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Abstract: The surge in online video data presents the imperative requirement
of summarizing it for information compression, efficient understanding, and
to support decision-making. Recent research studies have predominantly
utilized structured input data for summarization. This paper explores the
current state-of-the-art models in summarizing unstructured, conversational,
and long transcript data. We further apply a transfer learning approach using
a fine-tuned BART model, pre-trained on the SAMSum dataset.
Hyperparameter tuning and selective layer freezing are applied to optimise
model performance. This study focuses on abstractive summarization of long
video transcript data. Our methodology integrates ChatGPT to generate
reference abstractive summaries from long transcript data. A semi-automated
pipeline using TextRank is proposed for reference summary generation. The
proposed fine-tuned model shows a significant increase in ROUGE scores
over the baseline model. The findings suggest that the transfer learning
approach is effective for abstractive summarization of long transcript data in
real-world conversational domains.
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Introduction

Studies show that online video use has increased
over the past few years, especially during and after the
COVID-19 pandemic. There is an increase in the
number of participants in virtual meetings via the
videoconferencing app daily, from 10 million in
December 2019 to 300 million four months later
(Aiken, 2020). Ever since the COVID-19 pandemic, the
educational relevance of video-based learning
materials has gained additional traction, with
schooling, courses in universities, and courses in adult
education centers during national lockdowns (Chick et al.,
2020; Merkt et al., 2022). A surge in online learning
facilities has increased the generation of educational
videos. Such educational videos vary in duration,
content, and presentation styles. For instance, lecture
videos contain PowerPoint slides and have long
durations, in some cases more than 30 minutes (Hamid
and Samad, 2015; Seidel and De, 2024). Given the
substantial volume of educational video data
accumulated, the  requirement for  content
comprehension and concise understanding emerges.
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Manual summarization in such cases is difficult and
time-consuming. Hence, the utility of automatic text
summarization tools has gained prominence.

In the field of NLP, automatic summarization
emerges as pivotal, characterised by a multitude of
complexities involving both understanding language,
such as identifying essential content elements, and
generating content, which entails consolidating and
reformulating recognised content to create a summary.
Acrtificial Intelligence (Al) has captured significant
attention across diverse sectors for its capacity to
produce creative and realistic summary outputs.
Several Al tools, such as ChatGPT, BART, and T5,
have broadened access to Large Language Models,
thereby enabling the production of content that
resembles human language (Lin et al., 2024). This
study investigates the efficacy of state-of-the-art
models like BART and T5 in summarizing long video
lecture transcripts.

Video transcripts contribute as valuable resources
for academic research as text-based representations of
spoken content. They are rich sources of information,
aiding researchers in analyzing verbal interactions,
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discourse patterns, and language use with greater
precision and efficiency. In domains such as education,
media studies, linguistics, and human-computer
interaction, transcripts enable qualitative and
quantitative analyses that would be difficult to perform
with raw video alone. Additionally, reproducibility and
transparency are enhanced through transcripts, which
allow other researchers to verify findings and conduct
secondary analyses. As the use of multimedia content
continues to grow, the integration of video transcripts
into research workflows has become critical for data-
driven insights and information retrieval (Elahi et al.,
2024; Navarrete et al., 2025).

Summarization approaches are broadly classified as
extractive and abstractive (El-Kassas et al., 2020). In
extractive summarization, all sentences are scored, and
high-ranking sentences are extracted as the summary.
Whereas abstractive summarization is more creative,
with the inclusion of words or sentences that are not
part of the source text. Thus, abstractive summarization
is computationally more complex than the extractive
approach. We explore the abstractive summarization
approach for a comprehensive understanding of video
transcript data in this study.

The unique features of video transcript data utilized
in this study include the length of transcripts,
interactiveness, and unstructuredness. Application of
summarization models on raw video transcript data
resulted in moderate summaries, as shown in Section 4.
A possible solution is to create a custom-designed
model for the proposed dataset. However, this approach
is impractical due to its significant computational
complexity and time-consuming nature. Alternatively,
recent research highlights the potential of transfer
learning techniques as a viable solution. The Transfer
Learning approach leverages knowledge from pre-
trained models and results in enhanced summary
output. This approach has proved to be beneficial in
research scenarios with experimental new datasets that
can be small and unlabeled (He et al., 2024; Mishra et
al., 2023). A pre-trained BART model on the SAMSum
dataset (Gliwa et al., 2019) is applied to our transcript
dataset.

