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Video summarization is essential for efficient video browsing, retrieval, and analysis by condensing
long content into informative summaries. However, current methods face challenges such as reliance
on costly annotations, limited datasets, weak multimodal fusion, and structural limitations. The
proposed SMGT framework addresses these issues by learning from raw multimodal data without
using summary labels. It constructs a frame-aligned graph and applies a graph-transformer to capture
dependencies, followed by calibration and coverage-aware selection. Experimental results show
competitive performance, achieving 50.33% on TVSum and 44.31% on SumMe, demonstrating
scalability and effectiveness in low-label environments. Furthermore, nanotechnology-inspired
approaches provide a novel perspective for modeling information at the nanoscale level, enabling fine-
grained feature representation, improved multimodal fusion, and enhanced structural learning. These
nanoscale-inspired representations can improve the precision of frame importance estimation and
support more efficient and scalable video summarization frameworks.
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1. INTRODUCTION

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 conten
while eliminating redundancy. This task is crucial for applications such as fast browsing, retrieval,
surveillance, and media managemerit3]1 A high-quality summary must remain representative,
coherent, and semantically meaningful, often achieved through kdyated 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 dependérgies [4
Recurrent models struggle with longnge dependencies and sequential processing limitations, while
transformetbased methods, although powerful, may still underutilize structural relationships or rely
heavily on labeled data. Additionally, many systems fail to fully exploit emusdal interactions
between visual, audio, and textual informationgR Data scarcity further complicates generalization

and increases the risk of overfitting, especially when models are trained on small benchmark dataset:
[1, 4, 6]. To address these limitations, this work proposes theS8pHrvised Multimodal Graph
Transformer (SMGT), which learns directly from raw multimodal video data without requiring human
summary labels. By constructing a fraened multimodal graph and applying grapénsformer
learning, SMGT effectively captures both local and global dependencies [6, 7]. This unified
framework integrates multimodal fusion, structural modeling, and redundaveme selection to
produce coherent and informative summaries, making it a scalable and efficient solution for video
summarization in lowabel environments [2, 5, 6]. Recent advances in nanotechnology have inspired
new computational paradigms that focus on nanoscale representation agaifieel 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 performan¢&able 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 [BLO]. Deep learning improved representation and temporal modeling, though
supervised methods rely on costly and subjective annotatidr®. [¥nsupervised and weakly
supervised methods reduce this dependency but often depend on handcrafted assump8pns [9
Multimodal approaches enhance performance by combining visual, audio, and text data, while graph
and transformer models improve structural and Jdampe modeling [2,12,15]. Recently, self
supervised learning has emerged as a scalable solution. In this context, SMGT integrates multimoda
graph representation, transformer modeling, and-ssgdérvised learning for efficient video
summarization [2,6,14[Table 2).

Table 1 Comparison of representative video summarization approaches
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2. METHODOLOGY (PROPOSED METHOD)

The proposed Self-Supervised Multimodal Graph Transformer (SMGT) is an end-to-end framework
that generates compact video summaries through graph construction, self-supervised learning, and
coverage-aware selection. Unlike traditional frame-scoring methods, SMGT models video as a
structured multimodal graph, leveraging visual, audio, and textual information without relying on
human annotations. This design aligns with recent trends in multimodal fusion and structural modeling
[18, 19]. By integrating graph-transformer learning with calibrated and de-templated inference, SMGT
improves summary coherence and reduces redundancy. Overall, it provides a scalable and efficient
solution for video summarization in low-label environments [20, 21].

2.1.  Problem definition and overall framework

Let an input video be denoted by VVV, containing visual, audio, and optional textual information. The
goal of SMGT is to convert VVV into compact summary intervals SSS that preserve key events while
reducing redundancy. Unlike supervised methods, SMGT does not rely on human annotations but
learns multimodal representations in a self-supervised manner. The process consists of four stages: (1)
constructing a frame-aligned multimodal graph, (2) learning representations using a graph-transformer
with self-supervised objectives, (3) generating calibrated and de-templated node scores, and (4)
producing final summaries through a coverage-aware selection strategy [18-21].

label-free care learning

Raw video - NI, - Self-supervised Calibrated and Coverage-aware
(visua 1, audio, mufl!'i?“""j":l"fgera'fgres s'mvi':fe'ltv;‘a’";e“ Graph Transformer de-templated —|—{»  summa ry
optional text) grap training scores selection

intefuals

Exported che kp nt Evaluation against
+ template + metadata human references

Figure 1 Overall SMGT framework.

2.2, Multimodal feature extraction and graph construction

In the first stage, SMGT converts each video into a frame-aligned multimodal graph. Frames are
sampled at 2 fps and resized, then encoded using ResNet50 and CLIP for visual features, mel-
spectrograms for audio, and Sentence-BERT for aligned text from subtitles or Whisper transcription.
These multimodal features are fused with temporal metadata such as shot index and position. Each
frame becomes a graph node, preserving temporal structure and semantic richness. Edges capture
multimodal similarity and temporal relations, enabling both local continuity and long-range
connections. This representation provides a structured foundation for self-supervised learning and
effective summary generation [18,20,24].



