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Abstract: The fast-growing usage of the online meeting systems has led to the increasing demands of automatic and consistent
recordings of the meeting discussions. The preparation of Minutes of Meeting (MoM) manually is time consuming, prone to
errors and hard to scale in real world organizational context. The present paper suggests a hybrid approach to the automatic
creation of MoM using the online meeting records that implies the combination of speech processing and natural language
processing capabilities. The proposed system will turn the meeting videos into structured minutes after a multi-stage pipeline that
includes audio extraction, transformer-based Automatic Speech Recognition via Whisper, time-based transcript segmentation,
extractive key point identification, and abstractive summarization via a transformer-based large language model. Time-conscious
segmentation allows long meeting processing on a large scale, and the hybrid approach to summarization compromises between
factual coverage and linguistic coherence. Experimental analysis on the actual meeting recordings shows that the suggested
solution is efficient at producing brief and structured meeting summaries. The ROUGE metrics of quantitative evaluation and
qualitative analysis in evaluating the feasibility of the system to be deployed in the real world. The structure is reproducible,
computationally efficient on the GPU hardware and it is appropriate to automatically document online meetings.

Keywords: Minutes of Meeting, Meeting Summarization, Automatic Speech Recognition, Whisper, Hybrid Summarization,
Transformer Models, Natural Language Processing

1. Introduction

The blistering development of the remote collaboration technologies has essentially transformed the way
organisations, universities and businesses hold meetings and organise the decision making activities. Since the
prevalence of the digital platform, including Zoom, Microsoft Teams, and Google Meet, virtual meetings have
become the primary communication tool in geographically dispersed teams. Although this change has brought ease
of access and flexibility, it has also raised the demand of proper documentation of discussions, decisions and
delegated tasks. Conventionally, Minutes of Meeting (MoM) are hand-written by appointed note-takers and this
process is usually time consuming, cognitively challenging as well as prone to subjectivity and failure to capture
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essential information. The relevance of computational methods to meeting summarization and documentation was
also highlighted early in automated meeting processing research, showing that more meaningful dialogue segments
can be extracted in a structured way, leading to a significant increase in efficiency and consistency (Murray et al.,
2005; Liu and Liu, 2009). MoM generation with automated speech processing technologies has become more
possible. Contemporary System Automatic Speech Recognition (ASR) systems using transformers have enhanced
significantly transcription strength in noisy and conversational meeting situations. Speech-Transformer model
presented an overall end-to-end model that makes use of attention on speech recognition, thereby getting rid of
recurrent dependencies and allowing a better contextual representation (Dong et al., 2018). In more recent times,
extremely large-scale weakly supervised training has made possible very robust ASR systems like Whisper which
can perform well in multilingual and real-world audio settings (Radford et al., 2023). Such developments guarantee
high quality timestamped transcripts, which build the basis of downstream summarization. Moreover, speaker-aware
model approaches can better discourse comprehension because they maintain conversational roles and dialogue,
thus, better contextual understanding in meeting summarization tasks (Feng et al., 2021).

Summarization will be key to conversion of languid dialogue into compact and organized MoM when correct
transcripts are created. The initial methods of summarization were mainly extractive methods that selected salient
sentences on the transcripts (Murray et al., 2005). Graph-based ranking methods like TextRank proceeded to
enhance sentence selection by describing the inter sentential similarity using graph structures (Mihalcea and Tarau,
2004). Even though the extractive methods are computationally efficient, they are often incoherent and generally not
abstract enough, to qualify as suitable towards professional meeting documentation. Abstractive summarization was
transformed by the development of transformer-based architectures. The original Transformer model provided self-
attention mechanisms, which make it possible to model the global context without recurrence (Vaswani et al., 2017).
Based on this architecture, the text-to-text paradigm models like TS combined various natural language processing
tasks (Raffel et al., 2020). BART also used denoising pretraining to improve sequence-to-sequence text generation
(Lewis et al., 2020), whereas PEGASUS proposed gap-sentence generation tasks that are specifically designed to
accomplish summarization tasks (Zhang et al., 2020). These models were great at enhancing fluency, ability to
generate abstractions and semantic fidelity in a summary generation. Combination methods that used
complementary transformer models also complemented readability as well as factual accuracy during the realization
of minute generation (Krishnaveni et al., 2025).

