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Abstract

Answering questions related to audio-visual scenes, i.e., the
AVQA task, is becoming increasingly popular. A critical
challenge is accurately identifying and tracking sounding ob-
jects related to the question along the timeline. In this pa-
per, we present a new Patch-level Sounding Object Tracking
(PSOT) method. It begins with a Motion-driven Key Patch
Tracking (M-KPT) module, which relies on visual motion in-
formation to identify salient visual patches with significant
movements that are more likely to relate to sounding objects
and questions. We measure the patch-wise motion intensity
map between neighboring video frames and utilize it to con-
struct and guide a motion-driven graph network. Meanwhile,
we design a Sound-driven KPT (S-KPT) module to explicitly
track sounding patches. This module also involves a graph
network, with the adjacency matrix directly regularized by
audio-visual correspondence map. The M-KPT and S-KPT
modules are performed in parallel for each temporal segment,
allowing balanced tracking of salient and sounding objects.
Based on the tracked patches, we further propose a Question-
driven KPT (Q-KPT) module to retain patches highly relevant
to the question, ensuring the model focuses on the most infor-
mative clues. The audio-visual-question features are updated
during the processing of these modules, which are then ag-
gregated for final answer prediction. Extensive experiments
on standard datasets demonstrate the effectiveness of our
method, achieving competitive performance even compared
to recent large-scale pretraining-based approaches.

Introduction

Audio-Visual Question Answering (AVQA) is an attractive
task in multimodal learning that involves the comprehension
and utilization of audio, visual, and text modalities (Mao
et al. 2024; Shen et al. 2023; Guo et al. 2024; Wang et al.
2024). As shown in Fig. 1(a), given a long audible video and
a related question, the AVQA task requires predicting the
correct answer, necessitating the accurate perception of the
pivotal audio-visual signals that are relevant to the question.
Mainstream methods on the AVQA task focus on design-
ing efficient expert models. With limited training data, these
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(a) Audio-Visual Question Answering

Question: How many instruments sound always?

Answer:

(b) Patch-level Sounding Object Tracking

> Time question-driven

Figure 1: Illustration of the AVQA task and our main
idea. (a) AVQA task requires accurate comprehension of
sounding objects related to the question. (b) Our method ex-
plores the visual motion information and audio-visual corre-
spondence to identify key salient and sounding patches. The
question is then used to select the highly relevant patches.

methods emphasize the spatial-temporal reasoning of audio-
visual scenes by exploring sounding regions (Li et al. 2022),
question-related temporal segments (Jiang and Yin 2023;
Li, Hou, and Hu 2023), or object-level cross-modal rela-
tions (Li et al. 2024). In particular, some methods attempt to
utilize the frozen parameters of ViT (Dosovitskiy et al. 2020)
models and insert learnable adapter layers to explore audio-
visual relations, making the model suitable for the AVQA
task (Lin et al. 2023; Duan et al. 2024). Another branch
of methods relies on large-scale pre-training. For example,
some works (Shu et al. 2023; Tang et al. 2024) attempt to
extend large language models, e.g., Vicuna (Touvron et al.
2023), into multimodal scenarios, making them capable of
downstream AVQA task. Recently, VALOR (Chen et al.
2023) introduced a pretraining model that generates unified
and advanced audio-visual-language representations, which
generalizes well to AVQA task. However, all these methods
require high computational resources or large-scale multi-



modal data during model pretraining/fine-tuning (we will
provide more discussions and comparisons in the experi-
ment section). Our work belongs to the mainstream branch,
i.e., building an expert AVQA model with sophisticated
modules and a handful of training data.

Questions in the AVQA task usually involve some specific
sounding objects. As the example shown in Fig. 1(a), the
question “How many instruments sound always?” requires
identifying the number of sounding instruments. However,
accurately identifying and perceiving the sounding objects
occurring in the video is not easy. First, the audio sig-
nal may be unclear, making it difficult to guide the iden-
tification of sounding objects. Moreover, the audio signal
may fail to distinguish objects with identical appearances
(same categories). For example, in Fig. 1(a), even if there
is a clear sound of the guitar in the last segment, we can-
not identify which guitar or whether both guitars emit the
sound (instance-level identification). Second, the sounding
objects can be changeable along the timeline. A sounding
object may be salient in some temporal segments, while
other salient objects may start to make sounds. This re-
quires modeling/tracking the audio-visual correspondences
for each temporal segment. Third, multiple objects may
emit sounds. It is not enough to just perceive these sound-
ing objects, but also to find the ones that are relevant to the
given questions, e.g., the guitar on the right “sound always”
as queried in the question. According to these observations,
we design meticulous modules and contribute a new Patch-
level Sounding Object Tracking (PSOT) method for the
AVQA problem.

