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Temporal localization

Q Please describe the events and time range that occurred in the video.

1 AVE/AVVP/AVQA/AVS/ARIG/...
A red car appears from a distance and
drives down a dirt road, kicking up %
* dust and creating a cloud of smoke. ‘e,
o

The car is visible and audible from the °

m 4th to the 9th second. ‘e,

& What is the left
instrument of the first
sounding instrument? &

In the video, three people are playing musical instruments in front of a
Christmas tree. The man on the left is playing the cello, the man in the middle
is playing the violin, and the man on the right is playing the piano. At the 2nd
second, the piano sounds first. Then, starting from the 4th second, three
instruments play together. The instrument on the left of the piano is the cello.
So the answer is cello.

@ Temporal localization
Spatial localization
Spatio-temporal reasoning

© Pixel-level understanding

Audio-visual scene understanding task

g Please recognize the category of
object that makes the sound and then
output the location
coordinates.

Pixel-level understanding

Please segment out
the object that makes
sound on the left.

g Please segment out
the sounding object.

Figure 1. We present Crab, a unified audio-visual scene understanding model with explicit cooperation, which can complete various
audio-visual tasks. It is trained on an instruction-tuning dataset with explicit reasoning process, which clarifies the cooperative relationship
among tasks. Furthermore, to alleviate the interference caused by the learning process of complex audiovisual data and facilitate concrete
cooperation, an interaction-aware LoRA structure is designed to enable the model focus on different aspects of data interaction.

Abstract

In recent years, numerous tasks have been proposed to
encourage model to develop specified capability in un-
derstanding audio-visual scene, primarily categorized into
temporal localization, spatial localization, spatio-temporal
reasoning, and pixel-level understanding. Instead, hu-
man possesses a unified understanding ability for diver-
sified tasks. Therefore, designing an audio-visual model
with general capability to unify these tasks is of great
value. However, simply joint training for all tasks can
lead to interference due to the heterogeneity of audiovi-
sual data and complex relationship among tasks. We ar-
gue that this problem can be solved through explicit coop-
eration among tasks. To achieve this goal, we propose a
unified learning method which achieves explicit inter-task

“Intern at Tencent PCG, ®Corresponding author.

cooperation from both the perspectives of data and model
thoroughly. Specifically, considering the labels of existing
datasets are simple words, we carefully refine these datasets
and construct an Audio-Visual Unified Instruction-tuning
dataset with Explicit reasoning process (AV-UIE), which
clarifies the cooperative relationship among tasks. Subse-
quently, to facilitate concrete cooperation in learning stage,
an interaction-aware LoRA structure with multiple LoRA
heads is designed to learn different aspects of audiovisual
data interaction. By unifying the explicit cooperation across
the data and model aspect, our method not only surpasses
existing unified audio-visual model on multiple tasks, but
also outperforms most specialized models for certain tasks.
Furthermore, we also visualize the process of explicit coop-
eration and surprisingly find that each LoRA head has cer-
tain audio-visual understanding ability. Code and dataset:
https://github.com/GeWu-Lab/Crab
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1. Introduction

“Alone we can do so little; together we can do so much.”
— Helen Keller

Over the past few years, many works have explored the
utilization of audio and visual modality to enhance general
scene understanding, thereby deriving multiple tasks, pri-
marily categorized into temporal localization, spatial local-
ization, spatio-temporal reasoning, and pixel-level under-
standing. Moreover, several reviews [53] have also pro-
vided detailed analysis for these tasks from novel perspec-
tive. These tasks include audio-visual event localization
(AVE) [47], audio-visual video parsing (AVVP) [48], au-
dio referred image grounding (ARIG) [43], audio-visual
question answering (AVQA) [26], audio-visual segmenta-
tion (AVS) [61, 62] and reference audio-visual segmenta-
tion (Ref-AVS) [52], efc. Specifically, AVE and AVVP
tasks focus on temporal localization, where the model needs
to accurately predict the events occurring in the video and
their temporal boundaries. The purpose of ARIG task is to
endow models with grounding capabilities, enabling them
to locate the position of sounding objects. The AVQA
task requires the model to integrate temporal and spatial
information to answer questions. To complete AVS and
Ref-AVS tasks, the model needs to output segmentation
mask of target objects at pixel level. While significant ad-
vancements have been made in exploring these tasks, these
works [13, 16, 17, 28, 29, 34, 45, 52, 57] have mainly fo-
cused on completing specific task. By contrast, humans can
generally possess a general perception and understanding
for complex audio-visual scene, hence we also aspire to
equip the model with similar capability.

