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Abstract—When humans perceive the world, they naturally
integrate multiple audio-visual tasks within dynamic, real-world
scenes. However, current works such as event localization,
parsing, segmentation and question answering are mostly ex-
plored individually, making it challenging to comprehensively
understand complex audio-visual scenes and explore inter-task
relationships. Hence, we propose AV-Unified, a unified framework
that enables joint learning across a wide range of audio-visual
scene understanding tasks. AV-Unified standardizes the diverse
input-output formats of each task and incorporates a multi-scale
spatiotemporal perception network to effectively capture audio-
visual associations. Specifically, we unify the inputs and outputs
of all supported tasks by converting them into sequences of
discrete tokens, establishing a shared representation that allows
a single architecture to be trained jointly across heterogeneous
varied datasets. Considering the varying temporal granularity of
audio-visual events, a multi-scale temporal perception module is
designed to capture key cues. Meanwhile, to overcome the lack
of auditory supervision in the visual domain, we design a cross-
modal guidance-based spatial perception module that models
spatial audio-visual associations. Furthermore, task-specific text
prompts are employed to enhance the model’s adaptability and
task-awareness. Extensive experiments on benchmark datasets
(e.g., AVE, LLP, MUSIC-AVQA, VGG-SS and AVS) demonstrate
the effectiveness of AV-Unified across temporal, spatial, and
spatiotemporal tasks.

Index Terms—Audio-visual Scene Understanding, Unified
Framework.

I. INTRODUCTION

Cognitive neuroscience suggests that when multiple sensory
modalities such as auditory and visual systems work together,
the brain forms a highly consistent and enriched perception of
the environment [1], [2]. This integration enables cross-modal
information transfer and understanding, allowing the brain
to transcend individual sensory boundaries. Such multimodal
perception and reasoning are fundamental aspects of cognitive
intelligence and are essential for human comprehension of the
world. Vision and hearing, as the two most important senses
for humans to perceive the world, describe objects of interest
from different perspectives and are often complementary. By
utilizing the audio-visual elements within these multimodal
scenes, it is possible to explore more comprehensive scene
information [3], thereby overcoming the limitations of per-
ception restricted to a single modality.
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In recent years, significant progress has been made in
leveraging audio and visual modalities jointly to enhance the
understanding of multimodal scenes, such as event localization
(AVE) [4], [5], video parsing (AVVP) [6], [7], sound source
localization (SSL) [8], [9], segmentation (AVS) [10]-[12],
and question answering (AVQA) [13]-[15], etc. Among these,
AVE [4] and AVVP [6] focus on localizing the temporal
boundaries of visual and auditory events; SSL [8] localizes
sound sources by learning the co-occurrence of audio and
visual cues; AVS [10] seeks to accurately segment the com-
plete appearance of objects making sound within video frames;
and AVQA [14] aim to answer questions related to different
visual objects, sounds, and their associations in videos. While
these studies have made significant progress, they mostly have
been explored based on individual tasks, making it challenging
to comprehensively understand complex audio-visual scenes.
Considering that humans do not dissect scenes into multiple
subtasks when perceiving the world, but instead have a unified
understanding of multiple tasks within a scene, it’s evident
that these tasks are often interrelated and can mutually assist
each other. For instance, when a baby and a dog are playing,
a caregiver can simultaneously perceive the baby’s laughter
and the spatial location of the laughter in the field of view,
thus better understanding the baby’s emotions. Hence, unifying
multiple audio-visual tasks in a single framework, allowing a
shared-parameter model to solve them, is a valuable topic.

Recently, successful explorations in task unification in
the fields of Computer Vision (CV) and Natural Language
Processing (NLP) have shown the potential for unifying
audio-visual scene understanding tasks. Existing research has
attempted to unify tasks in audio-visual learning, such as
ONEAVM [16], which addresses tasks like sound source
separation and localization but is essentially a multi-task
learning paradigm. UniAV [17] has only unified temporal
localization tasks, neglecting the importance of spatial local-
ization, highlighting the limitations in the comprehensiveness
of existing research. More recently, Crab [18] has achieved
initial progress in multi-task joint training, but it relies on
fine-tuning with externally constructed data. Thus, developing
a unified framework that integrates temporal localization tasks
(e.g., AVE [4] and AVVP [6]) with spatial localization tasks
(e.g., SSL [8] and AVS [10]) and extends to spatiotemporal
reasoning tasks (e.g., AVQA [14]) is crucial for advancing
comprehensive audio-visual scene understanding.

