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Abstract

Large language models (LLMs) have demonstrated remark-
able capabilities in natural language and multimodal do-
mains. By fine-tuning multimodal LLMs with temporal an-
notations from well-annotated datasets, e.g., dense video cap-
tioning datasets, their temporal understanding capacity in
video-language tasks can be obtained. However, there is a
notable lack of untrimmed audio-visual video datasets with
precise temporal annotations for events. This deficiency hin-
ders LLMs from learning the alignment between time, audio-
visual events, and text tokens, thus impairing their ability to
localize audio-visual events in videos temporally. To address
this gap, we introduce PU-VALOR, a comprehensive audio-
visual dataset comprising over 114,081 pseudo-untrimmed
videos with detailed temporal annotations. PU-VALOR is de-
rived from the large-scale but coarse-annotated audio-visual
dataset VALOR, through a subtle method involving event-
based video clustering, random temporal scaling, and permu-
tation. By fine-tuning a multimodal LLM on PU-VALOR, we
developed AVicuna, a model capable of aligning audio-visual
events with temporal intervals and corresponding text tokens.
AVicuna excels in temporal localization and time-aware di-
alogue capabilities. Our experiments demonstrate that AVi-
cuna effectively handles temporal understanding in audio-
visual videos and achieves state-of-the-art performance on
open-ended video QA, audio-visual QA, and audio-visual
event dense localization tasks.

Introduction
Large Language Models (LLMs) have recently advanced
natural language processing (NLP), evolving into Multi-
modal LLMs (MLLMs) capable of comprehending various
modalities like text, images, audio, and videos (Chen et al.
2023a; Zhang et al. 2023b; Liu et al. 2023; Lin et al. 2023a;
Xu et al. 2023; Zhang et al. 2023a). Despite the advance-
ments, MLLMs still struggle to provide a fine-grained un-
derstanding of spatial or temporal details in multimodal con-
texts. To address these limitations, several works have ex-
plored (Chen et al. 2023a; Xuan et al. 2023) incorporat-
ing object bounding box coordinates in natural language for-
mat into image-text data, enabling MLLMs to directly iden-
tify the location of objects in images using natural language
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and respond accurately to user-provided bounding box co-
ordinates, thereby enhancing fine-grained region-level un-
derstanding (Chen et al. 2023a; Xuan et al. 2023; Peng
et al. 2023; Bai et al. 2023). While MLLMs have demon-
strated potential in fine-grained image understanding, it’s
equally crucial to extend their capabilities to the video do-
main to achieve detailed video comprehension. Some recent
advancements (Yang et al. 2023; Li et al. 2023b; Wang et al.
2023a; Huang et al. 2024; Zhang et al. 2024) have lever-
aged natural language for temporal predictions in video un-
derstanding tasks, such as dense video captioning, video
temporal grounding, etc. These approaches have demon-
strated competitive performance compared to traditional
regression-based methods while retaining general capabili-
ties, such as video question answering (Video QA). How-
ever, these methods predominantly concentrate solely on vi-
sual content, overlooking the dynamic and multimodal na-
ture of the real world. For example, audio-visual content in
videos represents a common form of such data. By integrat-
ing various modalities, including sound, we can achieve a
more comprehensive analysis of content. As we delve deeper
into this integration, it faces two significant challenges:

(1) In contrast to the abundance of dense video caption
datasets, the audio-visual domain faces a significant bottle-
neck due to the lack of datasets providing detailed audio-
visual event captions with accurate timestamp annotations.

(2) Developing audio-visual learning methods that effec-
tively capture the intricate blend of auditory and visual cues,
enabling them to interpret complex, intertwined information
across various events within videos.

To tackle the challenge (1), we propose a practical
yet straightforward pipeline that leverages the VALOR-
32K (Chen et al. 2023b) dataset with high-quality audio-
visual captions to construct PU (Pseudo-Untrimmed) -
VALOR dataset contains audio-visual videos with corre-
sponding temporal boundary annotations. The PU-VALOR
dataset is created by applying Random Temporal Scaling
and Permutation to videos clustered by captions. This in-
novative approach, aimed at generating Pseudo-Untrimmed
videos, theoretically enables the creation of an unlim-
ited number of untrimmed videos. Consequently, the PU-
VALOR dataset features over 114k video-caption pairs, each
annotated with precise boundaries, thus offering a contribu-
tion toward enriching the audio-visual research domain.
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Figure 1: Left: AVicuna’s four-stage fine-tuning aligns natural language with exact time segments in audio-visual videos,
highlighting its adeptness in dynamic content analysis. Right: AVicuna’s superior performance across various video and audio-
visual understanding tasks compared to other models.

