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Abstract

Audio-visual event localization (AVEL) aims to iden-
tify both the categories and temporal boundaries of events
that are both audible and visible in unconstrained videos.
However, the inherent semantic gap between heterogeneous
modalities often leads to audio-visual semantic inconsis-
tency. In this paper, we propose a novel Audio-Visual Se-
mantic Graph Network (AVSGN) to facilitate cross-modal
alignment and cross-temporal interaction. Unlike pre-
vious approaches (e.g., audio-guided, visual-guided, or
both), we introduce shared semantic textual labels to bridge
the semantic gap between audio and visual modalities.
Specifically, we present a cross-modal semantic alignment
(CMSA) module to explore the complementary relation-
ships across heterogeneous modalities (i.e., visual, audio
and text), promoting the convergence of multimodal distri-
butions into a common semantic space. Additionally, in
order to capture cross-temporal dependencies sufficiently,
we devise a cross-modal graph interaction (CMGI) module,
which disentangles complicated interactions across modal-
ities into three complementary subgraphs. Extensive exper-
iments on the AVE dataset comprehensively demonstrate the
superiority and effectiveness of the proposed model in both
fully- and weakly-supervised AVE settings.

1. Introduction

Humans naturally integrate multiple senses (e.g., vision,
hearing, and smell) to interpret their surroundings, with vi-
sion and hearing being particularly crucial [27]. To enable
intelligent machines to emulate human perception, reason-
ing, and decision-making, audio-visual learning [36,51] has
emerged as a hot area in recent decades. Audio-Visual
Event Localization (AVEL) [30], a prominent area within
audio-visual learning, challenges models to identify events
that are both audible and visible in videos, such as a car
driving or a dog barking. This task involves not only classi-
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Figure 1. An example illustrating the AVEL task: a segment is
marked as an “AV Event” only when an event is both visible and
audible simultaneously; otherwise, it is considered background.

fying event categories but also accurately determining their
temporal boundaries, as shown in Figure 1. As research
in AVEL continues to advance, it holds substantial poten-
tial for applications in intelligent surveillance [37], human-
computer interaction [2], and multimedia retrieval [17].
Since visual and audio signals often originate from the
same event, the consistencies (i.e., semantic, spatial, and
temporal aspects) [36] enable audio to provide valuable
complementary information for AVEL tasks alongside vi-
sual data and vice versa. Since Tian et al. [30] introduced
the AVEL task, extensive research have emerged to improve
localization accuracy and robustness, focusing on tech-
niques such as cross-modal attention [40, 41], multimodal
adaptive fusion [4,9,16,47], and semantic consistency mod-
eling [16,33,50]. While cross-modal attention mechanisms
establish correspondences between the modalities, existing
methods that rely primarily on unimodal-guided attention
(e.g., AGVA [30], AGSCA [41], and CMGA [40]) often
overlook the potential of visual cues to guide audio pro-
cessing. As a consequence, researchers have increasingly
explored the paradigm of mutual guidance [5, 7, 19, 47].
However, audio-guided and/or visual-guided attention may
introduce redundant or event-irrelevant information from
the other modality. Alternatively, multimodal adaptive fu-
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sion strategies aim to integrate information across modal-
ities enhancing audio-visual correspondence through tech-
niques like attentive fusion [4] and spatiotemporal fusion [9,
16]. Additionally, semantic consistency have been explored
through dynamic interaction learning [33], consistency-
guided semantic alignment [16], and consistent segment
selection [7]. While these methods have shown effective-
ness, they still face challenges in establishing cross-modal
semantic consistency and cross-temporal dependencies due
to the inherent modality heterogeneity.

