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Abstract: The rapid growth of the video content across online platforms has made it increasingly important to
generate concise summaries that help users quickly understand and navigate long videos. However, creating
high-quality video summaries typically requires large amounts of annotated data, which is costly and often
unavailable. To address this challenge, the authors propose a fully unsupervised approach to video
summarization built on Transformer architectures. The method introduces the Reinforced Encoder-Decoder
Summarizer Model (RED-SM), which uses multi-head self-attention and feature extraction to identify
informative video segments without human labels. RED-SM incorporates sparsity-promoting penalties and a
reinforcement learning reward that balances diversity, representativeness, and temporal smoothness to guide
frame selection. To further enhance the summarization quality, the RED-SM with a BERT-based text extractor
is integrated, enabling multimodal fusion of visual and textual cues. The approach is evaluated on the SumMe
and TVSum datasets, as well as a newly curated dataset of 30 categories of short videos. The experiments show
that the method consistently produces concise and high-quality summaries across diverse domains. These
results highlight the RED-SM as an effective and scalable solution for unsupervised video summarization in
real-world applications.

Keywords: Stochastic Optimization, Reinforcement Learning, Video Summaries.

1. Introduction

Video summarization is increasingly important for structuring a massive amount of video
resources from multiple platforms for better understanding. It involves compressing long video
content to brief, yet informative summaries for efficient content searching, retrieving, and
understanding. Supervised methods learn to summarize from a large corpus of human-annotated
video summaries, whereas unsupervised methods aim to identify important segments automatically
without such labels. The supervised methods learn to summarize from a large corpus of human-
annotated video summaries, whereas unsupervised methods aim to identify important segments
automatically without such labels. Classical methods often relied on hand-crafted features and
clustering techniques. These approaches aim to identify important segments of a video
computationally in the absence of any human description. But there are still open problems in
conveying the relevance and semantic compactness of a video material.

Varieties of techniques for unsupervised video summarization have been proposed in the
literature. For instance, Hong & Zhong (2021) integrates reinforcement learning, attention, and a
bidirectional recurrent neural network (BRNN) for video summarization. It fuses BRNN for bi-
directional sequential analysis and self-attention for generating an importance score with pre-trained
CNN features. It has been shown that these LSTM-based approaches did not sufficiently account for
context information and long-term dependencies between video frames. Several methods or
approaches of unsupervised summarization of videos have been proposed in the literature. For
instance, for video summarization, (Hong & Zhong (2021)) incorporates reinforcement learning,
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attention mechanisms, and bidirectional recurrent neural networks (BRNN). It leverages the
precomputed features of CNN and employs the bidirectional sequence processing in conjunction with
the BRNN and self-attention to compute significance scores. As for effective contextual information
capturing and long-range dependencies modelling across video clips, most of the LSTM-based
methods have met challenges. Other works have explored GANs, reinforcement learning (RL),
feature learning approaches, and self-supervised learning to unsupervised learning as well. However,
there are still shortcomings that remain in those methods, such as failure to cover diverse content,
challenges in training on long video inputs, and challenges to maintain the temporal coherence and
representativeness in the summaries. Furthermore, numerous approaches are computationally
expensive and rely on intricate architectures.

The authors address these problems with an original method for unsupervised video
summarization in this study. The proposed framework integrates a modified Transformer architecture
and feature extraction, which is demonstrated to be superior to LSTM in modelling the contextual
information and long-range dependency. An effective summarization is achieved without annotated
data by exploiting multi-head attention and encoder-decoder attention in the Transformer encoder
and decoder layers. So as to encourage to generate the compact summaries, penalty terms are
introduced into the present training time calculation of probabilities for attributes produced from
frames. Frames are selected by maximizing rewards representing the three perspectives of diversity,
representativeness, and temporal smoothness. Moreover, the authors attempted to mix their Red-Sum
reinf-encoder decoder summarizer model with a model to provide a more comprehensive description
of the video by leveraging both textual and visual cues. The latter focuses more on learning important
clues from the source video's audio-based subtitles. The proposed approach has several advantages
over the state-of-the-art techniques, including the efficiency for maintaining the temporal coherence
and the representativeness in summaries, the simplicity for training, and the robustness for obtaining
diverse information. Their methodology and experimental results are described in this paper,
demonstrating that this approach indeed can produce clear and instructive video summaries on a
broad range of datasets, including SumMe and TVSum. To enable transfer learning,a dataset that
contains movies in 30 categories from the public domains is also generated.