First, to mitigate the potential deficiency of relying solely
on audio signals, we propose to initially exploit the salient
objects based on the visual information alone. Specifically,
we identify salient visual patches with large movements,
which are more likely to be sounding objects and helpful for
question answering. As shown in Fig. 1(b), the man on the
right is playing the guitar, and the relevant visual patches
significantly change between adjacent frames. In contrast,
the ceiling and the floor are constantly static, providing use-
less clues. To this end, we propose a Motion-driven Key
Patch Tracking (M-KPT) module, which assesses the mo-
tion information between adjacent video frames by calculat-
ing the patch-wise feature similarity. The generated motion
intensity matrix is used to activate the salient visual patches.
Afterward, we construct a motion-driven graph network to
propagate messages between features of visual patches and
the synchronized audio, where the audiovisual nodes are
guided by the motion intensity-driven adjacency relations.
Concretely, for each temporal segment, the audio and orig-
inal visual patches are treated as the initial nodes in the
graph. Then we initialize the adjacency matrix (i.e., edge set)
by computing feature similarity between audio and motion-
enhanced visual patches. In this way, the visual patches of
salient objects are enhanced and tracked through video seg-
ments, and the audio feature updating also benefits from the
tracked salient objects.

Meanwhile, to explicitly model the audio-visual corre-
spondence between audio and visual nodes, we design a
Sound-driven Key Patch Tracking (S-KPT) module. Sim-
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ilar to the M-KPT module, the S-KPT module involves a
graph network. These two modules share the same initial
audiovisual nodes, and the primary difference lies in the ad-
jacency matrix initialization. In the S-KPT module, we di-
rectly measure the audio-visual correspondence map to en-
hance sounding patches. Then, we generate the sound-driven
adjacency matrix by computing feature similarity between
audio and sound-enhanced visual patches. Notably, both au-
dio and visual features are updated through the cross-modal
interactions. The M-KPT module and S-KPT module are de-
ployed in parallel, allowing the model to dynamically inte-
grate the visual motion guidance or audio guidance.

The above two modules can identify salient and sounding
visual patches. Furthermore, we design a Question-driven
Key Patch Tracking (Q-KPT) module to identify and re-
tain only those patches that are highly relevant to the ques-
tion. This is also implemented in a graph network. We utilize
the feature similarity (adjacency relations) between ques-
tion and visual patches and retain the key patches with the
highest pre-set percentage similarity values. For those visual
patches not retained, their features are filled with zeros and
would not be learned during graph learning. The Q-KPT en-
sures the model focuses more on the most informative visual
patches related to the question. Given these preparations, we
finally design a Multimodal Message Aggregation module to
aggregate information from enhanced audio-visual-question
features for answer prediction.

In summary, our main contributions are fourfold:

* By exploring patch-level clues of sounding objects, we
present a novel graph-based PSOT model for the AVQA
task. Compared with large-scale pretraining-based meth-
ods, our model achieves competitive performance.

* We propose the M-KPT module to identify salient visual
patches with large movements. To the best of our knowl-
edge, we are also the first to explore patch-level motion
information in the AVQA task.

* We propose the S-KPT module to identify sounding
patches. The S-KPT cooperates with the M-KPT, guaran-
teeing effective audio-visual representation learning via
visual motion and audio guidance.

* We propose the Q-KPT module to further identify
patches highly related to the question, enabling the model
to utilize more informative information for answering.