To achieve the goal of a unified framework for audio-
visual scene understanding tasks, several challenges need to be
addressed. Firstly, these tasks encompasses various aspects,
including temporal event localization, spatial segmentation,
and spatiotemporal reasoning. It involves multimodal data such
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Fig. 1: AV-Unified is a single sequence-to-sequence model that performs a variety of audio-visual tasks using a unified
architecture without a need for either task or modality specific branches. A schematic of the model with multiple demonstrative
audio-visual tasks: event localization, video parsing, sound source localization, segmentation and question answering.

as images, audio, text, and masks. Thus, a key challenge
lies in integrating these diverse modalities into a unified
input format while ensuring the model generates consistent
outputs adaptable to various downstream tasks. Secondly,
unifying audio-visual scene understanding tasks is inherently
more complex than handling single-modal visual or language
tasks, introducing unique difficulties: 1) Temporal perception:
Previous works [4], [6], [10], [14] typically samples events
uniformly per second, which can disrupt the continuity of
events. In real-world scenes, events in natural scenes may span
multiple seconds and occur at varying time scales. Hence, it
is essential to design models capable of capturing multi-scale
audio-visual events to accurately reflect their completeness
and continuity. 2) Spatial perception: The lack of supervised
information for spatial visual objects and sounds makes it
difficult for models to associate sounds with corresponding
visual regions in videos. While some existing studies leverage

pre-trained object detectors to identify salient regions, these
models are typically trained on datasets that lack rare or
domain-specific object categories in audio-visual scene (e.g.,
suona, erhu in AVQA task). This limitation reduces their effec-
tiveness in locating relevant targets, thereby hindering accurate
sound-region association and overall spatial perception.

To track these challenges, we propose a Unified Audio-
Visual Perception Framework (AV-Unified) that enables joint
learning across multiple audio-visual scene understanding
tasks, as illustrated in Fig 1. In terms of task paradigm,
AV-Unified unifies the diverse input and output formats of
various tasks into a unified sequence-to-sequence paradigm,
allowing all tasks to be trained using a single model with
shared parameters. To effectively support both temporal and
spatial perception within this multi-task framework, we de-
sign a Multi-scale Spatiotemporal Perception Model (MS-
STPM) that extracts unified representations adaptable to all
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tasks. Additionally, we employ a task-prompt guided learning
module that enables the model to automatically attend to
task-specific representational cues. Specifically, For temporal
perception, considering the varying durations of audio-visual
events, we designed a multi-scale temporal perception module
to integrate audio and visual events at different temporal
scales, capturing multimodal information over various time
spans. For spatial perception, to effectively model the spatial
association between audio and visual modalities, a cross-
modal guidance-based spatial perception module is developed
where audio and visual modalities guide each other, facilitating
alignment between visual patch sequences and audio signals,
and supporting the learning of fine-grained spatial associations
in complex scenes. For task-specific prompt, given that
different tasks rely on distinct spatiotemporal information,
the model needs to selectively attend to relevant features.
To this end, we design a prompt-guided feature selection
module, which enhances the model’s ability to adaptively
extract and emphasize the most informative representations
for each task. Extensive experiments on benchmark datasets
including AVE, LLP, MUSIC-AVQA, VGG-SS and AVS val-
idate the effectiveness of AV-Unified across temporal, spatial,
and spatiotemporal tasks.
Our contributions can be summarized as follows:

o Unified the inputs and outputs of classic audio-visual scene
understanding tasks (temporal localization: AVE, AVVP;
spatial localization: SSL; pixel-level understanding: AVS;
spatiotemporal reasoning: AVQA) by converting all tasks
into a sequence-to-sequence format and training them
through a shared parameter network.

« A multi-scale spatiotemporal perception model is proposed
to capture events at varying scales and effectively establish
audio-visual associations within spatial contexts, addressing
the challenges of diverse event durations and the lack of
supervisory signals for spatial audio-visual alignment.

o The proposed task-prompt guided learning module is intro-
duced to steer the model toward learning representations that
are specifically relevant to each task.

o The proposed AV-Unified achieves well performance across
multiple tasks on several benchmark datasets, thoroughly
demonstrating its effectiveness and versatility in compre-
hensive audio-visual scene understanding.

II. RELATED WORKS
A. Audio-visual Scene Understanding

Inspired by the multisensory perception of humans, the
community has paid more and more attention to audio-visual
scene understanding in recent years [3], [19]-[36]. Visual and
auditory modalities have distinct features [37]-[42], including
cognitive grounding, semantic and spatiotemporal consistency,
and strong support from real-world data. It includes various
interesting tasks such as event localization (AVE) [4], [5],
video parsing (AVVP) [6], [43], [44], sound source local-
ization (SSL) [8], [9], segmentation (AVS) [10]-[12], [45],
question answering (AVQA) [14], [46], [47], etc. AVE [4]
aims to identify auditory and sound events within a video.
Addressing the limitations of audiovisual event localization,

Tian [6] further introduced the AVVP task, which aims to
localize the temporal boundaries of events in a video and
categorize them as audible, visible, or both, for a more granular
scene understanding. The SSL [8], [9] aims to semantically
associate sounds with corresponding visual regions without
relying on category annotations. It requires both localizing
the sounding object in the visual scene and identifying its
category. AVS [10] aims to accurately segment the complete
appearance of objects producing sound in video frames, using
audio as a guiding signal to determine which object to segment
and obtain its complete pixel mask. AVQA [14] aims to
answer questions related to different visual objects, sounds,
and their associations in the video. These studies integrate
rich audiovisual cues within multimodal scenes to overcome
limitations in perception inherent to single modalities, thereby
utilizing both auditory and visual modalities to explore finer-
grained scene comprehension.