In this paper, we propose a novel audio-visual seman-
tic graph network (AVSGN) that explicitly facilitates cross-
modal semantic alignment and effectively captures cross-
temporal interaction between heterogeneous modalities. In-
spired by the impressive zero-shot classification perfor-
mance of pre-trained vision-language and audio-language
models (e.g., CLIP [24], CLAP [38]), a natural idea is to
introduce shared semantic labels to bridge the semantic gap
between modalities. To this end, we present a cross-modal
semantic alignment (CMSA) module to promote the con-
vergence of multimodal representations into a shared se-
mantic space. Unlike previous contrastive learning-based
[34, 45], the CMSA module is entirely attention-driven,
and consists of pseudo intra-modal alignment and inter-
modal alignment. In addition, to suppress the interfer-
ence of temporal inconsistencies, we further devise a cross-
modal graph interaction (CMGI) module to capture cross-
temporal semantic associations more effectively. By explic-
itly disentangling complicated interactions across modali-
ties into three complementary subgraphs (i.e., audio-text,
audio-visual, visual-text), we aggregate information within
each subgraph to capture cross-temporal associations and
achieve fine-grained fusion. Finally, we integrate these
modules into the AVEL framework, achieving new state-
of-the-art (SOTA) performance in both fully- and weakly-
supervised AVE settings on the public AVE dataset. In sum-
mary, the contributions can be summarized as follows:

e We propose a cross-modal semantic alignment
(CMSA) module that bridges the semantic gap be-
tween audio and visual modalities by introducing
shared semantic labels, thereby facilitating the conver-
gence of multimodal data into a shared semantic space.

* We devise a cross-modal graph interaction (CMGI)
module that explicitly disentangles complex interac-
tions into three complementary subgraphs to capture
cross-temporal semantic associations and achieve fine-
grained cross-modal temporal fusion.

* By integrating these modules into the AVEL frame-
work, the proposed audio-visual semantic graph net-
work (AVSGN) outperforms SOTA methods in both
fully- and weakly-supervised AVE settings on the pub-
lic AVE dataset.

2. Related Work
2.1. Audio-Visual Representation Learning

The inherent consistencies between audio and visual
modalities provide complementary supervision that en-
hances audio-visual representation learning, mitigating lim-
itations of unimodal approaches. Early methods focused
on reducing modality discrepancies to improve their align-
ment between modalities in the context of common events
or objects [3]. Recent advancements in this field have ex-
plored various strategies, including spatiotemporal corre-
spondence, cross-modal clustering, and cross-modal con-
trastive learning. Synchronous-based approaches [23, 46]
enhance alignment by establishing precise spatiotemporal
audio-visual correspondence, thereby establishing robust
modality correspondences. Clustering techniques [1,14,22]
effectively capture complex associations and semantic con-
sistency within audio-visual data, resulting in more rep-
resentative feature extraction. Furthermore, cross-modal
contrastive learning [15] has proven its effective for high-
quality audio-visual representation by maximizing inter-
modal similarity, showing potential when combined with
pre-trained models [12]. Recently, several advanced self-
supervised frameworks [28,35,42] have integrated the self-
supervised learning and contrastive learning to effectively
model the complex relationship between modalities.

2.2. Audio-Visual Event Localization

For the AVEL task, Tian et al. [30] took a pioneering
step by [30] introducing an audio-guided visual attention
mechanism and a dual multimodal residual network. Since
then, numerous methods have been proposed to enhance
the robustness and accuracy of AVEL, focusing on tech-
niques such as cross-modal attention mechanisms [4, 11,
18,20, 39-41, 43, 44], multimodal adaptive fusion [9, 44],
and semantic consistency modeling [16, 33, 50]. Specifi-
cally, cross-modal attention mechanisms have proven its ef-
fective in extracting discriminative features from audio and
visual modalities and establishing robust modality corre-
spondence. Examples include audio-guided spatial-channel
attention [41], cross-modal co-attention [20], and cross-
modal gated attention [40]. Meanwhile, multimodal adap-
tive fusion methods integrate complementary information
across modalities involving multimodal attention fusion [4]
and spatiotemporal fusion encoders [9]. Semantic informa-
tion plays a crucial role in further enhancing localization
performance, with approaches like semantic relation modu-
lation [33], video-level semantic consistency guidance [16],
and dense modality interaction [21]. Additionally, the emer-
gence of large pre-trained models [ 12] shows significant po-
tential in AVEL [6, 19]. Recently, the audio-visual video
parsing (AVVP) task [8, 29] was proposed, expanding the
AVEL to detect events that are audible, visible, or both.