Moving forward from the proposed dataset, we recog-
nize the second challenge in audio-visual learning: accu-
rately modeling the temporal dynamics in untrimmed audio-
visual content. Previous methods (Shu et al. 2023; Zhang
et al. 2023b; Su et al. 2023; Lyu et al. 2023) have often
combined embeddings from different modalities into sin-
gle embeddings without adequately considering their intrin-
sic temporal relation. To tackle this critical issue, we intro-
duce AVicuna, which comprises Multimodal Encoders, two
Connective Adapters, an Audio-Visual Token Interleaver
(AVTI), and an LLM. Multimodal Encoders extract embed-
dings from vision and audio modalities, which are aligned
with the LLM’s token space through Connective Adapters.
The AVTI orchestrates the temporal relation of tokens from
audio and video by creating interleaved audio-visual to-
ken sequences as inputs for the LLM. We employ a multi-
stage fine-tuning approach to enhance AVicuna’s capabil-
ities, focusing on four critical stages: Vision-Text Align-
ment, Audio-Text Alignment, Time-Event Alignment, and
Instruction Tuning. To foster effective alignment between
multimodal tokens and LLM’s token space, we have also ag-
gregated several audio datasets, including AudioSet (Gem-
meke et al. 2017), AudioCap (Kim et al. 2019), and Auto-
ACD (Sun et al. 2023), to form a comprehensive audio-
text dataset with 222K pairs, termed A5-222K (Audio-text
Alignment with AudioSet, AudioCap, and Auto-CAD).

Our experiments demonstrate that the AVicuna fine-tuned
on PU-VALOR achieves outstanding performance in both
coarse-grained QA tasks and fine-grained temporal un-
derstanding tasks, as Figure 1 shown. It surpasses most
LLM-based video understanding models and sets a new
benchmark in the Audio-Visual Event Dense Localization
(AVEDL) task.

In summary, our contributions are three-fold:

• We propose a novel approach to synthesize pseudo-
untrimmed audio-visual videos and corresponding tem-
poral boundary annotations using high-quality captions
from the VALOR dataset, resulting in the PU-VALOR
dataset.

• We introduce AVicuna, an audio-visual LLM with an
Audio-Visual Token Interleaver and Time-Event Align-
ment Tuning on the PU-VALOR dataset, which achieves
temporal synchronism and fine-grained understanding in
audio-visual videos.

• Our experiments demonstrate that AVicuna significantly
advances the state-of-the-art in the AVEDL task and ex-
hibits strong performance in both coarse-grained QA and
fine-grained temporal understanding tasks.

Related Work
Untrimmed Video Understanding. Temporal localiza-
tion is key for understanding long-form videos by linking
specific segments to their semantics. Key tasks include tem-
poral video grounding (Luo et al. 2023a; Wang et al. 2022b),
dense video captioning (Wang et al. 2021a; Yang et al.
2023), and video highlight detection (Lei et al. 2021; Jiang
et al. 2023). However, action localization and highlight de-
tection models often rely on predefined labels (Zhang et al.
2022a), limiting the scope. Recent work on event boundary
detection (Shou et al. 2021; Wang et al. 2022a; Tang et al.
2023) and dense captioning (Krishna et al. 2017) aims to ad-
dress these constraints using event description datasets (Lin
et al. 2023b). Despite this, most models still rely on re-
gression for temporal predictions, requiring extra heads for
captioning and regression (Wang et al. 2021b; Zhang et al.
2022b; Tang et al. 2022). Recent LLM advancements offer a
shift by using natural language to directly specify temporal
locations, offering a more intuitive approach.
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Figure 2: Pipeline for creating the PU-VALOR dataset, which involves extracting text embeddings from high-quality audio-
visual captions of the original trimmed VALOR-32K dataset, clustering these embeddings, and then applying Random Temporal
Scaling & Permutation to generate pseudo-untrimmed videos. These synthesized videos are then annotated with temporal
boundaries using a template-based approach to facilitate the following audio-visual time-event alignment.