Apart from the above methods that facilitate scene under-
standing by excavating and analyzing different modalities,
a unified model should be able to perception their spatio-
temporal correlation. Hence, the AV-Unified framework is
proposed, which achieves joint learning of the AVE, AVVP,
SSL, AVS and AVQA tasks.

B. Audio-Visual Unified Framework

Multimedia scene understanding tasks often involve diverse
input-output formats, including images, video frames, and
pixel-level masks. In recent years, there has been growing
interest in developing unified model architectures to enable
more generalized and scalable scene understanding. A widely
adopted technical approach is to standardize the representation
of task inputs and outputs, typically through tokenization [48]—
[51]. This enables a consistent modeling interface across
different tasks, as illustrated by UniTab [52], Pix2Seq [53],
and Unified-IO [54]. Recently, some studies have begun
incorporating the audio modality into unified models. For
instance, ONE-AVM [16] unifies localization, separation, and
recognition within a single methodological framework, though
it fundamentally follows a multi-task learning paradigm.
Unified-I02 [55] includes the audio modality but lacks explicit
modeling of cross-modal audiovisual associations. UniAV [17]
focuses solely on temporal tasks, while Meerkat [56] considers
both temporal and spatial tasks but simplifies audio-visual
segmentation by converting pixel-level masks into bounding
boxes, thereby lacking fine-grained pixel-level understanding.
The recent Crab [18] has made initial progress in jointly train-
ing multiple tasks, but it requires fine-tuning with externally
constructed data. These efforts highlight the progress made
toward unified learning frameworks. However, most existing
approaches still underutilize the audio modality and, more
critically, fail to model the intrinsic relationships between
audio and visual modalities in a unified manner.

In contrast to previous work, the AV-Unified framework
proposed in this paper not only unifies the input-output formats
of multiple audio-visual tasks but also explicitly and systemat-
ically models the deep correlations between audio and visual
modalities, enabling a more comprehensive understanding of
complex audio-visual scenes.
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Fig. 2: The proposed Multi-scale Temporal-Spatial Perception Framework. First, the visual and audio features extracted by
the encoder are fed into a temporal perception module to capture key audio-visual temporal cues. Then, a spatial perception
module performs cross-modal guidance and interaction based on these temporal cues, uncovering spatial associations between
the audio and visual modalities. Next, carefully designed task-specific textual prompts guide the model to focus on features
that are most relevant to the current task. Finally, the learned representations are serialized and passed to task-specific decoders
to address different downstream audiovisual scene understanding tasks.

III. AV-UNIFIED FRAMEWORK

We proposes a unified framework (AV-Unified) that achieves
joint learning for multiple audiovisual scene understanding
tasks. AV-Unified standardizes the diverse input and output for-
mats of each task and integrates a Multi-scale Spatiotemporal
Perception Model (MS-STPM) for modeling audio-visual
associations, as illustrated in Fig. 2.

A. Unified Task Representations

Given an input video sequence containing both visual and
audio tracks, we divide it into 7' non-overlapping audio and
visual segments pairs {a;, v;}._;, where each segment spans
one second. Subsequently, each video frame is further divided
into M patches, and a special [CLS] token is prepended to
the first patch. For the given task-specific text prompt @, we
tokenize it into N individual words, denoted as {g,}Y_;.

Audio representation. For each audio segment a;, using the
pre-trained VGGish [57] model to extract its feature, denoted
as f{ € RP, where D is the feature dimension. The VGGish
model is a VGG-like 2D CNN pre-trained on the large-
scale AudioSet [57] dataset, operating on transformed audio
spectrograms. The resulting second-level spectrogram features
over time can be represented as F* = {f{, f¢,..., f¢}.

Visual representation. A fixed number of frames are
sampled from each visual segment v;. Then we apply pre-
trained CLIP [58], with frozen parameters, extract both frame-
level and token-level features as fY and f7 on video frames,
respectively, where f¢ € RP, f € RM*P and M are token
numbers of one frame. Finally, the visual frame-level and
token-level features can be denoted as F, = {f}, f3, ..., [},
F, ={fr. 1%, ..., 7}, respectively.

Text representation. Given the task-specific text prompt @),
we represent each word ¢, in a fixed length vector with word
embeddings, and then feed it into the pre-trained CLIP [58]
model to get the text feature F&, where F@ € R”. And the
first [C'LS] token is used for extracting text features. Note that
for the AVQA task, the text prompt is the asked question.