Related Work

Audio-Visual Question Answering. The AVQA task in-
volves understanding audio-visual scenes (Zhou, Guo, and
Wang 2023; Zhou et al. 2024b,c,a, 2022, 2024d, 2021, 2023;
Guo et al. 2023) via a question-answering paradigm. To
address the AVQA task, earlier works (Li et al. 2022; Li,
Hou, and Hu 2023; Duan et al. 2024) emphasize spatial-
temporal reasoning by perceiving sounding visual regions
and question-related temporal segments. Recently, Li et
al. (Li et al. 2024) utilize off-the-shelf object detection mod-
els to explicitly generate object-level visual features and
then explore the relations among question, audio, and vi-
sual objects. Meanwhile, other works address the AVQA
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Figure 2: Method Overview. 1) The M-KPT module tracks salient visual patches (x) with large motion, which often relate to
sounding objects and questions. It measures the patch-wise motion intensity information between neighboring frames, yielding
the motion-activation matrix (m,) to guide adjacency matrix (A}") for motion-driven graph network (G;") learning. 2) Mean-
while, the S-KPT module tracks the sounding patches by assessing the audio-visual correspondence. A sound-driven graph
network (G;) is constructed. 3) The Q-KPT module further processes visual patches highlighted by the M-KPT and S-KPT
modules, retaining only those patches highly relevant to the question. This is also achieved in a graph (G{). 4) The MMA mod-
ule integrates the question with enhanced audio&visual features through independent graph networks for answer prediction.

task by exploring data bias (Lao et al. 2023), missing modal-
ities (Park, Oh, and Kim 2024), and large-scale data pre-
training techniques (Shu et al. 2023; Tang et al. 2024). We
solve the AVQA problem by exploring patch-level tracking
of motion-aware, sound-aware, and question-aware patches.
Graph Neural Networks in QA tasks. GNNs are flexi-
ble in encoding intra- and cross-modal relationships and
facilitating message passing among nodes, making them
popular backbones in traditional QA tasks such as Visual
Question Answering (VQA) (Park, Lee, and Sohn 2021;
De Oliveira Souza et al. 2023), Video Question Answer-
ing (Xiao et al. 2022, 2023), and text-based VQA (Hu
et al. 2020; Biten et al. 2022). In the AVQA field, main-
stream methods typically employ Transformer (Vaswani
et al. 2017) blocks. Recently, some works have explored
using the Mamba (Gu and Dao 2023) architecture to solve
the AVQA problem (Huang et al. 2024; Yang and Li 2024).
We implement our approach with the exploration of GNN,
demonstrating competitive performance. Compared to tra-
ditional QA works, our graph-based method for AVQA has
unique designs in constructing motion- and sound-driven ad-
jacent matrices.

Our Method

In the AVQA task, an audible video is first divided into 7'
non-overlapping temporal segments. Each segment is repre-
sented by a 1-second audio signal and one visual frame. Let
us denote the extracted preliminary audio and visual features

T Txd T TxN?xd
as A ={a;};; eR"*and V = {v;}{; €R ,
respectively. Here, d is the feature dimension, and N2 is the
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number of patches (height x width) in each video frame.
As illustrated in Fig. 2, our framework for AVQA aims to
identify the salient and sounding objects related to the ques-
tion in each temporal segment and track them throughout the
temporal sequences. We detail each proposed module next.

Motion-driven Key Patch Tracking

As discussed in Introduction, the audio may be unclear and
sometimes inefficient in identifying sounding objects shar-
ing identical/similar appearances. To alleviate this issue,
we consider first relying on visual information to highlight
salient visual patches with large movements, which are more
likely to be related to sounding objects and the given ques-
tion. To this end, we propose a Motion-driven Key Patch
Tracking (M-KPT) module.

Instead of using time-consuming optical flow (Horn and
Schunck 1981), we calculate the discrepancy between adja-
cent frames at the patch-wise feature level to measure mo-
tion information. Specifically, for the i-th patch of the ¢-th
video frame, whose feature is denoted as ’v,? € R?, we com-
pute its motion intensity pi as follows:

_ vy
[CHIEH

where v;,1 is the feature of adjacent t+1 frame and p! €
[0, 2]. If features of the i-th visual patch between adjacent
frames have low cosine similarity, it will have a high pi, in-
dicating that the i-th patch may be part of a salient object.
By performing Eq. 1 for each patch, we obtain the patch-
wise motion intensity matrix for ¢-th frame, denoted as p;.