Exp. Theo. NANOTECHNOLOGY (2026) 1469484

@ o)

X-axis represents Normalized Temporal Position (p_i). Edges represent Affinity (S_ij).

Figure 1 Frame-alligned multimodal graph representation.

Formally, let the i-th sampled frame be represented by visual, audio, and text descriptors v; € R?%48,

a; € R'?8 and t; € R384, respectively. The fused node feature is defined as
x; = [v; I a; Il t;] € R (1)
where [|[denotes vector concatenation. This representation is intentionally node-wise and frame-aligned,
so that later graph learning operates on a consistent multimodal state per frame.
Edges are then created by weighted multimodal similarity under temporal and semantic constraints.
Let c;and cjdenote the CLIP semantic embeddings of two frames, and let p;and pjdenote their
normalized temporal positions. A temporally constrained multimodal affinity can be written as

| I
w;j = (Ayc0s(v;, Vj) + A4c0s(a;, a;) + A.cos(t;, t))) - ex p(R=EL p’) ()
where 4, + 1, + A, = 1, cos(+,)is cosine similarity, and Tcontrols temporal locality. After computing

these affinities, an adaptive K-nearest-neighbor sparsification is applied, followed by symmetric
normahzatlon of the adjacency matrix:

A=D:(A+DD: )
where A is the sparse affinity matrix, I is the identity matrix, and D is the degree matrix. The resulting
normalized graph constitutes the canonical input of the next stage. Figure 2 presents the symmetric
normalized adjacency matrix {A} after adaptive K-nearest-neighbor sparsification. Blank (white) cells
indicate paths pruned by the sparsification step, while annotated values reflect the temporally
constrained multimodal affinity between preserved node connections.
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Fig 2: Sparsified Adjacency Matrix Matrix (;i)
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Figure 2 Frame-aligned multimodal graph construction.

This step is strictly a preprocessing and graph-construction stage. It does not use human summary
labels, benchmark evaluation labels, or summary ground truth.

Table 2 Multimodal features and graph structure in SMGT.

Component Model / Type Dimension Role
Visual features ResNet50 2048 Appearance representation
Semantic features CLIP 512 Semantic and scene context
Audio features Mel-spectrogram 128 Acoustic information
Text features Sentence-BERT 384 Linguistic representation
Fused node feature Multimodal fusion 2560 Graph node representation
Temporal metadata Auxiliary arrays — Position and structure
Edge weight Cosine similarity — Graph connectivity
Graph structure Adaptive KNN + normalization — Efficient graph learning

2.3.  Self-supervised graph-transformer training

After constructing the multimodal graph, SMGT applies self-supervised graph-transformer learning to
model both local and global dependencies. The backbone integrates graph convolution for
neighborhood aggregation with a transformer encoder for long-range contextual reasoning [20,21]. The
model operates on fused node features, edge structures, and temporal metadata, enhanced by positional
embeddings. Training is performed without summary labels using multiple objectives, including
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masked node reconstruction, edge reconstruction, temporal B/M/E classification, cross-modal
contrastive alignment, and VICReg-style regularization. This multi-objective design enables robust
representation learning, preserves structural relations, and enhances multimodal consistency,
supporting effective summarization without reliance on annotated data [20,21]. The overall training
objective can be written in compact form as;

Lsmer = ALnode + .BLedge +vLpme + 6£cm + nLyic + (Ltemp “4)
where L,44eis the masked node reconstruction loss, Leggels the edge reconstruction loss, Lgygis the
begin—middle—end auxiliary classification loss, L.is the cross-modal contrastive loss, Lyicis the
VICReg-style regularization term, and Lieypis the positional-template penalty introduced during the

second phase of training.

Figure 3 presents the decomposition of the terminal self-supervised objective during Phase 1 training.
The relative magnitudes illustrate the multi-task balance achieved without summary ground-truth
labels, ensuring structural preservation alongside cross-modal alignment.

Node Recon. 0.120

Edge Recon. 0.080

BME Aux, 0.150

Contrastive 0.220

VICReqg 0,050

0.00 0.05 0.10 0.15 0.20 0.25
Final Loss Magnitude (Phase 1)

Figure 3 Decomposition of Terminal SSL objective.

The training process is conducted in two phases. In Phase 1, the model learns general multimodal
graph representations using self-supervised objectives. In Phase 2, temporal de-templating is
introduced to reduce reliance on positional biases by penalizing alignment with common temporal
patterns. This encourages content-driven salience learning rather than location-based importance. The
outputs include optimized model checkpoints and learned templates for inference [20,25]. Figure 4
presents the training and validation loss curves, showing a slight perturbation at the transition to Phase
2 followed by stable convergence toward robust representations.
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Figure 4 Self-supervised SMGT training architecture.