This paper proposes an implementable solution for
summarizing long academic interactive transcripts. The
main contributions of this paper include:

a) Application of state-of-the-art summarization
models on a long interactive transcript dataset

b) Generation of reference summaries using ChatGPT

c) Evaluation and results analysis using ROUGE
scores

d) Application of the transfer learning approach using
hyperparameter tuning and fine-tuning of the
BART model, and

e) Evaluation of summary results via ROUGE scores

Related Work

Automatic text summarization approaches have
been applied extensively on news datasets (Jiang and
Dreyer, 2024), legal documents (Tyss et al., 2025),
research papers, and technical scientific papers
(Achkar et al., 2024; Takeshita et al., 2024). The data
utilized in the referenced research is structured or
sectioned for a better understanding of content and
interrelations between sections. For example, scientific
papers are structured into sections such as the
introduction, experimental details, and conclusion.
Target datasets organised in a structure enhance key
information  identification and leverage their
summarization. Recent text summarization approaches
have switched from pure text to diverse data like videos
and multimodal inputs (Jangra and Hasanuzzaman,
2023). Video data summarization has been made
achievable by employing expert annotations, attention
mechanisms, and a pointer network. The complexity of
the data collected is increased by multimodal data,
where interconnections between text, image, audio, and
video are being studied for summarization. Video data
acts as a rich source of information in this context.

Alternatively, video data can be summarized utilising
its transcriptions. For understanding, we broadly classify
the transcriptions into two types: Pure text and interactive
transcript data. Pure text transcripts are human-generated,
noise-free, with clear descriptions and structured content.
Pure text transcripts focus more on conveying the videos'
subjective content than on interactions. Conversely, video
interactive transcript data contains conversations between
two or more users in real time (Liu et al., 2024; Lundberg
et al.,, 2022). As a result, interactive transcript data
contains interactions, explanations of certain topics, and
also noise. In this study, we focus on interactive
transcripts and the challenges that emerge in the
summarization of interactive transcript data.

Interesting research has been done on the
summarization of interactive transcript data. Call
transcripts (Ahmed et al., 2024), dialogue summarization
(Lundberg et al., 2022), and meeting summarization (Jin
et al., 2025) take into account interactive transcript data.
Automatic summarization of call transcripts utilizes
textual descriptions of audio recordings. DialogueSum
consists of real-life scenarios with a dataset containing
13,460 dialogues (Chen et al., 2021). These, however, are
not a single long transcript; they consist of snippets of
short dialogues between multiple people. Meeting
summarization is done on datasets like AMI (Carletta
et al., 2005; Lundberg et al., 2022), ICSI, and Committee
meetings (Zhang et al., 2022), which employ annotators
and come up with query-summary pairs (Zhong et al.,
2021). Though annotations promote effective and faster
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summarization, it is an expensive affair.

In this paper, we focus on the video transcript data
related to education. Several video conferencing apps,
such as Zoom, Google Meet, and Webex, offer video
recording. We utilize the Webex platform (Cisco
Systems, 2025), which contains saved online classroom
recordings, with the option to obtain transcriptions in real
time. These lecture recordings are rich in information
about the subject matter. However, the transcripts also
pose technical challenges due to noise, variability, and the
need for robust natural language processing techniques.
The transcripts are in the form of conversations or
dialogues and lack a structured form. Additional
challenges related to the dataset used in the study are: 1.
The interactive transcript has multiple speaker
interactions, 2. The educational video is 45 minutes long,
and the transcript datasets average 15126 tokens.

To the best of our knowledge, studies on long-form
academic video transcripts are still in their early stages,
with limited research in this field. We apply the state-of-
the-art models BART and T5 for abstractive transcript
summarization (Golia and Kalita, 2023; Lundberg et al.,
2022; Saxena and EIl-Haj, 2023) for abstractive
summarization of long transcript data.

Since our target data for the study is unlabeled and
small, we come up with two possibilities for interactive
transcript data summarization: 1. Creating a new
summarization model, which can be time-consuming and
computationally complex. 2. Utilizing a pre-trained model
on a similar dataset, also known as a transfer learning
approach. Transfer learning is an emerging paradigm in
natural language processing for its ability to significantly
reduce training time and annotation requirements (Goyal
et al., 2022; Shen and Wang, 2024; Bhukya and Bhukya,
2024; Song et al., 2024). We utilize the knowledge of a
pre-trained model on a similar dataset to improve
summarization on our dataset. We employ the BART
model trained on the SAMSum dataset on our interactive
transcript data. The summarization results are examined
in Section 4.

Evaluation of transcript summaries presents novel
challenges due to the lack of human-generated or gold
summaries for comparison. Acquiring gold standard
reference human summaries for extended transcript data
is a labour-intensive, cumbersome, and costly process
(Abishek et al., 2025; Suarez et al., 2020; Pilault et al.,
2020). Alternatively, we utilize ChatGPT to aid our
evaluation of the generation of reference summaries, as
detailed in Section 3.2. ChatGPT, much like BART and
T5, exhibits versatility across a spectrum of text-based
tasks. With its robust architecture, ChatGPT adeptly
handles tasks ranging from summarization to translation,
demonstrating proficiency in generating concise and
accurate summaries of lengthy text (Grassini, 2023; Soni
and Wade, 2023).