7

pi=1 (1)



pr = {pi}¥° € RM" reflects the motion intensity by
capturing the patch-wise movement between adjacent video
frames. Furthermore, in some scenarios, some salient or in-
formative visual patches may only have large movements
in some temporal frames. However, we believe that each
video frame should emphasize these patches at the positions
where the large movements exist in other frames. To track
objects with large movement along the timeline, we addi-
tionally consider the global motion intensity across all tem-
poral frames, computed as: & = %ZtT:lpp The total mo-
tion intensity matrix of ¢-th frame is a combination of the
local motion matrix p; and the global matrix f:

my = (1= \)p; + M, )

where m; € RV *and \isa constant, empirically set to 0.2.

After obtaining the motion intensity matrix 1 for the ¢-
th frame, we highlight those salient visual patches within the
frame by multiplying m; with v;: v{* = m; © v, where ©
is the Hadamard product. Then, the motion-enhanced visual
patch features v/ € RY *xd are concatenated with the audio
feature a; € R1*%, which is then used to calculate the initial
motion-driven adjacency matrix A7 € ROV FDx(N*+1),
This process can be formulated as follows:

AP = [my O v al[m O v al] (3
where [ ;-] represents the concatenation operator and A}"
reflects the pairwise relations.

The original visual features v; € are concatenated
with the audio feature a; € R*¢ as the basic nodes in the
graph for ¢-th segment: NV; = [vy; a4] € ROV*+1D)xd_With
the nodes N; and adjacency matrix A7 in hand, we con-
struct a motion-driven graph neural network G;" to encode
the interactions between visual patches and audio features:

Gi" (M) := ReLU(A" N, W'™), ©)
where W € R%*? is a learnable parameter. \; is updated
through L iterations, denoting L graph layers. We denote the
audiovisual nodes after completing graph learning as N;~.
Notably, we construct the graph G;” for each temporal seg-
ment, i.e.,t = 1,2, ...,T. The parameters are shared among
different segments, ensuring computation efficiency. In this
way, the salient visual patches are tracked along the tem-
poral sequence, highlighted by the motion intensity matrix,
and are then used to interact with corresponding audio node,
benefiting effective audio-visual representation learning.

RN2xd

Sound-driven Key Patch Tracking

The aforementioned M-KPT module relies on visual mo-
tion guidance and implicitly affects the audio node by in-
teracting with motion-enhanced visual patches. To explicitly
model the audio-visual correlations, i.e., perceiving sound-
ing patches, we propose the Sound-driven Key Patch Track-
ing (S-KPT) module.

Specifically, for the ¢-th segment, we directly assess the
audio-visual correspondence between the audio node a; €
R!*4 and visual patch nodes v; € RN"*4 The sound-
activation matrix s; can be generated as follows:

a; Ve T
® , 5
N ©

Sy =
C el
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where ® is the matrix multiplication and s; € R .

Similar to the M-KPT module, we further utilize the ob-
tained s; to identify sounding patches within the frame by
multiplying s; with v,. Then, the sound-enhanced features
of visual patches are concatenated with the audio feature
a; to compute the initial sound-driven adjacency matrix
As € RAVZH1) X (N?+1).

A = [s1 O vy a[se O v al]’ (6)

Given the audiovisual nodes N; = [vy; a;], the sound-
driven graph neural network can be formulated as,

G7 (Ni) := ReLU(A;N W), @)

where W* € R?¥9 is the learnable parameter. We perform
G; for each temporal segment for the sounding patch track-
ing, and the parameters are shared across segments.

As shown in Fig. 2, we perform the M-KPT and S-KPT
modules in parallel, enabling a joint and balanced utilization
of the inherent visual motion and audio information to track
salient and sounding patches within temporal segments. The
updated audio-visual nodes output from the final layer of G;"
and G; are concatenated and sent to a fully connected layer
for fusion. We denote the obtained audio and visual nodes as
a, € R4 and v, € RN’ xd (¢ =1,2,...,T), respectively.

Question-driven Key Patch Tracking

After highlighting the salient and sounding patches, we fur-
ther consider that some of them may be redundant for an-
swering the flexible questions. Therefore, we propose a
Question-driven Key Patch Tracking (Q-KPT) module to re-
tain only those patches within each frame highly relevant to
the question, serving as refined clues for answering.

