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Figure 1. We introduce LongVALE, the first-ever omni-modality long video benchmark, offering precise temporal boundaries and captions
for omni-modal events integrating visual, audio, and speech information. The captions feature audio-visual correlations to enhance cross-
modal learning. Besides, we extend three fine-grained video tasks to the omni-modality domain, enabling omni-perception of long videos.

Abstract

Despite impressive advancements in video understanding,
most efforts remain limited to coarse-grained or visual-
only video tasks. However, real-world videos encompass
omni-modal information (vision, audio, and speech) with
a series of events forming a cohesive storyline. The lack
of multi-modal video data with fine-grained event anno-
tations and the high cost of manual labeling are ma-
jor obstacles to comprehensive omni-modality video per-
ception. To address this gap, we propose an automatic
pipeline consisting of high-quality multi-modal video fil-
tering, semantically coherent omni-modal event boundary
detection, and cross-modal correlation-aware event cap-
tioning. In this way, we present LongVALE, the first-
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ever Vision-Audio-Language Event understanding bench-
mark comprising 105K omni-modal events with precise
temporal boundaries and detailed relation-aware captions
within 8.4K high-quality long videos. Further, we build a
baseline that leverages LongVALE to enable video large
language models (LLMs) for omni-modality fine-grained
temporal video understanding for the first time. Extensive
experiments demonstrate the effectiveness and great poten-
tial of LongVALE in advancing comprehensive multi-modal
video understanding. The dataset and code are available at
https://ttgeng233.github.io/LongVALE/.

1. Introduction

As the volume of videos on social media platforms grows
exponentially, video understanding [11, 21, 52, 59] has
emerged as a vital research area in artificial intelligence.

https://ttgeng233.github.io/LongVALE/


Dataset Annotation #Videos Avg. video len #Avg. event Vision Audio Subtitle Captions Timestamps A-V Correlations

InternVid [52] G 234M 11.7s 1 ✓ ✗ ✗ V - ✗
Panda-70M [7] G 70.8M 8.5s 1 ✓ ✗ ✗ V - ✗
AudioCaps [20] M 51.3K 10s 1 ✗ ✓ ✗ A - ✗
WavCaps [36] G 403K 67.6s 1 ✗ ✓ ✗ A - ✗
ACAV [22] G 100M 10s 1 ✓ ✓ ✗ - - ✗
VALOR [30] M 1.18M 10s 1 ✓ ✓ ✗ VA - ✗
VAST [6] G 27M 5∼30s 1 ✓ ✓ ✓ VAS - ✗

AVEL [49] M 4,143 10s 1 ✓ ✓ ✗ - VA ✗
UnAV-100 [12] M 10,790 42.1s 2.8 ✓ ✓ ✗ - VA ✗
ActivityNet Caps [21] M 20K 180s 3.7 ✓ ✗ ✗ V V ✗
Charades-STA [11] M 10K 30s 1.6 ✓ ✗ ✗ V V ✗

LongVALE (Ours) G+M 8,411 235s 12.6 ✓ ✓ ✓ VAS VAS ✓

Table 1. Comparison of LongVALE with previous related benchmarks. G: generated. M: manual. V: visual. A: audio. S: speech.

When watching videos, such as daily vlogs or tutorials last-
ing several minutes, viewers need to integrate visual and
auditory information and associate multiple events to fully
comprehend the content. An ideal intelligent video agent
should imitate it, capable of both cross-modal reasoning
and fine-grained temporal understanding. However, current
research is limited to coarse-grained tasks (e.g., video re-
trieval/captioning [30, 52]) or visual-only fine-grained tasks
(e.g., temporal grounding/dense captioning [11, 21]), re-
maining far from enough to achieve both the capabilities.

A significant barrier to this advancement is the absence
of a high-quality video dataset with omni-modality (vi-
sion, audio, and speech) and fine-grained temporal annota-
tions. As seen in Tab. 1, current benchmarks either con-
tain only global captions for short video/audio clips [6,
7, 20, 30, 36, 52], offer visual-only multi-event annota-
tions [11, 21], or possess multi-modal events but lack de-
tailed captions [12, 49]. Moreover, creating such a dataset
poses significant challenges, as identifying temporal bound-
aries and producing detailed event captions by integrating
information from various modalities are difficult and time-
consuming, even for human annotators.

In this work, we propose an efficient and scalable anno-
tation pipeline, capable of generating temporal boundaries
and detailed captions for omni-modal events (i.e., integrat-
ing vision, audio, and speech) within arbitrary multi-modal
long videos. Our pipeline includes three distinct aspects: 1)
High-quality video filtering for rich audio-visual semantics
and temporal dynamics. The filtered videos showcase rich
dynamic visual scenes paired with diverse audio types, e.g.,
instruments playing, people laughing, and tools whirring
as in Fig. 1, contrasting with the dense narration in prior
datasets [6, 7]. 2) Omni-modal event boundary detection
for semantic coherence in both visual and audio scenes.
Unlike previous works [11, 21] that only identify visual
event boundaries, we determine omni-modal event bound-
aries utilizing both visual and audio cues. This prevents
audio scenes from being cut off, avoiding the loss of crit-
ical information. 3) Omni-modal event captioning empha-
sizing audio-visual correlation reasoning. Instead of simple

concatenation [6, 30], we fully integrate modality-specific
information (vision, audio, speech) and explicitly reason
about their correlations to enhance cross-modal understand-
ing. For example, in Fig. 1, the visible man using the tool
with loud whirring reflects audio-visual synchronicity, and
the woman’s speech crucially complements the visual scene.

Based on the pipeline, we construct LongVALE, the
first-ever benchmark for omni-modality fine-grained video
understanding. It comprises 8.4K long videos containing
105K omni-modal events annotated with high-quality tem-
poral boundaries and correlation-aware captions. Notably,
it features a longer average video length (235 seconds) and
more events (12.6 per video) compared to existing bench-
marks, along with its unique omni-modal event boundaries
and captions with audio-visual correlations (seen in Tab. 1).