ROUGE metric (Barbella and Tortora, 2022; Kumar
Bhukya and Bhukya, 2024; Lin, 2004; Lundberg et al.,
2022) is applied to quantitatively evaluate model-
generated summaries of transcript data against summaries
generated from ChatGPT. We further display the results
in Section 4. To further assess the summary qualitatively,
the involvement of human experts is a promising direction
for future work.

We extend our experiments by applying the transfer
learning approach to adapt pre-trained summarization
models to our interactive transcript data. The absence of
gold summaries in our dataset posed a significant
challenge for both model training and evaluation. To
address this, we collaborated with domain experts who
assisted in creating reference summaries aided by
ChatGPT. The process of generating reference summaries
is provided in Section 3. We further aim to automate
manual transcript reduction by integrating TextRank into
our methodology. These reference summaries act as an
initial basis to facilitate supervised fine-tuning of our
summarization models.

While prior work has achieved significant success in
short-text summarization, there remains a gap in
effectively adapting these methods to large-interactive-
transcript data without an extensive annotated resource, a
challenge our research seeks to address.

Materials and Methods

In this section, we describe the dataset, state-of-the-art
abstractive summarization models, application of transfer
learning, and implementation details of the research
study.

Interactive Transcript Dataset

Transcription is the first critical and essential step in
our methodology. Many online transcription tools were
explored, such as Google Docs (Google, 2025b), ASR via
Android Phone (Google, 2025a), and the HappyScribe
website (HappyScribe, 2025). Although these online tools
are freely available, they are often time-consuming and
prone to noise. Additionally, the Webex online platform
is utilized by many educational institutions for online
class recordings (Cisco Systems, 2025). Webex offers
built-in transcription features that facilitate real-time
speech-to-text conversion and the retrieval of accessible
transcriptions. For this study, we obtained the class
recording transcripts via the Webex transcription service
(Fernandes and Wagh, 2022).

The length of the academic video transcripts is due to
classroom interactions, including lecture explanations,
student questions, debates, and discussions. The average
length of online class video recordings utilized in this
study varies between 45 and 90 minutes. This duration
is comparatively longer than other research studies
(Shen et al., 2022; Kawamura and Rekimoto, 2024). Our
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dataset consists of two main domains, namely Law and
Physics. The sub-details of the transcript dataset are
provided in Table 1. The average number of tokens in Law
transcripts is 10583, and in Physics it is 15126.

Integration of ChatGPT

The transcript data in this study are unlabeled and lack
prior reference summaries. We integrate OpenAl’s Chat
Generative Pre-trained Transformer (ChatGPT) into our
workflow to generate reference summaries of our
transcripts. While several studies have assessed
ChatGPT’s performance on established Natural Language
Processing (NLP) tasks (Grassini, 2023; Soni and Wade,
2023), the associated challenges in its usage cannot be
disregarded. A key limitation in providing long video
transcript data as input to the free version of ChatGPT is
a 4,096-token limit (Sun et al., 2023). It limits the amount
of labelled data usable for in-context learning, unlike
supervised methods, which can leverage full datasets. To
mitigate this limitation, we involved human experts to
filter and limit the volume of transcript input. We provide
uniform instructions to ChatGPT for generating a
summary. The process for creating a reference summary
is illustrated in Figure 1. These initial summaries
generated via ChatGPT were adopted as reference
summaries for preliminary experimentation with
summarization models. For clarity in terminology, we
refer to these reference summaries as “Human-assisted

reference summaries”.

As an alternative approach, we explore automation of
the manual process involved in transcript reduction. The
TextRank algorithm was observed to have certain
advantages, such as being unsupervised, graph-based
centrality, low redundancy, and simplicity (Arora et al.,
2023). We integrate the graph-based TextRank approach
into our workflow. TextRank treats sentences as nodes in
a graph, and edges represent similarity. The algorithm
applies a variant of PageRank; hence, the more central
sentences get higher scores (Zieve et al., 2023). We utilize
the graph-based centrality of TextRank to obtain ranked
sentences within ChatGPT's token limit, based on
similarity. The TextRank process flow shown in Figure 2
is included. We refer to these reference summaries as
“TextRank-integrated-reference summaries”.

Preliminary Experimentation for Abstractive
Transcript Summary Generation

Abstractive summarization helps in humanly
describing the text, capturing the core meaning of the
text in a compact, readable, and fluent approach. It is
computationally more complex than the extractive
technique. Abstractive summaries are hence generated
by the model, where the tokenizer encodes and decodes
the input and output sequences, and parameters control
the generation process to balance fluency and
relevance.

