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Abstract

The Audio-Visual Question Answering (AVQA) task in-
volves extracting question-related audio-visual clues from
both temporal and spatial perspectives to answer questions
accurately. Despite the promising performance of existing
multi-modal AVQA models, thanks to large-scale pre-trained
models, challenges remain in the field. Firstly, aligning audio-
visual information across temporal and spatial dimensions is
difficult. Secondly, the fusion of audio-visual information is
often weighted inadequately, limiting model performance. To
address the above issues, we design the Audio-Visual Adap-
tive Fusion Network (AVAF-Net), which uses contrastive
learning to align audio-visual information temporally and
spatially and adaptively adjusts fusion weights based on the
question. Specifically, we initially align visual and audio
information temporally through a temporal-alignment con-
trastive loss. This is followed by an audio-visual clue-mining
module that highlights question-related cues, aligning them
with the vocal region spatially using spatial alignment con-
trastive loss. Additionally, a question-oriented adaptive fu-
sion module assigns different weights to audio and visual
modalities based on the question content and then fuses them.
The fused audio-visual cues are finally used to predict the an-
swer. Extensive experiments on the MUSIC-AVQA dataset
show that AVAF-Net surpasses all baseline models, with a
maximum improvement of 15.90% in average accuracy and
an average improvement of 9.80%.

Introduction

Audio and visual clues greatly help us perceive the world
and transmit information daily. By combining the two, our
ability to perceive and understand dynamic audio-visual
scenes is greatly improved (Wei et al. 2022). In recent years,
the research on audio-visual scene understanding has re-
ceived widespread attention and made significant progress,
such as sound source localization (Hu et al. 2023; Senocak
et al. 2018) and separation (Zhou et al. 2022a; Gan et al.
2020), event localization (Zhou et al. 2021, 2024a; Zhou,
Guo, and Wang 2023; Zhou et al. 2024b), video parsing
(Tian, Li, and Xu 2020; Mo and Tian 2022), segmentation
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Figure 1: Illustration of the AVQA task and our audio-visual
adaptive fusion method. (A) The AVQA task requires min-
ing audio-visual clues related to the question. (B) Different
questions require different modalities to be focused on. For
question 1, the audio modality needs to be given higher at-
tention, while for question 2, the visual modality needs to be
focused on.

(Zhou et al. 2022b, 2024c; Liu et al. 2024), and question an-
swering (Li et al. 2022; Yang et al. 2022; Li, Hou, and Hu
2023). Different from other audio-visual tasks, the audio-
visual question answering (AVQA) task not only requires
exploring the temporal and spatial relations in audio-visual
scenes, but also requires comprehensive spatio-temporal rea-
soning based on the question content (Li et al. 2024). As
shown in Fig.1, to obtain the correct answer, the AVQA
model should identify the “cello” and “violin” in both tem-
poral and spatial dimensions. For question one, “Is the cello
in the video always playing?”, the AVQA model should pay
high attention to the audio modality. And for question two,
“Are there violin and cello instruments in the video?”, the
visual modality should be given high attention.

To explore the AVQA task under long-term videos, Li
et al. (2022) constructed a large-scale dynamic audio-visual



scene dataset MUSIC-AVQA and a spatio-temporal ground-
ing model to enhance the comprehension and reasoning of
dynamic audio-visual scenes. Jiang and Yin (2023) pro-
posed to introduce the question topic into the visual modal-
ity and construct a single-stream audio-visual question net-
work. Moreover, Chen et al. (2024) also considered taking
the question as a guiding factor to achieve accurate queries
of question-related information. Li, Hou, and Hu (2023) de-
signed the PSTP-Net to perform spatio-temporal reasoning
by gradually perceiving the temporal segments and spatial
regions related to the question. In addition, Lin et al. (2023)
introduced a parameter-efficient framework to improve the
performance of the model by efficiently fine-tuning the ex-
isting pre-trained models. Although these efforts have sig-
nificantly promoted the progress of AVQA research, several
challenges still need to be addressed:

Challenge 1: Incomplete Alignment of Vision and Audio
in Time and Space. The AVQA task requires understanding
the visual content in the video and associating the audio with
the vocalization area, which makes it necessary to align the
visual and audio in the temporal dimension and align the
audio and vocalization areas in the spatial dimension. Some
methods use pre-trained object detection models or attention
mechanisms to locate the vocalization areas. Such as Li et al.
(2024) used the object detection model DETR as the visual
feature extractor to extract object-level visual features, and
Li, Hou, and Hu (2023) located key temporal segments and
spatial regions based on the attention map between questions
and audio-visual clues. However, due to the complex visual
objects and audio-visual correspondences in dynamic audio-
visual scenes, it is still unable to effectively associate the
audio and vocalization areas in time and space, which limits
the performance of the model.