Given the word-level feature of the question ¢ € R¥*¢
(K is the length of words) and the visual patches at ¢-th

segment v, € RV “xd_we first calculate their feature sim-

ilarity (RX*N?), similar to Eq. 5. Then, an average pooling
operation along the word dimension is employed to obtain
the sentence-level question-to-visual similarity, denoted as

a; € RN . Then, we propose to only reserve those visual
patches that are among the top (%) in terms of relevance
to the question, as reflected in o, for each frame. The mask

matrix 3; € RY ’ indicating whether the ¢-th patch is re-
tained can be computed as,

B = (8)

1, aietop r of oy;

0, aldtop r of ay.
In this way, only N2 * r visual patches are retained in each
frame. For other patches (where ﬁti = 0), their features are
set to zeros in our implementation and will not be learned.

In fact, the values of a; and 3; can be computed and
dynamically learned in a graph network. Specifically, the
words of the question ¢ € RX*9 and the visual patches
v, € RV *xd are concatenated as the basic nodes M, in a
graph. We can calculate the initial adjacency matrix A7 €
RE+N*)x(K+N) a5 follows:

Al = MM = [v};q][v}:q) " ©)



The oy can be obtained from A7 by utilizing only the ad-
jacent weights between nodes of question words and visual
patches. Accordingly, we can construct the graph neural net-
work G, formulated as,

GI(M,) := ReLU(AIM, W), (10)

where W € R*4 ig the learnable parameter. For conve-
nience, we denote the updated features of visual patches at

t-th segment as ¥, € RY *xd, Notably, some visual patches
have been discarded by setting their features to zeros. Sim-
ilar to G} and G/, gf is performed for each video frame
for tracking the highly question-relevant patches along the
timeline, and the parameters are shared across segments.

Multimodal Message Aggregation

After going through the above introduced three modules, we
obtain the enhanced audio and patch-level visual features,
denoted as, @ = {a/}’_, € RT™*% and & = {#&;}_, €
RT*N*xd_ respectively. For visual modality, the segment-
level feature ¥ € R7*? can be obtained from © via average
pooling operation on the spatial dimension.

Given these outcomes, we propose the Multimodal Mes-
sage Aggregation (MMA) module to comprehensively uti-
lize the useful clues related to the question g for final answer
prediction. Here, we continue to adopt the graph network
to model the interactions between audio/visual and question
modalities. Specifically, the question feature q is concate-
nated with the audio feature a, patch-level visual feature
0, and segment-level visual feature v, respectively. Accord-
ingly, we compute their feature similarity as the initial adja-
cency matrix. For simplicity, we abbreviate the constructed
graph networks as G%%([q; @)), G%°([q; D]), and G¥°([q; D)),
respectively. The question nodes are updated in each graph
network. We then aggregate the learned features of the ques-
tion nodes from the three graphs into a hidden feature g €
RE*4 which is sent to a fully connected layer followed by
a softmax function to generate the final probability p € R®
for the candidate answer predictions. The cross-entropy loss
is used for model training.

Experiments
Experimental Setup

Dataset and evaluation metric. We primarily conduct ex-
periments on the widely-used and challenging MUSIC-
AVQA (Li et al. 2022) dataset. This dataset consists of 9,288
videos involving various audio-visual music scenarios. Us-
ing 33 predefined QA templates, over 45,000 question-
answer pairs are constructed. Most of the QA pairs are re-
lated to both audio and visual modalities (AV-QA), while
the rest focus on either audio or visual modality alone (A-
QA/V-QA). Following the standard protocol in the pioneer-
ing work (Li et al. 2022), we adopt the answer prediction
accuracy (%) as the metric for model evaluation.

