LongVALE: Vision-Audio-Language-Event Benchmark Towards
Time-Aware Omni-Modal Perception of Long Videos

Supplementary Material

1. More Details of LongVALE Benchmark

1.1. 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 [2]. 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 (f;, fit1)li € [1,n —1]}). (1

We apply ImageBind [5] and CLAP [13] to extract em-
beddings for visual and audio clips, respectively. As in
Tab. 1, 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 1. Semantic coherence and event length analysis. We ran-
domly sample 1K long videos in our LongVALE.

1.2. More Statistics

Based on YouTube metadata, we further analyze the distri-
bution of video categories, as shown in Fig. 1. 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. 2, 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.

1.3. Manual Check and Correction

During the manual check process, annotators are asked to
check each omni-modal event and verify whether the cap-
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Figure 1. 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. 3

1.4. Captioning and AV correlation Prompts

In Sec.3.3, for each segmented video clip, we apply LLaVA-
NeXT-Video (34B) [14] to generate a video caption em-
phasizing dynamic information and apply GPT-40 [10] to
generate keyframe caption emphasizing spatial details. For
each segmented audio clip, we apply Qwen-Audio-Chat
(7B) [4] to generate an audio caption, and utilize Whisper-
Large-V3 [12] 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 [12] were
used as replacements. After obtaining modality-specific
captions, we instruct Gemini-1.5-Pro [6] to integrate and
correlate them explicitly. The detailed prompts are shown
in Fig. 4. 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-
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Figure 2. Distribution of omni-modality caption length and word cloud.

Video Viewer Omni-modality captions m

Annotation Status: @

If the audio only contains background music or speech without other rich sounds, mark in red

00:00:04-00:00:55: As the band plays an energetic pop song, the camera focuses on the rhythmic movements of the
musicians on stage, highlighting the interplay between the electric guitar, bass, and drums bathed in vibrant purple and
blue stage lights. Later, the music transitions to a soulful blues melody, and the camera captures the intense expressions ()

of the musicians as they play, focusing on the intricate fingerwork on the strings of the bass guitar and the woodwind
instrument.

00:00:55-00:00:59: As purple stage lights illuminate the "Blue" sign and the vertical drapes behind him, the saxophonist,
wearing a colorful patterned shirt, stands out while expertly playing a lively jazz melody.

00:00:59-00:01:47: The video continues with the lively jazz performance, showcasing the band members on a dimly lit
stage as they expertly play their instruments, their fingers moving rhythmically; the red-haired guitarist and the smiling ()
bass player are particularly animated in their

00:01:47-00:02:06: The band continues their energetic performance at the "Blue Note" jazz club, the stage awash in blue
and purple lights, as the lead vocalist sings into a microphone while the guitarist, keyboardist, and drummer play their ()
instruments with gusto.

00:02:06-00:02:21: On a dimly lit stage, a male singer with i
accompanied by a female bassist and other band members, their performance ﬁlled Wi nh vibrant energy as Latin music (@)
fills the air.
Current Video: 0 /339
Jump to video: [0 |[ Go || Previous Video || Next Video | 00:02:21-00:02:44: The band on the dimly lit stage launches into a high-energy performance, the male vocalist
th ence with his powerful voice as the musicians behind him, bathed in colorful stage lights, expertly (@)

(a) Screenshot of the manual check interface

Video Viewer Omni-modality captions m

Annotation Status: .

00:00:10-00:00:24: At 4:45 am, the train station platform is deserted, illuminated by the soft glow of dawn and the
approaching train's headights. A woman's vocs breaks the silanc, casually mentioning her pre tain routine over apusk (g
song playing through her headphones as she waits, perhaps on a nearby bench. Later; inside a brightly lit bus or train, a

man in a gray hoodie sits engrossed in his phone, oblivious to the other passengers around him.

00:00:10-00:00:24

00:01:06-00:01:11: The video cuts to a black screen with the test I ke to jugglelfe with three," binting at the upcoming (g
story, perhaps about someone juggling multiple jobs.

00:01:06-00:01:11

> 0:11/3:55

Current Video: 13 /339
Jump to video: 13 |['Go | Previous Video | [ Next Video

(b) Screenshot of the manual correction interface

Figure 3. Screenshots of our manual check and correction interfaces.



ing Gemini-1.5-Pro [6].
prompt as shown in Fig 5.

Here, we provide the detailed

2. Task, Model and Training Data Details
2.1. 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.

2.2. Detailed Model Architecture

Multimodal encoders. Given a video, we utilize a frozen
CLIP ViT-L/14 [11] as the Visual Encoder to extract visual
embeddings Fyy = {v;}Y",, where N, 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 [1] and Whisper [12] to extract non-speech
audio embeddings Fa = {a;}x* and speech embeddings
Fg = {sl}f\il, where N, and N, 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 Fy = {@}fv:”l, audio tokens Fy = {d,;}fvz“l, and
speech tokens Fig = {§;}7*| that are aligned with LLM’s
token space. Subsequently, the obtained token sequences
are simply concatenated as:

Z = Concat(ﬁv,FA7FS), 2)

where Z € RN*¢ N = N, + N, + N, 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 [3] as our
LLM to process concatenated multi-modal tokens Z and
user queries for response generation.