Challenge 2: Inappropriate Fusion Weights between Au-
dio and Vision. For AVQA tasks, it is necessary not only to
mine clues related to the question from the visual and audio
modalities but also to select the required modal information
based on the question, that is, the fusion weight value of
the visual and audio modalities is assigned according to the
question. As illustrated in Fig. 1 (B), for the question “Is the
cello in the video always playing?”, the network should pay
more attention to the audio modality. Conversely, for “Are
there cello and violin instruments in the video?”, the visual
model should be given more attention. Simply assigning the
same weight to visual and audio modalities and then merg-
ing them may affect answer prediction.

To address the challenges mentioned, we propose the
Audio-Visual Adaptive Fusion Network (AVAF-Net),
which can perceive question-related audio-visual cues in
complex dynamic audio-visual scenes. For the first chal-
lenge, we adopt two different contrastive loss functions,
namely temporal alignment contrastive loss and spatial
alignment contrastive loss, to optimize our network. The
temporal alignment contrastive loss is used to align the vi-
sual information and the audio information in the tempo-
ral dimension, while the spatial alignment contrastive loss
aligns the visual areas with the audio in the spatial dimen-
sion to find the effective vocalization areas. For the second

10484

challenge, we consider assigning weights to the mined vi-
sual and audio cues according to the given question. Specif-
ically, we propose a question-oriented adaptive fusion mod-
ule that allows the network to dynamically assign different
weights to visual and audio clues according to questions,
making AVAF-Net dynamically focus on different modali-
ties and improving the accuracy of answer prediction. Fi-
nally, the mined audio-visual clues are used to predict the
answers. Extensive experiments demonstrate that our AVAF-
Net can effectively mine the spatio-temporal relationship in
videos, highlighting its great potential in audio-visual task.
Briefly, the contributions in this paper are as follows:

* We propose an audio-visual adaptive fusion network
based on contrastive learning. This network adaptively
aligns visual and audio information across temporal and
spatial dimensions using temporal and spatial alignment
contrast losses, thereby optimizing and enhancing net-
work performance.

We consider adaptively assigning weights to visual and
audio cues based on the question’s content. To achieve
this, we design a question-oriented adaptive fusion mod-
ule that enables the network to dynamically focus on
and fuse different modalities according to the question,
thereby improving answer prediction accuracy.

The proposed AVAF-Net is extensively experimented on
the public dataset MUSIC-AVQA. The results show that
AVAF-Net outperforms all baseline models on audio-
related, visual-related, and audio-visual-related question-
answering tasks, achieving an average accuracy of
75.90%. Particularly, AVAF-Net achieves up to 15.90%
improvements in the average accuracy compared with all
baselines.

Related Work
Audio-Visual Representation Learning

Inspired by how humans use multi-sensory perception to
understand and analyze the world, research on multimodal
audio-visual scene understanding has received increasing at-
tention (Wei et al. 2022). Compared with other modalities,
vision and hearing are the main sources of human perception
of the world. Audio-visual representation learning includes
various interesting tasks, such as action recognition (Gao
et al. 2020), sound source localization (Hu et al. 2023; Seno-
cak et al. 2018), event localization (Zhou et al. 2021, 2024a;
Zhou, Guo, and Wang 2023; Zhou et al. 2024b), audio-visual
segmentation (Zhou et al. 2022b, 2024c; Liu et al. 2024), etc.
Sun et al. (2023) proposed a learning strategy called FNAC
based on contrastive learning to alleviate the poor perfor-
mance problem caused by false negative samples mislead-
ing the training process of the source localization models.
Wang et al. (2024) proposed a new encoder-prompt-decoder
paradigm that helps the visual foundation model focus on
sounding objects by constructing a semantic-aware audio
prompt, improving the accuracy of audio-visual segmenta-
tion. To address the data scarcity problem in the field of
Audio-Visual Emotion Recognition, Sun et al. (2024) pro-
posed the HICMAE, a three-pronged approach to promote



hierarchical audio-visual feature learning inspired by self-
supervised learning.