The majority of videos cover a wide range of subjects and interests and last between three and
eight minutes. Because of its diverse material, it is a valuable tool for research, analysis, and content
production. It provides information on viewer trends and preferences across several categories using
publicly accessible movies.

The remainder of this paper is structured as follows. Section 2 provides a comprehensive
review of related work in unsupervised video summarization. Section 3 details the proposed RED-
SM methodology. Section 4 presents the experimental setup, datasets, and results with a detailed
discussion. Finally, Section 5 concludes the paper and suggests avenues for future research.

2. Literature survey

The following study provides a further account specific to recent advances in unsupervised
video summarization and proposes a method that leverages GANs for summarizing videos.

GAN-based approaches

Mahasseni, Lam & Todorovic (2017) approach solves the problem of extracting a small
number of video frames that well represent the original video content. The key idea is to reduce the
gap between the original films and film summaries by training a summarizer network to identify the
most essential frames and encode them. This is achieved by injecting a discriminator network within
the architecture, which enables unsupervised learning. While the discriminator pulls apart the
original and constructed movies, the summarizer selects, encodes, and decodes frames into the final
video. It accomplishes an optimal frame selection process by making the discriminator unable to
discriminate between them through adversarial training. The significant improvement brought by the
method to video summarization comes at a cost of the enormous computational burden due to the
complexity of training the discrimination and summarization networks jointly. The GAN-enabled
methods may also struggle to handle a diverse range of video content with unequal saliencies.
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Yuan et al. (2019) summarize the key papers and introduce a method for unsupervised video
summarization, which is called Cycle-SUM. Cycle-SUM adopts a particular architectural structure,
which is referred to as a cycle-consistent adversarial LSTM. Such is its architecture that it emphasizes
on retaining the vital aspects and keeping it as short as possible for the summary video. Cycle-SUM
consists of two main components, i.e., a frame selector and a learning-based evaluator, which jointly
search for the frames with the key information for the summary. In addition, Cycle-SUM employs two
GANs for reconstructing the video in both the forward and backward directions, so that the summary
retains the important information from the original content. It is operand to note that Cycle-SUM
could be computationally expensive since it depends on complex topologies and adversarial training.

Reinforcement learning methods

Zhou, Qiao & Xiang (2018) summarize the key papers and introduce an unsupervised method
using reinforcement learning with a diversity-representativeness Reward. It employs a Deep
Summarization Network (DSN) to predict frame selection probabilities and a unique reward function
to enhance diversity and representativeness in summaries. Their experiment results show superiority
over any previous unsupervised methods and comparability to many supervised methods. The paper
significantly contributes by introducing a reinforcement learning-based framework, extending it to
supervised learning, and validating the approach through extensive experiments, marking the first
application of reinforcement learning to unsupervised video summarization. This approach is
evaluated on popular datasets such as SumMe and TVSum.

The problem of keyframe repetition during video summarization is explored in Hong & Zhong
(2021), which is particularly common in user-generated videos with a variety of backgrounds and
frequent shot changes. In response, the authors propose a spatial attention model designed to focus
on large, moving objects in frames in a way that aligns with the human attentional patterns. Their
model refines the keyframe selection probability by integrating features processed by a Bi-LSTM
network, which consists of two LSTMs processing data in forward and backward directions to
enhance contextual understanding. A notable aspect of this VSFB model is its use of an unsupervised
diversity-representativeness reward for frame selection, unlike the approaches relying on supervised
learning with human-annotated datasets.