Table 1: Description of Transcript Dataset with subcategories in the law and physics domains

Domain Sub-Category Video Duration (Max) Transcript length (Average length)
Law Jurisprudence 01:41:32.279 19737
Research Methodology 01:24:21.869 20918
Renewable Energy 01:25:48.510 14255
Statistical Physics 01:36:06.538 16734
Physics Quantum Mechanics 01:02:02.652 11598
Solid State Physics 01:31:02.699 17241
Electromagnetic Studies 00:52:11.130 13910

Involve Human
Experts

Retrieve interactive
transcripts

Manually reduce
transeript (per token
limit)

Retrieve (Human
Assisted Reference
Summarics)

Feed into ChatGPT
with instructions.

Fig. 1: Approach to retrieve reference summaries for the transcript data utilized in the research study with integration of ChatGPT

Retrieve _ Obtain ranked Feed into Retrieve TextRank —

. : Application of . :

interactive > sentence (per ChatGPT with » integrated Reference
. Text Rank L . . .

transcripts token limit) instructions. Summaries

Fig. 2: Approach to retrieve reference summaries for transcripts using TextRank with integration of ChatGPT
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We utilize state-of-the-art models like the T5
transformer and the BART model for abstractive
summarization. We used Hugging Face Transformers
(version 4.31.0) to access pre-trained models such as
BART and T5. The methodology, as illustrated in Figure
3, outlines the step-by-step process of our approach.

BART  (Bidirectional and  Auto-Regressive
Transformers) model algorithmically leverages a
multi-layer bidirectional Transformer encoder-decoder
architecture for sequence-to-sequence tasks (Lundberg
et al., 2022; Saxena and EI-Haj, 2023). During training,
BART employs a denoising autoencoder objective,
where corrupted input sequences are reconstructed.
This training approach includes tasks such as masked
language modelling and sequence shuffling. BART
utilizes self-attention mechanisms to capture long-
range dependencies and contextual information
efficiently. Additionally, it incorporates positional
encodings to maintain sequential information within
the input embeddings.

T5 (Text-To-Text Transfer Transformer) model
primarily employs a variant of the Transformer
architecture for text-to-text tasks. It utilizes the standard
Transformer  algorithms, including  self-attention
mechanisms, multi-head attention,  position-wise
feedforward networks, and layer normalization (Kumar
Bhukya and Bhukya, 2024; Saxena and El-Haj, 2023). T5
introduces a text-to-text framework in which all tasks,
including text generation, classification, and translation,
are cast into a unified format.

The above state-of-the-art models are applied to the
interactive transcript dataset, and model-generated
summaries are obtained. Given ChatGPT's growing
popularity and ease of use, we integrate it into our
methodology to generate reference summaries. ROUGE
scores were applied to evaluate the model-generated
summaries. The results are shown in Table 2 in Section 4.
When applying ROUGE metrics, the BART model
achieves higher scores. Following this preliminary

| T5 transformer
" model
v
Model
Transcripts Generated
Summaries
b
+ BART

experimentation, the BART model was subsequently
utilized to apply a transfer learning approach.

Transfer Learning

Transfer learning is a machine learning technique
where a model trained on one task is repurposed or
adapted for a related task. In transfer learning, the pre-
trained model's knowledge, often gained from large
datasets, is transferred to a new model to help it learn
faster and with less data (Shen and Wang, 2024; Song
et al., 2024). This approach is particularly beneficial
when the new task involves a limited dataset or when
computational resources are constrained in our research
study.

Analogous to our interactive transcript dataset, we
chose the SAMSum dataset, which consists of
conversations and summaries created by linguists similar
to those typically written daily. The SAMSum dataset
consists of 16,369 conversations and was made publicly
available by the Samsung R&D Institute, Poland (Gliwa
et al., 2019). The training and validation datasets contain
a dialogue, a gold summary, and an identifier. The
training dataset included 14732 conversations, including
both formal and semi-formal dialogues. The summaries
are brief texts written in the third-person perspective. The
key fields in the SAMSum dataset are: ID: A unique
identifier for each conversation; dialogue: The actual
multi-turn conversation between two or more participants,
formatted like a chat (with speaker names); and summary:
A human-written abstractive summary of the dialogue,
capturing the main points.

The SAMSum dataset has been considered for this
research study due to its features like speaker interactions,
dialogue dynamics, and human-written summaries of
realistic conversational dialogues. These features closely
resemble lecture transcript data in real-world applications.
Additionally, with its high-quality annotations and
manageable size, it is effective for both benchmarking and
fine-tuning models.