Multimodal LLMs. The development of Multimodal
LLMs (MLLMs) has been driven by advancements
in LLMs, enabling the integration of multimodal in-
puts (Alayrac et al. 2022; Liu et al. 2023; Hu et al. 2022b;
Wang et al. 2023b; Hua et al. 2024a; Bi et al. 2023, 2024;
Tang et al. 2024a). Flamingo (Alayrac et al. 2022) uti-
lizes visual in-context learning for visual question answer-
ing, while LLaVA (Liu et al. 2023) introduces visual in-
struction tuning to enhance visual understanding. Models
like VisionLLM (Wang et al. 2023c), KOSMOS-2 (Peng
et al. 2023), (Chen et al. 2023a), and Qwen-VL (Bai et al.
2023) further advance MLLMs with visual grounding. Re-
cent advancements such as VideoChat (Li et al. 2023b),
ChatVideo (Wang et al. 2023a), V2Xum-LLM (Hua et al.
2024b), Valley (Luo et al. 2023b), and VTimeLLM (Huang
et al. 2024) extend this fine-grained understanding to dy-
namic video content using natural language to define tem-
poral boundaries without special tokens. We integrate audio
cues to offer a more comprehensive approach to audio-visual
temporal understanding tasks.

Audio-Visual Video Datasets. Increasing attention is be-
ing directed toward LLMs that support audio-visual inputs,
such as Video-LLaMA (Zhang et al. 2023b), PandaGPT (Su
et al. 2023), Macaw-LLM (Lyu et al. 2023), and AV-
LLM (Shu et al. 2023), which are trained on audio-visual
video datasets to enhance understanding of audio-visual
content. However, these models struggle with fine-grained
understanding of long or untrimmed videos due to the lack
of detailed annotations in existing datasets. The VALOR
dataset (Chen et al. 2023b) offers high-quality audio-visual
captions but consists of trimmed 10-second clips. Other

datasets like VGG-Sound-AVEL100K (Zhou et al. 2023),
AVVP (Tian et al. 2020), UnAV-100 (Geng et al. 2023),
and LFAV (Hou et al. 2023) provide temporal annotations
but lack rich captioning. While AVSD (Alamri et al. 2019)
and MUSIC-AVQA (Li et al. 2022) offer quality question-
answer pairs, their temporal questions lack precise times-
tamps. This gap in datasets limits the models’ ability to learn
the relationship between audio-visual context and temporal
boundaries. Table 1 compares important features across dif-
ferent video datasets, including untrimmed videos, audio-
visual modalities, captions, and timestamps.

Dataset Un-
trimmed

Audio-
Visual Captions Time-

stamps

ActivityNetCaps ✓ × ✓ ✓
InternVid ✓ × ✓ ✓
VGGSound-AVEL × ✓ × ✓
AVVP × ✓ × ✓
LFAV ✓ ✓ × ✓
UnAV-100 ✓ ✓ × ✓
VALOR × ✓ ✓ ×
PU-VALOR (ours) ✓ ✓ ✓ ✓

Table 1: Comparison of datasets based on untrimmed videos,
audio-visual modalities, captions, and timestamps, showcas-
ing the full coverage of all attributes by our PU-VALOR
dataset.
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Methodology
PU-VALOR Dataset
One of the primary challenges in untrimmed audio-visual
video understanding is the scarcity of datasets with fine-
grained annotations for temporal audio-visual events. To
tackle this issue, we propose a practical yet straightfor-
ward pipeline, as illustrated in Figure 2, to utilize the exist-
ing VALOR-32K audio-visual dataset (Chen et al. 2023b),
which comprises exclusively trimmed videos. By synthesiz-
ing untrimmed videos with precise temporal labels, we have
created the PU-VALOR dataset that enables LLMs to learn
the alignment among temporal cues, audio-visual events,
and text tokens.