Building upon LongVALE, we present LongVALE-
LLM, a multi-modal video LLM, capable of both cross-
modal reasoning and fine-grained temporal understanding.
Further, we extend three fine-grained video tasks (i.e., tem-
poral video grounding, dense video captioning, and seg-
ment captioning) from a vision-oriented to a novel omni-
modal setting. During training, our dataset can serve as a
highly valuable data source for both event boundary per-
ception tuning [18] and instruction tuning. Our experiments
show that the model trained on our LongVALE dataset sig-
nificantly outperforms existing video LLMs across all three
tasks. Moreover, we find that our model can surprisingly
achieve superior performance on general audio-visual ques-
tion answering (AVQA) tasks [2, 24] in a zero-shot manner,
even with significantly less data compared to other LLM-
based methods trained on million-scale data. It highlights
the effectiveness and great promise of our dataset in diving
forward comprehensive multi-modal video understanding.
Our contributions can be summarized as follows:
• We propose a novel scalable pipeline enabling the au-

tomatic generation of high-quality omni-modality fine-
grained annotations for multi-modal long videos, signifi-
cantly reducing manual annotation costs.

• We introduce LongVALE, the first-ever benchmark pro-
viding omni-modal event temporal boundaries and cross-



Figure 2. The pipeline for high-quality omni-modality fine-grained data generation. It starts by detecting visual and audio event boundaries
based on their distinct properties. Next, we generate detailed captions for each video and audio event enhanced by keyframe and speech
captions. We then determine omni-modal event boundaries by maintaining the semantic integrity of single-modal events. Finally, omni-
modal event captions are generated by audio-visual correlation reasoning, followed by manual refinement to ensure data’s high quality.

modal correlation-aware captions for 105K omni-modal
events within 8.4K high-quality multi-modal long videos.

• We demonstrate that our LongVALE-trained model ex-
cels in both cross-modal reasoning and fine-grained tem-
poral understanding, significantly outperforming existing
video LLMs across all three omni-modal tasks and even
achieving superior zero-shot results on general AVQA.

2. Related Work
Multi-modal video benchmarks. Current research mainly
focuses on building large-scale video/audio-language
benchmarks. For instance, InternVid [52] and Wav-
Caps [36] are web-scarped video-text and audio-text
datasets composed of short clips. Moving forward,
VALOR [30] provides audio-visual captions and VAST [6]
further includes subtitles, but they just simply concate-
nate captions from different modalities, ignoring the cross-
modal correlation reasoning. These benchmarks offer only
coarse-grained captions for short clips, which are unsuitable
for fine-grained long video understanding. Besides, some
large-scale long video datasets [37, 56, 58] only use rough
subtitles as annotations, failing to directly align with video
content. Moreover, fine-grained video benchmarks like Ac-
tivityNet Caps [21] and Charades-STA [11] focus only on
visual modality, while other audio-visual benchmarks like
AVEL [49] and UnAV-100 [12] provide temporal bound-
aries but lack rich captions. These limitations restrict mod-
els’ abilities in both cross-modal reasoning and fine-grained
temporal understanding for real-world videos. A detailed
comparison with our LongVALE is shown in Tab. 1.
Fine-grained video understanding. To precisely locate
and comprehend specific events in videos is crucial for

video analysis, especially for untrimmed long videos. Var-
ious fine-grained video tasks have been proposed, such
as temporal video grounding [11, 33] to identify temporal
boundaries for a given text query, and dense video caption-
ing [21, 51, 57], demanding both temporal localization and
captioning for all visual events. Prior studies [11, 33, 57]
handle each task separately on specialized datasets and
some [23, 28, 31] attempt to bridge several tasks in a uni-
fied model. Furthermore, recent video large language mod-
els (video LLMs) have shown promise in visual-only fine-
grained video understanding [18, 44]. In contrast, we aim
to pioneer omni-modality fine-grained video understanding
for a more holistic video comprehension.

3. The LongVALE Benchmark

To build LongVALE, we propose an efficient and scalable
pipeline that includes high-quality multi-modal long video
filtering (Sec. 3.1), omni-modal event boundary detection
(Sec. 7.1), and omni-modal event captioning with audio-
visual correlation reasoning (Sec. 3.3). The annotation pro-
cess is illustrated in Fig. 2. More details are in Appendix.

3.1. Data Collection and Filtering
We source videos from ACAV-100M [22], which contains
video clips with high audio-visual correspondence, cover-
ing a wide variety of topics. We download raw videos on
YouTube without cutting to maintain the integrity of the
video content, where the videos span 30 seconds to 10 min-
utes. Then, we design a filtering strategy to obtain high-
quality videos containing rich visual and audio semantics,
as well as temporal dynamic information.



Firstly, we use metadata to filter out low-quality videos
with resolutions below 360p and retain only those with En-
glish transcripts. To collect videos with diverse sounds (e.g.,
people clapping/laughing, dog barking), we exclude those
where speech dominates, defined as when subtitles cover
over 95% of the duration. Further, we remove videos with
static content (i.e., slide shows) using PySceneDetect [1]
to detect scenes. If a scene’s average frame difference is
below a threshold, it is considered static, and videos with
over 80% static scenes are filtered to ensure diverse motion
content. Finally, we select videos with segments that have
consistent audio-visual semantics. We split each video into
5-second visual and audio segments, then use C-MCR [53],
an audio-visual contrastive learning model, to compute sim-
ilarity scores between segment embeddings. Videos with
at least one segment having audio-visual similarity above
0.25 are retained. This effectively filters out videos with ir-
relevant audio-visual signals, such as edited or overdubbed
audio (e.g., background music and narration).

As a result, from a total of 100K raw videos collected
from ACAV-100M, we obtained 8.4K videos, highlighting
our high standard for video quality.