B. Temporal Perception Module

To effectively model audio-visual events with varying du-
rations and temporal scales, we propose a Multi-Scale Tem-
poral Perception Module (TPM) designed to capture both
fine-grained and coarse-grained temporal dependencies across
audio and visual modalities. Specifically, we introduce a multi-
scale window attention mechanism with varying window sizes,
such as a stacked shifted-window Transformer, where the
window size increases progressively with network depth. To
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emphasize the importance of local context, our attention strat-
egy employs multi-scale window attention centered around
each token. Given a fixed window size S each token attends to
S/2 neighboring tokens on both sides. In each scale, given a
set of audio-visual features F¢ = {f¢}T | F* = {f’}_,inT
segments, HAN [6] applied self-attention and cross-attention
layers to aggregate the unimodal and cross-modal information
at each timestamp:

¢ = ¢Sa(fi“t,F‘?) +¢Ca(fi“t,F?) 1=2,4,6,....5, (1)
¢sa(fvt7Fv) +¢ca( 7, taFa) Z = 274a6a ceey Sa (2)

where S is the size of the sliding window. Then the transformer
encoder is employed to aggregate both within-modality and
cross-modality information using multi-head attention blocks:
f‘tF‘ﬂ‘T)]?{1 ¢ (fa Fv)zg( i,t
\/E 1 Yeal\g tr+ 4 \/E

where G(-) denotes the Softmax function, and ¢s,(-) and
bea(-) represent the self-attention and cross-attention oper-
ations, respectively. These operations apply dot-product at-
tention over features across temporal steps using non-shared

MLPs. Then, we aggregate f“t and f”t across all stages:
Fg), F=&(F"FY Fg)), @

where F¢ { ER SO TR St} F {f“l, ;’2,..,f;’7t}, and
® is concatenate operation. With the proposed TPM, the model
is able to capture critical audio-visual cues along the temporal
dimension for improved contextual understanding.

£o.FYT

(bsa(fia,tvF?) = g( )sz'jv 3)

F* = ®([F°, A@ﬁg... B

C. Spatial Perception Module

Considering that the position of sound sources and their
corresponding visual objects often reflects the spatial correla-
tion between audio and visual modalities, we propose a cross-
modal guidance-based Spatial Perception Module (SPM). This
module leverages strong cross-modal perception capabilities
to effectively model spatial associations between audio-visual
semantic signals. Specifically, at each time step, there are
significant spatial correlations among image patches within
a video frame. Given the visual patch-level features F? and
audio embedding F¢, we first apply a self-attention mechanism
to model the intra-frame relationships among visual patches,
thereby enhancing the patch-level representation of each video
frame. This process can be formally expressed as:

f‘tlim = fp + dsa(fi vap) &)

where m = {1,2,...,M}. To obtain semantically aligned
cross-modal representations, we subsequently perform bi-
directional cross-modal attention, where audio features guide
the refinement of visual representations and vice versa. Specif-
ically, we apply audio-guided visual attention and visual-
guided audio attention to produce enhanced modality-specific
features. This process is formally defined as:

E&Ijm =1L, + ¢ca( t m»fa) E&a = ﬁl + ¢ca(ﬁlv]§-‘€)» (6)

€ RM*C and ¥} = {105, ...,

RM*C " Then, we aggragegate fa, fp =

where fp f’tp vl Y €
{ffpm}m 1
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Fig. 3: Encoder and decoder for AVS task.

{7, 15, ..., f1}, where F? € RTXC and Fr € RT*XMxC Fa
and F? are the representations obtained from the SMP. With
the proposed TPM and SPM, the model is able to establish
robust and effective associations between audio-visual cues,
thereby enabling it to accurately capture and localize potential
sounding regions within video frames.

D. Task-prompt Guided Learning Module

Considering the preferences in training for multiple tasks,

such as AVE and AV VP tasks leaning more towards temporal
perception, AVS tasks favoring spatial perception, and AVQA
task leaning towards spatiotemporal perception. Hence, a Task-
prompt Guided Learning Module (TPGL) is designed. Its
purpose is to manually set a textual prompt for each task to
guide the preferences during training, with the prompt for the
AVQA task is input question.
_ For the given audiovisual representations F ,F', and
F¢ FP obtained through TPM and SPM, we employ a linear
projection layer to map their dimensions to the same size and
apply a ReLU activation function. Then, for the F¢ obtained
by SPM, we transform it~s dimension from T'xC to T'x1xC
and concatenate it with F? at the patch level. Simultaneously,
for F*,F" obtained through TPM, we also concatenate them
along the temporal dimension using a concatenation operation.
This process can be represented as:

Frn = ®([F",F")), Feu=®(F",F?)), ()

where Frpy € R2XTXC Fopy € RT*MADXC Then for

the given task- _?rompt feature F? € R'*“, we use it as the

Query to calculate similarities separately along the temporal

dimension of Frpy and the patch dimension of Fgpy:

FQFTPMT FQFSPMT
Vd Vd

where Wrpy € R?T, Wepy € RT*(M+1) The dimensions of
Wpy and Wipy are transformed into 27 x 1 and T'x (M +1)
respectively, resulting in updated features Frpy, Fgpy:

Fsen = Wepu © Fepu, )

where Frpy € R2TXC Fgpy € RTXCX(M+1) Then, they are
concatenated into a single sequence to be utilized for various
downstream audiovisual tasks.