Clustering Videos with Similar Events. When creating
untrimmed videos from trimmed clips, it is crucial to main-
tain semantic coherence within the untrimmed video to en-
sure a natural flow of content. This means that transitions be-
tween different segments should not be abrupt or disjointed,
as such sudden shifts can disrupt the viewer’s understand-
ing. To ensure the content within an untrimmed video is se-
mantically related, we group similar video segments based
on the semantic similarity of their captions for follow-up
untrimmed video generation.

We utilize a text encoder Etxt to embed captions from
the video-caption pairs {(v1, c1), (v2, c2), . . . , (vn, cn)}
sourced from the VALOR-32K dataset. For each cap-
tion ci, the embedding is given by: c̄i = Etxt(ci) Next,
we apply a clustering algorithm to the set of embed-
dings {c̄1, c̄2, . . . , c̄n} to identify and group videos with
similar events, resulting in clusters denoted as K =
{k1, k2, . . . , km}. From each video cluster k, we randomly
select one and then identify the m − 1 most similar clips
within the same cluster. This selection is defined by:

Sk = {vi | vi ∈ Vk, where i ∈ {1, 2, . . . ,m}}. (1)

We repeat this process for each cluster until no more than m
clips remain in any cluster. This process ensures that each
set of m clips is closely related in content.

Random Temporal Scaling & Permutation. To ensure
diverse temporal relationships between the clips, for each se-
lected video vi ∈ Sk, we randomly scale its duration within
the range [Tmin, Tmax] as

T new
vi

= Tvi × random(Tmin, Tmax). (2)

Then, we shuffle the order of the selected videos Sk and
concatenate the videos in Sk to form a new untrimmed video
Uk:

Uk = vπ(1)||vπ(2)|| . . . ||vπ(m), (3)

where π is a random permutation of the indices
{1, 2, . . . ,m}.

Annotation. As we know the original duration Tvi and the
scaled duration T new

vi
for each video, we can map captions to

specific temporal intervals in Uk. If the original duration for
a caption in vi is di, the new timestamp in Uk becomes:

[tnew
start,i, t

new
end,i] = [Toffset,i, Toffset,i + di · ϵ] (4)

where Toffset is the cumulative duration of all preced-
ing videos in Uk after scaling, and the scaling factor
ϵ = T new

vi
/Tvi

. We annotate temporal intervals [tnew
start,i, t

new
end,i]

within Uk to correspond with the content described by the
captions ci.

AVicuna Model
Overview. Figure 3 illustrates AVicuna’s architecture,
comprising Multimodal Encoders, Connective Adapters, an
Audio-Visual Token Interleaver (AVTI), and an LLM. The
encoders extract embeddings aligned to the LLM’s token
space, and the AVTI interleaves them, with an Audio-
Interleaving Rate (AIR) enhancing temporal synchronism.

Multimodal Encoders. Multimodal Encoder includes Vi-
sion Encoder and Audio Encoder. For visual input, we em-
ploy the CLIP ViT-14/L (Radford et al. 2021) as Vision En-
coder to extract visual embeddings F = {fi}Mi=1, where M
denotes the number of visual embeddings. When the input is
image, M = 1. For audio input, we utilize CLAP (Elizalde
et al. 2023) as Audio Encoder to obtain audio embeddings
A = {ai}Ni=1, with N representing the number of audio em-
beddings.

Connective Adapters. To avoid interference between the
different modalities during the alignment, we adopt two
MLPs as Vision Adapter and Audio Adapter for visual em-
beddings and audio embeddings, respectively, to get visual
tokens F̄ = {f̄i}Mi=1 and audio tokens Ā = {āi}Ni=1 that are
aligned with LLM’s token space.

Audio-Visual Tokens Interleaver. Unlike simply adding
positional embeddings to audio and video embeddings in
previous work (Lyu et al. 2023; Shu et al. 2023), the Audio-
Visual Token Interleaver (AVTI) rearranges video and au-
dio embeddings without altering their sequence order, keep-
ing the overall token length constant. The audio-interleaving
rate (AIR), denoted as ρ ∈ [0, 1], controls the ratio of video
to audio tokens. Audio tokens and video tokens are interpo-
lated or downsampled to Ã = {ãi}Ñi=1 and F̃ = {f̃i}M̃i=1,
where Ñ = ρT and M̃ = (1 − ρ)T , with T being the to-
tal sequence length generated by AVTI. As shown in Fig-
ure 3, AVTI systematically interleaves audio and video to-
kens, preserving their original order to maintain temporal
alignment. The output, represented by the audio-visual con-
text Ψ = {ψt}Tt=1, is given by:

ψt =

{
ã⌈t/(ωρ+1)⌉ if t mod (ωρ + 1) ≡ 0,

f̃⌈t/(ωρ+1)⌉ otherwise,
(5)

where ωρ = ⌊ 1−ρ
ρ ⌋. Each context token represents both

the audio-visual content and its temporal position within the
video.