Unified general-purpose models can effectively transfer
knowledge across tasks, and even perform unobserved tasks
during training process. Early works primarily focused
on unifying multiple language tasks, such as GPT2 [39]
and PaLM [11]. Subsequently, large language models
(LLMs) [10, 49, 58] have demonstrated human-level per-
formance across various language tasks. Then researchers
further extend LLMs into multimodal domain. A line of
works [1, 4, 30] perform well on visual-language tasks. Re-
cently, utilizing LLMs to complete multiple audio-visual
tasks has become a goal pursued by the community [9, 12,
59]. They mainly accomplished this by naively curating
instruction-tuning dataset and training jointly on multiple
tasks, which is essentially an implicit approach to achieve
inter-task cooperation. Considering the heterogeneity of
audiovisual data and complex relationship among audio-
visual tasks, it is difficult to more effectively achieve mu-
tual cooperation among these tasks through such simple
paradigm. For example, for two different types of tasks,
temporal localization and spatial localization, instruction

fine-tuning is effective when applied to one type of task in-
dividually, but directly training jointly on these two tasks
could lead to interference.

We argue that this problem can be addressed through ex-
plicit cooperation among tasks from both data and model
perspectives, thoroughly. On the one hand, considering la-
bels of existing datasets are relatively simple words, they
are insufficient for different tasks to establish relationship.
Therefore, it is essential to augment existing datasets to ex-
plicitly clarify cooperative relationship among tasks. As
shown in Fig. 1, for spatio-temporal reasoning task, the la-
bel is no longer single words, but includes explicit reasoning
process, such as the time when the first instrument makes a
sound, the position of instruments, efc. These information
can help establish cooperation relationship among tasks. On
the other hand, implicit methods may cause interference in
the learning stage of heterogenous audiovisual data, hence
the models needs to focus on different aspects of audio-
visual data interaction, facilitating concrete cooperation in
learning stage. As shown in Fig. |, the model can focus on
multiple interaction aspects such as temporal, spatial, and
pixel-level, thereby facilitating concrete cooperation.

To achieve this goal, we propose a unified audio-
visual scene understanding model with explicit coopera-
tion. Specifically, we first refine existing multiple audio-
visual task datasets and construct an Audio-Visual Unified
Instruction-tuning dataset with Explicit reasoning process
(AV-UIE), which clarifies concrete cooperative relationship
among tasks. The learning objective is not only to predict
simple labels, but also includes explicit reasoning process,
which contains information from multiple spatio-temporal
dimensions. The model can rely on these information to es-
tablish relationship among tasks. Then, to alleviate interfer-
ence and facilitate concrete cooperation in learning stage,
an interaction-aware LoRA structure with multiple LoORA
heads is designed. Each head is responsible for learning
certain audiovisual data interaction aspect. By unifying ex-
plicit cooperation across data and model aspect, our method
not only surpasses existing unified audiovisual models on
multiple tasks, but also outperforms the specialized models
for certain tasks. Furthermore, we also visualize the pro-
cess of explicit cooperation and surprisingly find that each
LoRA head has certain audio-visual understanding ability.

Our contributions can be summarized as follows:

* Based on unification of audio-visual tasks, we propose an
approach of explicit cooperation, which solves the prob-
lem of unified learning of complex audiovisual data.

¢ We construct AV-UIE, an audio-visual unified instruction-
tuning dataset with explicit reasoning process, which clar-
ifies the cooperation relationship among tasks.

* We design an interaction-aware LoRA structure to focus
on different audiovisual data interaction aspects, thereby
facilitating concrete cooperation in learning stage.
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Figure 2. Our proposed AV-UIE dataset. (a) explains the specific process of dataset construction, and (b) is the data analysis for all tasks.

2. Related Works

Unified Learning for Multi-task. Pre-training language
models on a large amount of unlabeled text corpora has
become a standard practice, such as BERT [21]. To ad-
dress certain task, the model needs to be fine-tuned on cor-
responding downstream task. Therefore, researchers have
been interested in developing unified models to solve a wide
range of language tasks [2, 11]. Inspired by this success,
many efforts [7, 8, 35, 36, 55] have been devoted to build-
ing unified models that can apply to vision tasks. In this
work, we also use a unified interface to accomplish multi-
ple tasks, but we explore more complex audio-visual scene
understanding tasks.