Phaphuangwittayakul et al. (2021) integrates three key mechanisms: self-attention network,
reinforcement learning, and bidirectional recurrent neural network (BRNN). The summarization
network gathers frame details from the given video frames using a CNN network. Two different
networks, the BRNN and the self-attention network, use these features as input. The self-attention
network provides additional attention qualities for calculating the priority score as it enhances the
summarization network. BRNN processes sequential data in both forward and backward directions.
The reinforcement learning aspect of the model focuses on optimizing the actions in order to select
the output frames. The model learns to describe the video in adversarial training without mode
collapse. In addition, the attention map vector created by the self-attention network allows the
summarization network to retain critical frames for the video’s final summary. The account of
shifting camera positions, focus changes, and slight frame composition changes during recording
enhances the fairness and robustness of the summarization method. The shot-level semantics focus
on the content of the scenes, the angles of the cameras, and the motions within the scenes, which
curb user bias and provide a solid framework for the summarization algorithms. The objectivity and
stability in this approach, the system used to create representative and diverse extracts, enhance the
system’s ability to create robust and diverse summaries. The goal of the shot-level semantics is to
minimize user subjectivity in summarizing videos to construct objective and diverse summaries that
capture the critical concepts of the input videos. Focusing exclusively on shot-level semantics may
result in the overlooking of important contextual or visual clues in the video. In order to appreciate
the nuances and details that contribute to the overarching narrative and thematic elements of the
video, one must pay attention to these subtleties and clues.

Attention and transformer methods
Zhang et al. (2018) delves into the challenge of extracting significant segments from videos
for unsupervised video summarization. It addresses two major obstacles: ineffective feature learning
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and the complexity of training with lengthy video inputs. To tackle these issues, the authors introduce
a variance loss to enhance feature learning effectiveness and unveil a unique two-stream network
dubbed the Chunk and Stride Network. This network employs temporal perspectives at both local
and global scales in video features. Additionally, an attention mechanism is incorporated to handle
the dynamic video content. Through rigorous ablation studies, the effectiveness of these methods is
thoroughly demonstrated. The final model achieves a remarkable performance, surpassing previous
benchmarks on popular datasets such as SumMe and TVSum.

Jung et al. (2019) summarize the key papers and discuss an unsupervised object-level video
summarization technique termed online motion auto-encoder (online motion-AE). It aims to capture
detailed semantic and motion details in online videos without the need for manual labeling. The
method works towards generating an automatic and prospective compact summary for the entire
video by capturing important visual motion segments in it. Such a method makes the auto-encoder
architecture to be well-suited for the super-segmented object motion clips. The effectiveness of the
proposed approach is confirmed on a newly collected surveillance dataset named Orangeville, which
provides spatial-temporal annotations, and also on other public datasets. One potential limitation of
the strategy that is investigated in Jung et al. (2019) is that it might not be able to aggregate fine-
grained semantic information, especially the content of complex videos featuring diverse content of
different objects. Furthermore, this proposed method can forget about the larger context information
that is distributed in the video. Lei et al. (2019) summarize the key papers Frame Rank and introduce
a novel approach that discovers the reasonable and insightful parts in the video content by parsing
the movie based on the information frame by frame. To do so, the first phase of this framework is to
organize the frames of each video into temporally coherent segments. Then, it orders these segments
with a graph-based approach to decide which ones are particularly important. Finally, Frame Rank
selects the ranked segments for the video summarization. It focuses on temporal segments
considering their frames' semantic depth by a graph based on Kullback—Leibler (KL) divergence.
The author of this paper shows the effectiveness of Frame Rank on three datasets SumMe, TVSum,
UGSum52 where it achieves state-of-the-art results. Lei et al. (2019) further introduces a new dataset
for summarizing user-generated videos, i.e., UGSum52, to alleviate the absence of large-scale video
datasets with human summaries.

Yuan et al. (2019) summarize the key papers and introduce a method for unsupervised video
summarization, which is called Cycle-SUM. Cycle-SUM adopts a particular architectural structure,
which is referred to as a cycle-consistent adversarial LSTM. Such is this architecture that it
emphasizes on retaining the vital aspects and keeping it as short as possible for the summary video.
Cycle-SUM consists of two main components, i.e., a frame selector and a learning-based evaluator,
which jointly search for the frames with the key information for the summary. In addition, Cycle-
SUM employs two GANs for reconstructing the video in both the forward and backward directions,
so that the summary retains the important information from the original content. It is operand to note
that Cycle-SUM could be computationally expensive since it depends on complex topologies and
adversarial training.

Huang et al. (2021) summarize the key papers and propose a new unsupervised learning
strategy that selects keyframes from videos without using any annotated labels by integrating visual
and semantic information. The key to this approach is a Spatial Attention Module (SAM), which is
designed to focus on large spatial, motion-driven features in movies known to capture human
attention. A bi-directional LSTM network is applied to assist the SAM in guiding the keyframe
selection process with semantic and saliency information.