Implementation details. Each video in the dataset is 60 sec-
onds long. To reduce computational costs, we sample one
video frame every 6 seconds, resulting in 7=10 temporal
segments. Accordingly, we obtain 10 1-second audio seg-
ments synchronized with the video frames. We employ the
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image encoder of pretrained CLIP-ViT-L/14 (Radford et al.
2021) model to extract 16x16x1024-D patch-level visual
features, which are further downsampled to 8 x8x 1024 us-
ing average pooling to further reduce computational costs;
For audio features, we use CLAP (Wu et al. 2023) to extract
512-D representations; For question embeddings, we utilize
the text encoder of CLIP-ViT-L/14 to obtain 768-D word-
level embeddings. We then apply linear projections to con-
vert these features to the same 512-D. During model train-
ing, we use the AdamW optimizer with an initial learning
rate of 1e-4, which decays by 0.1 every 16 epochs. The batch
size and epochs are set to 16 and 35, respectively. The num-
bers of graph layers in GI", G¢, and G/ are empirically set to
3, 3, and 2, respectively. All experiments are conducted on
an NVIDIA A40 GPU.

Comparison with Prior Works

Comparison with mainstream methods. Our method be-
longs to the mainstream branch of AVQA works, focusing
on designing expert models with limited training data. In
Table 1, we compare our method with existing mainstream
methods. 1) Early works on the AVQA task typically uti-
lize basic ResNet-18 to extract visual features. Recent works
have started employing more powerful visual encoders, such
as CLIPg (CLIP-ViT-B/32), and Swiny (SwinT-V2-L (Liu
et al. 2021)). Our method PSOTg employs CLIPg/VGGish
as the visual/audio feature extractor, the same as PSTP (Li,
Hou, and Hu 2023), and surpasses PSTP by 1.77% in av-
erage QA accuracy. Notably, our method also sightly out-
performs the previous state-of-the-art method CMP (Duan
et al. 2024), which utilizes more advanced visual and au-
dio encoders. These results demonstrate the effectiveness
and superiority of our model design. Our model’s perfor-
mance is significantly boosted when adopting more power-
ful CLIP;, and CLAP models for feature extraction. The av-
erage performance reaches 78.42%. Our subsequent experi-
ments are based on this configuration. 2) Most mainstream
works are implemented using Transformer (Vaswani et al.
2017). Some recent methods exploit the Mamba architec-
tures and achieve competitive performance, e.g., 74.12% ac-
curacy achieved by SH-Mambda (Yang and Li 2024). Com-
pared to these methods, our graph-based method demon-
strates superior performance, providing new evidence of the
potential of exploiting graph networks for the AVQA task.

Comparison with large-scale pretraining-based meth-
ods. The recent progress in the AVQA field tends to uti-
lize either Large-Language Models (LLM) or large-scale
data pretraining. 1) AVLLM (Shu et al. 2023) and AVi-
cuna (Tang et al. 2024) are two representative LLM-based
methods that employ the Vicuna-13B and Vicuna-7B (Tou-
vron et al. 2023), respectively. A common initial step in
these methods is to align audio and visual features with the
LLM’s token embedding space through linear projections.
To achieve this, large-scale audio-caption and visual-caption
pairs are used. Additionally, to adapt the LLM for processing
audio and visual inputs and encoding cross-modal relations,
these methods must fine-tune the LLM, which necessitates
additional high-quality audio-visual-text data. As shown in
Table 2, AVicuna requires 1.1M data in total. Since these



Method Visual Encoder Audio Encoder A-QA V-QA AV-QA Avg.

AVSD (Schwartz et al. 2019) VGG-19 VGGish 68.78 70.31 65.44 67.32
PanoAVQA (Yun et al. 2021) Faster R-CNN VGGish 72.13 73.16 66.97 69.53
AVST (Li et al. 2022) ResNet-18 VGGish 73.87 74.40 69.53 71.59
COCA (Lao et al. 2023) ResNet-18 VGGish 75.42 75.23 69.96 72.33
TJSTG (Jiang and Yin 2023) ResNet-18 VGGish 76.47 76.88 70.13 73.04
AV-Mamba (Huang et al. 2024) ResNet-18 VGGish 74.67 79.27 70.62 73.63
SH-Mamba (Yang and Li 2024) ResNet-18 VGGish 75.42 79.93 70.64 74.12
APL (Li et al. 2024) DETR VGGish 78.09 79.69 70.96 74.53
PSTP (Li, Hou, and Hu 2023) CLIPg VGGish 70.91 77.26 72.57 73.52
LAVISH (Lin et al. 2023) Swiny, CLAP 75.40 79.60 70.10 73.60
CMP (Duan et al. 2024) Swiny, CLAP 77.40 81.90 70.70 74.80
PSOT3 (ours) CLIPg VGGish 78.22 80.07 72.61 75.29

PSOT.. (ours) CLIPy, CLAP 79.08 87.12 74.07 78.42

Table 1: Comparison with mainstream methods. The subscript ‘B’ in ‘PSOTy and ‘L’ in ‘PSOTy, denote that the CLIP-ViT-B
or CLIP-ViT-L model is used for visual feature extraction. The top-2 results are highlighted in bold.