Audio-Visual Unified MLLMs. Leveraging power-
ful reasoning capability of LLMs to accomplish multiple
audio-visual tasks has become a recent trend [9, 12, 44, 59].
VideoLLaMA 2 [9] integrated audio and video branch into
model through joint training, thereby enriching the model’s
multimodal understanding capability. MEERKAT [12]
builds a fine-grained large-scale audio-visual instruction-
tuning dataset, endowing the model with grounding abil-
ity in time and space. While these works have made sig-
nificant advancements, they simply construct instruction-
tuning dataset and conduct joint training on audio-visual
tasks. In contrast to these methods, we propose a unified
learning method that achieves explicit cooperation.

Multi-task LoRA. LoRA [18] is an approach that uti-
lizes limited computational resources to efficiently finetune
large language models. Researchers further explore the
combination of multiple LoRAs to handle complex tasks.
LoRAhub [19] trains multiple LoRA adapters separately,
and then selects appropriate combination of adapters during
inference process to complete specific task. These works
aim to use multiple LoRAs to address different downstream
tasks. Unlike them, in a multi-task unified framework, to
achieve the goal of explicit cooperation among audio-visual
tasks, we design an interaction-aware LoRA structure to de-
couple the model’s various capabilities.

3. AV-UIE Dataset

In order to clarify the explicit cooperative relationship and
enable model to establish connections among tasks, we con-
struct AV-UIE, an audio-visual unified instruction-tuning
dataset with explicit reasoning process. In Section 3.1, we
will introduce the construction process in detail, and in Sec-
tion 3.2 we provide an analysis for our dataset.

3.1. Dataset Construction

Our dataset is primarily an augmentation of existing audio-
visual task datasets. Considering the raw data labels are sin-
gle words or phrases, we transform these plain labels into
an explicit reasoning process. Figure 2(a) illustrates a de-
tailed construction procedure. Specifically, we first sample
an instance from the dataset of each task, which includes
audio, video, and simple labels. Then, using the in-context
learning method, we prompt existing powerful MLLMs to
output correct reasoning process based on provided infor-
mation. In this process, we ensure that the final label af-
ter transformation remains consistent with original label.
Finally, to ensure the quality of data, we filter out poor
quality instances and use manual annotation for correction.
For instance, in the example described in Figure 2(a), this
video shows a scene of three people playing musical instru-
ments. The question is “What is the left instrument of the
first sounding instrument?”, and the corresponding answer
is “cello”. Through our dataset construction process, a de-
tailed reasoning process can be obtained, which contains
rich information in terms of temporal and spatial, conducive
to temporal and spatial localization tasks.

Subsequently, following above construction procedure,
we transform the MUSIC-AVQA [26], AVE [47] fully su-
pervised, LLP [48], AVS-Bench [61] and Ref-AVS [52]
datasets.  Specifically, for MUSIC-AVQA and AVE
datasets, we directly transform the labels as described in
construction process. Since the training data of LLP dataset
only contains video-level event labels and lacks the tem-

We use Gemini 1.5 Pro to complete this process.
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w the piano. At the 2nd second, the piano sounds first. Then, starting
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on the left of the piano is the cello. So the answer is cello.
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Figure 3. The architecture of our unified audio-visual scene understanding model. It mainly consists of two parts: unified audio-visual
interface, which consists of three multimodal branches, and a large language model with interaction-aware LoRA structure. The audio
branch and visual branch process audio and video inputs respectively, while the segmentation branch is responsible for outputting the
segmentation mask. The model is trained on our AV-UIE dataset, which clarifies the cooperation relationship among tasks, as marked
by different colors on the right side of the figure. Content of same color in different tasks can help model establish cooperative relation-
ship among tasks. Furthermore, to alleviate the interference caused by the learning process of complex audiovisual data, we design an

interaction-aware LoRA structure to facilitate concrete cooperation.

poral boundaries of event occurrence, We use the same
MLLMs to annotate additional temporal information. The
transformed LLP dataset can also benefit from data related
to other temporal localization and spatio-temporal reason-
ing tasks, which contain precise temporal labels. For AVS-
Bench and Ref-AVS datasets, we explicitly add informa-
tion about the object making the sound. For spatial local-
ization task, we collect data from the AVS-Bench dataset
and obtain the bounding box of sounding object. Each
box is represented by its top-left and bottom-right corners,
ie., [TLeft, YTops TRights YBottom). To enhance the model’s
spatio-temporal ability, our dataset additionally includes the
perception dataset proposed by VALOR [6]. To this end,
we can obtain an instruction-tuning dataset with explicit
reasoning process, namely AV-UIE dataset. We provide
prompt and examples in the supplementary materials.