23958



\®

Intra-CLIP Attention

CLIP :

Q000

R

~
{

Cross-modal
Attention

Visual

... contains the { [CLS] } ||

Audio

|

CLIP :
(text)

00 00|
© J
[
f o ;
TI7
Cross-modal

Attention

CLAP : J
(text)

Q000

c

Cross-modal

Attention

®

CLAP :

0000,

Intra-CLAP Attention

\——Feature Extraction———

|

Bottleneck

|

| Bottleneck |

| Bottleneck |

|

\—Cross-Modal Semantic Alignment—’

~\© \© \

cafEnEfsa]cy
Event Relevance
Prediction

Audio-Visual
Fusion

Event Category
Prediction
*

Train horn

Lgaﬂeo—JJ

% o
- S

\—Cross-Modal Graph Interaction——’

\—L ocalization—’

Figure 2. An overview of the proposed audio-visual semantic graph network (AVSGN). First, frozen pre-trained encoders are utilized
to extract visual, audio and text embedding, respectively. Then, the cross-modal semantic alignment module aligns these multimodal
information into the shared semantic space. Subsequently, three subgraphs are explicitly constructed to capture complex interactions
across modalities. Finally, a localization layer predicts segment-level event relevance scores and video-level event categories.

3. Methods

3.1. Problem Formulation

The AVEL task requires identifying both the event cat-
egory and its corresponding temporal boundary. Con-
cretely, a video is divided into 7" sequential segments S =
{vs,a;}1_,, where the duration of each segment is 1 sec-
ond, v; and a; represent the visual and audio features in
the t-th second. The AVEL model is required to predict
the event category of each segment as y° = {yflys €
{0,1}, ijll y¢ = 1}, where C' + 1 demotes the number
of event categories (including a background category). In
this paper, we primarily focus on two AVEL task settings,
i.e., fully- and weakly-supervised settings. In the fully-
supervised setting, the segment-level labels 3¢ € RT*¢
are available during the training phase, indicating whether
each segment contains an event and its corresponding event
category. While in the weakly-supervised setting, only the
video-level labels y* € R'*¢ are available during the
training phase. Despite this limitation, the AVEL model is
still expected to predict the event category for each segment.

3.2. Overall Pipeline

As illustrated in Figure 2, the pipeline of the proposed
AVSGN model consists of feature extraction, cross-modal
semantic alignment, cross-modal graph interaction, and lo-
calization. Inspired by the success of large-scale pre-trained
models (e.g., CLIP [24], CLAP [38]), we employ frozen en-

coders to extract visual, audio and text embedding. For text
encoding, the default input of CLIP follows the prompt in
[49] “ This photo contains the [CLS]” while
the default input of CLAP follows the prompt “This
sound contains the [CLS]”. Here, the [CLS]
represents the potential event label. Subsequently, we pro-
pose a cross-modal semantic alignment (CMSA) module to
align heterogeneous context into a shared semantic space,
thereby narrowing the semantic gap. Next, We devise a
cross-modal graph interaction (CMGI) module, which dis-
entangles complex inter-modal interactions into three sub-
graphs (i.e., audio-text, audio-visual, and visual-text) to
capture cross-temporal semantic associations and achieve
fine-grained cross-modal temporal fusion. Finally, we use
a localization layer to predict segment-level event relevance
and video-level event categories.

3.3. Cross-Modal Semantic Alignment

Although contrastive learning-based methods [13, 45]
align features from different modalities, they require com-
plex designs or constraints when dealing with three or more
modalities. Unlike pervious methods, we introduce the
CMSA module to explore the complementary semantic re-
lationships among heterogeneous modalities. This module
is primarily attention-based and consists of pseudo intra-
modal alignment and inter-modal alignment.

Pseudo Intra-modal Alignment: For multimodal
AVEL task, information from different modalities (e.g., vi-
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sual and text) may contain complementary event-related in-
formation. Although visual and text data belong to different
modalities, CLIP [24] (CLAP [38]) is pretrained on a large-
scale dataset of paired image-text (audio-text) samples,
which allows it to learn implicit associations between these
modalities. Due to the differences in text encoding between
CLIP and CLAP, we concatenate the text embedding gener-
ated by both encoders and then project them into a shared
space to ensure consistency in sequence length between vi-
sual, audio, and text embedding. The above operations
can be expressed as: T = ®.([Terrp; Torap)), where
T € RT*4 is global label text embedding, ®;(-) € RT*4
is a linear layer, and Torrp € RE*% and Topap € REX?
are text embedding encoded by CLIP and CLAP text en-
coder. In order to further enhance potential event associa-
tions across modalities, we introduce intra-CLIP attention
and intra-CLAP attention mechanisms to pay more atten-
tion to event-relevant information. The standard attention
mechanism [32] can be formulated as:

(QW,) (KWy)"
Vd

where W,, W), and W, are trainable parameters, with Vd
serving as the scaling factor. Given video embedding V €
RT*4 and label embedding 7 € RT*4_ the intra-CLIP vi-
sual attention Vg, € RT*? is defined as:

Attn(Q, K, V') = softmax( YVIVy) (D)

Vatin = Attn(T, V, V) 2)

where the label embeddings serve as the query, while the
visual embeddings act as the key and value. Likewise, the
intra-CLAP audio attention Aqs, € RT*9 is defined as:

Aattn = Attn(T, A, ./4) (3)

where we designate the label embedding as query (Q) and
audio embedding A € RT*? as key (K) and value (V). Fur-
thermore, we extend both the intra-CLIP visual attention
and intra-CLAP audio attention to multi-head attention, al-
lowing the model to capture diverse semantic aspects across
multiple subspaces.

Inter-modal Alignment: To bring the target modality
closer to the other two modalities, we leverage the atten-
tion mechanism [48] to pull heterogeneous context into a
shared semantic space. As shown in Figure 3, taking vi-
sual alignment as example, we first calculate the attention
weights between different elements across modalities, and
then concatenate corresponding outputs, and pass them to
a bottleneck structure to generate aligned visual features.
Consequently, the aligned visual attention F, g € RTxd
can be formulated as:

Fo.attn = Dy ([Attn(A4, V, V); Attn(T,V,V)])  (4)

(E? softmax
Al b—
o |
\2)
) G
o *
14 o 1%
o) @
9) 0
T —
8 softmax
—/

Figure 3. An illustration of cross-modal alignment, taking visual
alignment as example.

where ®,,(-) € RT* " is a fully-connected layer with ReLU
activation, Vg4, and V), as well as A4, and A are equiv-
alent in the current context. The aligned visual represen-
tations aggregate event-relevant information from both au-
dio and text modalities, effectively bridging the gap across
modalities within shared semantic space. Likewise, we can
obtain the aligned audio attention F, qtn € RT*dn and
text attention Fy g4, € RT > by:

Fa,attn = (I)a([Attn<V’ A7 A)a Attn(Ta A7 A)]) (5)
Ft,attn = @t([Attn(A, T, T), Attn(V, T, T)]) (6)

where ®,(-) € RT>* and ®,(-) € RT*? are nonlinear
layers with ReLU activation function. Through this pro-
cess, we achieve semantic alignment across heterogeneous
modalities, thereby effectively bridging the semantic gap
among heterogeneous data within the feature space.

3.4. Cross-Modal Graph Interaction

To effectively capture the dynamic dependencies be-
tween multiple modalities, we devise a cross-modal graph
interaction (CMGI) module. We explicitly disentangle
complex interactions across modalities into three com-
plementary subgraphs, i.e., audio-text Got = (Vat, Eat),
audio-visual G, = (Vav,Eav), and visual-text G,; =
(Vut, Evt). Here, V represents set of graph nodes, and &
represents the set of graph edges.

Taking the subgraph G, as an example, both audio-text
subgraph and visual-text subgraph are implemented analo-
gously. In the subgraph G, visual/audio features of each
moment are regarded as a node. Since adjacency relation-
ship is crucial for graph, we apply the attention mechanism
to make the relationship between each pair of modal nodes,
which not only rely on fixed structural information but dy-
namically adjust based on semantic similarity. Given visual
features F, q¢tn € RT*dn and audio features Fa,attn €
RT>%dn in semantic space, we use attention mechanism to
update the weights between nodes. Firstly, we concatenate
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the audio and visual features along the node dimension to
form the initial node features X,, = [Fa attn; Fo,attn] €
R2Tdn Thus, the adjacency matrix, or attention weights,

eav € RZT*2T can be formulated as:

(Xangv)(XaUWécv)T
vy

where W4, € R¥*dn and W4, € R *dn are learnable
query matrix, and key matrix, respectively. Similarly, the
attention weights of subgraph G,; and G,; can be repre-
sented as e,; € R?7*9 and e,; € R2T¥9  respectively.