24.  Multi-graph inference, score calibration, and de-templating

After training, the graph-transformer is applied to all generated graphs to produce one scalar
importance score per node, corresponding to each sampled frame [21,26]. When direct scores are
unavailable, a reconstruction-error-based fallback is used. Since raw scores vary across videos, SMGT
applies leak-free calibration using training and validation data only. The calibrated score is computed
as:

o (mmed)) o o . SOAGET T EAC

§; = a;_,_;(m),yi =5, —pT) ()4 UDA ANOAOEI T EAOAS

where median and IQR normalize the distribution, and sigmoid scaling ensures stable, comparable
frame-level importance scores across videos.
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Figure 5. Robust score calibration mapping.

where y; is the raw node score, med(Y) and IQR(Y) are the median and interquartile range, t is the
temperature, € is a stabilizer, T(pi) is the temporal template, and p is the de-templating factor. This step
A

A
removes positional bias and produces the final calibrated score sequence Y, revealing true frame
importance and reducing temporal artifacts [22,26].
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Figure 6 Temporal de-templating and bias subtraction.

2.5.  Coverage-aware segment selection and summary generation

This step converts calibrated frame-level scores into summary intervals using an inference-time
constrained selection strategy. The score sequence is first smoothed, and candidate segments are
generated based on shot structure with additional fallback segments. Each segment is evaluated using a
top-fraction scoring method to preserve high-information peaks. Redundancy is controlled using
maximal marginal relevance (MMR), defined as:

Q(g) = TopMeang(¥g), MMR(g) = Q(g) — Amaxsim(g, h),
mé’:lXdes MMR (g)s.t. X ges | g 1< B,Cpume(S) = m (6)

where Q(g)is the top-fraction score of segment g, Sis the selected set, Acontrols redundancy
suppression, Bis the frame budget, and Cgyg(S)enforces begin—-middle—end coverage floors m. This
ensures balanced coverage, reduced redundancy, and budget-constrained selection, as illustrated in
Figure 7 [25-28].
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Figure 7 Coverage-aware summary interval selection.
2.6. Complexity, implementation logic, and cross-step consistency

The SMGT framework follows a sequential and scalable pipeline. First, videos are converted into
multimodal graphs with temporal metadata. Next, self-supervised learning extracts content-aware
representations without using summary labels. These representations are then transformed into
calibrated and de-templated frame-level scores, which are finally converted into summary intervals
under budget and coverage constraints [21, 27]. The design ensures reproducibility, as each stage
depends only on outputs from the previous step. Efficiency is maintained through frame sampling,
graph sparsification, and segment-level selection. Temporal auxiliaries support all stages, as
summarized in Table 3, making SMGT a complete methodology for label-free multimodal video
summarization [18,28,29].
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Table 3 Key notation and canonical outputs used in SMGT

Symbol / artifact Meaning Symbol / artifact Meaning
4 Raw input video Vi Raw node-level score
S Final summary interval set Vi Calibrated score
\' ResNet50 visual feature of frame i 9, Calibrated and de-
l

templated score

a; Audio descriptor of frame i Quality score of
Q(9) candidate segment g
t; SBERT text descriptor of frame i S Selected segment set
X; Fused node feature of frame i B Frame budget for
summary generation
A Sparse multimodal adjacency matrix . Shot index array from
shot_idx .
- Step in 3.2
A Symmetrically normalized adjacency Normalized temporal-
matrix time frac position array from Step
in3.2
Di Normalized temporal position of frame i Begin—Middle—End
B/M/E temporal region
partition
T(p)) Temporal template sampled at position Canonical exported
i Active selection  summary intervals used

for evaluation

2.7. Nanotechnology-inspired representation learning

Nanotechnology-inspired representation learning focuses on modeling data at a fine-grained
(nanoscale) level, enabling more precise feature extraction and interaction modeling. In the SMGT
framework, this concept can be applied by enhancing node-level feature representation, improving
multimodal fusion, and refining graph connectivity using high-resolution similarity measures. These
nano-inspired mechanisms contribute to better capture of subtle semantic changes across frames,
leading to improved importance estimation and summary quality.

3. EXPERIMENTAL SETUP

This section describes the experimental configuration used to assess SMGT on standard video
summarization benchmarks. Following common practice in the literature, the evaluation protocol is
defined independently from the reported performance so that datasets, preprocessing, training,
inference, comparison baselines, metrics, and implementation settings are all specified before
presenting the numerical outcomes. Prior studies consistently emphasize that fair benchmarking in
video summarization depends on clear dataset roles, transparent split policies, explicit summary-
budget constraints, and reproducible evaluation against human references [30-32].

3.1.  Datasets and processing

SMGT is evaluated on TVSum and SumMe, the two most widely used video summarization
benchmarks. TVSum contains 50 videos annotated by 20 users with frame-level importance scores,