3.2. Dataset Analysis

Our dataset contains approximately 200K training sam-
ples with explicit reasoning process, as shown in Fig. 2(b).
The data of pixel-level understanding tasks account for
the largest proportion, reaching 41.6% (S4 1.7%, MS3
0.7%, AVSS 24.3% and Ref-AVS 14.7%), while spatial
localization (ARIG 25.8%) and spatio-temporal reason-
ing tasks (MUSIC-AVQA 15.7% and AVCap 10.1%) ac-
count for 25.8% each. The number of temporal localiza-
tion tasks is the smallest, accounting for 6.8% (AVE 1.7%
and LLP 5.1%). Compared to previous instruction-tuning
datasets [12, 31, 41], our dataset covers a wider range of
task types, including temporal, spatial localization, spatio-

temporal reasoning, and pixel-level understanding tasks. To
the best of our knowledge, it is the first dataset to cover
all these audio-visual scene understanding tasks. Moreover,
while the total amount of our data is relatively smaller for
each task, thanks to the explicit reasoning process, we can
still achieve superior results with a smaller amount of data.

4. Method

In this section, we present a detailed introduction to our
model. As depicted in Fig. 3, our framework comprises
two parts: i) unified audio-visual interface, which consists
of three multimodal branches, each responsible for process-
ing audio, visual, and segmentation mask output, i7), a large
language model with interaction-aware LoRA structure.

4.1. Unified Audio-Visual Interface

Visual branch. The visual branch comprises a visual en-
coder and a visual-language alignment module. We employ
a pre-trained CLIP-ViT-L/14 [40] encoder £'(-) as our vi-
sual encoder. Given T frames of video input V = {I; €
REXWXCAT \where H, W, C represent the height, width
and channels respectively, we extract the patch-level fea-
ture of each frame f, € RL»*P» where L,, and D, denote
the number of image tokens and feature dimension respec-
tively. The visual embeddings of video can be denoted as
F, = {fi}T_|. Then we use a Q-Former [30] with K,
learnable query tokens to compress the visual features into a
fixed number of tokens. These visual tokens will be aligned
to the textual semantic space through a two-layer MLP.

Audio branch. It consists of a pre-trained audio encoder
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and an audio-language alignment module. The audio en-
coder transforms the raw audio into an audio embedding.
We use BEATS [5] as audio encoder £4(+), which is trained
to extract audio semantics information using iterative self-
supervised learning. We select 7' audio segments corre-
sponding to the visual frames. For each audio segment a;,
we can obtain corresponding audio feature fi € REaxDa
where L, and D, are token numbers and feature dimension
of audio feature. The audio embeddings can be denoted as
F, = {f{}L,. Similarly, our audio-language alignment
module also comprises a Q-Former followed by a two-layer
MLP. Finally, we can get K, audio tokens aligned to the
textual space where K, is the number of learnable query
tokens. These tokens will be fed into the LLM.

Segmentation branch. Inspired by the success of
SAM [23] in image segmentation, recent works [24, 42]
have combined the mask decoder in SAM with LLMs
to complete segmentation task. Our segmentation branch
mainly consists of a mask decoder DM (-) with a similar
structure. To adapt the mask decoder to our model, we ex-
tend the original LLM vocabulary with multiple <MASK>
tokens, i.e. Cseg = {<MASK>1-}1N:0 where N is the number
of tokens, which signify the segmentation output. When
the model intends to generate a segmentation mask, the
output would include these <MASK> tokens. We then ex-
tract the LLM last-layer embeddings corresponding to these
<MASK> tokens. These embeddings serve as a prompt and
will be sent to the mask decoder together with the visual
embeddings F),. Finally the mask decoder predicts the seg-
mentation mask M € RE*HXW where C represents the
number of categories, H and W represent height and width
of mask image respectively.

4.2. Interaction-aware LoRA

LoRA [18] is a highly efficient method for finetuning
LLMs, enabling them to acquire specific capabilities. In
a standard LoRA structure, there are two trainable pairs of
rank decomposition matrices A € R"*" and B € R"*"
where h and r is the hidden dimension of LLMs and LoRA
rank. Rather than employing a single LoRA, multiple
LoRA structure employs multiple independent and smaller
LoRA, with each LoRA responsible for addressing a spe-
cific downstream task. Both structures have drawbacks
in unifying multiple tasks. The former relies on a fully
parameter-shared LoRA to implicitly learn the capabilities
needed for all tasks, making it difficult to achieve effective
task cooperation. The latter, with independent LoRAs for
each task, hinders inter-task cooperation.