Reference
Summaries
(Human
intervention)

4

Model Summary
* evaluation
Results

ROUGE score
evaluation

Fig. 3: Overview of process flow for generating and evaluating transcript summaries
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Fig. 4: The overview of the Transfer learning approach applying
the BART model

Source Data
(SAMSum data) f———»
Large size

Source Model
BART model

1

Transfer Learning

i

Target Model
Fine Tuning BART
model

Source Summary
High quality

Transcript + Text
Ranked reference
summaries

Rouge Score
summary
evaluation

Fig. 5:Transfer Learning Approach utilizing the TextRank-
integrated-reference summaries

We train the BART model on the SAMSum dataset
mentioned. The pre-trained BART model’s knowledge is
applied to our interactive transcript dataset. The key fields
in the interactive transcript dataset are: ID: A unique
identifier for each transcript; text: the lecture transcript as
a collection of sentences spoken during class; and
summary: A human-written abstractive summary of the
transcript, capturing the main points.

The process flow for our transfer learning approach
with human-assisted ChatGPT summaries is shown in
Figure 4. The sample-generated summaries are presented
in Tables 5 and 6 in Section 4. The process flow for our
transfer learning approach on TextRank-integrated-
reference summaries is displayed in Figure 5.

Hyperparameter Tuning

Hyperparameter Tuning enhances the summarization
process by optimizing the model for better summary
coherence and content selection (Liu et al., 2024;
Velayutham and Swarnakar, 2025). The initial phase
involves analyzing the outcomes of hyperparameter fine-
tuning of the pre-trained BART model on a new
interactive transcript dataset, as described in Section 3.1.
The hyperparameter tuning aims to observe and/or
improve the effectiveness of BART on interactive
transcript summarization. During hyperparameter tuning,
we experimented with various learning rates. The most
significant parameter values with the highest model
performance across training iterations for the BART
model trained on human-assisted summaries are a
learning rate = 1e-5 and a batch size = 2 for 3 epochs.
Whereas for Text-Rank integrated summaries, the model
was optimised at a learning rate = 5e-5, a batch size = 1
for 3 epochs. Results, including ROUGE scores, are
provided in Section 4.

Fine-Tuning BART Model

Fine-tuning involves selectively freezing and
training specific layers of a pre-trained model on task-
specific summarization data to retain general language
understanding  while  improving  summarization
performance (Shen and Wang, 2024; Song et al., 2024).
During the first stage of fine-tuning, the encoder
parameters are frozen, restricting gradient updates to the
decoder and the task-specific head. This allows the
model to retain the rich pre-trained encoder
representations while gradually adapting the decoder to
the characteristics of the target transcript dataset. In the
second stage, the encoder is unfrozen, enabling full
model fine-tuning.

Load a Load pre-
5 Load Tokenize B
Transcript Tokenizer Data trained BART
data model

Tuning

3

Train on
data Evaluate

Progressive

| layer

unfreezing

Fig. 6: Transfer Learning Approach with fine-tuning the BART model on the video transcript dataset
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At this point, both encoder and decoder parameters are
updated jointly, allowing the entire model to adapt more
deeply to task-specific features and thereby improving
overall performance. The overall fine-tuning process is
illustrated in Figure 6, and its results with the updated
parameters are given in Table 4 in the Results Section.

Evaluation Procedure

ROUGE (Recall-Oriented Understudy for Gisting
Evaluation) is one of the widely used benchmarking
metrics for evaluating text summarization tasks. ROUGE
is a set of metrics used to evaluate automatic
summarization by  comparing  system-generated
summaries with reference summaries (Barbella and
Tortora, 2022; Lin, 2004; Lundberg et al., 2022). It
primarily measures n-gram overlap, with common
variants including ROUGE-1, ROUGE-2, and ROUGE-L
for unigram, bigram, and longest common subsequence
matching. Its widespread adoption is due to its simplicity,
interpretability, and effectiveness in capturing content
overlap between generated and reference summaries. The
interactive transcript summaries were evaluated on
ROUGE-1, ROUGE-2, and ROUGE-L.

Results
Preliminary Experimentation

We evaluate the summaries generated by the state-of-
the-art T5 transformer and BART models during
preliminary experimentation. As shown in Table 2, the
abstractive summaries generated by the BART model
achieve higher ROUGE scores than those generated by
the T5 transformer model.

Baseline Model

We chose the fine-tuned BART model on call
transcripts from a recent research study as a comparative
baseline (Ahmed et al., 2024). The study employs the pre-
trained BART-large-xsum maodel, originally trained on
the XSum dataset, as a baseline for abstractive
summarization. The model is fine-tuned on domain-

specific call center transcripts, using GPT-3—generated
summaries as reference targets. The fine-tuned BART
model outperforms other variants in ROUGE metrics,
demonstrating improved adaptation to conversational and
ASR-transcribed data. For nomenclature, we refer to this
model as the Baseline model. Table 2 contains the
ROUGE scores of the baseline model. Call transcripts and
lecture transcripts share similarities in scattered topics
across utterances and noise; however, lecture transcripts
prove to be heavy with technical terms, domain
specifications, explanations, debates, discussions, and
tutor instructions.