Large Language Model. We use the fine-tuned Vicuna-
7B-v1.5 (Touvron et al. 2023) as our LLM to process inter-
leaved audio-visual tokens and user queries Q, generating
responses R:

R = LLM(I,Q), (6)
where I ∈ {F̄ , Ā,Ψ} represents vision, audio, or both.
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Figure 3: AVicuna model architecture and fine-tuning process. Vision and Audio Adapters are MLPs that align modalities with
LLM. The Audio-Visual Tokens Interleaver ensures temporal synchronization. LoRA fine-tuning aligns temporal boundaries
with events and enhances instruction-following capabilities.

Multi-stage Fine-tuning
In AVicuna training, aligning embeddings from other modal-
ities to the LLM’s token space is preferred, using Video-
Text and Audio-Text Alignment. To enable specific tem-
poral patterns, we fine-tune LoRA (Hu et al. 2022a) dur-
ing Time-Event Alignment. Recent studies (Huang et al.
2024) indicate this may affect question-answering, mitigated
by Instruction Tuning. We thus employ a four-stage fine-
tuning process, with datasets detailed in our technical ap-
pendices (Tang et al. 2024b).

Stage I & II: Multimodal-Text Alignment. In Vision-
Text Alignment, we fix the Vision Encoder and LLM, up-
dating only the Vision Adapter, using LCS-558K (Liu et al.
2023), a 558K image-text pair subset from LAION-CC-SBU
with BLIP (Li et al. 2023a) captions. Here, I = F̄ , Q is a
visual content query, and R is the image caption. In Audio-
Text Alignment, we fix the Audio Encoder and LLM, updat-
ing only the Audio Adapter, using A5-222K, a 222K audio-
text dataset compiled from AudioSet (Gemmeke et al. 2017),
AudioCap (Kim et al. 2019), and Auto-ACD (Sun et al.
2023). Here, I = Ā, Q is an audio content query, and R
is the audio caption.

Stage III: Time-Event Alignment. We freeze the fine-
tuned Audio and Vision Adapters, updating only the
LoRA (Hu et al. 2022a) parameters in the LLM. We cre-
ate Q-R pairs with time-related information from the PU-
VALOR datasets, including (1) Time-referenced Query,

Time-agnostic Response: {(Q,R)|τ ⊑ Q, τ ̸⊑ R)},
and (2) Time-agnostic Query, Time-referenced Response:
{(Q,R)|τ ̸⊑ Q, τ ⊑ R)}, where τ :=”from τs to τe” and
τs, τe are event time points. Inputs (I) can be visual, au-
dio, or combined; we use the InternVid (Wang et al. 2023d)
dataset to enrich visual event alignment training.

Stage IV: Instruction Tuning. Finally, we fine-tune AVi-
cuna on instruction-following datasets, including UnAV-
100 (Geng et al. 2023) for event localization, and other in-
struction datasets such as VideoInstruct100K (Maaz et al.
2023), ActivityNet Captions (Krishna et al. 2017), and
DiDeMo (Anne Hendricks et al. 2017), to improve question-
answering and mitigate previous tuning effects (Huang et al.
2024). At this stage, I is also Ψ or F̄ , Q is a general instruc-
tion, and R is the corresponding response.