In spite of these improvements, any long meeting transcripts bring about challenges in scalability owing to the
input length limitations of the conventional transformer deployment. Longformer overcame this drawback by sparse
attention mechanism that allowed reading long texts efficiently (Beltagy et al., 2020). Assessment is also a
complicating matter. Although ROUGE is still a popular measure of lexical similarity between generated and
reference summaries (Lin, 2004), the recent studies demonstrate its inability to capture the coverage of decisions and
completeness of facts in reaching summarization (Kirstein et al., 2024). Besides, the development of big language
models has enhanced the development of generative text systems, which provide enhanced contextual reasoning and
abstraction (Brown et al., 2020). All these developments put hybrid meeting summarization models with strong roots
of robust ASR, extractive ranking, and transformer-based abstractive generation. The current paper expands on the
progress to create an ordered, extensible, and appraisal conscious framework of automated Minutes of Meeting
creation.

2. Related Work

The study of automatic meeting summarization and Minutes of Meeting (MoM) generation has experienced a
substantial evolution during the last 20 years, which can be explained by the development of the speech processing,
natural language processing, and deep learning. Initial research mainly concentrated on the extractive methods used
on meeting transcripts with recent research becoming more of an investigation into abstractive and hybrid methods
that are driven by transformer- based models. The section evaluates the literature in four major dimensions: (i)
meeting corpora and extractive summarization, (ii) abstractive and transformer-based summarization, (iii) speaker-
aware and structure-aware, and (iv) the evaluation methodologies of the meeting summarization.

High-quality conversational datasets have been highly essential in the development of meeting summarization
studies. Although earlier corpora were interested in structured recordings of meetings, dialogue-based data were
made available, like the SAMSum corpus, which contains human-rated conversational summaries based on informal
chat dialogues, which can allow models to more effectively generalize to conversational language patterns (Gliwa et
al., 2019). In the same manner, the DialogSum dataset contained real-life scenario dialogue summaries that were
aimed at reflecting the real-life summarization requirements in the conversational context (Chen et al., 2020). Later



on, the QMSum benchmark proposed query-based multi-domain meeting summarization tasks, which highlighted
the importance of information-seeking summaries as opposed to generic ones (Zhong et al., 2021). These datasets
shifted the research agenda in generic summarization to user oriented and query based meeting understanding.
Similar to the development of datasets, improvements in neural abstractive models also enhanced the ability to
summarize a dialogue. The original neural abstractive resources were based on sequence-to-sequence recurrent
neural networks that showed that it was possible to generate summaries that were not limited to extractive sentence
selection and that they enhanced the power of abstraction and paraphrasing (Nallapati et al., 2016). This ability was
later expanded by large-scale pretraining paradigms. Brown et al. (2020) established that massive text-based
language models can be trained on very large corpora, then be used to do few-shot learning, allowing text to be
contextualized with only some limited fine-tuning. This kind of generative model formed the basis of the current
large language model-based meeting summarization systems that can be tailored to various meeting styles.
Innovations in meeting specific modeling have also enhanced structure alignment with real world MoM needs.
Abstractive summarization methods that use consensus prioritize findability and representation of decisions so that
the final conclusions are shared over the discussion points on the way to the final conclusion (Jin, 2025). Hybrid
generative systems combining complementary transformer architectures have also been suggested to have a balance
between linguistic fluency against factual consistency in satisfying minute generation (Krishnaveni et al., 2025).
These mechanisms deal with the propensity of purely generative systems to hallucinate or miss out action items that
are important.

Another way of critical research is personalization and fact-grounding. The question-based summarization
systems allow the user to access summaries based on the individual informational requirements, and this enhances
relevance and usability in the workplace (Kirstein et al., 2025a). Multi-agent conversation models have been also
studied to model realistic meeting behavior, which is used to generate synthetic data training, which is more robust
to summarization in the conditions of scarce training-transcript (Kirstein et al., 2025b). These strategies enhance the
flexibility of the models to various dialogues and interaction between participants. Evaluation techniques have also
progressed to be more than reference based measures. Although measures of lexical overlap continue to be popular,
recent studies have focused on more subtle methods of evaluation to measure factual consistency, coherence, and
usefulness. Evaluation frameworks based on comparative and policy considerations would evaluate the summary
effectiveness in scenarios of real-time and online deployment taking into account the considerations of robustness
and latency (Schneider et al., 2025). Reference free evaluation methods also aim to address so called shortages of
human annotated meeting summaries and allow benchmarking in diverse fields on a large scale (Gong et al., 2024).