Method
AVLLM (Shu et al. 2023)
AVicuna (Tang et al. 2024)
VALOR (Chen et al. 2023)
PSOT),, (ours)

V- Enc.
CLIPy,
CLIPy,
CLIPy,
CLIPL

A- Enc.
CLAP
CLAP
AST
CLAP

#PT
1.6M
1.IM
33.5M
9k

Acc.
45.20
49.60
78.90
78.42

Params
13B
7B

593M
8.3M

Table 2: Comparison with large-scale pretraining-based
methods. ‘#PT’ denotes the number of samples used for
model pretraining. ‘Params’ is the model size of LLMs (for
the first two methods) or the trainable parameters of the en-
tire model (for the last two methods).

Td | M-KPT S-KPT QKPT | AQA V-QA AV-QA | Avg.
a| v 7 7 | 7908 87.12 7407 | 7842
b - 7 v | 7800 8712 73.01 | 77.65
c| v - v | 7753 8699 7350 |77.79
d| v v - | 7784 8621 7338 |77.57
e - - /| 7660 8534 73.04 |77.05
£ - - - | 7603 8345 7240 |75.88

Table 3: Ablation study on the proposed main modules.

methods do not fine-tune on the downstream MUSIC-AVQA
dataset, their zero-shot performances are currently far be-
hind those of supervised learning-based methods shown in
Table 1. 2) The recent method VALOR (Chen et al. 2023) fo-
cuses on audio-visual-language representation learning and
utilizes 33.5M multimodal pairs for model pretraining. In
this way, VALOR can generate advanced tri-modal features
and generalize well to the AVQA task. After further fine-
tuning on the MUSIC-AVQA dataset, VALOR achieves an
impressive accuracy of 78.90%. In contrast, as shown in
the Table, our method can achieve competitive performance
while utilizing significantly less training data (9k vs. 33.5M)
and fewer trainable parameters (8.3M vs. 593M). Notably,
VALOR employs visual features (16x16x1024) extracted
by fine-tuned CLIP, model while we use the downsampled
features (8 x8x1024) from pretrained CLIPL. These results
validate the effectiveness of the proposed method, indicat-
ing that it is feasible to address specific downstream tasks
by developing a resource-efficient expert model.
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| A" A | AQA V-QA AVQA | Avg.
a | v v | 7908 8712 7407 | 7842
b | - v | 79.14 8675 7352 | 71.92
c | v — | 7902 86.87  73.66 | 78.08
d | - — | 7759 8600 73.01 | 7727

Table 4: Impacts of the motion-/sound-driven adjacency
matrices in M-KPT and S-KPT modules, i.e., A}* and A{ .

Ablation Studies

Ablation study on main modules. We conduct ablation ex-
periments to evaluate the effectiveness of the proposed main
modules, i.e., the M-KPT, S-KPT, and Q-KPT. The results
are shown in Table. 3. Compared to the complete model (a),
the average QA performance after removing the M-KPT, S-
KPT, or Q-KPT module (b/c/d) decreases by 0.77%, 0.63%,
or 0.85%, respectively. When the M-KPT and S-KPT mod-
ules are simultaneously removed (e), the model performance
further decreases, indicating that these modules performing
in parallel complement each other. The model’s performance
continues to deteriorate if all three modules are removed (f),
i.e., the audio and visual features extracted by backbones
are directly sent to the final MMA module for answer pre-
diction. These results clearly demonstrate the effectiveness
of each proposed module.