3.2. Omni-Modal Event Boundary Detection

Existing video benchmarks [7, 11, 21, 52] segment videos
into events based solely on visual signals. However, audio is
equally crucial for a complete video content understanding,
and audio events often have boundaries that do not align
with visual ones. For example, a scene shift from a stage
performance to the audience or a news broadcast cutting
from a live scene to the studio may disrupt the visual event,
but the audio continues. Thus, relying only on visual cues
for event boundary detection can severely break the seman-
tic coherence of the audio. To solve the issue, we propose to
detect omni-modal event boundaries for the first time, con-
sidering both visual and audio scene boundaries.
Visual event boundary. Using only visual cues, we apply
a two-stage detection method [7] which includes splitting
basic visual scenes and then merging semantically similar
ones. Notably, we refine the previous method to handle both
very short and long visual events (2 seconds to 10 minutes)
in long videos. Besides, post-processing is also applied to
exclude static scenes and transition clips, ensuring each vi-
sual event contains rich and meaningful content.
Generic semantics-aware audio event boundary. Al-
though audio is crucial for temporal video understanding,
no method exists for detecting generic audio event bound-
aries without pre-defined categories. To fill this gap, we de-
sign a generic method that segments long audio sequences
into semantically coherent clips leveraging distinct audio
properties. Specifically, we first extract audio features us-
ing Mel-Frequency Cepstral Coefficients (MFCC) [16, 19],
which captures the audio’s key frequency characteristics

aligned with human auditory perception. Then, we com-
pute the mean of MFCC deltas (first-order differences) to
summarize temporal variations, identifying values above a
threshold as significant audio transitions. Since such split-
ting only considers changes in spectral properties and over-
looks semantic transitions, we further adopt CLAP [55] to
extract audio embeddings, stitching adjacent clips if they
are semantically similar. We also implement additional pro-
cedures to merge segments split by abrupt changes, e.g.,
pauses between spoken words or sudden shifts in music.
Omni-modal event boundary. After identifying the
single-modality event boundaries, we found visual events
tend to be longer than audio ones, with multiple audio
events often occurring within a single visual event. To de-
fine omni-modal event boundaries, we primarily rely on
visual boundaries while preserving the integrity of audio
events. Specifically, for each visual event, we set its start
time as the beginning of the omni-modal event and include
all overlapping audio events without truncation to determine
the event’s end. By doing this, we can maximize the seman-
tic integrity and coherence of events across both modalities.

3.3. Omni-Modal Event Captioning

We develop a comprehensive relation-aware captioning
strategy to generate high-quality omni-modality dense cap-
tions for long videos by integrating all modality informa-
tion (i.e., visual, audio, and speech). As shown in Fig. 2,
we first generate detailed dense captions for each modality,
and then integrate them to obtain omni-modality captions,
emphasizing the reasoning of semantic and temporal rela-
tionships across events from various modalities.
Dual-focus visual captioning. Existing video automatic
captioning strategies [4, 6, 45] only use image caption-
ers like BLIP [25] and GPT-4V [38] to describe uniformly
sampled frames, lacking the awareness of temporal dy-
namic knowledge in videos. In contrast, we focus on both
spatial visual details and significant dynamic information
(i.e., actions and camera movements), and also consider the
complexities of long video events. Specifically, we em-
ploy LLaVA-NeXT-Video [60] to caption each video event.
However, the model’s performance drops with longer clips,
so we divide clips longer than 30 seconds and caption them
separately to preserve as many dynamic details as possible.
Additionally, we sample the center frame of each cropped
clip as the keyframe and use GPT-4o [39] to generate com-
prehensive image captions. Incorporating such precise spa-
tial details (i.e., OCR, object appearance, and scene context)
helps improve caption quality and effectively correct errors
caused by hallucinations from the video model.
Audio and speech captioning. To capture the full de-
tails for each audio event, we focus on both general audio
and speech captioning, as they are equally essential for au-
dio content understanding. Specifically, we employ Qwen-



Figure 3. Statistics of LongVALE benchmark. (a) Video duration distribution of both training and test sets. (b) Distribution of the number
of omni-modal events in videos for both training and test sets. (c) Distribution of omni-modal event duration. (d) Distribution of audio-
visual correlation types. The examples of omni-modal events with different audio-visual correlations are also illustrated.

Audio [9], a general large audio-language model, to obtain
detailed audio descriptions. At the same time, Whisper-
Large [43], a strong automatic speech recognition (ASR)
model, is applied to get accurate subtitles if the clip con-
tains speech content. Additionally, we perform further data
refinement to minimize the impact of hallucinations.
Relation-aware omni-modal event captioning. Our goal
is to generate high-quality omni-modal event captions by
reasoning about audio-visual correlations and temporal dy-
namics across modality-specific events. Specifically, in-
stead of simply concatenating modality-specific captions [6,
30], we instruct Gemini-1.5-Pro [14] to establish meaning-
ful connections between them, such as analyzing whether
audio events are visible, identifying sound sources, and
reasoning about causality, etc. Additionally, we provide
the model with single-modal event boundaries, guiding it
to perceive fine-grained temporal changes within an omni-
modal event, such as camera movements or sequential
speaking in conversations, and summarize these to create
fine-grained time-aware descriptions. Moreover, we feed
the generated captions of previous omni-modal events as
context, enabling the model to produce a more coherent and
accurate caption for the current omni-modal event, thereby
ensuring a more seamless dense narrative for a long video.

3.4. Subset Split and Manual Efforts
Through the above carefully designed scalable pipeline, we
automatically collect 8,411 high-quality long videos with

highly valuable dense omni-modal event annotations. We
then meticulously divide the data into training and test sets,
ensuring consistent data distribution (e.g., video duration
and event counts) between them. The final training and test
sets consist of 7,240 and 1,171 long videos, respectively.
Test set manual check and correction. To build a high-
quality test set, we conducted thorough manual checks and
corrections. We developed an interface where one group
reviews entire videos to verify the accuracy of omni-modal
event boundaries and captions. Another group then corrects
flagged errors to ensure high precision of annotations.