Inspired by HydraLoRA [46], in order to enable the
model focus on different audiovisual data interaction as-
pects, we design an interaction-aware LoRA structure, a
specialized fine-tuning architecture for multi-task. Fig. 4
provides a detailed explanation of this structure. It mainly

—P| “* Pre-trained weights W, I

B0-Head

Bl-Head

B2-Head

Interaction-aware router R

Figure 4. The architecture of interaction-aware LoRA structure. It
comprises a shared matrix A and multiple matrices B, also known
as LoRA head. Matrix A learns common multimodal representa-
tions, while each LoRA head is dedicated to learn certain audiovi-
sual data interaction aspect.

consists of a shared parameter matrix A and multiple inde-
pendent matrices B, also known as LoRA heads. Differ-
ent from HydralLoRA, the purpose of our interaction-aware
LoRA structure is to alleviate interference of complex au-
diovisual data and facilitate concrete cooperation in learn-
ing stage. Under this structure, each head can focus on cer-
tain aspect of data interaction, with our expectations focus-
ing on temporal, spatial, and pixel-level, efc. Therefore, the
number of LoRA heads is not related to the task numbers,
but is determined by different types of data interaction.

Specifically, T' frames of video input and correspond-
ing audio segments first pass through the audio and visual
branch to obtain corresponding representations, then they
are concatenated and fed into the LLMs together with the
task instruction as the initial hidden states H:

H, = MLP,,(Q-Former, (£!(F,))) € RTK«>h (1)
H, = MLP,(Q-Former, (£4(F,))) € RTKaxh —(2)
Hy = g([H, 0 Hy 0 Hy)) € RTEvHKa)xh (3

where o denotes concatenation operation, H, is the text em-
bedding. Then, Hy will forward through each transformer
block in the LLMs. In each block, similar to the com-
mon use of LoRA, our interaction-aware LoRA structure
is added as a bypass branch in all linear layers. For each
linear layer, there is a pre-trained and frozen weight W,
The interaction-aware LoRA structure learns the change of
W,, denoted as AW. Given the input hidden embedding
H € RTEHK)XD e use n heads { B; }7_, to learn AW,
each head is responsible for learning a certain audiovisual
data interaction aspect. In order to enable the model to de-
termine how to effectively focus on these aspects, we addi-
tionally add an interaction-aware router structure R, which
consists of a dense layer with trainable transformation ma-
trix W, € RT(KvtKo)xn and a softmaz(-) function to
calculate the route scores S = {s;}-; of different interac-
tion aspects. The output of this bypass branch is obtained
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Table 1. The comparison results with other general models on all type of tasks. MS3 and AVSS are two subtasks of AVS-Bench. Seen is a
subtask of the Ref-AVS test set. The X-InstructBLIP’s performance on AVQA is zero-shot. v indicates the model has ability to complete
this type of task, but no evaluation is provided in their paper. X indicates the model does not have the corresponding ability.

Method AVE AVVP ARIG AVQA MS3(AVS) AVSS(AVS) Seen(Ref-AVS)
Acc | Segment-level Event-level | cloU AUC Acc | mIOU F-score | mIOU F-score | mIOU F-score
TimeChat [41] v 51.28 v X X X X X X X X X
MEERKAT [12] v 54.96 v v v v X X X X X X
GroundingGPT [31] v v v 44.02 045 v X X X X X X
X-InstructBLIP [38] X X X X X 44.50 X X X X X X
VALOR [6] X X X X X 78.90 X X X X X X
AnyRef [15] X X X X X X 55.6 66.30 v v v v
Crab(Ours) 80.15 59.00 54.44 41.78 042 | 78.94 58.21 66.24 26.52 32.10 40.54 0.58
by the weighted sum of all heads. This is formulated as: Table 2. The comparison results with specialized models on tem-
poral localization task.
S = softmax(W,H) € RTUoHKaxn, “) AVE task AVVP task
Method
n Acc Segment-level  Event-level
AW = Z s;B;AH € RT(KU-&-KG)Xh7 (5) AVT [33] 75.80 - -
4 PSP [60] 77.80 - -
=1 MM-Pyramid [57] | 77.80 59.20 53.04
H =W,H + AW, 6) CMBS [54] - 55.00 48.48
. o . MPN [56] 77.60 - -
where H’ is the output of this linear layer, A is a shared DHHN [20] ) 60.32 55.06
matrix to learn the common multimodal representation. Crab(Ours) 80.15 59.00 54.44

4.3. Training Objective

Our overall training objective consists of two parts: the
auto-regressive cross-entropy loss L, for text generation
of all tasks, and the auxiliary loss required for AVS and Ref-
AVS tasks L.4. Specifically, we use binary cross-entropy
loss Lpee and Lg;ce for binary mask prediction and cross-
entropy loss L. for the AVSS task. The final training loss
can be denoted as follows:

‘Cseg = )\bce . £bce + )\dice . Edice + )\ce . Ece» (7)
L= Atat - Etzt + >\seg : ‘Cseg' ®)

Here, Aizt, Asegs Abces Adice> and Ace are hyper-parameters.