Impacts of A}" and 47 in M-KPT and S-KPT modules.
The A}* (Eq. 3) and A} (Eq. 6) are the motion- and sound-
driven adjacency matrices utilized in our M-KPT and S-KPT
modules, respectively. To examine their impacts, we com-
pare them with a vanilla strategy that directly calculates the
feature similarity between original concatenated audiovisual
nodes as the adjacency matrix, i.e., A; = [vs; as][ve; aq] "
As shown in Table 4, compared to the full model (a), the av-
erage model performance without utilizing A}" (b), A (c),
or both (d) all decreases. This proves that the motion inten-
sity and audio-visual correspondence maps used for A} and
A7 computation are more useful for guiding graph learning.



Input: Audio, Vision, and Question

left ukulele both ukulele

Question: Which ukulele Output

makes the sound first ?

High

L
Reserved patches (top %) in Q-KPT

Low Low

Motion-activation matrix (m) in M-KPT

Sound-activation matrix (s) in S-KPT

Figure 3: Visualization of our model’s inference process for AVQA. The key patches (red boxes) are highlighted in each
module, guided by sound, motion, and question. The brighter color indicates larger activation weights.

Question: Is the guzheng on the middle louder than the guitar on the left? Answer: No

@ Prediction of model W/ (A" and A5): No left guitar (louder); middle guzheng
left guitar; middle guzheng

=

@ Prediction of model wW/0 (A"

AT AR

and A7) Yes

R

Figure 4: Ablation visualization on the roles of A} and A in our model. The size of dots (e) located in the center of visual
patches represents the aggregated weight from the adjacency matrix during the graph network learning.

Qualitative Results learned adjacency matrices of both models. For each visual
Visualization of our model’s inference process. We pro- patch (node in the graph), we sum weights from all adja-
vide a qualitative example to illustrate how our model works cent patches via APLAL. A larger e 1ndlcaFes tha't the vi-
for audio-visual question answering. As shown in Fig. 3, the sual patch receives more attention (larger weights) in graph
person on the left continuously plays the ukulele, while the learning. Th? m(?del trained with motion guidance (w/ Aj")
person on the right holds a ukulele for a time before play- accurately highlights and tracks the key patches related to
ing it in the final segment. To answer the question “Which the two sounding instruments; otherwise (w/o A"), it em-
ukulele makes the sound first?”, our S-KPT module tracks pha81z§s many irrelevant patc'hes, SU_Ch as the W}ndOW and
the two instruments corresponding to the sound. As veri- wall. Similarly, the deel trained with .audlo g.u{dance (w/
fied by the visualized sound-activation matrix s (Eq. 5), the A7) pays more attention to the left guitar emitting louder
visual patches of the two ukuleles exhibit larger weights sound; otherwise (w/o A? ), the model focuses on the middle
(brighter colors). Since both ukuleles semantically corre- guzheng, resulting in an incorrect prediction.

spond to the sound, it is challenging for S-KPT to iden-
tify the left ukulele as the source of the sound first. How-

ever, our M-KPT module aids in recognizing that the left Conclusion

ukulele is active in the first two segments due to its large

movements, as evidenced by the motion-activation matrix We propose a Patch-level Sounding Object Tracking (PSOT)
m (Eq. 2). Afterward, the patches activated by the S-KPT method for the challenging AVQA task. By exploring patch-
and M-KPT are processed using the Q-KPT to retain only wise motion information across adjacent frames, we design
those patches highly relevant to the question. Some irrel- a motion-driven Key Patch Tracking (KPT) module to track
evant visual patches, such as the floor and the leg of the salient visual patches. Meanwhile, we propose a sound-
person on the left, are removed at this stage. Through the driven KPT module to track sounding patches by exploring
collaboration of three modules, our model can focus on the audio-visual correspondence. After identifying salient and
most informative clues, ensuring accurate answers. sounding patches, we further utilize a question-driven KPT
Visualization on the impacts of the A}* and .4;. Quanti- module to retain tracked patches highly relevant to the ques-
tative results in Table 4 demonstrate that our model, trained tion. All these modules are implemented using graph neural
with motion- and sound-driven adjacency matrices, outper- networks, with audio-visual-question features automatically
forms the model directly adopting the vanilla feature sim- updated in graph learning. Extensive quantitative and quali-
ilarity as the adjacency matrix. In Fig. 4, we visualize the tative results validate the effectiveness of our method.
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