3.5. Statistic Analysis
Overall, our LongVALE is the first-ever omni-modality
long video understanding benchmark with dense event-level
annotations. The statistics are shown in Fig. 3. It includes
8,411 long videos spanning over 549 hours, with an average
video duration of 3.9 minutes. Notably, the dataset contains
105,730 omni-modal events (91,863/13,867 in train/test
split), each annotated with accurate temporal boundaries
and omni-modality relation-aware captions.
Omni-modal event distribution. As shown in Fig. 3(b),
a large number of videos contain multiple omni-modal
events, with an average of 12.6 events per video. Besides,
the events have various lengths spanning from 1 second to
even 10 minutes, with an average length of 16.7 seconds.
Most events are relatively short, with 60% lasting under 10
seconds and 97% under 30 seconds as shown in Fig. 3(c).



Moreover, all events are non-overlapping and cover 89% of
the total video duration, highlighting the dense nature and
complexity of real-world multi-modal long videos.
Omni-modal caption characteristics. We highlight that
omni-modal captions exhibit unique characteristics of
audio-visual correlations and fine-grained temporal dy-
namics. We further analyze all omni-modal captions in our
test set using Gemini-1.5-Pro [14] to identify these char-
acteristics: 1) We define seven types of audio-visual cor-
relations with two unimodal types (i.e., visual/audio-only).
The occurrences of each type are shown in Fig. 3(d). It
indicates that complementary, synchronicity and enhance-
ment are common correlation types. As shown in Fig. 3,
the speech content complements the visual scene, where
the visible woman speaker reflects synchronized visual and
audio events (example 1), and the off-screen commenta-
tor’s excited tone enhances the intense competition atmo-
sphere (example 3). Besides, there also exist other corre-
lations, such as in the second example, where the crowd’s
cheers indicate a scene-aware context of the stadium and the
athlete’s success triggers roars, demonstrating the causal-
ity and temporal association between the visual and audio
events. Moreover, audio can provide corrective insights for
misleading visual cues, as seen in the fourth example where
background laughter reveals a comedy show despite the
man’s serious face. 2) Additionally, the quantitative analy-
sis also indicates that 78% of the omni-modal captions cap-
ture fine-grained temporal dynamics. As highlighted in the
blue words in Fig. 3, the captions reflect a high-level under-
standing of sequential sub-events across different modali-
ties, e.g., camera zooms and plot progressions. It under-
scores the extensive and complex semantic information em-
bedded in our omni-modal captions.

4. LongVALE-LLM

Inspired by the advancements in video large language mod-
els (video LLMs) on diverse video tasks [18, 26, 59], we
present LongVALE-LLM, a video LLM designed to handle
omni-modal event understanding in long videos.

4.1. Overall Architecture

Figure 4 illustrates the overall architecture of LongVALE-
LLM. Given a long video, the multi-modal encoders first
extract modality-specific token features, which are then
mapped into the LLM’s embedding space via the multi-
modal adapters. The embeddings from different modalities
are concatenated along the sequence dimension and com-
bined with the task instruction to form the prefix input to the
LLM. The LLM is trained with an auto-regressive objective
to generate responses that align with both the instruction
and the omni-modality content.

Figure 4. LongVALE-LLM architecture with boundary perception
and instruction tuning stages using our LongVALE dataset.

4.2. Training Recipe
Our LongVALE, as the first-ever omni-modality long video
benchmark with fine-grained annotations, serves as a highly
valuable data source for training a Video-LLM capable of
both cross-modal reasoning and fine-grained temporal un-
derstanding. Extending the boundary-aware training strat-
egy from visual-only Video-LLMs [18], we introduce omni-
modal boundary perception and instruction tuning to allow
omni-modal event understanding. Note that in both train-
ing stages, we train the audio and speech adapters, and the
LLM (using LoRA [17]), while keeping the visual adapter
frozen, which is pre-trained with LCS-558k dataset [29].
Omni-modal boundary perception tuning. The training
stage focuses on enabling the LLM to comprehend omni-
modal events within a video and align them with their corre-
sponding temporal boundaries. For training data, we trans-
form the omni-modal event annotations of each video into
template-based dialogue data suitable for training LLM.
The dialogues include both single-turn and multi-turn QA
dialogues similar in VTimeLLM [18]. Single-turn QA tasks
focus on omni-modal dense video captioning, while multi-
turn QA tasks handle omni-modal video grounding and seg-
ment captioning. We only generate one set of dialogues for
each video, yielding 7,240 QA dialogues. Additionally, we
also add visual-only data [18] in this tuning stage.
Omni-modal instruction tuning. Although our model
demonstrates the ability to perceive omni-modal event
boundaries after boundary perception tuning, its outputs
tend to overfit to templated answers. To improve the
model’s ability to follow human instructions for more com-
prehensive omni-modal event reasoning, we create high-
quality instruction-tuning data based on our LongVALE.
We convert all video annotations into high-quality QA di-
alogues using Gemini-1.5-Pro [14]. For each video, we
prompt the LLM to analyze omni-modal event boundaries
and captions, generating free-form dialogues that empha-



Model A&V TU Omni-TVG Omni-DVC Omni-SC

R@0.3 R@0.5 R@0.7 mIoU S C M B R C M

VideoChat (7B) [26] ✗ ✗ 2.2 0.9 0.4 3.0 0.7 0.2 0.9 0.5 9.6 0.0 8.2
VideoChatGPT (7B) [35] ✗ ✗ 4.9 2.0 0.9 5.0 0.7 0.1 0.9 0.4 14.0 0.9 5.9
VideoLLaMA (7B) [59] ✓ ✗ 2.5 1.1 0.3 1.9 0.6 0.6 0.9 0.9 11.5 0.1 8.9
PandaGPT (7B) [47] ✓ ✗ 2.5 1.0 0.3 2.2 0.5 0.0 0.6 0.6 14.9 0.3 8.9
NExT-GPT (7B) [54] ✓ ✗ 4.3 1.9 0.7 4.0 0.2 0.1 0.3 0.4 10.2 0.0 8.1
TimeChat (7B) [44] ✗ ✓ 5.8 2.6 1.1 5.2 1.6 0.1 1.4 1.2 16.1 1.6 10.0
VTimeLLM (7B) [18] ✗ ✓ 7.5 3.4 1.3 6.4 2.4 0.2 2.0 1.0 14.5 1.6 5.5