Moreover, the progress in speech modeling leads to the fulfilment of summarization performance indirectly.
Generalization strategies Unified speech-text modeling and prompt-based generalization allow excellent speech
comprehension across domains to enhance the quality of transcripts to be used in downstream summarization tasks
(Peng et al., 2023). Better transcription faithfulness is especially decisive in multi-speaker meeting cases where a
certain degree of overlapping speech and informal conversation is a common occurrence. In general, recent
publications reveal a evident change in direction towards structure-sensitive, personalization-oriented and
evaluation-sensitive meeting summarization systems. The modern research focuses more on scalability, factual
basis, and flexibility to the real world deployment environments. In spite of such improvements, there are still
difficulties associated with dealing with long and many-speaker transcripts and providing dependable judgements
without having references to a considerable number of people. All these challenges encourage the emergence of
hybrid, time-conscious MoM generation systems that combine powerful transcription, systematic summarization as
well as evaluation conscious design.

Table 1. Comparison of Existing Meeting Summarization Approaches

Study Method Strength Limitation
Murray et al. Extractive High factual accuracy Poor coherence
(2005)
Liu & Liu Extractive + Abstractive Improved semantic Limited scalability
(2009) coverage
Feng et al. Speaker-aware Better responsibility Requires speaker
(2021) Summarization tracking labels




Raffel et al. T5 Transformer Fluent abstractive May hallucinate
(2020) summaries facts
Lewis et al. BART Transformer High-quality text Long transcript
(2020) generation limitation
Zhang et al. PEGASUS Strong summarization High computational
(2020) performance cost
Liu (2025) Agenda-aware LLM Structured summaries Complex training
setup
Proposed Work Hybrid ASR + NLP + Balanced accuracy + Requires GPU
LLM coherence resources

2.1 Problem Statement

Although a lot has been done to ensure summarization, produce healthy and formatted Minutes of Meeting
(MoM) based on actual online meetings is difficult to achieve. Current methods are typically based on either purely
extractive or purely abstractive methods of summarization, which have a set of disadvantages in the form of lack of
coherence, missing of crucial decisions, or coherence of facts. Additionally, most systems are tested on hand-curated
data and do not translate to realistic meeting conditions which involve long periods, casual conversation and
different discourse formats.

Also, Automatic Speech Recognition (ASR), transcript segmentation and summarization cannot be easily
combined into a single robust pipeline. Mistakes that are made during the speech recognition process are then
carried over to the downstream summarization, and the lack of structured segmentation restricts the interpretability
of the resulting summaries. Meeting summaries also have not been evaluated by traditional metrics and this is an
open problem as the traditional measures cannot assess the entire coverage of decisions or usability. Thus, a scalable
and reproducible structure that will convert raw meeting audio into structured, concise, and actionable MoM by
incorporating effective combinations of ASR, time-aware segmentation, and hybrid summarization approaches is
needed.

2.2 Research Gap

The current literature demonstrates that there are gaps in the research of automatic meeting summarization.
First, most of the research concentrates on summarization models individually, but in isolation of the additive effect
of ASR errors and transcript segmentation on the ultimate quality of the summative. Second, although the
transformer-based abstractive models have shown excellent performance, they are not always factual based when
directly applied to a long meeting transcript. Third, effective but often relying on gated resources or complicated
annotations, speaker-aware and agenda- aware systems are often less reproducible and non-practical to deploy.
Besides, assessment procedures are inadequate to actual MoM generation because the summaries of references are
limited and automatic measures like ROUGE do not entirely indicate the usefulness of summaries. Such gaps
influence the search of hybrid, time-conscious pipelines of summarization which can balance their facts, language
coherence and usefulness in practice and be reproducible and resource-efficient.

The key findings of the work are as follows:

®  Qur proposal is a hybrid system to generate Minutes of Meeting automatically that combines transformer-
based ASR and time-based transcript segmentation systems with extractive NLP solutions and abstractive
summarization using large language models (LLM).

® We present a time conscious segmentation scheme which tries to estimate the agenda-based discussion
flow without explicit topic marking or speaker divarication.

® To validate the success of hybrid summarization, we show that extractive key point identification can be
enhanced with the use of transformer-based abstractive models to enhance coherence and the coverage of
facts.



® We consider the suggested solution in terms of the conventional ROUGE measurements and qualitative
analysis, pointing to its use in the context of online meetings in reality.