Experimental Results
Experiment Setups
Metrics. We evaluate temporal understanding using tasks
across various domains: Video Question Answering (Video
QA), Audio-visual Video Question Answering (AVQA),
and Audio-Visual Event Dense Localization (AVEDL).
For General Video QA, zero-shot evaluation is performed
on the MSVD-QA (Chen and Dolan 2011), MSRVTT-
QA (Xu et al. 2016), and ActivityNet-QA (Yu et al. 2019)
datasets, with open-ended QA tasks evaluated using GPT
scoring (Maaz et al. 2023). AVQA tasks are assessed on
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Method A&V TU #Pairs LLM-size AVSD MUSIC-QA MSVD-QA MSRVTT-QA ActivityNet-QA

Valley × × 1.5M 13B - - 65.4 45.7 26.5
VideoChat × ✓ 25M 7B - - 56.3 45.0 26.5
Video-ChatGPT × ✓ 0.9M 7B - - 64.9 49.3 35.2
VTimeLLM × ✓ 0.7M 7B - - 69.8 58.8 45.5
MA-LLM × ✓ - 7B - - 60.6 48.5 49.8
PandaGPT ✓ × 128M 13B 26.1 33.7 46.7 23.7 11.2
Macaw-LLM ✓ × 0.3M 7B 34.3 31.8 42.1 25.5 14.5
AV-LLM ✓ × 1.6M 13B 52.6 45.2 67.3 53.7 47.2
Video-LLaMA ✓ ✓ 2.8M 7B 36.7 36.6 51.6 29.6 12.4

AVicuna (ours) ✓ ✓ 1.1M 7B 53.1 49.6 70.2 59.7 53.0

Table 2: Comparison with existing LLM-based methods on open-ended video QA (MSVD-QA, MSRVTT-QA, ActivityNet-
QA) and AVQA (AVSD, MUSIC-AVQA) benchmarks. A&V: the model supports both video and audio input. TU: the model
can perform temporal understanding task, e.g., temporal grounding and localization. #Pairs: the instruction-response pairs for
instruction tuning. LLM-size: the number of parameters in the LLM adopted.

the AVSD (Alamri et al. 2019) and MUSIC-AVQA (Li
et al. 2022) datasets. The AVEDL task uses the UnAV-
100 (Geng et al. 2023) dataset, with performance mea-
sured by mean Average Precision (mAP) at Intersection over
Union (tIoU) thresholds [0.5:0.1:0.9] and the average mAP
across [0.1:0.1:0.9].

Baseline Models. For AVQA tasks, we evaluate LLM-
based models, including PandaGPT (Su et al. 2023),
Macaw-LLM (Lyu et al. 2023), and AV-LLM (Shu et al.
2023), which support audio-visual input. For the video QA
task, except for the models mentioned above, we also com-
pare with Vally (Luo et al. 2023b), VideoChat (Li et al.
2023b), VTimeLLM (Huang et al. 2024), and MA-LLM (He
et al. 2024). For AVEDL tasks, we include non-LLM base-
lines such as VSGN (Zhao et al. 2021), TadTR (Liu et al.
2022), ActionFormer (Zhang et al. 2022a), UnAV (Geng
et al. 2023), and UniAV-AT/ST (Geng et al. 2024).

Implementation Details. We uniformly extract a mini-
mum of 100 frames from each video to create an interleaved
sequence of audio-visual tokens. More details are provided
in our technical appendices (Tang et al. 2024b).

Comparison Experiments
General Video QA and AVQA. The video QA and
AVQA comparison results are shown as Table 2. AVicuna
supports both audio and video as input and handles tempo-
ral understanding tasks. Despite being fine-tuned with only
1.1M pairs and utilizing an LLM with 7B parameters, AVi-
cuna surpasses all other LLM-based models on both video
QA and AVQA benchmarks.

Audio-Visual Event Localization. The comparison re-
sults on the AVEDL tasks can be found in Table 3. In the
AVEDL task, AVicuna’s superior mAP scores, particularly
at the IoU threshold of 0.5 through 0.9, indicate its en-
hanced precision in localizing events within a video. The
results are impressive, considering they outperform other
LLM-based models and specialized non-LLM methods like
VSGN, TadTR, ActionFormer, and UnAV. This suggests that

Method 0.5 0.6 0.7 0.8 0.9 Avg.

VSGN 24.5 20.2 15.9 11.4 6.8 24.1
TadTR 30.4 27.1 23.3 19.4 14.3 29.4
ActionFormer 43.5 39.4 33.4 27.3 17.9 42.2
UnAV 50.6 45.8 39.8 32.4 21.1 47.8
UniAV-AT 54.1 48.6 42.1 34.3 20.5 50.7
UniAV-ST 54.8 49.4 43.2 35.3 22.5 51.7

AVicuna (ours) 60.0 50.4 49.6 43.5 36.5 60.3

Table 3: Comparison of the results on the UnAV-100 for the
AVEDL task.