LongVALE-LLM (7B) (ours) ✓ ✓ 15.7 8.6 3.9 11.0 2.8 7.9 4.7 5.6 22.4 20.3 10.9

Table 2. Comparison with existing Video LLMs for omni-modal temporal video grounding (Omni-TVG), dense video captioning (Omni-
DVC), and segment captioning (Omni-SC) tasks on our LongVALE test set. A&V: support both video and audio input. TU: support
fine-grained temporal understanding. S: SODA c. C: CIDEr. M: METEOR. B: BLUE-4. R: ROUGE-L.

size temporal perception and reasoning, which may encom-
pass a variety of tasks. The prompt can be found in Ap-
pendix. As a result, we generate an omni-modal instruction
dataset containing 25.4K high-quality QA dialogues with
an average of 3.6 distinct dialogues per video. Besides, we
also incorporate extra visual-only instruction data [18] to
further enhance the model’s descriptive capabilities.

5. Experiments
5.1. Experiment Setup
Implementation details. We use CLIP VIT-L/14 [42] as
the visual encoder. We uniformly sample 100 frames and
encode each frame individually, representing each by the
feature of the CLS token for efficiency. BEATs [5] is em-
ployed as the audio encoder, and Whisper-Large-v2 [43] is
used for speech encoding. Both audio and speech are pro-
cessed from the waveforms of 5.12-second clips, with the
number of tokens varying according to the video’s duration.
The audio and speech adapters are just randomly initialized.
Furthermore, Vicuna-v1.5-7b [8] is adopted as the large lan-
guage model. More details are in Appendix.
Evaluation metrics. Using our LongVALE test set, we
evaluate models on three omni-modal fine-grained under-
standing tasks. For omni-modal temporal video ground-
ing, we report Recall@1 at IoU thresholds of {0.3,0.5,0.7}
and mean IoU (mIoU). For omni-modal dense video cap-
tioning, we assess caption quality using CIDEr [50] and
METEOR [3], and employ SODA c [10] for overall story-
level evaluation. For omni-modal segment captioning,
we use BLEU-4 [41], ROGUE-L [27], METEOR [3] and
CIDEr [50] for standard caption quality evaluation.

5.2. Main Results
Table 2 presents the comparison results of our model
with existing open-sourced video LLMs on the three
omni-modal fine-grained tasks on our LongVALE test set,
where we ensure optimal evaluation of the existing mod-
els. Our LongVALE-LLM (7B) supports video, audio
and speech input with fine-grained temporal understand-

Method #Pairs AVSD Music-AVQA

PandaGPT (13B) [47] 128M 26.1 33.7
Macaw-LLM (7B) [34] 0.3M 34.3 31.8
VideoLLaMA (7B) [59] 2.8M 36.7 36.6
X-InstructBLIP (13B) [40] 32M - 44.5
AV-LLM (13B) [46] 1.6M 52.6 45.2
OneLLM (7B) [15] 1007M - 47.6
AVicuna (7B) [48] 1.1M 53.1 49.6

LongVALE-LLM (7B) (ours) 0.7M 54.8 49.4

Table 3. Comparison with existing LLM-based methods on open-
ended audio-visual question answering benchmarks on a zero-shot
setting. # Pairs: the adopted instruction-response pairs.

ing ability, and outperforms other video LLMs by a sig-
nificant margin across all three tasks. Despite VideoL-
LaMA [59], PandaGPT [47] and NExT-GPT [54] also sup-
port audio-visual input, they are limited to processing a
few video frames (e.g., 8 frames), resulting in poor per-
formances on fine-grained, time-sensitive tasks. Besides,
VTimeLLM [18] and TimeChat [44] can understand spe-
cific temporal events in videos, but they focus solely on vi-
sual events and fail to incorporate crucial audio informa-
tion for a complete video understanding. Therefore, it is es-
sential to integrate both audio and visual information with
boundary-aware training on rich omni-modality data, i.e.,
LongVALE, to achieve precise video comprehension.

5.3. Zero-Shot Performance on General AVQA
Besides the ability for fine-grained omni-modality video
understanding tasks, we also explore whether our model
trained on LongVALE can address a broader range of audio-
visual questions in a zero-shot setting. We employ the
AVSD [2] and Music-AVQA [24] benchmarks and conduct
a GPT-assisted evaluation to assess the accuracy of the gen-
erated answers as same as the protocol [35] used by other
LLM-based methods shown in Tab. 3. We can observe
that, despite using significantly less data, our model sur-
prisingly achieves state-of-the-art performance on AVSD
and highly competitive results on Music-AVQA. Notably,
existing multi-modal LLMs all rely on large amounts of
audio-related training data. For example, OneLLM [15]



BP IT Omni-TVGmIoU Omni-DVCCIDEr Omni-SCCIDEr

V [18] ✗ 12.6 / 3.1 0.1 / 0.1 0.4 / 0.3
V [18] + Ours ✗ 25.6 / 7.0 7.3 / 7.0 21.1 / 17.5
V [18] + Ours V [18] 11.7 / 3.8 0.2 / 0.2 3.1 / 2.4
V [18] + Ours V [18] + Ours 26.0 / 7.3 7.8 / 7.7 25.1 / 19.4

Table 4. Ablation study of the data used in different training
stages. BP: boundary perception. IT: instruction tuning. V [18]:
the visual-only data used in VTimeLLM [18].