5. Experiments

5.1. Implement Details

Each video is sampled uniformly with 10 frames, and the
size of each frame is 224 x 224. We extract the last
layer patch-level representations for each frame. Follow-
ing BEATs [5], we convert the sample rate of each raw
waveform to 16/ K Hz and extract 128-dimensional Mel-
filter bank features with 25ms Povey window that shifts ev-
ery 10ms as the acoustic feature. For the mask decoder,
we use two <MASK> token groups corresponding to two
scales of visual features from visual encoder, and we utilize
the visual features from the 14th and second-to-last layers.
Each group has three tokens. The number of query tokens
in both audio Q-Former and visual Q-Former is 32. We
use the LLaMA-2-7b-Chat model as our base model. The
interaction-aware LoRA structure is employed in all linear
layers with a rank of 8. The hyper-parameters Aiz¢, Asegs
Abces Adice, and A are set to 1.0,0.5,1.0,0.5, 1.0 respec-
tively. More details in the supplementary materials.

5.2. Training Procedure

We consider a two-stage training paradigm, including pre-
training for feature alignment and instruction-tuning for
audio-visual tasks.

Stage 1: Pre-training for feature alignment. The pur-
pose of pre-training is to train three multimodal branches in
the unified audio-visual interface. We use pre-training data
from Video-LLaVA [32] to train visual Q-Former and MLP
layer, the audio-caption pairs data from AudioCaps [22] to
train audio Q-Former and MLP layer, and image segmen-
tation data from LVIS [14] to train mask decoder. During
training process, the weights of visual encoder and audio
encoder are frozen. We first pretrain the visual branch and
audio branch, and then train the segmentation branch with
frozen visual branch weight. We train for three epochs with
a global batch size of 256, using the AdamW optimizer with
a cosine learning rate schedule. The initial learning rate is
set to le — 4 with a warmup ratio of 0.03.

Stage 2: Instruction-tuning for audio-visual Tasks. In
the second stage, we train all downstream tasks on our AV-
UIE dataset. The trainable parameters include three multi-
modal branches (excluding the audio encoder and visual en-
coder) and interaction-aware LoRA. The data in each batch
is a random combination from different tasks. We train for
five epochs with a global batch size of 512. The remaining
settings are the same as the first stage. We provide addi-
tional hyper-parameters in the supplementary materials.

5.3. Quantitative Results and Analysis

To demonstrate effectiveness of our method, we first com-
pare with other general models across all tasks, and then
compare with task-specialized models on each task. For
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Table 3. The comparison results with specialized models on
MUSIC-AVQA test set.

Method Audio Visual Audio-Visual Avg
ST-AVQA [26] 73.87 74.40 69.53 71.59
COCA [25] 75.42 75.23 69.96 72.33
PSTP-Net [27] 7091 77.26 72.57 73.52
LAVISH [34] 75.97 80.22 71.26 74.46
TSPM [29] 76.91 83.61 73.51 76.79
Crab(Ours) 76.58 90.73 74.13 78.94

temporal localization task, we evaluate on AVE [47] fully
supervised and LLP [48] test set. For spatio-temporal rea-
soning task, we evaluate on MUSIC-AVQA test set. For
spatial localization task, we adapt AVS-Bench [01] S4 test
set to construct an audio referred image grounding test
set. For pixel-level understanding task, we compare on
AVS [61] and Ref-AVS [52] test set respectively. We
present main metrics for AVQA, AVS, and Ref-AVS tasks.
Top-2 results are highlighted. In addition to zero-shot re-
sults mentioned in Tab. 1, all baseline models include train-
ing data for corresponding tasks to ensure fair assessment.
More metric results in the supplementary materials.

Comparison with other general models. For general
models, we keep consistent with foundational LLMs used
by official, including LLaMA2-7B, Vicuna-v1.5. Tab. |
shows the comparison results of our model with other gen-
eral models on all types of tasks. As shown, our model
outperforms other general-purpose models by handling a
broader range of audio-visual scene understanding tasks
and delivering superior performance across multiple tasks.
Specifically, we achieve a significant performance improve-
ments on AVVP tasks (59.00% vs. 54.96%). Compared to
VALOR [6], which was trained on VALOR-1M dataset, our
model achieves comparable results (78.94% vs. 78.90%)
while utilizing a smaller dataset. Since GroundingGPT [31]
focuses on the general ability of fine-grained grounding
task, its performance on ARIG task is slightly better than
our model. On pixel-level understanding tasks, compared
to AnyRef [15], we can accomplish semantic segmentation
task (AVSS) and reference segmentation tasks (Ref-AVS).
And we also achieve superior result on MS3 task for mIOU
metric and comparable result for F-score metric.

