. For every dimen-
sion, a higher score is better.

Task Method KL| IS¢t FD| FAD]
Stable-Audio-Open 1.51 2.04 3633 323
Text-to-Music  Stable-Audio-Open (tuned) 1.20 3.19 24.82 2.40
T2M-DiT 1.50 298 2574 3.46
. . VidMuse 0.73 1.32 2995 246
Video-to-Music
V2M-DiT 0.77 125 30.52 251

Table 4: Comparative results of music generation perfor-
mance across our DiT model trained on VMChill-2M and
baseline methods on text-to-music and video-to-music gener-
ation tasks.

the potential benefits of leveraging the VMChill-2M dataset
for video generation tasks.

Video Understanding

Experiment Setting To evaluate the capability of our
dataset in multimodal video understanding, we choose Video-
LLaMA (Zhang, Li, and Bing 2023) as the baseline. We use
the same model and training config as Video-LLaMA, which
use Vicuna-v0-7B as LLaMA model (Zheng et al. 2023),
ViT (Dosovitskiy et al. 2021), and Q-Former (Zhang et al.
2023) as the video encoder and the linear projection layer
from MiniGPT-4 (Zhu et al. 2023b). We train 4 epochs on
VMChill-2M, each containing 2500 iters with batch size 32.
We compare it with two official model weights: the pre-train
Video-LLaMA weight on WebVid (2.5M video-caption pairs)
and the fine-tuned Video-LLaMA.

Evaluation Metric We evaluate video understanding mod-
els on VMChill-Test. We choose the commonly used met-
rics in text generation tasks-BLEU-4 (Papineni et al. 2002),
ROGUE-L (Lin and Och 2004), METEOR (Banerjee and
Lavie 2005), and CIDEr (Vedantam, Zitnick, and Parikh
2015) to evaluate our result. All the metrics are computed us-
ing the pycocoevalcap (Lin et al. 2015) package. We also use
BERTScore (Zhang et al. 2020) to evaluate the contextual

3359

Model BLEU-4t M{ ROGUE-Lt CIDErf BERT!
Video-LLaMA (Pretrain) 052 457 1157 009 8442
Video-LLaMA(Finetuned) ~ 3.94 1405  22.67 245 8548
Video-LLaMA(VMChill) 559 1383  24.97 2479 8721

Table 5: Comparison of Video-LLaMA model performance
on the Trailer-Test dataset. The figure shows the results of
three different versions of the Video-LLaMA model across
five evaluation metrics, and the Video-LLaMA(VMChill)
version performs better on most evaluation indicators.

similarity for each token in the ground truth and the pre-
dicted captions. The results are reported in Tab.5. The official
weights’ underperformance highlights VMChill’s challenges
and its distribution shift from the original training data.

In addition, we also evaluate three checkpoints from Video-
LLaMA (Zhang, Li, and Bing 2023) by human evaluation
in Fig. 7 and found that the Video-LLaMA-VMChill evalua-
tion result slightly lags behind Video-LLaMA-Finetune but
performs significantly better than Video-LLaMA-Pretrain.

Music Generation

To validate the quality and effectiveness of our dataset’s
video and music captions and video-music pairs, we train a
DiT model capable of generating high-quality music from
either text (T2M-DiT) or video (V2M-DiT) inputs. Compara-
tive evaluations against baseline text-to-music model Stable-
Audio-Open (Evans et al. 2024) and video-to-music model
VidMuse on corresponding benchmarks MusicCaps and
V2M-Bench are conducted using four key metrics: Kullback-
Leibler Divergence (KL), Inception score (ISc), Frechet dis-
tance (FD), and Frechet Audio Distance (FAD) (Kilgour et al.
2018). While our model outperforms Stable-Audio-Open, the
latter achieves superior results when fine-tuned on our dataset.
For video-to-music tasks, our model show competitive per-
formance against the in-domain strong baseline VidMuse,
demonstrating the effectiveness of our dataset.

Conclusion

We introduce VMChill, a comprehensive and accurate multi-
modality visual-audio dataset to address the dataset gap. By
utilizing the inherent value of trailers, which integrate visual,
audio, and contextual elements, VMChill offers detailed and
precise multi-modality annotations. Our systematic caption-
ing framework adaptively merges visual and musical perspec-
tives, ensuring that the annotations capture the richness of
multimodal content. Experimental results demonstrate the
high quality of the VMChill dataset, its effectiveness for fine-
grained multimodal-language model training, and a variety of
downstream applications. We believe this innovative dataset
will unlock new possibilities in video content generation and
significantly advance research in visual-audio understanding.
The comprehensive and diverse nature of VMChill makes it
a valuable asset for the research community, paving the way
for novel applications that leverage the power of multimodal
learning.
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