Regardless, context issues routinely hinder unsupervised techniques, leading to shallow or
overly simplistic summaries. In addition, the effectiveness of the SAM and Bi-directional LSTM is
largely determined by the quality of the features that the SAM and Bi-directional LSTM extract.
Problems of picking out the most salient features of videos may reduce the effectiveness of the
summarizing process. In addition to this, the diversity of human perception poses a major problem
towards the creation of a video summary that could be accepted universally because it is too difficult
to be consistent with identifying the key frames or segments from almost all genres of video.
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Clustering and feature-based methods

Jadon and Jasim (2020) sumarize the key papers and present an unsupervised framework for
machine vision-centered video summarization. It includes various methods of keyframe extraction,
including deep features from ResNet, histogram-based analysis, uniform sampling, as well as SIFT.
Phaphuangwittayakul et al. (2021) where keyframes are compactly clustered with clustering
algorithms such as Gaussian Mixture Models (GMMs) and K-means. Video skimming then works
around the selected key-frames to obtain a complete summary. The efficacy of feature extraction via
a deep-learning approach and associated with Gaussian clustering is empirically tested and proven
on the SumMe dataset, throughout particular dynamic-viewing movies.

For video frames' features extraction, Majumdhar & Nayak (2021) summarize the key papers
and suggest using more advanced texture descriptors, including LTP and LPQ, source. To improve
the summarization effectiveness, it is necessary to detect both important and unnecessary frames.
These methods improve the representation of content within the retrieved properties and contribute
to better summarization. After feature extraction, similar feature frames can then be organized with
clustering approaches, such as affinity propagation and BIRCH. By selecting the most remembered
snaps to summarize, this ensures that the kaleidoscopic film does not sacrifice the original work's
music and emotion. That is, the textural descriptors combined with the unsupervised clustering
appear to provide an unambiguous technigue to generate good summaries.

Graph neural network approaches

Automatically selecting salient snippets from videos has been studied in Gao et al. (2021)
which summarizes the key papers without the use of pre-annotated data. It argues the necessity of
understanding the relations of video clips by using nodes in a graph to represent clips and building a
graph for learning in this case. GNNs, or Graph Neural Networks, are particularly useful for this
purpose as they facilitate the communication and dependency capture between graph nodes. The
vector representation of each node is determined by its neighbours, edge types, and attributes in the
respective networks. Unlike the approaches that consider video clips as clips with soft importance
scores, this approach guarantees the selection of clips that ensure that the summary is devoid of
ambiguity. The reconstruction constraint to preserve the substance of the original video in the
summary and the contrasting constraint to differentiate the summarized and non-summarized content
are used to improve the framework using a multi-task loss optimization technique. However, issues
like irregular graph topologies and sizes make it hard to use neural networks and conventional
learning methods, which affects how the graph-structured data are processed. Furthermore, the
classic Graph Neural Networks still have the issue of over-smoothing, which could make it harder to
distinguish between different node representations. These difficulties demonstrate how complex it is
to use GNNs for video summarization in an efficient manner.

While the existing methods show promise, they struggle with long-range dependencies and
the multimodal integration. The proposed RED-SM model addresses these gaps by combining
Transformer architectures with reinforced learning and flexible multimodal fusion, overcoming the
limitations of the LSTM-based approaches and isolated modality processing.

3. Proposed methodology

3.1. Overview of RED-SM model architecture

Figure 1 shows the proposed methodology Reinforced Encoder Decoder Summarizer Model
(RED-SM) employs an encoder-decoder structure, both of which are multi-layer, used to handle input
features from the frames of a video. The encoder is composed of six Transformer encoder layers.
Within the Transformer encoder layer, the input features are treated by a multi-head attention
computation. The multi-head attention allows the model to effectively obtain dependency among
different positions. Using eight independent attention heads, the model calculates attention weights
in parallel and is therefore more flexible and consistent. Also, attempting to avoid overfitting and
guaranteeing generalization, dropout regularization is used on the output of the attention mechanism.
There is a significant change in the encoder layer, and there is an addition of a residual connection.
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Once the attention output is calculated, it is added once more to the feedforward neural network
output within the layer. The residual connection allows a smoother propagation of information and
helps prevent the vanishing gradient problem during training, giving the model a better capacity to
learn long-distance dependencies. The decoder uses the output of the encoder as its memory.