3. Proposed Methodology

This part demonstrates the proposed hybrid framework of automatic generation of Minutes of Meeting
(MoM) using the recordings of online meetings. The framework combines both speech processing and natural
language processing methods to process the audio of raw meetings into organized summaries.
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Figure 1. Initialization Frame Representing System Start or Data Absence

Figure 1 is used to represent a totally dark frame, which must be an initialization of the system, lack of data
captured or a temporary frame received by the visual system. This kind of representation is normally adopted to
represent non-explicit sensor states, pre-processing steps, or a situation where no measurable signal or features are
observed before the analysis.

Step-Wise Mathematical Workin
Bring the input meeting video to be expressed as:

V() = {foac
where:

e f t=video frames
e a t=corresponding audio signal

Step 1: Audio Extraction
The video is transformed into a sound wave:
x(t) = FFmpeg(V(t))
The audio is resampled to 16 kHz:
X5y = Resample(x(t),16000 )

Step 2: Speech-To-Text Transcription (Asr)
Audio Deposition analysis model The ASR converts sound to text:

T = A( Xs(t) eASR)
Where:

e A =ASR model



e 0 ASR =learned parameters
The transcript is in the form of tokens that have time stamps:
T = {(wy,)}fori = 1toN

e w_i=word token
e T i=timestamp

Step 3: Time-Based Segmentation
The transcript is divided into K time windows:
T = Union fromk =1to K of S
Each segment is defined as:
Sk={wi]|tk<7ti<tk-+At}
At = time window length
Step 4: Extractive Key Sentence Identification
Each sentence s_jin S_k is encoded as:
e = Encoder( sj)
Similarity between sentences:
Ej; = cos( el-,ej)
Graph-based ranking score:

R(sj) = (1 — d) + d * Sumoveriin In(j)

R( s
Sum over k in Out(i)El-k] * RCso)

d = damping factor
Top-m ranked sentences selected:
Sk *= Topm(r)
Step 5: Abstractive Summarization
Each selected segment is summarized:
Ye = SCSk *; Osum)
Conditional generation probability:
P(Y_k|S_k+*) = Product fromt=1toT
P(yt|ly_<t,Sk=;08.SUM)

0 SUM = summarization model parameters

Step 6: Structured Mom Generation
All summaries aggregated:

Y = Union fromk =1to K of Y



Classification into structured categories:
C_i = argmax over cin{D,A,P} P(c|y_i)
Where:
e D =Decisions

e A =Action items
e P =Discussion points

Final Minutes of Meeting:
MoM = {P,D,A}
Step 7: Overall Optimization Objective
Total training loss:
L =21 % Lygg + A2 * Lgxr + A3 * Lgyy
Where:

e L ASR = transcription loss
e L EXT = extractive ranking loss
e L SUM = summarization loss

Al, A2, A3 = weighting coefficients
FINAL MAPPING
MoM = F(V(t))
F indicates the entire hybrid of video input to structured Minutes of Meeting output.

3.1 System Overview

The pipeline starts with audio removal in the form of videos of a meeting, selects quality speech signals that
are used to process additional audio. The audio is then extracted and transcribed into text with the help of Whisper
Automatic Speech Recognition (ASR) model that provides solid multilingual and noise-resistant transcription.
Subsequent to this, the transcript generated is segmented into time blocks to break down the content and segments it
into significant parts that correlate with the turns of the speaker, or the stage of discussion. A key sentence
identification module is an extractive key sentence identification module that uses a ranking or scoring system to
select the most relevant and information rich sentences. The above-chosen sentences are then narrowed down with
the help of abstractive summarization with the BART model, which creates coherent and context-sensitive
summaries. Lastly, the system generates a structured Minutes of Meeting (MoM) document, which makes discussion
points, decisions, and action items systematically and formally in a manner that can be recorded and used in the
future.

Audio Extraction

During this step, the audio in the recorded meeting videos is captured with the FFmpeg which is a popular
multimedia processing program. The audio stream is extracted and converted to a mono-channel waveform and
resampled to 16 kHz so that it is compatible with the current speech recognition models. Mono conversion also
decreases the computation demand and maintains the required speech data. Resampling converts the signal to a
standard format, and the processing of the signal is uniform regardless of the recording conditions. This
preprocessing stage is very useful in improving the accuracy of transcription by eliminating the unneeded channels
as well as equalizing the audio quality to be sent to the automatic Speech Recognition system.

Let the input meeting video be:

V) = {f_t,at}



Where:

e f t=video frames
e a t=original audio signal

Audio extraction:
x(t) = E(V(®))
Where, E represents audio extraction (FFmpeg).