Wren = G( )F e, Wspn = G( )Fspy, ()

Frenw = Wrpy © Frpy,
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TABLE I: The performance of the AV-Unified Framework on the LLP Dataset for the AVVP Task.

Method Segment-level Event-level

Audio Visual Audio-Visual Type Event Audio Visual Audio-Visual Type Event

AVEL [4] 472 37.1 354 39.9 41.6 40.4 34.7 31.6 355 36.5
AVSDN [59] 47.8 52.0 37.1 45.7 50.8 34.1 46.3 26.5 35.6 377
HAN [6] 60.1 52.9 48.9 54.0 55.4 51.3 48.9 43.0 47.7 48.0
MA [60] 60.3 60.0 55.1 58.9 57.9 53.6 56.4 49.0 53.0 50.6
CVCMS [61] 60.8 63.5 57.0 60.5 59.5 53.8 589 49.5 54.0 52.1
DHHN [62] 614 63.4 56.8 60.5 59.5 54.6 60.8 51.1 55.5 533
MM-Pyramid [63] 61.1 60.3 55.8 59.7 59.1 53.8 56.7 494 54.1 51.2
MGN [64] 60.8 55.4 50.4 55.5 57.2 51.1 52.4 444 49.3 49.1
AV-Unified (Ours) 61.6 66.9 59.8 62.8 61.5 54.8 63.0 52.2 56.7 53.9

TABLE II: The performance of the AV-Unified on AVE.

TABLE III: The performance of the AV-Unified on VGG-SS.

Method Fully-Supervised Weakly-Supervised Method CIoU(%) AUC(%)
AVEL [4] 72.7 66.7 Attention10K [8] 18.50 30.20
AVIN [65] 75.2 69.4 CoarsetoFine [69] 29.10 34.80
AVT [66] 75.8 70.2 AVObject [70] 29.70 35.70

CMRAN [67] 77.4 73.0 LVS [71] 34.40 38.20
PSP [68] 71.8 73.5 HardPos [72] 34.60 38.00
MM-Pyramid [63] 77.8 73.2 EZ-VSL [73] 38.85 39.54
AV-Unified (Ours) 78.7 74.2 AV-Unified (Ours) 39.16 41.24

With the integration of the proposed TPM, SPM, and
TPGL, the model is able to effectively capture audio-visual
associations in dynamic scenes, enabling a comprehensive
understanding of audio-visual environments.

E. Training Objective

A strong multimodal model has to be exposed to solving
diverse sets of problems during pre-training. To train the AV-
Unified multi-task unified framework, we combined several
benchmark datasets, including AVE, LLP, VGG-SS, AVS and
MUSIC-AVQA. Each training batch is composed of samples
from a single task. To mitigate the problem of catastrophic
forgetting, we randomly sample a batch from one task in
each iteration and update the model parameters using the loss
computed for that specific task. Specifically, for a batch of
data, assuming that the batch comes from the task target, then:

N
LOSS = Zwi -loss;,

i=1

(10)

where N is the total number of tasks, loss; represents the loss
of the i-th task, w; = Ljj—sqrges)- It is worth noting that, since
the AVS task involves pixel-level masks, both its encoder and
decoder adopt the architecture illustrated in Fig. 3.

IV. EXPERIMENT AND ANALYSIS

A. Datasets and Evaluation Metrics

Audio-Visual Event (AVE) [4]. It contains 4,143 videos
covering 28 event categories, e.g., human and animal activities,
and vehicle sounds. Videos in AVE dataset are temporally
labeled with audio-visual event boundaries. Each video lasts
10 seconds, and each event lasts at least 2 seconds.

Look, Listen and Parse (LLP) [6]. The LLP consists
of 11,849 10-seconds video clips annotated with 25 event
categories. It covers various real-life scenes such as speech,
music performances, car, cheering, dog, etc. We use the
10,000 video clips with only video-level event annotations for

model training. The detailed annotations are available for the
remaining 1,849 validation and test videos.

Audio-visual Segmentation (AVS), including Semisuper-
vised Single-sound Source Segmentation (S4) [10]. It con-
tains a total of 4, 932 videos, with 3,452 videos for training,
740 for validation, and 740 for testing. The target objects cover
23 different categories, including humans, animals, vehicles,
and musical instruments. Besides, Each video contains five
frames, but only the first frame is annotated. Fully-supervised
Multiple-sound Source Segmentation (MS3) [10]. The MS3
contains 424 videos and each video has multiple sounding
sources and the sounding objects are visible in the frames.
Each video was trimmed to 5 seconds, covering the same
categories as the S4 subset. Fully-supervised Audio-Visual
Semantic Segmentation (AVSS) [74]. The AVSS containing
a semantic-labels subset that provides pixel-wise semantic
labels, as a significant complement of S4 and MS3. And it
includes 12,356 videos covering 70 categories.