These studies overcame the perceptual limitations of
single-modal models by integrating the rich audio-visual in-
formation in multi-modal scenes, thereby leveraging visual
and audio modalities for a more fine-grained exploration of
multi-modal scenes.

Audio-Visual Question Answering

As an audio-visual pattern recognition and spatio-temporal
reasoning task, audio-visual question answering is attracting
increasing attention from researchers (Li et al. 2022; Yang
et al. 2022; Li, Hou, and Hu 2023; Li et al. 2024). It neces-
sitates a comprehensive understanding and analysis of the
audio-visual content in the video based on the given ques-
tion, resulting in accurate answers. To explore the AVQA
task, Li et al. (2022) constructed a MUSIC-AVQA dataset
consisting of dynamic, long-term music performance videos
and introduced a spatio-temporal grounding model to en-
hance the comprehension and reasoning of dynamic audio-
visual scenes. Jiang and Yin (2023) considered introducing
the topic words of the question into the visual modality and
proposed a single-stream audio-visual question-answering
network. Furthermore, Li, Hou, and Hu (2023) proposed
a progressive spatio-temporal perception model PSTP-Net,
which located the temporal segments and spatial regions re-
lated to the question by using questions as guiding factors. Li
et al. (2024) considered mining question-related visual ob-
jects from object-level visual features. They applied the pre-
trained target detection model to extract object-level features
and identified key objects through the contrastive learning
strategy. Lin et al. (2023) focused on enhancing the con-
nections between visual and audio modality and optimizing
training efficiency. They fine-tuned existing extraction mod-
els by adding efficient parameters to improve the adaptabil-
ity of extracted features to downstream tasks.

Although promising progress has been made in the field of
AVQA, some challenges still exist. Our work aligns audio-
visual cues in temporal and spatial dimensions through con-
trastive learning, and adaptively assigns fusion weights to
visual and audio modalities according to the question, to
effectively encode the multi-modal relationships among vi-
sual, audio, and question.

Method

To address the challenges mentioned, we introduce an effec-
tive Audio-Visual Adaptive Fusion Network (AVAF-Net),
which aligns audio-visual information in temporal and spa-
tial dimensions and dynamically adjusts attention to visual
and auditory modalities. An overview of AVAF-Net is shown
in Fig. 2.

Data Representation

Firstly, we first down-sample videos to 7' non-overlapping,
one-second-long visual and auditory segments {v;, a; }1_;.

Visual Representation. For each one-second-long visual
segment v, we sample a fixed number of frames from it.
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Then, we apply the pre-trained CLIP’s vision encoder (Rad-
ford et al. 2021) with frozen parameters to extract token-
level features ff) on each frame, where f; € RNXD N js
the token numbers of one frame and D is the feature dimen-
sion. Finally, all T" seconds of visual features can be denoted
as F, = {f}, f2, ..., f1'}, where F,, € RT*N>D,

Audio Representation. For audio segment a;, the pre-
trained VGGish (Gemmeke et al. 2017) with frozen pa-
rameters is used as extractor to extract audio features as
ft € RP, which is trained on the large-scale AudioSet
(Gemmeke et al. 2017) dataset. Finally, all 7" seconds of au-
dio features can be denoted as F,, = {f}, f2, ..., fI'}, where
F c RTXD

w .

Question Representation. Given a question (), we divide
it into M individual words g, through the Tokenizer and
then embed each word into a fixed-length vector. Finally, it
is fed back to the pre-trained CLIP’s text encoder (Radford
et al. 2021) to generate sentence-level features Iy, and word-
level features F),,, where F, € R'™D and F,, € RM*P_ We
take the [CLS] token as the sentence-level feature.

