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Cross-Media Video Event Mining Based on Subgraph Neighborhood Learning

ZHANG Cheng-De ZHOU Xuan
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Abstract  Cross-media association mining based on heterogeneous information networks has re-
ceived wide-spread attention. Typically,the non-linear visual information and the inaccurate tex-
tual information within videos result in extremely sparse associations between them. Existing
methods often enhance these associations by embedding multiple semantic paths. However,these
approaches overlook the associations between nodes within local subgraph structures, leading to
the omission of neighborhood information. As a result,node embeddings fail to capture the asso-
ciation with neighboring nodes, ultimately leading to poor performance in web video event min-
ing. To address this issue, this paper proposes a cross-media semantic association enhancement
method based on subgraph neighborhood learning. Specifically, this method decomposes hetero-
geneous graph into different types of subgraphs, captures the associations of neighboring nodes
within these subgraphs,and obtains the final node embeddings. Initially, node attributes are pro-
jected into a shared latent space using type-specific linear transformations. Subsequently, the
heterogeneous graph is divided into multiple subgraphs, including homogeneous and heterogene-
ous structures based on predefined metapaths. Subsequently,tailored attention are independently
applied to each subgraph to capture the neighborhood information of nodes. Finally,information
from different subgraphs is fused through graph-level attention,aggregating the interactions and

semantic information. The learned representations are evaluated by web video event mining.
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Through experiments on 10 real-world datasets, the proposed method in this paper has demon-

strated high reliability and outperformed existing methods in terms of performance.
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Background

Recently, event mining based on cross-media association
learning in web videos has garnered significant attention. Ex-
isting methods primarily rely on calculating text or video
similarity to identify related videos within a video repository.
However, the non-linear visual content and sparse textual
annotations in web videos make it challenging to establish se-
mantic connections among videos depicting the same event.
Heterogeneous information networks (HINs) have become a
popular tool for representing cross-media data in web videos
due to their strong ability to represent complex relationships.
Nevertheless, the fragmented visual content and sparse tex-
tual annotations inevitably result in the sparse distribution of
text across visually approximate keyframes (NDKs) , leading
to incomplete heterogeneous networks with missing associa-
tions. This poses significant challenges for effective node embed-
ding. Existing methods enhance cross-media associations by em-
bedding multiple semantic paths, but they often overlook node
correlations within local subgraph structures. This results in
node embeddings that fail to capture neighborhood information,
ultimately degrading the performance of event mining.

To address these challenges, we propose a method for
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cross-media semantic association enhancement based on sub-
graph neighborhood learning. This approach decomposes the
heterogeneous graph into various types of subgraphs to cap-
ture neighborhood node associations and generate the final
First, multimodal node features

node embeddings. are

mapped into a unified feature space. The heterogeneous
graph is decomposed into homogeneous and heterogeneous
subgraphs to extract homogeneous neighbors based on meta-
paths and first-order heterogeneous neighbors. Then, neigh-
borhood node information within the subgraphs is embedded
using a specific attention mechanism. Finally, graph-level at-
tention is used to aggregate interactive semantics between
homogeneous and heterogeneous subgraphs. This produces
node embeddings enriched with neighborhood associations,
enabling accurate mining of web video emergencies. Through
experiments on 10 real-world datasets, the proposed method
is shown to surpass existing models, providing strong evi-
dence for its reliability.
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