VGG Sound Source (VGG-SS) [71] is designed for evalu-
ating sound source localization. The dataset includes over 200
categories and 5,000 videos, featuring annotated labels based
on the VGGSound dataset. Each visible sound source in a
video clip is explicitly annotated with bounding boxes.

MUSIC-AVQA [14], it contains 9,288 videos covering 22
different musical instruments, with a total duration of over 150
hours and 45,867 QA pairs. The questions are designed under
multi-modal scenes containing 33 question templates covering
nine types, depending on which modalities are used to discover
question-related clues for answer prediction.

B. Implementation Details

For the visual stream, videos are divided into 1-second
segments, with frames sampled at 1 fps. We employ the CLIP-
ViT-L-14 [58] model pre-trained on ImageNet to extract 512-
dimensional feature representations for each visual segment,
where the [CLS] token is used as the visual frame-level feature.
For the audio stream, signals are sampled at 16 kHz, a standard
sampling rate for audio processing. We use the VGGish
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TABLE IV: The performance of the AVQA task trained jointly with other multiple audio-visual scene understanding tasks.

Method Audio Visual Audio-Visual Avg
Count Comp Avg Count Local Avg Exist Count  Local Comp Temp Avg
FCNLSTM [75] 70.80 65.66 68.90 64.58 48.08 56.23 82.29 59.92 46.20 62.94 47.45 60.42 60.81
GRU [76] 71.29 63.13 68.28 66.08 68.08 67.09 80.67 61.03 51.74 62.85 57.79 63.03 65.03
Hco_Att [77] 70.80 54.71 64.87 63.49 67.10 65.32 79.48 59.84 48.80 56.31 56.33 60.32 62.45
MCAN [78] 78.07 57.74 70.58 71.76 71.76 71.76 80.77 65.22 54.57 56.77 46.84 61.52 65.83
PSAC [79] 75.02 66.84 72.00 68.00 70.78 69.41 79.76 61.66 55.22 61.13 59.85 63.60 66.62
HME [80] 73.65 63.74 69.89 67.42 70.20 68.83 80.87 63.64 54.89 63.03 60.58 64.78 66.75
HCRN [81] 71.29 50.67 63.69 65.33 64.98 65.15 54.15 53.28 41.74 51.04 46.72 49.82 56.34
AVSD [82] 72.47 62.46 68.78 66.00 74.53 70.31 80.77 64.03 57.93 62.85 61.07 65.44 67.32
PanoAVQA [13] 75.71 65.99 72.13 70.51 75.76 73.16 82.09 65.38 61.30 63.67 62.04 66.97 69.53
ST-AVQA [14] 77.78 67.17 73.87 73.52 75.27 74.40 82.49 69.88 64.24 64.67 65.82 69.53 71.59
COCA [83] 79.35 67.68 75.42 75.10 75.43 75.23 83.50 66.63 69.72 64.12 65.57 69.96 72.33
PSTP-Net [84] 73.97 65.59 70.91 77.15 77.36 77.26 76.18 72.23 71.80 71.79 69.00 72.57 73.52
TASS [85] 83.38 63.13 75.92 80.37 79.51 79.93 82.39 68.91 75.89 64.40 69.22 72.33 74.98
AV-Unified (Ours) 72.23 78.26 72.60 75.93 73.38 75.61 79.00 77.07 76.27 76.89 75.65 76.96 | 76.42

TABLE V: The performance of the S4, MS3 and AVSS task
trained individually and jointly with other multiple audio-
visual scene understanding tasks in AV-Unified framework.

Method S4 MS3 AVSS
mloU F-Score | mIoU F-Score | mIoU F-Score
MSSL [69] 449 66.3 26.1 36.3 - -
SST [86] 66.3 80.1 42.6 57.2 - -
iGAN [87] 61.6 77.8 429 54.4 -
LGVT [88] 74.9 87.3 40.7 59.3 - -
TPAVI [10] 78.7 87.9 54.0 64.5 29.8 352
CATR [12] 81.4 89.6 59.0 67.0 - -
BAVS [89] 82.0 88.6 58.6 65.5 32.6 36.4
AVSeg [90] 82.1 89.9 58.4 69.3 36.7 42.0
AV-Unified (Ours) | 83.2 87.1 59.5 69.3 374 41.9

network pre-trained on AudioSet to extract 128-dimensional
audio features. For each input task-prompt, we adopt the
same visual frame-level encoder to extract a 512-dimensional
feature vector. All experiments are conducted using the Adam
optimizer with an initial learning rate of 1 x 10~%, which is
decayed by a factor of 0.1 every 10 epochs. The batch size
and the total number of training epochs are set to 64 and 200,
respectively. The proposed AV-Unified framework is trained
on 6 xNVIDIA A100-40G GPUs.