Temporal Alignment Contrastive Learning

Aligning visual and audio streams in the temporal dimension
helps the network better understand contextual information
and learn the temporal correlation between visual and au-
dio in dynamic audio-visual scenes. We design the Tempo-
ral Alignment Contrastive Learning (TACL) method to en-
courage positive cross-modal pairs to be mapped nearby,
while negative pairs are as far away as possible in the
shared semantic space. We first adopt two linear functions
to project the patch-level visual features F,, € RT*NxD
and audio features F, € RT*? into the semantic space of
the same dimension, and obtain the frame-level visual fea-
tures F, = {fL f2,....fI'} € RT*D by average pool-
ing. Then, we calculate the interaction matrix of F}, and
F, and average it to obtain the vocalization visual features
Fy = {fL f2,.... fI} € RT*P_ For the sample at time 1,
the temporal alignment contrastive loss is calculated as fol-
lows:

T
LTempl = ;zj:(ﬁd(szm(f;afg)vslm( clmf(i)) (1)

+£d(52m( ;afij;)v*%m( 11;7.](‘1];)))
T

ﬁTempZ = %Z[ﬁd(szm( 3,fg),8im( slvfs])) (2)
J

»CTemp = »CTempl + »CTempZ 3
where sim(-) is the similarity function, £4(-) represents the
L1 distance, and T' denotes the length of the audio-visual
sequence.

Audio-Visual Clue Mining

Dynamic audio-visual scenes contain much audio-visual in-
formation, so question-related key clues should be mined in
the visual and audio modalities to answer questions accu-
rately. For example, for the question “Is the cello in the video
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Figure 2: An overview of our proposed Audio-Visual Adaptive Fusion Network (AVAF-Net). First, we use the pre-trained
models to extract multi-modality features. Then, we align the visual and audio features in the temporal dimension through
TACL. Subsequently, we highlight the question-related audio-visual cues through the AVCM module. After that, the SACL
is used to make the network focus on the matched question-visual region pairs and audio-visual region pairs in the spatial
dimension. Finally, we mine the question-related audio-visual cues and adaptively fuse the audio-visual features based on the

question content.

always playing?”. The visual modality should mine clues
related to “cell”, while the corresponding audio modality
should mine clues related to “always playing”. Specifically,
we use the Audio-Visual Clue Mining (AVCM) module to
obtain question-related audio-visual clues.

The AVCM mainly comprises two multi-head attention
(MultiHead) and two feed-forward neural networks (FFN),
which model the cross-modal relations between the visual or
audio features and the question, thereby mining key audio-
visual clues. Overall, the calculation process is as follows:

F! = FFN(MultiHead(F,, F,,, F,, ) 4)

F! = FFN(MultiHead(F,, F,,, F.,)) ®)

Here, I}, I, and F,, denote token-level visual features,
audio features, and word-level features, respectively. Conse-
quently, we obtain the updated audio feature F! € RT*P
and token-level visual feature ) € RT-V*D.

Spatial Alignment Contrastive Learning

To better answer questions, the network should learn pos-
itive and question-related semantic information in multi-
modalities. Based on this, we consider the learning opti-
mization of the network from two aspects. On the one hand,

the network should concentrate on the visual areas related to
the question. On the other hand, it should also associate au-
dio signals with corresponding visual areas. We exploit the
contrastive loss proposed by Li et al. (2024) to design the
Spatial Alignment Contrastive Learning (SACL) method,
which optimizes the network by highlighting the matched
question-visual area pairs and audio-visual area pairs.
Taking the question-visual area contrast learning as an ex-
ample, for the audio-visual sequence at the ¢-th moment, the
question-visual area contrast loss formula is calculated as

follows:
F fi/
s = softmaz(—L @ (—L-)T) (6)
I Eqll LAY
Al = {s{|s{" > ¢},
{ (N
B" = {s{"[s{" < ¢},
ap __ Zszl exp(Sf,"f/T)
L = o Ty T e )
Lspat = % ZiT:1 lgp
®)
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Here, ® and ¢ denote the matrix multiplication and
threshold. A" and B?” represent the question-related visual
regions and question-irrelated visual regions respectively,
and sgﬁ,’f € A, 577" € B”. M denotes the number of
question-related visual areas and N denotes the total num-
ber of visual areas. 7 is a hyper-parameter that balances the
computation of the loss.

Similarly, we can also calculate the audio-visual region
contrast loss Lspa. The final spatial alignment contrast loss
is calculated as follows:

ﬁSpat = LSpat] + ACSpatZ 9)

Question-Oriented Adaptive Fusion

To reasonably fuse visual and audio features, as well as fur-
ther mine question-related audio-visual clues to answer the
question more accurately, we propose the Question-Oriented
Adaptive Fusion (QOAF) module.

