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The rapid growth of online video content has made efficient access to visual information a 

fundamental challenge in multimedia analysis. Video summarization addresses this issue by 
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transforming long videos into concise and informative representations that preserve essential content 

while eliminating redundancy. This task is crucial for applications such as fast browsing, retrieval, 

surveillance, and media management [1ï3]. A high-quality summary must remain representative, 

coherent, and semantically meaningful, often achieved through keyshot-based approaches that better 

preserve temporal continuity [3, 4]. Despite significant advances, existing deep learning methods still 

face major challenges, including dependence on costly and subjective human annotations, limited 

dataset sizes, weak multimodal integration, and insufficient modeling of structural dependencies [4ï6]. 

Recurrent models struggle with long-range dependencies and sequential processing limitations, while 

transformer-based methods, although powerful, may still underutilize structural relationships or rely 

heavily on labeled data. Additionally, many systems fail to fully exploit cross-modal interactions 

between visual, audio, and textual information [2ï5]. Data scarcity further complicates generalization 

and increases the risk of overfitting, especially when models are trained on small benchmark datasets 

[1, 4, 6]. To address these limitations, this work proposes the Self-Supervised Multimodal Graph 

Transformer (SMGT), which learns directly from raw multimodal video data without requiring human 

summary labels. By constructing a frame-aligned multimodal graph and applying graph-transformer 

learning, SMGT effectively captures both local and global dependencies [6, 7]. This unified 

framework integrates multimodal fusion, structural modeling, and redundancy-aware selection to 

produce coherent and informative summaries, making it a scalable and efficient solution for video 

summarization in low-label environments [2, 5, 6]. Recent advances in nanotechnology have inspired 

new computational paradigms that focus on nanoscale representation and fine-grained data processing. 

These concepts can be extended to video summarization by enabling more precise modeling of frame-

level interactions, multimodal fusion, and structural dependencies. Incorporating nanotechnology-

inspired principles into multimodal graph learning can enhance representation quality and improve 

summarization performance (Table 1). 

 

Video summarization has evolved from handcrafted methods to deep learning models that learn frame 

importance directly from data. Early approaches focused on redundancy reduction but lacked semantic 

understanding [8ï10]. Deep learning improved representation and temporal modeling, though 

supervised methods rely on costly and subjective annotations [4ï6]. Unsupervised and weakly 

supervised methods reduce this dependency but often depend on handcrafted assumptions [9ï13]. 

Multimodal approaches enhance performance by combining visual, audio, and text data, while graph 

and transformer models improve structural and long-range modeling [2,12,15]. Recently, self-

supervised learning has emerged as a scalable solution. In this context, SMGT integrates multimodal 

graph representation, transformer modeling, and self-supervised learning for efficient video 

summarization [2,6,12] (Table 2). 

 

Table 1 Comparison of representative video summarization approaches 

 
Method Learning type Modalities Graph Transformer Key limitation 

Conventional methods [8ï10] Unsupervised Visual No No Weak semantics 

ADSum [8] Supervised Visual No No Annotation-dependent 

Multi-scale DL [9] Supervised Visual No No Single modality 

GPT2MVS [14] Supervised Visual + Text No Yes Query-dependent 

HMT [15] Supervised Visual + Audio No Yes Annotation-dependent 

Graph-based methods [13] Unsupervised Visual Yes Partial Not fully self-supervised 

RL-based methods [11,12] Unsupervised Visual No No Reward design issues 

Self-supervised methods [16] Self-supervised Visual + Text No Yes Sequence-centered 

SMGT (proposed) Self-supervised Visual + Audio + Text Yes Yes Unified framework 
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