Transfer Learning

The BART model was also used for transfer
learning. BART was initially trained on the SAMSum
dataset. The Transfer Learning approach was applied
by initializing our model with the pre-trained BART
weights. The model was fine-tuned on the interactive
transcript dataset for the abstractive summarization
task. For nomenclature, we use model names such as
"BART model trained on human-assisted summary"
and "BART model trained on Text-Rank integrated
summary". Table 3 shows the ROUGE scores obtained
by our trained models.

Hyperparameter tuning is the process of optimising
the settings that control how a machine learning model
learns, such as the learning rate, batch size, number of
layers, and dropout rate. The purpose is to identify a
combination that maximizes model performance on
validation data. The optimal configuration (learning
rate = le-5, batch size = 2, epochs = 3) yielded the best
performance  with  human-assisted summaries,
achieving improvements in ROUGE scores (ROUGE-
1: 4419, ROUGE-2: 15.09, ROUGE-L: 25.4)
compared to the baseline. While using Text-Rank
integrated summaries, the configuration (learning rate
= 5e-5, batch size = 1, epochs = 3) achieved ROUGE
scores (ROUGE-1: 33.32, ROUGE-2: 7.94, ROUGE-
L: 17.86). These results indicate that careful tuning
significantly enhances model performance.

Table 2: Rouge scores of the preliminary experimentation and baseline BART model fine-tuned on call transcripts

Dataset Models Rougel Rouge?2 RougeL
Proposed Human-assisted summaries T5 model 18.12 4.23 15.21
BART 2231 11.41 15.3

. . BART pretrained (Baseline) 245 5.7 16.6

Call Transcripts (Baseline) BART fine-tuned (Baseline) 37.8 16.8 31

Table 3: ROUGE scores and performance of the BART model on human-assisted and Text-Rank integrated summaries

Parameter Model Rougel Rouge?2 RougeL RougelLSum
Number of beams = 4, Length BART trained on Human-assisted

Penalty = 2.0, summary 20.56 4.53 13.52 13.54
Max Length = 1024, . ) .

Min Length = 50, BART trained on Text-Rank integrated 195 335 12.16 12.23

Early Stopping = True summary
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Table 4: Results of ROUGE scores on fine-tuning the BART model on the two types of reference summaries

Reference summary Process Rougel Rouge2 RougeL Rougelsum Loss
Transfer Learning (Stage 1) ~ 41.55 1327  24.03 24.1 Va"‘ia;'gg loss
Human-assisted summaries Valiaati.on loss
Transfer Learning (Stage 2) 43.35 13.68 24.71 24.72 -313
Transfer Learning (Stage 1)~ 33.96 8.2 18.13 18.11 Va"‘ia;";g loss
TextRank integrated Train loss =
summaries . 1.225
Transfer Learning (Stage 2) 34.58 6.91 17.74 17.66 validation loss
=2.86

Table 5: Generated transcript summary outputs by the baseline BART model per training with a human-assisted reference summary

Summarization
approaches

Generated transcript summary

Reference Summary
(Human-assisted)

Baseline
Model(human-
assisted summary)
1st Hyperparameter
Tuning

Transfer  Learning
(Stage 1)

Transfer  Learning
(Stage2 - full)

In the transcript, the professor elaborates on the concept of energy bands in the context of periodic potential.
He explains how these bands arise from the electron wave functions and discusses the implications of standing
and traveling waves in relation to electron behavior in solids. The professor emphasizes that at certain
potentials, the wave functions may not exist, leading to regions where reflections occur. He introduces the
idea of constructing standing waves from traveling waves, noting the relationship between potential energy
changes and the electron density distribution. The discussion transitions to the mathematical representation
of periodic potential, with the professor explaining how it can be expressed using Fourier series. He describes
the significance of coefficients in this expansion and their role in modifying energy calculations. Overall, the
transcript covers the foundational concepts necessary to understand the connection between periodic
potentials, energy bands, and electron behavior in solid-state physics, while also indicating the upcoming
mathematical approaches to be explored.

There is a band gap in the electrons. The reason could be due to the effect of the “patriotic potential”. The
band is influenced by the fact that electrons are in a weak periodic potential and can't be bound to the potential.

In the transcript, the professor elaborates on the concept of electron wave functions and their properties,
focusing on the effects of the periodic potential on electron wave functions. The discussion begins with a
review of nearly free electron models, which assume that electrons are not bound to potentials but are
influenced by the effect of the wave function at certain points. The professor explains that when an electron
is in a weak periodic potential, it cannot escape from the wave field, leading to the formation of a band gap.
The importance of this band gap in determining electron beam propagation is emphasized, with the professor
noting that it could indicate the presence of an electron wave field that propagates with respect to a single
wave vector.