Audio-Visual Correlation Omni-TVGmIoU Omni-DVCCIDEr Omni-SCCIDEr

✗ 23.7 / 6.5 3.5 / 3.4 10.4 / 10.2
✓ 25.6 / 7.0 7.3 / 7.0 21.1 / 17.5

Table 5. Ablation study of audio-visual correlation reasoning in
captioning for the boundary perception training stage.

Modality Omni-TVGmIoU Omni-DVCCIDEr Omni-SCCIDEr

V 12.6 / 2.2 5.9 / 3.6 14.6 / 11.7
V+A 15.6 / 3.1 7.2 / 5.0 17.6 / 14.7
V+S 15.2 / 2.9 6.7 / 5.2 17.3 / 14.6

V+A+S 17.1 / 3.0 7.8 / 5.6 18.9 / 15.4

Table 6. Ablation study of models trained on LongVALE with
different modalities. V: vision. A: audio. S: speech.

and AVicuna [48] use 460K and 350K audio/audio-visual
instruction-response pairs for training, respectively. In con-
trast, we achieve even better results using only total 32.7K
audio-visual samples from our LongVALE dataset, account-
ing for less than 10% of the data they use. This clearly val-
idates the robustness and generalization of our LongVALE-
trained model, demonstrating that the comprehensive omni-
modality captions in our dataset can effectively enhance the
model’s general cross-modal reasoning capability.

5.4. Ablation Study and Qualitative Results
We provide detailed ablation studies about our training data,
training stages, and modalities as follows. Since Long-
VALE is a challenging benchmark, we split the test set into
easy and hard subsets based on the ratio of average event
duration to video length for more in-depth analysis. The
easy subset ratios from 100% to 9.3% (585 videos), and the
hard subset ratios from 9.3% to 0.95% (586 videos). Note
that in Tab. 4-6, easy/hard subset results are on the left/right.
Impact of LongVALE in different training stages. In
Tab. 4, we observe significant performance boosts across
all tasks by adding our data in both boundary perception
and instruction tuning stages. It demonstrates the essential
role of our data in promoting omni-modality fine-grained
video understanding. Besides, the necessity of instruction
tuning is evident when comparing the second and last rows.
It shows consistent improvements across all three tasks, es-
pecially in segment captioning, indicating instruction tun-
ing on high-quality dialog data further enhances compre-
hension and reasoning abilities for omni-modal events.
Importance of audio-visual correlation (AVC). We sim-
ply concatenate the generated single-modality captions in
Sec. 3.3 as a naive caption for each omni-modal event

Figure 5. Qualitative results. The orange text highlights audio-
visual correlation for accurate and complete video understanding.
Samples are from LongVALE and Music-AVQA test sets.

boundary without AVC reasoning. Then, we convert them
into template-based dialogues for boundary perception tun-
ing. The results in Tab. 5 show that the model trained with
our omni-modality captions with AVC reasoning achieves
significantly better performance, especially for captioning
tasks, demonstrating the effectiveness of AVC to facilitate
the model’s capability of cross-modal reasoning.
Impact of using different modalities. In Tab. 6, we can see
that adding audio or speech modality significantly improves
the performances across all three tasks, with the best results
achieved when all three modalities are used. This highlights
the strength of omni-modality input for multi-modal video
understanding. Note that we use only our dataset during
both training stages to provide a clearer comparison.
Qualitative results. In Fig. 5, VTimeLLM [18] with only
visual data, misidentifies singing as raising hands. In con-
trast, our model integrates audio signals (i.e., man singing,
crowd cheers) and performs cross-modal reasoning to accu-
rately and comprehensively describe the event in the spe-
cific moment. Besides, our model effectively associates
audio-visual information to provide correct answers for
general AVQA. More examples can be found in Appendix.

6. Conclusion

We present a scalable pipeline to build LongVALE, the
first benchmark for omni-modality fine-grained video un-
derstanding, featuring 105K omni-modal events with tem-
poral boundaries and relation-aware captions. Benefiting
from the dataset, our model exhibits distinct capabilities of
both cross-modal reasoning and fine-grained temporal un-
derstanding that are absent in existing video LLMs, making
a crucial step toward an intelligent video assistant. In the fu-
ture, we will expand our LongVALE with more high-quality
data and advance the model’s architecture to improve video
semantic density and cross-modal interaction.
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LongVALE: Vision-Audio-Language-Event Benchmark Towards
Time-Aware Omni-Modal Perception of Long Videos

Supplementary Material

7. More Details of LongVALE Benchmark
7.1. Quantitative Analysis of Event Boundaries
To quantitatively verify the semantic coherence of seg-
mented events of different modalities, we introduce Max
Running Semantic Difference (MRSD), inspired by [7]. For
a n-second event clip, we compute the embedding for each
second as {f1, . . . , fn}, and get the most significant seman-
tic change within the clip, denoted as:

max({Diff(fi, fi+1)|i ∈ [1, n− 1]}). (1)

We apply ImageBind [13] and CLAP [55] to extract em-
beddings for visual and audio clips, respectively. As in
Tab. 7, for single-modal events, the clips after the second
stitching stage effectively avoid being overly fragmentary
while maintaining strong semantic coherence. Further, al-
though semantic shifts may occur between single-modal
events within an omni-modal event, no event is truncated,
ensuring the semantic integrity of all events from various
modalities.

Method MRSD-V↓ MRSD-A↓ Avg.len

Visual event boundary (splitting) 0.531 - 3.0s
Visual event boundary (stitching) 0.532 - 10.7s

Audio event boundary (splitting) - 0.676 1.5s
Audio event boundary (stitching) - 0.703 5.8s

Omni-modal event boundary 0.601 0.784 16.7s

Table 7. Semantic coherence and event length analysis. We ran-
domly sample 1K long videos in our LongVALE.

7.2. More Statistics
Based on YouTube metadata, we further analyze the distri-
bution of video categories, as shown in Fig. 6. It reflects
that our LongVALE covers a wide range of video topics.
Besides, since our focus is on long-form videos with rich,
event-driven storylines, the diversity of their content can-
not be easily summarized by just a few simple categories.
Moreover, as shown in Fig. 7, we also illustrate the dis-
tribution of the lengths of our omni-modal event captions
and visualize their word cloud to highlight the rich omni-
modality content within the captions.