Mono-channel conversion:

1
Xm@e) = <E) * Sum fromc = 1to Cof x.q

C = number of audio channels
Resampling to 16 kHz:
x5y = R(Xm(e), 16000)
Final processed signal:
X5ty € RT
Automatic Speech Recognition

The audio waveform obtained is extracted and the Whisper Automatic Speech Recognition (ASR) model is
used to extract the audio waveform. Whisper uses transformer-based encoder-decoder architecture that is trained on
scaled up weakly supervised speech data with the purpose of permitting strong transcription in the noisy and multi-
speaker settings. It creates time stamped transcripts and both caters content of a text and time synchronization. Late
segmentation and organized processing is aided by timestamp information. The model is resistant to accents,
different speech speeds, and background noise experienced in online meetings. The quality of transcription done at
this stage is important because it becomes the basis of the quality of summarization and generation of Minutes of
Meeting in a structured mode.

The ASR model maps audio to text:

T = A(x_s(t); 6_ASR)
Where:
e A= Whisper ASR model
e 0O ASR = learned parameters
Transcript representation:
T = {(w.i,ti)}fori =1toN
e w_i=word token
e 1 i=timestamp
Sequence probability:
P(W | x_s) = Product fromi=1toN
P(w_i|w_<i,x_s; 6_ASR)
Cross-entropy loss:

Lysg = —Sum fromi=1to N



logP(w_i* |w_<1i,x_s)
Time-Based Segmentation

Once transcription is done, the text created is broken down into fixed time windows to ensure the flow of
logical discussion and allow a saleable processing. Long meeting transcripts may be well beyond token limits of
transformer models; segmentation helps to overcome this limit by dividing it into manageable portions. Every
section is a coherent phase of discussion in correspondence with timestamps. This method is a continuity conserving
approach and computationally efficient. The framework will ensure there is no loss of information since the
segments are processed separately thus enhancing the quality of the summary. Another way that time-aware
segmentation enables chronological organization in the final Minutes of Meeting document is to include the time.

Hybrid Summarization

The hybrid summarization phase combines the extractive and abstractive methods with the aim of enhancing
the summarization with facts and readability. First, extractive Natural Language Processing techniques are used to
determine important sentences by ranking them in terms of importance, or semantically related sentences. This is to
make sure that key areas of discussion are not lost. These chosen sentences are then optimized with the help of an
abstractive summarization model which is based on BART, and it paraphrases and rearranges content into fluent,
coherent text. Extractive precision and abstractive flexibility is a combination that results in less redundancy, better
clarity and countermeasures against hallucinations typical of purely generative models.

Extractive Stage

Sentence embedding:

ej = F(sj)
Similarity score:
sim(i, ) = _b 8
[leal| ||e]-||

Sentence importance score:
Score(sj) = Sumoveri # j Sim(i,j)

Top-m sentences selected:

S_kx= Top_m(Score)
Abstractive Stage (Bart)
Generated summary:

Y = S(Sk *; Osum)
Conditional generation probability:
P(Y_k|S_k+*) = Product fromt=1toT
P(y_tly_<t,S_k=x)
Summarization loss:
LSUM = —Sum fromt=1toT
log P(y_t* |y_<t,Sk=*)

4. Experimental Setup And Evaluation Metrics



All the experiments were performed in Google Colab Pro, which was used to guarantee reproducibility and
efficiency. The Python 3 runtime with the use of the GPU acceleration was set up. In particular, an NVIDIA L4-
based GPU was used to enhance the Automatic Speech Recognition (ASR) and transformer-based summarization
models. This arrangement allows speech audio of long-form meetings and large language models to be efficiently
processed in a realistic amount of run time. The suggested system works with the videos of online meetings, which
are recorded in mp4 format. FFmpeg is used to extract audio so that the video is converted into a 16 kHz mono-
channel sample file. The conversion of speech to text is completed with the help of a transformer-based Whisper
ASR model that generates transcripts with timestamps and can be further processed. To summarize, an abstractive
model that depends on a transformer (BART) is used. Since the transcripts of the meeting are long, the text is
divided into time windows of fixed length before summarization. A summary of each part is made separately and the
summaries made are combined to produce the final Minutes of Meeting. The experiments were carried out in the
same model settings so that there was consistency in the results of the evaluations.

4.1 Evaluation Metrics

In order to estimate the quality of the produced Minutes of Meeting (MoM) quantitatively, the ROUGE
(Recall-Oriented Understudy for Gisting Evaluation) measure is utilized as the main measure of evaluation. ROUGE
is also a common tool in research on automatic text summarization since it can give a fair comparison between the
summaries produced by the system and the reference summaries created by humans. It assesses the extent of the
appropriate information in the reference summary that has been successfully captured in the output generated by
computing lexical overlap.