Temporal localization task. Tab. 2 shows the event
localization accuracy, segment-level and event-level F1-
score on temporal localization task. It is evident that our
model achieves superior performance compared to spe-
cialized methods. Compared to MM-Pyramid [57], we
achieves a performance improvement of 2.35% (80.15% vs.
77.80%). For AVVP task, our model achieves the compa-
rable performance (59.00% and 54.44%). As discussed in
Section 3, while temporal localization task accounts for the
smallest proportion in our AV-UIE dataset, explicit inter-
task cooperation enables this task benefit from other related
audio-visual tasks, leading to improved performance.

Spatial localization and pixel-level understanding

Table 4. The comparison results with specialized models on spatial
localization task.

Method | LVS [3] | EZ-VSL [37] | FNAC [45] | Crab(Ours)
cloU 23.69 26.43 27.15 41.78
AUC 0.25 0.29 0.31 0.42

Table 5. The comparison results with specialized models on AVS-
Bench and Ref-AVS. S4, MS3 and AVSS are the subtasks of AVS-
Bench. Seen, Unseen and Null are the subtasks of Ref-AVS.

Method Backbone | MS3 | AVSS | Seen | Unseen | Null(])
AVSBench [61] ResNet-50 | 54.00 - 0.51 0.55 0.21
TPAVI [61] PVT-v2 | 54.00 | 29.80 | - . -

AVSegFormer [13] | PVT-v2 | 58.40 | 24.90 | 33.47 | 36.05 0.17
GAVS [51] PVT-v2 - - 28.93 | 29.32 0.19
EEMC [52] PVT-v2 - - 3420 | 49.54 0.01
Crab(Ours) ViT/L-14 | 58.21 | 26.59 | 40.54 | 45.55 0.01

Table 6. The ablation results of explicit reasoning process (de-
noted as ERP) and interaction-aware LoRA (denoted as IA-
LoRA).

Method

AVQA | AVE AVVP ARIG
Avg Acc | Segment Event | cloU AUC
w/o. ERP 76.05 | 78.62 52.01 51.36 | 40.92 041
w/o. IA-LoRA | 76.92 | 79.93 53.54 53.15 | 4022 040
Crab(Ours) 78.94 | 80.15 59.00 54.44 | 41.78 0.42

task. Tab. 4 shows the experiment results on ARIG task.
From the table, it can be seen that our model achieves supe-
rior results compared with specialized models. To validate
the model’s pixel-level understanding capability, we present
the experimental results on two representative tasks, AVS
and Ref-AVS. In order to maintain a unified audio-visual in-
terface for integration with other tasks, we chose not to use
the widely adopted PVT-V2 [50] model tailoredly designed
for segmentation tasks as the visual backbone. Instead, we
utilized ViT/L-14 to obtain visual features as input for mask
decoder. As illustrated in Tab. 5, our model achieves com-
parable performance on the MS3, AVSS subtasks and Un-
seen test set. It performs best on the Seen and Null test set.

Spatio-temporal reasoning task. Tab. 3 shows the ex-
perimental results on MUSIC-AVQA [26] test set. It can
be observed that our method outperforms all specialized
models. Specifically, compared to recent TSPM [29], our
model achieves significant overall performance improve-
ments of 2.15% (78.94% vs. 76.79%). On visual subtask,
our method achieves remarkable improvements of 7.12%
(90.73% vs. 83.61%). For complex audio-visual question
type, our model obtains the best overall performance. And
the performance in audio subtask is also comparable.

5.4. Ablation Results

To verify the effectiveness of explicit reasoning process
and interaction-aware LoRA structure, we conduct two
ablation experiments, including using only simple labels
from original dataset and using a standard LoRA. Tab. 6
presents the corresponding experiment results. When model
does not output explicit reasoning process, the performance
on AVQA, AVE, and AVVP tasks decreases significantly,
while for the ARIG, AVS, and Ref-AVS tasks, the impact is
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Table 7. The LoRA head drop results on interaction-aware LoRA.
drop head-1 means the weight of head-1 is set to zero during in-
ference process. And so on for the others.