Subsequently, we feed the attention weights e,, and
node features X, into the multilayer graph convolutional
network (GCN) to further propagate information and aggre-
gate the node representations. Specifically, each GCN layer
uses the connection relationship in the adjacency matrix to
pass the local information of the node to the neighbor nodes.
For each node ¢ in subgraph GG, the node representation at
layer [ + 1 can be defined as:

€av = softmax (

) (7

R = &

i

S Ayxw® ®)
JEN(4)
where hgl) is the feature vector of node i at [ layer, N (i)
is a collection of neighbors for node 4, A;; is the (4, j)-th
entry of the adjacency matrix Ae {€av evt, €at }» w® s
the learnable weight matrix for [ layer, o is a nonlinear ac-
tivation function, e.g., ReL.U.

After multiple iterations of GCN layers, we obtain the
modality-specific representations from the three subgraphs:
Ay € RT* and V,, € RT*4  audio and text repre-
sentation on Gg: Ay € RT*4n and T,, € RT*dn_ and
visual and text representation on G;: Vg € RT*9 and
T € RT*dn We then sum the features of the corre-
sponding modalities to obtain the final representations: au-
dio representation A* = A,, ® Ag;, visual representation
V* = Vyp @ Vi, and text representation 7* = Ty @ Toy.
By structuring interactions through dedicated three comple-
mentary subgraphs, the CMGI module effectively alleviates
temporal inconsistency and captures cross-temporal event
cues across modalities.

3.5. Classification and Objective Function

The above modules generate discriminative embedding
for both the audio and visual modalities, as well as text la-
bel embedding, to be used by the subsequent classifier. In-
spired by [40], we introduce a gated mechanism to integrate
complementary information. Concretely, we add two gates
for audio and visual: g, = o(W.A*) and g, = o(W;V*),
where W¢' € R?»*1 and W, € R4 x1 are learnable pa-
rameters. Thus, the joint audio-visual representation F° &

RT>dn is depicted as:
Fo = (V*an)@(A*ng) 9)

Finally, the classification details for fully- and weakly-
supervised settings will be introduced in detail below.

Fully-supervised AVEL task: In line with main-
stream AVEL methods (e.g., [40,41]), we divide the fully-
supervised task into two subtasks, i.e., video-level category
prediction and segment-level relevance prediction. Specif-
ically, the video-level category score s and segment-level
relevance score s! are defined as follows:

s¢ = softmax (max-pooling(F°) - W) (10)

st =oa(F°-Wy) (11)

where W, € R4*C and W, € R%*1 are the learnable
parameters, o is the sigmoid activation function. Thus, the
event-relevant loss £, and event category loss L. can be
formulated as:

L. =CE(y°, s (12)
L, = BCE(y",1(s" > 1)) (13)

where C'E(,) represents cross-entropy, BC'E(,) denotes
binary cross-entropy, [(+) is an indicator function, y¢ and y"
are the ground truth, 7 is a threshold to distinguish whether
a segment is an event-related segment or background. Ad-
ditionally, to ensure that the gates g,, g, capture intrinsic
audio-visual patterns, we use ground truth category label y¢
to optimize network and introduce the gate loss L,:

Ly =CE(Y" (90 © gv) - Wg") (14)

where W € R %€ represents the fully-connected layer.

Furthermore, we introduce semantic consistency loss to
ensure audio-visual representations aligned within the se-
mantic space. The semantic consistency loss at the ¢-th seg-
ment of a video is defined as:

Lo =y'|lve —arl|+ (1 —y") - max(0,m — [Jo; —ar)) (15)

where v; € V*, a; € A*, m is a margin controlling the
distance of extraneous segments, and y* denotes the event-
relevant label for the ¢-th segment. Therefore, the final loss
function of fully-supervised localization can be defined as:

'Cfully = »C'r + »Cc + »Cg + )\»Cs (16)

where £, = > £! and \ denotes a hyperparameter.
Weakly-supervised AVE task: We formulate weakly-
supervised AVEL as a multiple instance learning (MIL)
task. Since only video-level event labels are available dur-
ing the training phase, we cannot utilize the ground truth
segment-level label to optimize the model. In this case, the
event-relevant score s* and event category score s¢ are all
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first expanded to the dimension of RT*C Then, we fuse st
and s° to yield the joint score s € RT*C_ Thus, the MIL
loss can be written as:

L = CE(y¢, MIL(s)) (17)

where MIL(-) € R® denotes the multiple instance learn-
ing pooling. Similar to the fully-supervised setting, we in-
troduce the gate loss to capture underlying audio-visual pat-
terns. Finally, the loss function of weakly-supervised local-
ization can be expressed as:

Loweak = Ly + Ly (18)

4. Experiments
4.1. Experimental Setup

Dataset: The AVE dataset [30] derived from AudioSet
[10], contains 4,143 videos and 28 categories, such as dog
barking, helicopter, and acoustic guitar. Each video sample
is divided into 10 one-second segments. In addition, each
video in the dataset contains segment-level AVE labels and
video-level event category labels.

Evaluation Metrics: For the AVEL task, the event cat-
egory label of each segment is required to be predicted in
both fully- and weakly-supervised settings. Following [40],
we adopt the overall classification accuracy of the predicted
segment-level event category as the evaluation metric.

Implementation Details: We utilize the Swin-V2-L-
based CLIP [24] and HTS-AT-based CLAP [38] to obtain
512D visual, audio, and label text embedding, respectively.
We employ Adam optimizer with a batch size of 64 to train
the model, where 7 defaults to 0.6 and )\ defaults to 0.01.
We initialize the learning rate to 3 x 10~* and is halved at
epoch 10, 20, and 30. Our model is trained with 200 epoch
and evaluated on an NVIDIA GeForce RTX 2080 Ti GPU
and implemented in Pytorch.

4.2. Comparisons with SOTA Methods

Fully-supervised AVEL: As is shown in Table 1, our
method achieves a new SOTA performance (83.1%) in com-
parison to the current methods. Notably, our method sig-
nificantly surpasses baseline models with feature extractors
(VGG-19, VGG-like), e.g., CMBS [40] (relatively +3.8%),
CSS-Net [7] (relatively +2.6%). These results not only un-
derscore the effectiveness of our model but demonstrate the
powerful backbone (i.e., feature extractor) is crucial to ex-
tract compact and representative features indirectly. In ad-
dition, we also benchmark our approach against methods
that similarly utilize frozen large pre-trained models, e.g.,
LAVISH [19], DG-SCT [6]. According to the experimen-
tal results, the proposed method outperforms the previous
LAVISH [19] by 4.5% and suppresses the suboptimal DG-
SCT [6] by 0.9%, respectively. Therefore, the above results

Table 1. Performance (%) comparison with SOTA methods in the
fully- and weakly-supervised settings on the AVE dataset.

Models Encoder F. Sup. W. Sup.
AVEL [30] VGG-19, VGG-like 72.7 66.7
AVSDN [18] VGG-19, VGG-like 72.6 67.3
CMAN [43] VGG-19, VGG-like 73.3 70.4
DAM [39] VGG-19, VGG-like 74.5 -
AVRB [26] VGG-19, VGG-like 74.8 68.9
AVIN [25] VGG-19, VGG-like 75.2 69.4
CSA [44] VGG-19, VGG-like 76.5 70.2
AVT [20] VGG-19, VGG-like 76.8 70.2
CMRAN [41] VGG-19, VGG-like 77.4 72.9
PSP [50] VGG-19, VGG-like 77.8 73.5
CMBS [40] VGG-19, VGG-like 79.3 74.2
DMIN [21] VGG-19, VGG-like 79.6 74.3
VSCG [16] VGG-19, VGG-like 79.7 74.8
CSS-Net [7] VGG-19, VGG-like 80.5 76.8
LAVISH® [19]  Swin-V2-L, HTS-AT 78.6 -
DG-SCT# [6]  Swin-V2-L, HTS-AT ~ 82.2 -
AVSGN (Ours) Swin-V2-L, HTS-AT 83.1 78.8

! Note: A indicates results obtained from [6].

further confirm that both our model design and the utiliza-
tion of a strong feature extractor contribute significantly to
setting a new benchmark in AVEL performance.