2.3. Training Data Details

For boundary perception, we adopted the same template-
based data generation strategy as [7] 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. 6.

3. Experimental Details

3.1. More Implementation Details

We train our model for 2 epochs with a batch size of 128
throughout the two training stages. The AdamW [9] op-
timizer is applied with a cosine learning rate decay and a
warm-up period. The learning rate is 1 x 10~%. The rank
in LoRA is 64 with alpha = 128. Following [7], we merge
the LoORA 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.

3.2. 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, eventl. 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
xI second to yl second: eventl.” 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 xI second to yl second:
eventl...” 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-40 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.

4. More Qualitative Results

As shown in Fig. 7-10, we present more qualitative results
encompassing all evaluated tasks.

Omni-modal segment captioning. In Fig. 7, 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. 8, 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. 10, 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. 9, 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.

5. 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, efc.) 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 [8] 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.
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# Prompt for video clip captioning

Please describe the video in detail, following instructions:

1. Focus on key visual details including appearance, motion, sequence of actions, objects involved, scene context and interactions
between elements in the video.

Emphasize important points like the order of events, actions of people or objects, and any significant changes or camera movements.
Do not mention uncertain information or counting.

If there are characters, do not give specific recognition results, but explain their meaning.

Don’t add extra sound descriptions.

SR CU L 2

Ensure the description is concise, clear, informative.

Here is an example: <Example>

# Prompt for video clip keyframe captioning

Please describe this image, provide comprehensive visual details, including spatial attributes, scene context, and object characteristics.
Only generate highly certain information, not irrelevant association or speculation. Ensure the description is concise, clear and informative.

# Prompt for audio clip captioning

Recognize all events in the audio and describe them in detail.

# Prompt for omni-modal event caption generation

You are an Al assistant that can see and hear videos.

Please describe the video content within a given time range using a complete sentence of less than 50 words based on the video

captions, image captions, audio captions, subtitles and the context of the previous events.

1. Pretend to see and hear the video: The description must be in a tone that you are seeing and hearing the video. Do not generate a
description: “According to the description...”.

2. Focus on different elements in different captions: For video captions, mainly focus on dynamic information, including actions,
interactions and camera movements. For image captions, mainly focus on visual details, including appearance, foreground and
background scene context. For audio captions, mainly focus on clearly heard audio events. For subtitles, if there are some weird
irrelevant content, please ignore them. Note: Please do not directly quote visually recognized characters, music lyrics and specific
speech content in the generated sentence. If there are multiple captions from different time spans, you need to capture the changes
between them and summarize them.

3. Reason the correlations between audio and visual information: Analyze whether the source of the sound is visible. If visible, who
and why makes the sound? If invisible, what complementary information is provided by sound? If there are multiple sounds, what
are the occurring time order and causation? Does it reflect any emotions, atmosphere and characteristics of the scene?

4. Only use the information given and not bring in any outside knowledge, you can generate some new words by reasoning but avoid
excessive speculation and irrelevant association.

Here is an example:

Video caption: [0s : 10s]: "In the living room a black dog lies on the sofa".

Image captions: [Os : 10s]: "A black dog is lying on a khaki sofa and barking. White walls and a gray door can be seen in the picture."”

Audio caption: [2s : 8s]: "dog is barking with a sound of a police car".

The given time range is: [0s : 10s].

So the generated description within the given time range is: "In the living room, a black dog lies on the sofa, alertly barking at the

sound of a police car siren that echoes from outside.*

Video captions:

Image captions:

Audio captions and subtitles:
Previous event context:

The given time range is:

Figure 4. The prompts for the captioning of video clips, keyframes and audio clips, and integrating them for omni-modal events captions.



# Prompt for analyzing characteristics of omni-modal event captions

You are an Al assistant that can see and hear videos.

Please analyze the nature of the given video depiction, considering the following two aspects. Note that please only analyze based on the

information given in the depiction, avoid speculation and irrelevant information.

1. Audio-visual correlation: Determine which types of audio-visual correlation exist in the depiction. Answer yes or no for each type.

* Synchronicity: The audio and visual elements are aligned both semantically and temporally, such as seeing and hearing a dog bark
simultaneously.

* Complementary: The audio and visual information are not semantically or time-aligned, but complement each other, providing multi-
faceted information.

* Temporal association: The audio and visual events occur one after another, such as cheers of the audience after the goal/performance,
the thunder is seen on the screen before it is heard.

* Corrective: The sound information corrects the visual description, e.g., the visual information shows an outdoor celebration, but the
sound actually reflects a protest march or dubbing a funny video.

* Causality: An event in one modality causes an event in another modality to occur, for example, the sound of outdoor sirens causes
people to run and dogs to bark.