Firstly, we use the question information as the query
of the multi-head attention mechanism to further mine key
audio-visual clues from the visual and audio modalities. The
calculation formula is as follows:

F! = FFN(MultiHead(F,,, F,, F})) (10)

F! = FFN(MultiHead(F,,, F!, F")) (1D

Here, F;,’ € RMXP and F! € RM*D denote the
mined question-related visual clues and question-related au-
dio clues, respectively. Next, to more reasonably integrate
the visual and audio modalities, we expect to dynamically
assign different weights to them. We generate modality-
weights §; and 2 according to the sentence-level question
feature F},. Then they are multiplied with the corresponding
modal features. The calculation formula is as follows:

01,09 = Weight(Fq) (12)
Fruse = FC(Concat(dy - F}', 05 - F)) (13)

Here, §; and 6§, represent the generated modality weight
values. Fyyse € RMXD denotes the fused audio-visual fea-
ture for answer prediction.

Answer Prediction

Following previous works (Li et al. 2022; Li, Hou, and Hu
2023; Li et al. 2024), the process of answer prediction is
conducted in an open-ended manner, identifying the right
answer from a given set of candidate answers. Specifically,
we feed F'y,,. into a linear classification layer and softmax
layer to obtain the probability p € R of the candidate an-
swers, where C denotes the size of the candidate vocabulary.
During training, we use the following loss function to opti-
mize the network:

L= ‘CCE +a- ACTemp + 6 ! ﬁSpat (14)

Here, Lo g represents the cross entropy loss. Meanwhile,
« and f denote the scaling factors used to balance the
weights among the three losses. During inference, we use
¢ = argmax.(p) to predict the answer.
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Experiments

In this section, we first introduce the used datasets, evalu-
ation metrics, and experimental settings. Then, we demon-
strate the effectiveness of our approach through comparative
experiments, ablation experiments, and hyper-parameter ex-
ploration.

Dataset

In this paper, we validate our proposal on two datasets:
MUSIC-AVQA (Li et al. 2022) and MUSIC-AVQA-Real.
The detailed descriptions of these datasets are as follows:

MUSIC-AVQA. This dataset contains 9,288 music per-
former videos, with a total of 45,867 question-answering
pairs. And 7,422 real videos were collected from YouTube
and 1,867 human-made synthetic videos. The questions are
designed based on 33 question templates, covering 9 types,
including audio questions (Counting and Comparative), vi-
sual questions (Counting and Localization), audio-visual
questions (Existential, Localization, Counting, Compara-
tive, and Temporal).

MUSIC-AVQA-Real. Our goal with this dataset is to
evaluate the performance of our network in a noise-free en-
vironment. It only consists of the real videos and the cor-
responding question-answer pairs, i.e., a real music perfor-
mance scenario, extracted from the MUSIC-AVQA. We also
compare it with that in a noisy environment (i.e., MUSIC-
AVQA) to verify the robustness of the network.

Implementation Details

About the visual features, we initially split the video into
one-second-long segments and sample frames at 1fps.
Then, we use the pre-trained CLIP-ViT model with frozen
parameters to extract 512-D features for each visual seg-
ment. And the token-level visual features are regarded as
visual input. For the audio input, we first sample it at 16kHz
and then convert it to the corresponding spectrogram. Then,
the VGGish network pre-trained on AudioSet is used to gen-
erate 128-D audio features. For question features, we use the
CLIP-BERT model to obtain sentence-level and word-level
features. In all experiments, we employ the Adam optimizer,
initializing the learning rate at le-4 and reducing it by a fac-
tor of 0.1 every 8 epochs. The batch size is set to 32, and run-
ning for 30 epochs. All our experiments are implemented on
an NVIDIA GeForce RTX A6000 and implemented in Py-
Torch.

Evaluation Metrics

In this paper, following the definition of previous work, we
verify the network performance on each type of question
and take the average answer prediction accuracy as the main
indicator to measure network performance, which is calcu-
lated by Eq. 15:

Accuracy = —2
Na’
Here, N, represents the count of correctly predicted ques-

tions, while N,;; donates the total number of questions.