Weakly-supervised AVEL: Table 1 also shows how
our method compares to current methods on the weakly-
supervised setting. Compared to current methods, our
method achieves a new SOTA performance (78.8%), fur-
ther demonstrating the effectiveness of our model in both
settings. Notably, our method significantly outperforms the
baseline models with feature extractors (VGG-19, VGG-
like), including CMBS [40] (relatively +4.6%) and CSS-
Net [7] (relatively +2.0%). By the way, LAVISH [19] and
DG-SCT [6] did not report results on the weakly-supervised
setting. In summary, despite the absence of segment-level
labels, our method achieves remarkable performance, even
outperforming some early fully-supervised methods, such
as CMRAN [41] and AVT [20].

4.3. Ablation Studies

1) Does the Cross-modal Semantic Alignment help? To
estimate the effectiveness of CMSA, we selectively remove
components from CMSA module. As shown in Table 2,
Qcrip and Qcpap represent the intra-CLIP and intra-CLAP
alignment, and Uy, Ua, and Ut denote cross-modal align-
ment for visual, audio, and label text, respectively. Ac-
cording to the experimental results, when Q¢ p and Qcpap
are removed, we observe a slight decrease in both fully-
and weakly-supervised settings. This slight decrease high-
lights that pseudo intra-modal alignment captures the po-
tential correlation between visual (audio) and label em-
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Table 2. Ablation studies on the effectiveness of pseudo intra-
modal and inter-modal alignment in the CMSA module.

Qcr Qcar Oy U4 U ESup. W. Sup.
v v v v v 83.1 78.8
X X v v v 82.8 78.5
v v X v v 80.4 76.0
v v v X v 81.8 77.2
v v v v X 82.3 77.8
v v X X X 79.5 75.4
X X X X X 79.0 74.5

! Note: Q indicates pseudo intra-modal alignment, while 0 denotes the

cross-modal alignment.

Table 3. Ablation studies on the effectiveness of three subgraph
structures in the CMGI module.

A<V V&T AT F. Sup. W. Sup.
v v v 83.1 78.8
X v v 80.3 75.9
v X v 81.7 76.6
v v X 82.5 78.0
X X X 79.6 74.8

Table 4. Ablation studies on the effectiveness of loss functions on
fully-supervised setting.

Le L Ly Ls F. Sup.
v v v v 83.1
X X v v 79.5
v v X v 81.7
v v v X 82.0
v v X X 80.2

bedding, contributing positively to the model. In addi-
tion, when cross-modal visual alignment Uy is removed,
the performance significantly drops (nearly -3%) in both
fully- and weakly-supervised settings, which indicates that
cross-modal visual alignment plays a critical role in cap-
turing event semantics effectively. Similarly, removing U
(alignment of audio features) results in a considerable per-
formance decrease, though less pronounced than removing
Oy, which indicates that cross-modal audio alignment is
also important. Compared to cross-modal visual and au-
dio alignment, U also positively impacts performance but
has less influence, indicating a supporting role in the cross-
modal alignment process.

2) Does the Cross-modal Graph Interaction help? Anal-
ogously, we validate the effectiveness of different compo-
nents of the proposed CMGI module. In the CMCI module,
we explicitly disentangle complicated interactions across
modalities into three complementary subgraphs, i.e., audio-
visual (A+>V), visual-text (V< T), and audio-text (A<T).

Scores (A): | 0.87 | 0.85 | 0.84 | 0.85 | 0.83 | 0.79 | 0.83 0.82 | 0.83 | 0.84 |

) =

Visual Input:|

Scores (V): | 0.89 | 0.88 | 0.83 | 0.82 | 0.82 | 0.79 | 0.72 0.38 | 0.32 | 0.21 |

GT Event: ‘ Motorcycle “ BG |

Audio Input: *—%—ﬁ - *— 4+

Scores (A): | 0.87 | 0.76 | 0.84 | 0.85 | 0.83 0.19 | 0.13 | 0.24 | 0.17 | 0.22 |

Visual Input: R

Scores (V): | 0.86 | 0.86 | 0.82 | 0.79 | 0.83 0.82 | 0.83 | 0.81 | 0.80 | 0.72 |

GT Event: ‘ Bark “ BG |

Figure 4. Qualitative results of our model on the motorcycle event
(top) and the dog bark event (bottom).