AVE ARIG AVQA
Method Acc cloU AUC Acc
drop head-1 75.07 36.15 0.36 76.33
drop head-2 79.25 29.16 0.29 76.22
drop head-3 79.62 38.65 0.39 77.01
no drop 80.15 41.78 0.42 78.94

minimal. This is primarily because the former task demands
simultaneous comprehension of complex video and audio
information, which heavily depends on the reasoning pro-
cess. In contrast, the latter primarily relies on the model’s
pixel-level understanding of visual content, where reason-
ing is not the main factor limiting performance. Further-
more, our interaction-aware LoRA structure consistently
outperforms standard LoRA across all tasks. More results
for other tasks in the supplementary materials.

5.5. Interaction-aware LoRA Analysis

Visualized results. To understand how tasks cooperate, we
visualize the dependency of different tasks on LoRA heads
during the inference process. As shown in Fig. 5, two key
observations emerge: (1) Tasks of the same type exhibit
similar dependencies on various LoRA heads. For instance,
the temporal localization tasks like AVE and AVVP, the
pixel-level understanding tasks like S4, MS3, and AVSS,
tend to cluster together, while other task types, including
AVQA and ARIG, form distinct clusters. It should be noted
that this phenomenon is not caused by the homogeneity of
data from tasks of the same type. The most intuitive ex-
ample is our ARIG dataset, which is derived from AVS-
Bench data, but these tasks do not form the same cluster.
Moreover, the data from S4 and MS3 are not homogenous.
However, they still cluster together because they belong to
the same type of task and require similar skills to complete.
2) The varying dependence of different types of tasks on
the three LoRA heads surprisingly suggests that these heads
possess distinct capabilities. It can be found that the AVE
and AVVP tasks rely significantly more on head-BI and
head-B2 than on head-B3. The ARIG task is most depen-
dent on head-B2, followed by head-B1, and finally head-B3.
Therefore, we can infer that head-B1 has stronger temporal
localization capability, head-B2 has stronger spatial local-
ization capability, and head-B3 is responsible for learning
pixel-level understanding capability. Similarly, since the
AVQA task requires stronger spatio-temporal reasoning ca-
pability, it also mainly relies on head-B1 and head-B2, and
less on head-B3. Notably, the AVS task primarily relies on
head-Bl and head-B2, with a lesser dependence on head-
B3. This distribution may also contribute to the model’s
performance on the AVS task. Despite this, compared to
other tasks, the AVS task still has the greater dependence
on head-B3, reflecting that head-B3 does have pixel-level

0100
0300 0325 035 0375 0400 0425 0450 0475 035 0.0 045
The weight of LoRA-B1 head The weight of LoRA-B2 head
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(a) The router weight of LoRA-BI (b) The router weight of LoRA-B2
and LoRA-B2 head. and LoRA-B3 head.

Figure 5. We visualize the router weights of three LoRA heads on
different tasks. Figure (a) compares head-B1 and head-B2, while
figure (b) compares head-B2 and head-B3. Different colors dis-
tinguish between tasks. The larger the router weight value, the
greater the task’s dependence on that LoRA head, indicating this
LoRA head has a stronger ability to solve this type of task.

understanding capability, although it is not very strong.

Drop LoRA head results. Through above analysis, each
LoRA head indeed possesses different capabilities. Further-
more, during the inference process, we set the weights of
three LoRA heads to zero respectively, also known as “drop
head”. We find that setting weight directly to zero would
affect the model’s behavior to some extent. Therefore, we
only report the comparison results under the model’s normal
behavior. The Tab. 7 presents corresponding results. From
the table, we can observe that for temporal localization, spa-
tial localization, and spatio-temporal reasoning tasks, drop-
ping any head will result in a performance decline. Specif-
ically, for AVE task, when we drop the head with temporal
localization capability, namely head-1, the performance is
the worst. For the ARIG task, the performance is the worst
when we drop head-2. As for the AVQA task, the impact of
these two heads on performance is relatively similar.

6. Conclusion

In this paper, we propose a unified audio-visual scene un-
derstanding model with explicit cooperation. To achieve
this goal, we construct AV-UIE dataset, which clarifies the
explicit cooperative relationship among tasks. Then we
design an interaction-aware LoRA structure with multiple
heads, each head is responsible for learning certain audio-
visual data interaction aspect. Furthermore, we are sur-
prised to discover that each head possesses certain capabil-
ity through the visualized experimental results.

In future work, we plan to further enhance the model’s
pixel-level understanding capability. Additionally, while we
have established connections among tasks through explicit
reasoning process, its accuracy is not guaranteed, which can
impact model’s performance. Therefore, another possible
major research direction is to enhance the reliability of rea-
soning process, thereby further improving the overall per-
formance of the model.
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