Setting 0.5 0.6 0.7 0.8 0.9 Avg.

AVicuna 60.0 54.4 49.6 43.5 37.1 60.3
w/o PU-VALOR 19.5 14.3 10.2 6.8 4.5 27.9
w/o AVTI 50.1 45.2 40.2 34.2 29.4 51.1
w/o A5-222K 22.2 16.5 11.4 6.8 2.7 30.1
w/o Audio 29.0 23.9 18.8 13.6 8.8 35.8

Table 4: Ablation study on the dataset and model compo-
nents, which lead to decreases in mAP.

the AVicuna model has effectively leveraged its audio-visual
capabilities to provide a more nuanced understanding of the
temporal aspects of videos. We also conducted the video
temporal grounding (VTG) task on the ActivityNet Cap-
tions dataset, which can be found in our technical appen-
dices (Tang et al. 2024b).

Ablation Study
We conduct ablation studies as shown in Table 4 to assess
the impact of different components, datasets, and modalities
on AVicuna’s performance. Each row represents an inde-
pendent experiment where a specific component or dataset
is removed. Specifically, omitting the PU-VALOR or A5-
222K datasets, especially PU-VALOR, leads to significant
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Figure 4: AVicuna’s performances on UnAV-100 measured
by mAP scores at different AIRs.

performance drops, emphasizing their critical roles in Time-
Event Alignment and Audio-Text Alignment, respectively.
Removing the AVTI module also results in a decrease in per-
formance, further validating its necessity. Additionally, ex-
cluding audio inputs causes a marked reduction in accuracy,
underscoring the value of a multimodal approach.

Audio-Interleaving Rates Analysis

The ablation study further sheds light on the contribution
of different components to the model’s performance. We
conduct ablation studies on the Audio-Interleaving Rates
(AIR), denoted by ρ. Figure 4 shows AVicuna’s perfor-
mances on UnAV-100 datset for AVEDL task. The scores
generally increase with the AIR up to 25-30%, indicating
optimal audio-visual integration, and then decline, suggest-
ing that excessive audio information may be detrimental.
The performance gap between different IoU thresholds nar-
rows at higher AIRs. The highest mAP is achieved at 25%
AIR across all thresholds, indicating an optimal balance be-
tween audio and video information. The complete results are
shown in our technical appendices (Tang et al. 2024b).

Qualitative Analysis

Figure 5 presents three examples of AVicuna’s audio-visual
dialogue capabilities. In the first video, involving a Jeep
with persistent engine noise, AVicuna accurately identi-
fies the time intervals where the engine is knocking. The
second video shows people live-streaming while eating
pomegranates; AVicuna correctly skips the intro, focuses
on the specified time interval, and describes the chew-
ing sounds. In the third video, where two people play
silent musical instruments, AVicuna accurately responds
with “NO”, showcasing its ability to provide correct neg-
ative responses—a common challenge for existing models.
These examples demonstrate AVicuna’s flexibility in han-
dling videos of varying lengths and resolutions. More exam-
ples can be found in our technical appendices (Tang et al.
2024b).

Figure 5: Qualitative results. Blue indicates ground-truth,
green indicates the time intervals the user gives, and orange
represents the model predictions.

Conclusion
We present a comprehensive approach to enhancing audio-
visual temporal understanding in untrimmed videos us-
ing MLLMs. We introduced a novel method to construct
a pseudo-untrimmed dataset, PU-VALOR, which provides
pseudo-untrimmed audio-visual videos with accurate tem-
poral boundary annotations, addressing the scarcity of
datasets in the audio-visual domain. Furthermore, we devel-
oped AVicuna, an audio-visual LLM incorporating an AVTI
and Time-Event Alignment to achieve fine-grained under-
standing and temporal synchronism in audio-visual videos.
Our experiments demonstrate that AVicuna achieves state-
of-the-art performance in various video and audio-visual un-
derstanding tasks, supporting both coarse-grained QA and
fine-grained temporal understanding.
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