15)



Method Audio Visual Audio-Visual Avg
Count Comp Avg | Count Local Avg | Exist Count Local Comp Temp Avg

GRU (Agrawal et al. 2017) 7455 66.80 72.89 | 68.32 7346 70.83 | 8425 6575 6252 62.12 65.83 6843 | 69.75
HME (Fan et al. 2019) 7747 6475 74774 | 6645 6797 67.19 | 81.66 66.70 56.44 63.27 60.03 66.34 | 67.88
MCAN (Yu et al. 2019) 8049 50.82 74.12 | 71.87 71.69 71.78 | 8290 69.35 5559 57.13 60.50 65.71 | 68.73
PASC (Li et al. 2019) 7758 6393 7465 | 6841 69.25 68.82 | 7885 68.66 5587 6191 60.82 65.66 | 67.94
AVSD (Schwartz, Schwing, and Hazan 2019) | 74.10 64.75 72.10 | 65.79 75.51 70.54 | 82.11 66.07 6280 63.27 6583 68.27 | 69.50
Pano-AVQA (Yun et al. 2021) 76.91 65.57 7447 | 6925 77.18 73.12 | 8256 67.02 62.09 6493 6755 69.12 | 71.08
ST-AVQA (Li et al. 2022) 8049  63.11 76.76 | 72771 76.69 74.65 | 8245 65777 T71.16 6472 7038 71.05 | 72.95
PSTP-Net (Li, Hou, and Hu 2023) 7532 76.67 7542 | 77.29 62.04 75.03 | 73.77 72.61 7596 75.05 7291 73.86 | 74.07
QAGL (Chen et al. 2024) 84.75 67.62 81.07 | 77.38 7855 7795|8583 7519 69.02 6420 6897 7291 | 75.60
APL (Li et al. 2024) 84.75  67.62 81.07 | 7477 81.39 78.00 | 84.03 76.99 69.73 6504 68.03 73.10 | 75.72
AVAF-Net 85.65 62.70 80.70 | 80.84 8511 82.93 | 8346 7731 7397 63.16 70.85 73.78 | 77.45

Table 1: Accuracy (%) of baselines and our AVAF-Net on the test set of MUSIC-AVQA-Real. The best and second-best results
of each question type are highlighted in bold and underlined form, respectively.

Method Audio Visual Audio-Visual Avg
Count Comp Avg | Count Local Avg | Exist Count Local Comp Temp Avg
GRU (Agrawal et al. 2017) 7221 66.89 7024 | 67.72 70.11 68.93 | 81.71 62.64 5944 61.88 60.07 65.18 | 67.07
HME (Fan et al. 2019) 7476 63.56 70.61 | 67.97 69.46 68.76 | 80.30 63.19 53.18 62.69 59.83 64.05 | 66.45
MCAN (Yu et al. 2019) 7750 5524 6925 | 71.56 7093 71.24 | 80.40 6491 5448 5722 47.57 61.58 | 65.49
PASC (Li et al. 2019) 75.64  66.06 72.09 | 68.64 69.79 6922 | 77.59 6342 5502 61.17 5947 63.52 | 66.54
AVSD (Schwartz, Schwing, and Hazan 2019) | 72.41  61.90 68.52 | 67.39 74.19 70.83 | 81.61 63.89 5879 61.52 6141 6549 | 67.44
Pano-AVQA (Yun et al. 2021) 7436 6456 70.73 | 69.39 75.65 72.56 | 81.21 6491 59.33 6422 6323 66.64 | 68.93
ST-AVQA (Li et al. 2022) 76.89  67.00 7325 | 72.60 75.76 74.19 | 81.98 68.54 6435 63.94 6557 6892 | 71.08
PSTP-Net (Li, Hou, and Hu 2023) 80.24 5892 7238 | 7519 7927 77.25 | 8340 70.83 6402 61.67 6740 69.51 | 72.07
QAGL (Chen et al. 2024) 8299 71.04 7858 | 80.12 77.88 78.89 | 8229 7273 62.83 6340 6436 69.43 | 73.58
APL (Li et al. 2024) 815 69.19 7697 | 77.11 8229 79.73 | 8178 7375 66.52 6240 6472 70.09 | 73.86
AVAF-Net 83.09 69.70 78.15 | 80.20 84.49 8237 | 84.51 7505 68.37 6194 70.07 72.12 | 75.90
Table 2: Accuracy (%) of baselines and our AVAF-Net on the test set of MUSIC-AVQA.
Average Accuracy (%)