Probablities

Decoder

Encoder
[:]
{
————————— Add and Bernoulli distribution
Add and MNormalization
Mormalization h
Frames| ResNet-152 : 1 ' Feed Forward
Encoder Feed Forward Reward
1 ] Dec?der Add and |
Add and Normaluzauan| -
T 1 [ Mutti-Heaa
| | Multi-Head Attention
Attention | 11
— [ Add and

Normalization

I Multi-Head
Attention

Figure 1. Reinforced encoder decoder summarizer model architecture (own research)

The decoder component consists of six Transformer decoder layers. Each Transformer decoder
layer integrates two attention mechanisms: a multi-head attention one and an encoder-decoder
attention one. The multi-head attention mechanism allows the decoder to attend to different positions
within its own input sequence, capturing the dependencies within the sequence itself effectively.
Meanwhile, the encoder-decoder attention mechanism enables the decoder to concentrate on relevant
segments of the input sequence encoded by the encoder. This interaction between the encoder and
decoder facilitates the generation of summaries that are coherent and contextually relevant.

As the input features traverse through all Transformer decoder layers, they undergo further
processing via a linear layer, yielding the final output tensor representing the probability associated
with summarizing the input video frames.

3.2. Feature extraction

The authors utilize the ResNet-152 model to extract features from the frames of the video. The
extracted features are then spatially aggregated using the help of an adaptive average pooling layer.
Then, a fully connected layer is utilized for dimensionality reduction of the extracted features.

3.2. Model architecture overview

3.3. Model training

In the training phase, the model processes the input sequence to compute probabilities for each
feature and subsequently calculates the cost, which includes a penalty term aimed at minimizing the
summary length. This penalty term is derived from the average probability of the selected frames.
Following this computation, the frames are chosen based on these probabilities using Bernoulli
sampling, and rewards are then calculated.

The reward calculation involves three key functions: the temporal smoothness reward, the
representativeness reward, and the diversity reward. The temporal smoothness reward is determined

http://www.rria.ici.ro


http://www.rria.ici.ro/

Romanian Journal of Information Technology and Automatic Control, VVol. 35, No. 4, 79-94, 2025 85

by assessing the similarity of consecutive frame features using the cosine similarity. It accumulates
dissimilarity by subtracting the cosine similarity from 1 to quantify the lack of smoothness between
consecutive frames. The accumulated dissimilarity is then normalized by the number of transitions.
Finally, the negative exponential of the normalized dissimilarity is returned as the temporal
smoothness reward, penalizing the abrupt transitions.

Temporal Smoothness Reward:
S ={s1,s2,..sn} @)

be the selected frame features, where pickidxspickidxs contains indices of the selected frames. The
dissimilarity DD is computed as:

D= Z’.’_‘l(1 — cosine_similarity(S[pickidXs[i — 1]], S[pickidXs[i]])) )
Dtrans— Z - cosmesmulamy(S[plckldXs i—1] ] S[pleldXS ])) (3)
Rsmootn = €7° 4

Representativeness Reward:

repr Zz 1 ]Eprlré%g(dxs COSinesimilarity (foD (5)

We can use \operatorname{cosine_similarity} or simply define it as a function.

Alternatively, we can write: Ryepr= Zl 1 . max sim(fi, fj)
jEpickidxs

where f; ,fj are all the frame features and where sim is the cosine similarity.

Subsequently, the representativeness reward evaluates the extent to which the selected frames
accurately represent the overall content of the video. On the other hand, the diversity reward
measures the diversity of the selected frames within the summary. To update the model, the expected
reward is computed based on the log probabilities and actual rewards, and the cost is adjusted
accordingly, factoring in the negative expected reward. The parameters of the model are then
optimized using the Adam optimizer through backpropagation. This iterative process ensures that the
model's parameters are fine-tuned to effectively summarize the input video sequences.

3.4. Video summary generation

The video input undergoes frame-by-frame processing, with ResNet-152, extracting features
from every frame. These extracted features are then passed through the Reinforced Encoder Decoder
Summarizer Model (RED-SM), which assigns importance scores to each frame. These importance
scores indicate the significance of each frame in capturing the content of the video. The change points,
or the significant changes in the content, are identified by calculating kernels between frames and
identifying significant changes.