7.3. Manual Check and Correction
During the manual check process, annotators are asked to
check each omni-modal event and verify whether the cap-

Figure 6. Distribution of video categories of LongVALE dataset.

tion and the corresponding temporal boundaries are accu-
rate. Besides, videos containing only monotonous back-
ground music and speech are filtered out to ensure the
dataset includes rich sound types. Afterward, during the
manual correction process, another group of annotators cor-
rect all inaccurate annotations and submit the revised ver-
sions. Totally, we checked 2K videos with each taking 3
minutes, and corrected about 300 errors, totally 115 human
hours. We show the interfaces in Fig. 8

7.4. Captioning and AV correlation Prompts

In Sec.3.3, for each segmented video clip, we apply LLaVA-
NeXT-Video (34B) [60] to generate a video caption em-
phasizing dynamic information and apply GPT-4o [39] to
generate keyframe caption emphasizing spatial details. For
each segmented audio clip, we apply Qwen-Audio-Chat
(7B) [9] to generate an audio caption, and utilize Whisper-
Large-V3 [43] to get accurate subtitles. Note that we found
that the performance of the audio captioner lags signifi-
cantly behind that of visual models, leading to more hal-
lucination issues, such as generating repetitive sentences or
incorrect ASR. To address this, we cleaned up these gen-
erations, retaining only general descriptions for each au-
dio event (e.g., ”this is a man speaking”) while removing
the specific speech content. Accurate ASR outputs gener-
ated by the advanced speech recognition model [43] were
used as replacements. After obtaining modality-specific
captions, we instruct Gemini-1.5-Pro [14] to integrate and
correlate them explicitly. The detailed prompts are shown
in Fig. 9. In Sec.3.5, we quantitatively identify the charac-
teristics of our omni-modal event captions, including audio-
visual correlations and fine-grained temporal dynamics us-



Figure 7. Distribution of omni-modality caption length and word cloud.

Figure 8. Screenshots of our manual check and correction interfaces.



ing Gemini-1.5-Pro [14]. Here, we provide the detailed
prompt as shown in Fig 10.

8. Task, Model and Training Data Details
8.1. Detailed Task Definition
We extend three fine-grained video tasks to the novel omni-
modality domain towards omni-perception of long videos.
These tasks emphasize cross-modal reasoning and fine-
grained temporal understanding at the same time. Here, we
provide detailed definitions for these tasks.
Omni-modal temporal video grounding. Given a textual
query describing a specific omni-modal event, the model
is required to identify the start and end timestamps of the
corresponding video segment.
Omni-modal dense video captioning. The task is more in-
tricate, requiring the model to perform both temporal local-
ization and captioning for all omni-modal events occurring
in a given untrimmed video.
Omni-modal segment captioning. Given a temporal
boundary, the task demands the model to generate a caption
summarizing the content of the corresponding omni-modal
event within the untrimmed video.

8.2. Detailed Model Architecture
Multimodal encoders. Given a video, we utilize a frozen
CLIP ViT-L/14 [42] as the Visual Encoder to extract visual
embeddings FV = {vi}Nv

i=1, where Nv denotes the num-
ber of input video frames. Since both non-speech audio
(i.e., natural sound and music) and speech provide crucial
information for multi-modal video understanding, we em-
ploy BEATs [5] and Whisper [43] to extract non-speech
audio embeddings FA = {ai}Na

i=1 and speech embeddings
FS = {si}Ns

i=1, where Na and Ns represent the number of
audio and speech embeddings, respectively. Therefore, the
resulting auditory features of these two encoders are com-
plementary and suitable for general audio input.
Multimodal adapters. We apply linear layers to project the
obtained embeddings from different modalities to get visual
tokens F̂V = {v̂i}Nv

i=1, audio tokens F̂A = {âi}Na
i=1, and

speech tokens F̂S = {ŝi}Ns
i=1 that are aligned with LLM’s

token space. Subsequently, the obtained token sequences
are simply concatenated as:

Z = Concat(F̂V , F̂A, F̂s), (2)

where Z ∈ RN×d, N = Nv + Na + Ns, and d is the hid-
den dimension of LLM. Note that our model also supports
single-modal and dual-modal inputs, allowing for flexible
handling of video data with missing modalities.
Large language model. We use Vicuna-7B-v1.5 [8] as our
LLM to process concatenated multi-modal tokens Z and
user queries for response generation.

8.3. Training Data Details
For boundary perception, we adopted the same template-
based data generation strategy as [18] with the same tem-
plates, where 20% of the data is randomly sampled to gen-
erate single-turn dialogues (omni-modal dense video cap-
tioning), and 80% is used to generate multi-turn dialogues,
i.e., each event is randomly assigned to one of the two tasks
(omni-modal temporal video grounding and segment cap-
tioning). For instruction tuning, the prompt used to generate
omni-modality dialogues is shown in Fig. 11.

9. Experimental Details
9.1. More Implementation Details
We train our model for 2 epochs with a batch size of 128
throughout the two training stages. The AdamW [32] op-
timizer is applied with a cosine learning rate decay and a
warm-up period. The learning rate is 1× 10−4. The rank in
LoRA is 64 with alpha = 128. Following [18], we merge
the LoRA module trained in the boundary perception stage
with the LLM parameters, and then additionally incorporate
a new LoRA module for instruction tuning. This ensures
the temporal understanding capabilities acquired during the
boundary perception stage are effectively preserved within
the model. We complete the training of our 7B model within
30 hours with 1 RTX-A100 (40G) GPU.