Results Method Audio  Visual  Audio-Visual All
To verify the effectiveness of AVAF-Net, we test its perfor- 1| AVAF-Net w/o. all 4687 16.60 25.12 26.70
mance on MUSIC-AVQA-Real and MUSIC-AVQA datasets 2 | AVAF-Netw/o. TACL | 7827  82.20 7117 7535
d it with ten state-of-the-art models. Please 3 | AVAF-Netw/o. AVEM | 75.11 77.58 6778 e
and . compare 1 : 4 | AVAF-Net w/o. SACL | 7728  82.62 71.55 75.50
note that the results of the comparison methods are all re- 5 | AVAF-Net wio. QOAF | 7536  77.50 69 41 7278
implemented based on the official codes. From Table 1 and 6 | AVAF-Net 7815 8237 7212 75.90

Table 2, it can observed that the performance of AVAF-
Net surpasses all the comparison models. In addition, we
can find that on the dataset MUSIC-AVQA, which con-
tains synthetic data, the performance of AVAF-Net decreases
by 1.55%, while the performance of ST-AVQA, PSTP-Net,
QAGL, and APL decreases by 1.87%, 2.00%, 2.02%, and
1.86%, respectively. This proves that our method is more ro-
bust when faced with noisy information, that is, one of the
modalities is interfering information.

Moreover, we further explore and analyze the experimen-
tal results on the MUSIC-AVQA dataset. As shown in Ta-
ble 2, AVAF-Net shows significant improvements in sub-
task types of audio, visual, and audio-visual, compared to
the recent model APL (Li et al. 2024). Meanwhile, AVAF-
Net achieves remarkable improvements of 1.18%, 2.64%,
and 2.03% in the above-mentioned subtask types. Specif-
ically, compared with APL, AVAF-Net obtains remarkable
improvements of 1.94% and 0.51% in the Counting and
Comparative subtasks of the audio modality. Additionally,
3.09% and 2.20% performance boosting are obtained in the
Counting and Localization subtasks of the visual modality,
respectively. Furthermore, the performance of our proposal
has been improved by 2.73%, 1.30%, 1.85%, and 5.35% in
Existential, Localization, Counting, and Temporal subtask

Table 3: Ablation study on the different modules of AVFA-
Net on the test set of MUSIC-AVQA.

types of audio-visual modality. The remarkable improve-
ments indicate that our AVFA-Net is effective in accurately
identifying crucial audio-visual clues.

Overall, our AVAF-Net achieves significant performance
improvements compared to existing methods and con-
tributes to the advancement of dynamic audio-visual ques-
tion answering scene tasks.

Ablation Studies

In this section, we will mainly explore the effects of dif-
ferent hyper-parameters and modules on the performance of
AVAF-Net based on the MUSIC-AVQA dataset.

To explore the effectiveness of each module in AVAF-Net,
we remove TACL, AVCM, SACL, and QOAF respectively,
and re-evaluate their performance. As shown in Table 3, af-
ter removing different components, AVAF-Net shows a dif-
ferent performance drop. The analysis of the ablation exper-
iments is as follows:

* AVFA-Net w/o. all. To verify that the performance im-
provement is the result of the combined effect of the dif-
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ferent components we proposed, we remove all the de-
signed modules and only keep the input audio, video,
and question features. As shown in Table 3, the perfor-
mance dropped significantly (75.90% vs 26.70%). This
significant deterioration is convincing evidence that the
complexly designed multiple modules in AVAF-Net con-
tribute to enhancing the overall effectiveness.

AVFA-Net w/o. TACL. The goal of designing TACL is
to enable the network to align visual and audio features
in the temporal dimension, thereby enhancing the abil-
ity to understand audio-visual scenes. To verify the ne-
cessity of TACL, we removed it from AVAF-Net and re-
evaluated the performance of the network. As shown in
Table 3, when TACL is removed, the performance drops
to 75.35%, a decrease of 0.55%.

AVFA-Net w/o. AVCM. The purpose of AVCM is to dis-
cover question-related audio-visual clues in the audio-
visual scenes, making the network focus on the required
information and reduce the interference of irrelevant in-
formation. To illustrate the importance of AVCM, we
re-test the model without the AVCM module. The re-
sults are shown in Table 3, the performance dropped by
4.23%, compared with AVAF-Net. Furthermore, remark-
able performance declines are observed in the three sub-
task types, demonstrating that the AVCM module con-
tributes to enhancing performance.