C. Quantitative Results and Analysis

To validate the effectiveness of the proposed AV-Unified
framework, we compare it against recent existing methods
across multiple tasks. For temporal localization tasks, we
conduct evaluations on the AVE and LLP datasets. For spatial
and pixel-level localization tasks, we use the VGG-SS and
AVS datasets, respectively. For spatiotemporal reasoning tasks,
we perform evaluation on the MUSIC-AVQA dataset.

Comparison with other related models.

As shown in Tab. I, II, III, IV, V, and VI, the pro-
posed AV-Unified framework consistently improves perfor-
mance across all tasks. Moreover, the varying difficulty levels
of these subtasks place different demands on the model’s
spatio-temporal perception capabilities. In joint training, more
challenging subtasks tend to enhance the model’s capacity
to capture complex spatio-temporal patterns, whereas easier
subtasks may dilute this capacity. As a result, the model may
perform well on complex tasks but struggle with more simpler

ones. For instance, as shown in Tab. IV and Tab. VI, joint
training significantly benefits AVQA, particularly in complex
reasoning types such as Counting, Localization, Comparative,
and Temporal, indicating that joint learning helps improve
reasoning accuracy on these more complex tasks. However, we
also observe slight performance drops under unimodal settings
(audio-only or visual-only), suggesting that the current joint
optimization strategy leaves room for improvement. Taking
the AVS task as an example: AVSS is the most challenging
subtask, MS3 represents moderate difficulty, and S4 is the
easiest. A comparison of single-task and joint training results
in Tab. V and Tab. VI reveals that joint training leads to a drop
in F-score for S4, while MS3 shows a 0.9% improvement.
This phenomenon is observed not only across different levels
of task complexity but also within the same category of audio-
visual scene understanding tasks.

Limitation Analysis. Comparing the results of unified
training with existing methods, we observe a notable perfor-
mance gap in certain tasks, particularly the S4, AVSS, and
MUSIC-AVQA datasets. This discrepancy can be attributed
to two main factors: This discrepancy can be attributed to
two primary factors. First, many existing methods are task-
specific, designed exclusively for a single task without con-
sidering cross-task interactions. Such specialization allows for
targeted optimization of both model architecture and learning
objectives, thereby favoring performance on individual tasks.
In contrast, our multi-task unified framework must balance
multiple objectives simultaneously, making such task-specific
optimization difficult. While multi-task joint learning facili-
tates the acquisition of shared audiovisual representations, its
main advantage lies in adaptability across diverse tasks rather
than maximizing performance for any single one. Second,
due to computational resource constraints, we processed the
video data for these tasks at a lower sampling rate, which
introduced a significant discrepancy in data preprocessing.
This difference substantially affects the model’s ability to
learn temporal representations, leading to a performance drop
compared with existing single-task methods.

D. Ablation Studies

Effectiveness of AV-Unified. By comparing single-task and
unified training results, we observe that training with the
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TABLE VI: The performance of multi-task trained individually (AV-Unified w/o. jt, jt: joint training) and jointly (AV-Unified)
with other multiple audio-visual scene understanding tasks in AV-Unified framework.

AVE [4] LLP [6] VGG-SS [71] S4 [10] MS3 [10] AVSS [74] MUSIC-AVQA [14]
Meth - -
ethod Fully Weakly Segment-level - Event-level CIoU AUC | mloU F-Score mloU F-Score mloU F-Score AV All
Type Event Type Event
AV-Unified w/o. jt | 774 735 | 622 609 564 53.6 |[38.94 40.80 | 8240 89.00 59.30 6840 37.10 3740 | 71.94 75.32
AV-Unified (Ours) | 78.7 742 | 62.8 61.5 56.7 539 |39.16 41.24 | 83.20 87.10 59.50 69.30 43.10 41.90 | 76.96 76.42

TABLE VII: MS-TSPM’s module configuration results.

Method Audio Visual Audio-Visual All
w/o MS-STPM 73.93 79.23 70.37 73.35
w/o TPM 77.72 79.81 71.21 74.64
w/o SPM 75.85 80.64 71.84 74.88
w/o TPGL 75.54 79.93 71.74 74.59
AV-Unified (Ours) 72.60 75.61 76.96 76.42

unified AV-Unified framework generally yields better perfor-
mance across most tasks. As shown in Tab. I and Tab. II, for
temporal tasks, unified training improves performance on the
AVE task by 1.3% and 0.7% across two evaluation metrics
compared to single-task training. Similarly, for the AVVP
task, multiple sub-metrics show performance gains. We also
observe improvements in spatial perception tasks. In the multi-
source sound segmentation (MS3) subtask shown in Tab. V
and Tab. VI, joint training increases mloU by 0.2% and F-
score by 0.9%, achieving the best results for this subtask.
For more challenging spatio-temporal reasoning tasks, AV-
Unified improves the average performance metric by 1.10%.
These results demonstrate that incorporating more tasks and
training data in a unified framework enhances the model’s
ability to learn consistent audiovisual representations, thereby
benefiting the learning of individual subtasks and validating
the effectiveness of the proposed AV-Unified framework.