9.2. Evaluation Details
Evaluation of our LongVALE-LLM. For LongVALE-
LLM that only undergoes boundary perception tuning with-
out instruction tuning, we directly use the templates as
queries. Specifically, for the omni-modal dense captioning
task, we employ “Could you please detail the events that
took place during different time segments in the video?” as
the query. For the omni-modal temporal grounding task, we
employ “During which frames does < event > occur in
the video?” as the query. For the omni-modal segment cap-
tioning task, we employ “Could you tell me what happened
from < start > to < end > in the video?” as the query.
LongVALE-LLM that undergoes instruction tuning demon-
strates strong instruction-following ability. For omni-modal
dense captioning, we utilize the following query: “Could
you please detail the events that took place during differ-
ent time segments in the video? List the events in the for-
mat: From xx to xx, event1. From xx to xx, event2...”. For
the omni-modal temporal grounding task, we employ the
query “During which frames does < event > occur in the
video? Give the timestamps in the format: From xx to xx.”
or the omni-modal segment captioning task, we employ the
query “Can you describe what occurred from < start >
to < end > in the video? Please give the event description
directly.”. We also adopt other similar queries such as “Pro-
vide details about the events from < start > to < end >



in the video...”, the results remain consistently close.
Evaluation of other video LLMs. For other Video
LLMs including VideoLLaMA, PandaGPT, NExT-GPT,
VideoChat, Video-ChatGPT, TimeChat, and VTimeLLM,
we tried our best to assess their optimal performance, rec-
ognizing that some were not specifically trained for these
tasks. For models that have been trained on tasks such
as dense video captioning or grounding, we employ the
queries provided in their original studies. For instance, for
TimeChat, we use the original query for dense captioning:
“Localize a series of activity events in the video, output the
start and end timestamp for each event, and describe each
event with sentences. List the events in the format: From
x1 second to y1 second: event1.” Similarly, for temporal
grounding, we use the query: “Detect and report the start
and end timestamps of the video segment that semantically
matches the {sentence}. Give the timestamps in the format:
From xx to xx.” For segment captioning, we identified the
most effective prompt to be the one described below.

For models such as VideoLLaMA, PandaGPT, and
Video-ChatGPT without training for these tasks, we found
that the most effective approach involved using queries that
include the video duration. For dense captioning, the query,
“This video has a duration of D seconds. From which sec-
ond to which second in the video, what event happens? List
the events in the format: From x1 second to y1 second:
event1...” yielded the best results. For grounding, we found
that the query, “This video lasts for D seconds. During this
time, at what specific time does the event {sentence} occur?
Please provide the start and end timestamps in the format:
From x seconds to y seconds, the event happens.” produced
optimal performance. Moreover, we used GPT-4o mini to
efficiently extract timestamps from the generated responses.
Additionally, for segment captioning, we observed that us-
ing “This video has a total duration of D seconds. Please
describe in detail what happens between < start > and
< end > in the video. Be specific about the activities of
individuals, the environment, and any interactions between
people or objects.” provided the clearest and most detailed
outputs. After obtaining the output, we tried to apply mul-
tiple regular expressions to format the output. For those
outputs cannot be processed, we exclude the corresponding
data from metric calculations.

10. More Qualitative Results
As shown in Fig. 12-15, we present more qualitative results
encompassing all evaluated tasks.
Omni-modal segment captioning. In Fig. 12, VTimeLLM
provides only brief descriptions of visual events within the
specified moment, whereas our model offers richer infor-
mation on both dynamic and auditory events, delivering a
more comprehensive and vivid account.
Omni-modal temporal video grounding. In Fig. 13, given

an omni-modal event caption, our model can more accu-
rately pinpoint the time interval when the event occurs,
which fully demonstrates its fine-grained temporal under-
standing capability in an omni-modality domain.
Omni-modal dense video captioning. In Fig. 15, given a
video, our model can identify more omni-modal events and
provide finer-grained descriptions, including key informa-
tion from both visual and audio modalities, enabling a full
understanding of the video’s storyline.
General audio-visual question answering (AVQA). Our
model not only excels in fine-grained omni-modal under-
standing but also demonstrates the ability to accurately an-
swer more general audio-visual questions through cross-
modal reasoning. For instance, in Fig. 14, it can precisely
determine the location of the loudest instrument by integrat-
ing visual and auditory cues.

Overall, these examples vividly illustrate that relying
solely on visual information to understand videos is far from
sufficient. Integrating information from multiple modalities
is both crucial and essential for comprehensive video under-
standing. Furthermore, thanks to our LongVALE dataset,
our model is the first to combine cross-modal reasoning
with fine-grained temporal understanding, setting it apart
from traditional vision-only models.

11. Broader Impact
Risk mitigation. During the data generation, we used
Gemini’s safety mechanism to efficiently block harmful re-
sponses (i.e., harassment, hate, dangerous content, etc.) and
filter out corresponding videos. We also removed all indi-
vidual names with the NLTK framework to protect privacy.
Data Licenses. We sourced our data from the open-sourced
database, ACAV-100M [22] under MIT License. Besides,
the annotations of our LongVALE will be provided to the
public under CC BY-NC-SA 4.0 license. We hope our
dataset can serve as a pivotal benchmark for promoting
comprehensive multi-modal video understanding.

https://opensource.org/license/mit
https://creativecommons.org/licenses/by-nc-sa/4.0/



Figure 9. The prompts for the captioning of video clips, keyframes and audio clips, and integrating them for omni-modal events captions.



Figure 10. The prompt used to analyze and identify audio-visual correlations and temporal dynamics in our omni-modal event captions.

Figure 11. The prompt used to generate omni-modal instruction tuning data.



Figure 12. Additional qualitative results on omni-modal segment
captioning task. The sample is from LongVALE test set.

Figure 13. Qualitative results on omni-modal temporal video
grounding task. The sample is from LongVALE test set. The
ground-truth boundaries are displayed in green.

Figure 14. Additional qualitative results on general audio-visual
question answering (AVQA) task. The sample is from Music-
AVQA test set.

Figure 15. Qualitative results on omni-modal dense video caption-
ing task. The sample is from LongVALE test set.
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