* Enhancement: Sound information enhances the atmosphere, for example, the background sound in the movie creates a tense
atmosphere of the plot and crying and laughing reflect the emotional state. Visual description alone cannot reflect emotional
expression.

* Scene-aware: Sound information reflects scene context in videos, e.g., birdsong, wind, waves reflect wild environment; vehicle
engine horns reflect urban environment.

* Visual-only: The depiction only contains visual elements.

* Audio-only: The depiction only contains audio elements.

2. Temporal changes: Determine if there are any descriptions involving temporal changes in the depiction, such as transitions between

shots, or events changing over time. Answer yes or no.

The given depiction:
Please output in the form of a dictionary: {audio-visual correlation: {typel: yes or no, type2: yes or no, ...}, Temporal changes: yes or no}

Figure 5. The prompt used to analyze and identify audio-visual correlations and temporal dynamics in our omni-modal event captions.

# Prompt for omni-modal instruction tuning data generation

You are an Al assistant that can see and hear with the task of analyzing a single video.

Craft a conversation between yourself and a user discussing the video's content. Develop responses that embody the persona of an active
audio-visual Al assistant, capable of perceiving the video using both visual and audio information and providing insightful answers.
Include inquiries about temporal perception and reasoning, like events preceding or succeeding specific occurrences, or requesting
timestamps for particular actions or events.

Ensure that the questions can be definitively answered based on the perceivable video content or confidently ascertainable absence from
the video. Utilize the timestamps <s?> and <e?> to create contextual questions considering the temporal relationships between events.
The conversations should be concise.

Here's an illustrative example: <Example>

Events:
From <s1>to <el>: Captionl.
From <s2> to <e2>: Caption2.

From <s3> to <e3>: Caption3.

Dialogue:

Figure 6. The prompt used to generate omni-modal instruction tuning data.




Omni-Modal Segment Captioning
O

11.9s 133.8s 147.4s
@ Can you describe what occurred from 11.9s to 133.8s in the
video?
ﬂ During this time, the video shows a group of people rowing
VTimeLLM Hoflajboats
@ A group of people in colorful canoes paddle in unison, their

synchronized movements creating a vibrant spectacle on the
Ours water, while a man's voice cheers them on, his words
occasionally drowned out by the roar of the crowd and the

splashing of water.

Figure 7. Additional qualitative results on omni-modal segment
captioning task. The sample is from LongVALE test set.

Omni-Modal Temporal Video Grounding

At which time interval can we find {The video transitions

@ from a close-up of a man holding a baseball, likely
examining it before a throw, to a wider shot of the bustling
stadium with fans cheering as the game continues. You can
hear the excited chatter of the crowd and a man describing
the action, remarking on a fan's impressive catch} taking
place in the video?

ﬂ From 0s to 30.2s.

VTimeLLM

@ From 9.9s to 29.9s.

Ours

39.7s 56.5s 179.8s
At which time interval can we find {The video shifts from a
@ bustling train station, where two women wait to board a

train, to a woman speaking about her journey to Europe,
while standing with a young boy in a red-walled subway car}

taking place in the video?

ﬂ From 21.6s to 52.1s.

VTimeLLM
gqeep
m From 41.3s to 55.7s.
Ours

Figure 8. Qualitative results on omni-modal temporal video
grounding task. The sample is from LongVALE test set. The
ground-truth boundaries are displayed in green.

General AVQA

Video duration: 60.0s  GT: Left
@ Where is the loudest instrument?
(o) ‘ ‘ h
The loudest instrument is the saxophone, which is
Ours featured prominently on the left side of the video. &/

Figure 9. Additional qualitative results on general audio-visual
question answering (AVQA) task. The sample is from Music-
AVQA test set.

358k

@ Could you please detail the events that took place during
different time segments in the video?

ﬂ From Os to 98s, a group of people are seen walking down a field.
VTimeLLM

From 0s to 5.8s, a large group of people, dressed in matching

lgl orange and yellow uniforms, stand on a grassy field, their
faces turned towards the camera as they cheer and clap, their
Ours excitement building as a man's voice can be heard, likely a
commentator.

From 5.8s to 115s, as the camera pans across the lively
stadium, capturing the vibrant orange and yellow uniforms of
the players and the enthusiastic cheers of the crowd.

10s 336s

@ Could you please detail the events that took place during
different time segments in the video?

& From Os to 285.6s, a woman is seen driving a car and talking
VTimeLLM to the camera

From 0s to 6.7s, a woman, wearing a patterned top, sits in

Igl the driver's seat of a moving car, speaking directly to the
camera about her plans for the day.
Ours From 6.7s to 10.1s, the woman, now wearing a patterned top,

continues her conversation with the camera, explaining that
she's on her way to a gas station to fill up her car.

From 10.1s to 13.4s, the woman, now pulls up to the gas pump
and begins pumping gas, explaining to the camera that she's
filling up her car.

From 13.4s to 336s, the woman continues pumping gas,
explaining to the camera that she's filling up her car.

Figure 10. Qualitative results on omni-modal dense video caption-
ing task. The sample is from LongVALE test set.
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