The change points also play the role of boundaries for dividing the video into meaningful
segments. The segments of the video are ordered by the importance scores that have already been
established by the Transformer model. The dynamic knapsack algorithm is subsequently employed
to select segments for the end video summary. This algorithm chooses the entire importance score in
the optimal manner by selecting the segments suitable for this task based on a given length constraint.
The frames of these selected segments are then fused to produce the summarized video.

3.5. Frame selection using BERT-Based Extractive Summarizer

Audio extraction and transcription

The audio is pulled from the input video with the MoviePy library. It is then converted to text
with the Whisper library. Whisper is a speech-to-text and transcription tool of high capacity that
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offers reliable textual outputs of audio content.
Subtitle extraction

The text is scanned to extract subtitles and their timecodes. A subtitle is utilized to point to a
part of the video and for how long it is.

Subtitle summarization

The bert-extractive-summarizer is utilized to summarize the subtitles with a specified ratio.
An extractive summarizer is chosen to ensure that the generated summary retains the most important
sentences from the subtitles without introducing new content.

Frame selection

Frames corresponding to the summarized subtitles are selected from the video. To accomplish
this, the timestamps of the summarized subtitles are mapped to the corresponding video frames. If a
frame falls within the timestamps, its corresponding index is set to true to indicate inclusion,
otherwise, it is set to false to indicate exclusion.

3.6. Integration of models for frame selection

The results from both the Reinforced Encoder Decoder Summarizer Model (RED-SM) and the
bert- extractive-summarizer model were integrated to select frames, adhering to specific criteria as
shown in Figure 2. According to the standard evaluation process for the SumMe and TV Sum datasets,
the total frames selected for the summary should not surpass 15% of the total frames. To
accommodate variations in audio quality, a weightage was assigned to the output of each model.
When the signal-to-noise ratio is favorable, a 40% weightage of the total 15% is assigned to the
frames selected by the bert-extractive- summarizer, with the remaining 60% allocated to the frames
selected by the RED-SM. Conversely, when the signal-to-noise ratio is poor, a 80% weightage is
given to the RED-SM and 20% to the bert-extractive-summarizer model. Finally, we combined the
outputs from both models to generate the video summary.

Input Video
Opendl Whisper Frames Selection
Transeription Timestamps
l Processing
bert—extraf:twe— ) Summfn'ized
summarizer Subtitles

Figure 2. Frame selection using audio information (own research)
3.7 Architecture and tools used
Convolutional Neural Networks (CNNs): The ResNet-152 architecture is employed for feature

extraction from video frames.

Dynamic programming: The knapsack algorithm optimizes item selection within a weight
limit to maximize the total value, employing dynamic programming to efficiently compute solutions.
By iteratively filling a table with solutions for subproblems, it determines the maximum achievable
value. It is employed for segment selection in the summarization process.
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Computer vision Libraries: OpenCV is used for video processing tasks such as frame
extraction, color space conversion, resizing etc.

Whisper: Whisper, crafted by OpenAl, is an ML library tailored for recognizing and
transcribing spoken language. It is used to extract text from the audio of the video.

Machine learning framework: The authors used PyTorch, an acclaimed Deep Learning library
with the reputation of being flexible and having wide library support. PyTorch has attributes like
automatic differentiation and dynamic computation graphs, making it suitable for a range of machine
learning applications. For the present work, the PyTorch library was used to create the Reinforced
Encoder Decoder Summarizer model and the bert-extractive-summarizer model.

4. Experiments and results

4.1. Data set description

The present method was measured with the SumMe and TVSum datasets. SumMe comprises
25 user-uploaded videos on a variety of topics, such as holidays and sports, with the length of each
video being from 1 to 6 minutes. TVSum comprises 50 videos on topics such as news and
documentaries, which have lengths ranging between 2 and 10 minutes. TVSum also accompanies 20
annotators who provide importance scores frame by frame. Training and building video
summarization algorithms are challenging tasks that depend on being able to access rich and diverse
datasets that represent the real-world situations properly. Although there are available datasets, they
always lack depth so as to train the summarization methods correctly over large sets of domains and
content types. With the goal of improving the video summarization methods, the authors have
embarked on creating a new dataset. They have obtained from different publicly available sources
over 100 videos belonging to more than 30 different categories. Some of these categories are: gadget
reviews, science experiments, stand-up comedy, music videos, cooking videos, workout tutorials,
celebrity interviews, travel vlogs, and even tech news updates. This variety of content can be used to
formulate new ideas that can be used to enhance the existing methods of video summarization. In
order to guarantee that the domains and types of the content were diverse and well-spaced out, a
video’s duration was systematically collected along with the category, which created rich metadata
for the dataset.