In the transcript, the professor discusses various types of electron models, focusing on nearly free and nearly
free electron models. The discussion begins with a review of the nearly free model, which assumes that
electrons are completely free from the periodic potential and cannot be bound to potentials. The professor
explains that the electron is influenced by the effect of periodic potentials, which restrict access to certain
regions of the electron's wave vector, leading to the formation of band gaps. The conversation then shifts to
the nearly electron-induced band gap, which arises when electrons are bound to a certain region of the wave
vector and cannot freely move within it. The importance of this restriction is highlighted, as it limits the
ability of electrons to propagate freely.

In the transcript, the professor discusses the significance of periodic potentials in quantum mechanics,
specifically focusing on electron wave functions and the relationships between wave functions. He introduces
the nearly free electron model and the concept of a band, explaining that the presence of gaps in the wave
function indicates that electrons cannot be bound to potentials and must be derived from partially filled bands.
The professor emphasizes the importance of considering the behavior of electrons within these gaps,
particularly when considering cases where the electron wave function cannot be expressed as a function of
position, which could lead to false positives. The discussion then shifts to the effects of translational symmetry
and the relationship between position and wave function probabilities, which are related to the number of
electrons per unit cell.

In the next step, a two-stage transfer learning strategy acquired during large-scale pretraining while mitigating
is applied. Stage 1 of transfer learning involves freezing the risk of overfitting on limited data. Subsequently, in
the majority of the pre-trained model's parameters and Stage 2 of transfer learning, staged unfreezing is
fine-tuning only the final layers on the transcript-specific performed. In this phase, all layers are gradually trained,
dataset. This approach improves the linguistic knowledge and the entire model is fine-tuned. This enabled the model
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to adapt to domain-specific features, leading to improved
performance and consistency in summary generation. The
results of the fine-tuned model, Stage 1 and Stage 2, are
displayed in Table 4. The fine-tuning parameters are a

learning rate of 5e-5, a batch size of 2, and 3 epochs of
training.

The generated summaries from different approaches
are displayed in Tables 5 and 6.

Table 6: Generated transcript summary outputs by baseline BART model per training with TextRank-integrated reference summary.

Summarization
approaches

Generated transcript summary

Reference Summary
(TextRank
integrated )

Baseline model
(TextRank
integrated)
Hyperparameter
Tuning 1

Transfer Learning
(Stagel)

Transfer Learning
(Stage2)

The lecture stresses that jurisprudence must be studied as a philosophical and conceptual discipline, not
merely by memorizing legal rules. It contrasts natural law, which asks how law ought to be, with
positive/analytical law, which studies law as it is. Thinkers like Bentham, Austin, Fuller, Plato, and Aristotle
illustrate different views on law, morality, the state, and human rights. Central ideas of ontology (the nature
of reality) and epistemology (how reality is known) are introduced, showing how perspectives shape legal
understandingd€- Plato treating reality as beyond appearances versus Aristotle grounding it in sensory
experience. Jurisprudence is best learned through active discussion and reasoning, since it connects law with
philosophy, sociology, psychology, and politics. The lecture also explains how law regulates behavior
through rights and duties, the limits of enforcement, and debates about the authority of the state. Overall, it
highlights jurisprudence as essential for sharpening legal thinking, understanding reforms, and linking law to
morality and society.

Good morning, everyone. Alina will tell you what happened in the last class and where they discussed it. The
class started with a discussion about the social contract and ended with a small discussion about marriage and
homosexuality. They also talked about the role of the state in modern society.

The lecture provided detailed instructions for the upcoming legal research methodology exam and related
assignments, highlighting the need for clarity, precision, and analytical depth within strict word limits. The
exam will consist of three compulsory questions: The first will focus on analyzing a news item by identifying
rights, relevant laws, loopholes, data sources, and counterarguments; the second will involve a literature
review of a given article by summarizing the authora€™s arguments; and the third will be on constitutional
law, where students will examine the text of the law of unintended consequences, distinguishing between
natural law, which focuses on how laws ought to be, and legal fiction, which examines how laws actually are.
The instructor emphasized the importance of clarity and precision.

The discussion focuses on the concept of the social contract and the social contract in law, focusing on how
it affects individuals, institutions, and society as a whole. The social contract is a contract between a person
and the state, and it relates to rights and responsibilities in society. It includes the right to life in the body, the
right not to be killed, and the duty not to take life, among other rights and duties. The discussion also addresses
the role of the state in social contract enforcement, highlighting how it can be used to coerce people into
compliance with laws and social norms. Students are encouraged to present their research papers, objectives,
methods, and counterarguments.