Table 3 demonstrates the effectiveness of each cross-modal
interaction component within our CMGI module. Con-
cretely, removing A<V component results in the most sig-
nificant performance drop, which indicates that direct in-
teraction between audio and visual features is crucial, as it
potentially captures the primary cues for audio-visual syn-
chronization and co-occurring events. When the VT in-
teraction is removed, performance also drops, which indi-
cates that interaction between visual and textual informa-
tion is also vital, as it helps contextualize visual scenes with
event-relevant text features. Although A<+T interaction is
less effective than the others, it still contributes to enhanced
performance to some extent, likely by reinforcing the se-
mantic relationship between audio events and label embed-
ding. Overall, the CMGI module plays a positive role in the
model and shows potential in alleviating temporal inconsis-
tency between modalities through capturing cross-temporal
event cues.

3) Does the different loss functions help? To explore the
effectiveness of loss functions (i.e., event category loss L.,
event-relevant loss L, audio-visual gate loss L,, and se-
mantic consistency loss L), we conduct the ablation study,
as shown in Table 4. The video-level classification loss £,
and segment-level event relevance loss £,, commonly used
in mainstream methods [40, 41], as removing them leads
to a significant drop in performance. This observation un-
derscores their critical contribution to capture segment-level
and video-level event cues. In addition, when we remove
the gating loss £, the performance also drops, indicating
that the gating mechanism helps refine multi-modal inter-
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Figure 5. Illustration of feature distributions using t-SNE [31] in fully-supervised learning. The first row shows the distribution of audio
features after different components, while the second row shows the distribution of visual features.

actions and strengthens the overall prediction accuracy by
adaptively filtering out event-irrelevant noise. Furthermore,
without the semantic consistency loss L, the performance
experiences a notable decrease, indicating the importance of
ensuring the audio-visual consistency at the segment level.

4.4. Qualitative Analysis

As illustrated in Figure 4, we present qualitative results
for two examples. Each audio and visual segment receives a
score calculated based on individual relevance scores s,. and
gate values g, or g,, respectively. Specifically, in the first
example (“Motorcycle”), continuous audio alone doesn’t
identify the event boundary, but visual changes help pin-
point it, allowing the model to distinguish the “Motorcycle”
event and background. In the second example (“Bark”),
the consistent visual input provides limited information, so
the model relies on the audio modality to detect the event
boundary. Furthermore, we also visualize the feature dis-
tribution after processing by the CLIP [24] (CLAP [38]),
the proposed CMSA module, and the proposed CMGI mod-
ule. Initially, features obtained from the pre-trained mod-
els (CLIP and CLAP) appear somewhat dispersed and lack
clear discrimination between different classes. However, af-
ter applying the CMSA module, the both audio and visual
features become discriminative, reflecting the CMSA mod-
ule’s ability to capture semantic relationships across modal-
ities. In addition, the audio/visual features of different cate-
gories are more compact after applying CMGI. Notably, se-
mantically related categories, such as musical instruments
(e.g., Flute and Ukulele) and human speech (e.g., Male

speech and Female speech), are mapped closer together in
the feature space, further validating the effectiveness of our
method in capturing semantic associations.

5. Conclusion

In this paper, we introduce a novel audio-visual seman-
tic graph network (AVSGN) to alleviate the audio-visual
inconsistency in AVEL task through cross-modal seman-
tic alignment and cross-temporal graph interaction between
heterogeneous modalities. The cross-modal semantic align-
ment (CMSA) module, consisting of pseudo intra-modal
alignment and inter-modal alignment, enhances alignment
across different modalities and contributes to promote the
convergence of multimodal distributions into a shared se-
mantic space. In addition, the complicated associations
across modalities are explicitly disentangled into three com-
plementary subgraphs (i.e., audio-text, audio-visual, and
visual-text). To capture cross-temporal semantic interac-
tions sufficiently, we devise a cross-modal graph interaction
(CMGI) module to suppress the interference of temporal in-
consistencies. The experimental results demonstrate the su-
periority of the proposed AVSGN model over current SOTA
approaches in both fully- and weakly-supervised settings.
Also, the ablation studies demonstrate that our approach
produces more compact and discriminative representations,
which further validate the effectiveness of our method. Fur-
thermore, the framework can be extended to other related
multimodal tasks (i.e., audio-visual video parsing), where
the advantages of a graph-based model could more effec-
tively handle the multi-modal, multi-instance task.
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