DATASET VIDEO DISTRIBUTION

EI General Duration/Mins

15 16

- 9 10
2 6 5

4 +

[0.00,1.00] (1.00,2.00] (2.00,3.00] {3.00,4.00] (4.00,5.00] (5.00,6.00] (6.00 7.00] (7.00,8.00] (8.00, 9.00] (9.00,10.00]
Duration (mins)
Figure 3. The dataset video distribution (own research)

Figure 3 shows the obtained dataset stands out because it encompasses a wide variety of
categories, ensuring flexibility and potential for adaptation in numerous scenarios and types of
content. This diversity significantly enhances its utility for studying summarization strategies in
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different disciplines. This poses a fascinating opportunity to focus on improving the existing
evaluation metrics or designing new ones tailored to specific content areas, summary objectives, or
domain metrics on specialized content areas.

The authors would like to point out that, unlike the well-known benchmark datasets TVSum
and SumMe, their dataset has the potential to create a domain shift. This points out the need to pay a
special attention to the dataset characteristics and to any domain differences that influence the
summarization methods.

4.2. Evaluation methods

The authors employ the two assessment settings proposed by Zhang in Zhang et al. (2016)
their techniques. In the Canonical context, they first employ the conventional 5-fold cross-validation
(5FCV) method, setting aside 80% of the videos for training and the remaining 20% for testing.
Secondly, they train their model in the Transfer setting for a target dataset using our proprietary
dataset, and then evaluate its performance on the SumMe and TVSum datasets

To ensure a balanced comparison with other methodologies, they adopt the commonly utilized
protocol outlined in Zhang in Zhang et al. (2016) for computing the F-Score metric. The formula for
F-Score calculation is given in Figure 4. This metric serves as a standard measure to evaluate the
likeness between automatic summaries and ground truth summaries.

Precision (P)
Overlapped Duration of Automatic Summary and Ground Truth Summary

Duration of Automatic Summary

Recall (R)
Overlapped Duration of Automatic Summary and Ground Truth Summary

Duration of Ground Truth Summary

F—Score(F) =2P x R/(P+ R) x100%

Figure 4. F-Score Calculation (own research)

4.3. Experimental setup

Ensuring an equitable comparison, the procedure outlined in Zhang et al. (2016) was followed,
wherein video features were extracted from the output of the second-to-last layer (pool 5) of the
GoogLeNet model, for videos in datasets including SumMe and TVSum. 80% of the videos in each
dataset were utilized for training purposes, while the rest 20% were allocated for testing.
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4.4. Results discussion

Table 1. Comparison of different methods
with the canonical setting on SumMe and
TVSum datasets

Datasets
Methods

SumMe | TVSum
SUM - GAN (dpp) 39.1 52.7
DR - DSN 41.4 57.6
Online Motion - AE | 37.7 51.5
FrameRank 45.3 60.1
Cycle - SUM 41.9 57.6
RCL 48.6 58.4
RED - SM (theirs) 50.4 60.3

Overall rewards

reward
o
o
N

0 25 50 75 100 150 175

epoch

125 200

Figure 5a. Rewards obtained when training
SumMe dataset across different data splits

Overall rewards

reward
°
o
o

o 25 50 75 100

epoch

125 150 175 200

Figure 5c. Rewards obtained when training
SumMe dataset across different data splits

89

Table 2. Results of transfer learning: The
model was trained using their own dataset
and evaluated on SumMe and TVSum
datasets

Datasets
Method

SumMe TVSum
RED - SM
(theirs) 42.0 57.8

Overall rewards

100 125 150 175 200

epoch

o] 25 50 75

Figure 5b. Rewards obtained when training
SumMe dataset across different data splits

Overall rewards

[¢] 25 50 75 100

epoch

125 150 175 200

Figure 5d. Rewards obtained when training
SumMe dataset across different data splits