The discussion explores the concept of legal rights, their enforcement, and their relationship with the state. It
highlights how the right to life of a human being is limited by law and how this affects individualsa€™ rights
and liberties, including the ability to exercise them in private, as well as in public spheres like employment,
housing, education, and health, where the state has the power to enforce rights and duties under the law but
cannot legally control individuals or groups. It also highlights the importance of the social contract itself and
how it affects individuals and groups, particularly in cases of discrimination against LGBT people. The
discussion highlights how social contract enforcement is influenced by historical, cultural, and legal contexts.

Discussion
The ROUGE

scores

performance by leveraging knowledge from a
pretrained model. The proposed BART fine-tuned

reasonable model on human-assisted summaries increased

showed a

improvement relative to baseline models, highlighting
the effectiveness of hyperparameter tuning and the
transfer learning approach. The baseline scores have
been provided in Table 2. During hyperparameter
tuning, the BART model trained on human-assisted
summaries yields a 20% increase in ROUGE-1 and a
9% gain in ROUGE-2 and ROUGE-L, compared to the
baseline pretrained BART. Compared to the baseline
fine-tuned BART model, the hyperparameter-tuned
model achieves a 6% increase in ROUGE-1. The
proposed transfer learning approach improved model

ROUGE-1, ROUGE-2, and ROUGE-L scores by 19%,
8%, and 8%, respectively, compared to the baseline
pretrained model. ROUGE-1 shows a 6% increase over
the baseline fine-tuned model.

The hyperparameter-tuned model on TextRank-
integrated summaries achieves 9% gains in ROUGE-1
and 2% in ROUGE-2 over the baseline pretrained
BART. The proposed fine-tuned model with TextRank-
integrated summaries increased ROUGE-1, ROUGE-2,
and ROUGE-L scores by 9, 2 and 2%, respectively,
compared to the baseline pretrained BART.
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Future work may explore additional fine-tuning
strategies to further enhance the quality of the generated
summaries. While this study's results demonstrate
improvements in the quality of transcript summaries using
the transfer learning approach, several avenues for future
research remain. One promising direction is the
exploration of alternative pre-trained models, such as
PEGASUS or GPT-based architectures, which may offer
improved performance in diverse summarization tasks.
Additionally, to address the challenge of manual
annotation, future work could investigate the
development of semi-automated annotation tools,
enabling faster and more efficient creation of high-quality
datasets. Another potential area for improvement is
detecting repetitive and non-beneficial utterances in
transcripts to condense the length of domain-specific
transcripts.

The transfer learning approach significantly reduces
computational cost compared to training models from
scratch. Extensive training on massive hardware setups is
replaced by a pretrained BART model. The key requirement
evolves into fine-tuning the model on task-specific datasets.
This significantly lowers training time, memory
requirements, and energy consumption. Though the
inference cost may increase given the model’s autoregressive
nature of generation, overall, transfer learning offers a
practical trade-off by minimizing development cost while
maintaining strong summarization quality (Cleeman et al.,
2023; Iman et al., 2023).

The lecture transcript data used in this study are
complex due to their domain richness, length, and
unstructuredness. Attaining gold summaries for such long
transcripts is both time-consuming and challenging. The
use of tools like ChatGPT provides the necessary
momentum to the summarization pipeline. However, the
ChatGPT-generated summaries may exhibit a certain
degree of generalisation bias and implicit user bias in
language generation. While such bias is often considered
acceptable in assistive or exploratory settings, it is
important to acknowledge and mitigate these biases
through evaluation metrics, human oversight, and
transparency in system design (Hake et al., 2024; Smith,
2024; Chen et al., 2025).

Conclusion

This study set out to summarize a long transcript dataset.
In this study, we demonstrated an abstractive approach to
summarize a lengthy transcript dataset. ChatGPT is
integrated into our methodology for generating reference
summaries. We automate the manual transcript reduction
process using TextRank. Both reference summaries are
utilized for preliminary experimentation and a transfer
learning approach. Among state-of-the-art models, BART
produces higher-quality video transcript summaries. To

improve summary results with reduced computational time,
a transfer learning approach is applied to a small, lengthy
transcript dataset. BART is initially pre-trained on the
SAMSum dataset and subsequently fine-tuned on a long
transcript dataset. The results show that staged unfreezing
significantly improves summary quality, with decent
improvement in ROUGE scores compared to baseline
models. A modest improvement in ROUGE scores is
observed compared to the baseline BART model; the results
indicate potential for further enhancement through additional
fine-tuning or model optimization. To further improve
summary quality, human evaluations can be incorporated in
future work. Although the proposed approach performed
well, the experiments were restricted to a small dataset. Thus,
further validation on larger and multilingual datasets is
required. Future research could investigate real-world
applications in low-resource settings. Finally, investigating
the feasibility of real-time summarization for streaming data
could further enhance the model’s utility in dynamic
environments.
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