AVFA-Net w/o. SACL. SACL is designed to encourage
the network to focus on semantically matched question-
visual region pairs and audio-visual region pairs in the
spatial dimension. Removing this module means that
the network will lack attention to the matched question-
visual region pairs and audio-visual region pairs in the
spatial dimension, which may lead to a decrease in the
performance of the AVAF-Net. As shown in the table 3,
without SACL, the performance drops to 75.50%.

AVFA-Net w/o. QOAF. We design the QOAF to further
explore the key clues in the audio-visual scenes and fuse
the visual and audio modalities more reasonably accord-
ing to the content of the question. To prove the effective-
ness of the QOAF, we remove it and retest the perfor-
mance of the network. Specifically, we directly fuse the
visual and audio modalities without assigning weights.
As shown in table 3, when QOAF is removed, the per-
formance drops from 75.90% to 72.78%. This significant
drop proves that QOAF has made a great contribution to
performance improvement.

In summary, each module in AVAF-Net plays a role
in performance improvement. The optimal results can be
achieved when all modules are presented.

Meanwhile, we also explored the effects of differ-
ent hyper-parameter configurations on the performance of
AVAF-Net.

» Effects of Threshold ¢ in Eqn. 9. Here, ¢ is the thresh-
old used to select highly matched question-visual region
pairs and audio-visual region pairs in Equ. 9. As shown
in table 4, we explore the impact of different ¢ values
on the performance according to the number of patches
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Average Accuracy (%)
Threshold ¢ 1 Visual — Audio-Visual | All
1| ¢=0000 | 7728 82.62 71.55 75.50
2 | =0017 7765 8237 71.53 75.48
3] ¢=0019 | 7815 8237 72.12 75.90
4| =0021 7759  82.82 71.88 75.79
5| ¢=0023 7734 8229 71.76 75.54
6 | ¢=0025 78.09  82.41 71.80 75.73
7| p=0027 7772 8237 71.68 75.58

Table 4: Impact of the threshold ¢ in spatial alignment con-
trastive learning. In this experiment, each frame is divided
into N patches, and we explore  around %

. Average Accuracy (%)
Scaling factors 81— 2 —icial Audio-Visual | AT
1 £5=0.1 78.27 82.54 71.74 75.76
2 £5=0.2 78.15  82.37 72.12 75.90
3 £5=03 7778  82.82 71.76 75.76
4 £5=04 7734  82.37 71.98 75.68
5 £5=05 7629  82.29 71.82 75.39
6 £5=0.6 76.29  82.25 70.92 74.87
7 £5=0.7 73.36  81.63 71.09 74.64
8 £5=0.8 7443  81.79 72.29 74.07

Table 5: Impact of the scaling factor 3 in the loss function.

N. When the value of ¢ is set to 0.019, the overall av-
erage performance reaches the highest. If the value of ¢
is large, the network may not be able to obtain enough
clues. On the contrary, if the value of ¢ is small, the net-
work’s attention may be distracted.

Effects of 5 in Eqn. 14. Here, (3 is a scaling factor used
to balance the weights of different loss functions. As
shown in table 5, we explore the impact of different /3
values on network performance from 0.1 to 0.8. It can be
observed that when the value of 3 is 0.2, the best per-
formance is achieved. Then the performance gradually
decreases as the value of (3 increases.

Conclusion

In this work, we propose a novel audio-visual adaptive fu-
sion network based on contrastive learning for audio-visual
question-answering tasks. The proposed network aligns vi-
sual and audio information in temporal and spatial dimen-
sions through the contrastive learning strategy, and also
adaptively assigns different weights to the visual and au-
dio modalities according to the type of question, thereby im-
proving the accuracy of answer prediction.

We conduct extensive evaluation experiments and com-
pare our method with 10 existing models. The experimental
results indicate that AVAF-Net outperforms all the compari-
son models and obtains an accuracy of 75.90%, proving the
effectiveness of the proposed network. To verify the impact
of different modules and hyper-parameters of AVAF-Net, we
also conduct a large number of ablation experiments. The re-
sults of the ablation experiments demonstrate the effective-
ness of AVAF-Net.
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