(Source: Authors own research)
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Overall rewards Overall rewards

reward
reward

0 20 40 60 80 100 120 140 o 25 50 75 100 125 150 175 200
epoch epoch

Figure 6a. Rewards obtained when training Figure 6b. Rewards obtained when training
TVSum dataset across different data splits TVSum dataset across different data splits
Overall rewards Overall rewards
g 0.68 % 0.69
() 10 20 s 30 40 50 o 10 20 — 30 40 50
Figure 6¢. Rewards obtained when training Figure 6d. Rewards obtained when training
TVSum dataset across different data splits TVSum dataset across different data splits

(Source: Authors own research)

Table 1 shows the comparison of different methods with the canonical setting on SumMe and
TVSum datasets and Table 2 shows the results of transfer learning: The model was trained using
their own dataset and evaluated on SumMe and TVSum datasets. Figure 5a, 5b, 5¢ and 5d shows the
rewards obtained during training using the SumMe dataset across different data splits and Figure
6a,6b,6¢ and 6d shows the rewards obtained during training using TVSum dataset across different
data splits. When the authors combined the output of the Reinforced Encoder Decoder Summarizer
Model (RED-SM) with the output generated using the bert-extractive-summarizer model for the
SumMe and TVSum datasets, there was no significant improvement in the average F-score. This lack
of improvement can be attributed to the poor signal-to-noise ratio (SNR) of the audio and videos in
the SumMe dataset. Conversely, some videos in the TVSum dataset had good SNR, resulting in
higher F-scores, while others had poor SNR, leading to lower F-scores. These variations in SNR
levels resulted in limited information extraction from the generated subtitles.

5. Conclusion and future directions

In this paper, the authors propose a Reinforced Encoder Decoder Summarizer Model (RED-
SM) for unsupervised video summarization. The key to their model is a hybrid use of the state-of-
the-art methods, including feature extraction, self-attention mechanisms, and reward-based training
to generate fluent and precise video summaries. They utilized the ResNet-152 model to perform
feature extraction, allowing the important visual cues to be effectively summarized via spatial
pooling and dimension reduction.

Figure 5 shows the RED-SM architecture, which has an encoder encoder-decoder structure
and consists of several layers that process input features from the frames of video. They use the same
encoder in the two models: a modified version of the Transformer architecture, adapted to the video
summarization task. It is comprised of six modified Transformer encoder layers, tailored for the
needs of video summarization, and utilizes multi-head attention mechanisms that are essential for
modelling dependencies across different positions in the sequence.

http://www.rria.ici.ro


http://www.rria.ici.ro/

Romanian Journal of Information Technology and Automatic Control, VVol. 35, No. 4, 79-94, 2025 91

Additionally, the decoder of their architecture consists of six sequential Transformer decoder
layers, enabling a full coverage and the ability to generate appropriate summaries. They also have
multi-head attention and encoder-decoder attention within the layers to help improve the
summarization.

In order to improve generalization and avoid over-fitting, strategies such as dropout
regularization, residual connections, and normalization within the model's architecture were
employed.

When training the model, they employ a reward-based learning strategy where the model gets
rewarded when generating high-quality summaries to foster better selection of video content frames.
Some of the different rewards used include temporal smoothness, representativeness, and diversity.
In detecting important cuts for the summarization, they analyse frames for content feature change
points. The segments are ranked based on their self-relevance and a knapsack algorithm is applied to
select the frames for the summary. This holistic approach enables their summaries to maintain
coherence and compactness while providing an extensive coverage of the video content.

Despite the positive implications of the results obtained from the RED-SM model, there
remains ample room for refinement and innovation. One of the approaches for improvement is the
integration of semantic understanding, which enhances the model’s understanding of the video
frames’ underlying semantics. This can be aided with the integration of natural language processing
techniques or the use of language models to foster the understanding of the model in the visual
context. Also, the exploration of adaptive attention techniques could be beneficial in the
improvement of the summarization skills. The model could enhance its summarization performance
by flexibly adjusting the attention to frame or region significance and dynamically concentrating on
critical information while disregarding less relevant features.

Furthermore, tackling the long-term dependencies in the context of movies remains extremely
challenging. Working on the use and capture of temporal information for an extended timeframe in
the generation of summaries has the potential to significantly improve the temporal coherence and
context understanding of the generated summaries. Moreover, the model’s comprehension of the
temporal structure and the narrative flow of a video can be augmented by the application of
techniques that deal with the integration of distant frames or segments, resulting in more
comprehensive and contextually enriched summaries.
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