Effectiveness of MS-TSPM. To evaluate the impact of
MS-TSPM on the AV-Unified framework, we conducted a
series of ablation experiments. As shown in Tab. VII, on the
MUSIC-AVQA dataset, the model performance drops signifi-
cantly when the MS-TSPM structure is removed (73.35% vs.
76.42%). In addition, by comparing the results of AV-Unified
without unified training in Tab. VI with those presented in
Tab. I, IV, II, III, and V, we observe that even when using
MS-TSPM alone, the model still achieves strong performance
on specific tasks. This indicates that the model can adapt to
different task types and effectively capture the spatiotemporal
correlations in audiovisual data, making it well-suited for tasks
such as temporal localization, spatial segmentation, and spa-
tiotemporal reasoning. We further analyzed the contribution of
each component within MS-TSPM, using the MUSIC-AVQA
as a case study. As shown in Tab. VII, when the carefully
designed TPM, SPM, and TPGL modules are introduced
together, the model achieves the best performance regardless
of whether multi-task joint training is applied. Each module
also brings a clear performance gain when added individu-
ally. In contrast, removing all modules leads to a significant
performance drop. These results demonstrate the effectiveness
of the proposed components. Working in combination, they
help the model better capture the spatiotemporal associations
in audiovisual scenes and enhance overall performance.

Question:
Answer:

Question:
Answer:

w/o
Task-
prompt

w/
Task-
prompt

a) Example 01

b) Example 02

Fig. 4: Visualization of the Temporal-Spatial Task (AVQA).
The audio-visual representation of the input video is first
processed by the AV-Unified framework to obtain a unified
representation, corresponding to the w/o task-specific prompt
setting. Then, a task-specific prompt is applied to guide the
model in selecting the most relevant features required for the
task, corresponding to the w/ task-specific prompt setting.

E. Visualization Results

To further analyze the spatiotemporal representations
learned by the AV-Unified framework, we visualize the results
of the AVQA task using heatmaps. Fig. 4 presents two repre-
sentative examples. These visualizations clearly demonstrate
that the task prompt effectively guides the model to focus
on task-relevant information within the unified audiovisual
representation. Without the task prompt, the model’s atten-
tion is scattered and often directed toward irrelevant regions,
making it difficult to accurately localize sounding instruments.
In contrast, when the prompt is provided, the model attends
precisely to the instrument areas, which contain the critical
audiovisual cues needed to answer the question correctly.
These results highlight the importance of explicit task guid-
ance in improving the model’s ability to extract meaningful
spatiotemporal information from complex audio visual scenes.

FE. Discussion with Related Works

Crab and the AV-Unified are proposed around the same
period, with Crab capable of jointly handling multiple audio-
visual tasks and achieving results of notable reference value.
However, the core design philosophies of the two frameworks
differ significantly. Crab relies on constructing a large-scale
audiovisual dataset to first train a general audiovisual scene
understanding model, followed by task-specific fine-tuning.
This approach requires substantial additional data and incurs
high computational costs. In contrast, AV-Unified is designed
based on the intrinsic characteristics of each task. By leverag-
ing the proposed MS-TSPM module, it effectively captures the
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spatiotemporal correlations in audiovisual signals, achieving
strong performance across multiple tasks without extra data
or fine-tuning. Furthermore, while Crab’s performance gains
primarily depend on the generalization capabilities of the
pretrained large model, AV-Unified explicitly models audiovi-
sual spatiotemporal relationships, directly providing essential
support for its performance in multi-task scenarios.

V. CONCLUSTION

In this paper, we propose AV-Unified, a unified framework
that integrates event localization, video parsing, spatial lo-
calization, segmentation, and question answering within the
context of audiovisual scene understanding. AV-Unified refor-
mulates all tasks into a unified sequence-to-sequence format
and trains them using a shared-parameter network for joint
learning. To address challenges such as multi-scale temporal
events and the lack of supervision linking spatial visual objects
with corresponding sounds, we introduce a Multi-scale Spa-
tiotemporal Perception Model (MS-TSPM), which effectively
captures events across different temporal scales and models
spatial audiovisual associations. Extensive experiments on
multiple benchmark datasets validate the effectiveness and ro-
bustness of the proposed framework, demonstrating its strong
potential for comprehensive audiovisual scene understanding.

Nevertheless, we observe that AV-Unified’s performance on
certain subtasks remains suboptimal. This is primarily due
to the complexity of achieving effective cross-task collabo-
ration, which often requires extensive experimentation and
larger-scale data support. Future research may address this
by incorporating larger and more diverse audiovisual datasets,
exploring more advanced architectures, and designing better
training strategies. While the current framework represents an
initial step toward unified audiovisual modeling, future work
could extend it to broader task sets. Overall, we believe this
study lays a solid foundation and offers a promising direction
for unified audiovisual scene understanding.
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