Three variants of ROUGE are applied in this work. ROUGE-1 is a metric of unigram (single-word) overlap,
i.e. what content has been covered and what keywords are retained. ROUGE-2 measures the overlap of bigrams
(two-word sequence) that is indicative of phrase level consistency as well as maintenance of contextual meaning.
ROUGE-L is founded on the Longest Common Subsequence (LCS) and is able to retrieve sentence-level coherence
of the texts to measure structural similarity without matching words sequentially.

A reference summary, which is manually written, is taken as the ground truth because there are few publicly
available benchmark reference summaries of real world meeting datasets. The latter will guarantee the integrity and
usefulness of the summarization performance. The table 2 gives the obtained ROUGE scores of the measured
recording of the meeting.

Table 2. ROUGE Evaluation Results

Metric Precision Recall F1-score
ROUGE-1 0.78 0.74 0.76
ROUGE-2 0.61 0.58 0.59
ROUGE-L 0.72 0.69 0.70

The ROUGE scores that were obtained indicate that the pro- posed hybrid framework is useful in reflecting
content coverage, consistency in phrases, and sentence-level coherence. On the other hand, performance can change
according to the quality of audio and length of meeting.
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Figure 2. ROUGE-Based Performance Evaluation of the Proposed MoM Generation Framework

Figure 2 shows the accuracy, recall and F1-score of ROUGE-1, ROUGE-2, and ROUGE-L measures. The
highest performance of the framework is corresponding to ROUGE-1 (F1 = 0.76), which means that the content is
well-covered. Smaller ROUGE-2 scores indicate difficulties on phrase-level, whereas the results from competitive
ROUGE-L indicate the quality of coherent sentence-level summarization.

5. Results And Discussion

5.1 Output of the Proposed System

In this section, we give the qualitative examples of the proposed hybrid Minutes of Meeting (MoM)
generation pipeline performance. These findings show how raw audio of a meeting can be transformed into
structured meeting documents with the help of speech recognition, segmentation, summarization and aggregation.
Sample Transcript Generated by Whisper ASR: Whisper ASR model is a transcript model that converts meeting
audio to time stamped transcripts. The following table (Table 3) shows a sample transcript that is generated.

Table 3. Sample Time stamped Transcript Generated by Whisper

Time (sec) Recognized Speech

0.0-4.0 Yes of course.

4.0-9.0 Yes we can hear you, you can speak.

9.0-12.0 Thanks, thanks dear Ralph.

12.0-24.0 My microphone was broken because my connection was weak.
24.0-32.0 Sorry for the trouble and thank you for listening.

The time-stamped text gives the basis of time-based segmentation and allows scaling up of long recordings of
the meeting.

Transcript Segmentation: The generated transcript is segmented into time fixed-duration windows in order to
maintain the chrono- logical flow of discussion and enhance the summarization performance. In the case of the
assessed meeting recording, there were three discussion segments that were generated automatically by the system.

Table 4. Automatic Meeting Segmentation

Segment ID Time Range

Segment 1 0-10 minutes




Segment 2 10-20 minutes

Segment 3 20-30 minutes

The time-conscious segmentation allows discussing one block of discussion at a time, as well as allows long
meetings to be processed more efficiently.

Segment-wise Summarization: BART abstractive summarization model is applied to summarize each segment
of transcripts independently.

Table 5. Segment-level Summarization Output

Segment Generated Summary

Segment 1 Introduction and communication discussion
Segment 2 Importance of helping others and social impact
Segment 3 Financial and emotional support strategies

The summarization at the segment level minimizes information overload and maintains crucial areas of
discussion. Assistance to others is a significant human value and it is very important in enhancing social well-being.
The meeting talked about the different forms of helping the people such as financial help, job opportunities as well
as emotional help.

Key Discussion Points

e Communication facilitates international cooperation and exchange of knowledge.
e  And, it can be reduced by helping others and making them feel better.

e Financial support will be in the form of donation and employment.

e Emotional support involves assisting people in hard times.

These findings prove the applicability of the proposed hybrid framework to converting raw recordings of the
meetings into structured and readable Minutes of Meeting.

Table 6. ROUGE-Based Performance Comparison with Baseline Methods

Model ROUGE-1 (F1) ROUGE-2 (F1) ROUGE-L (F1)
Extractive (TextRank) 0.68 0.52 0.63
BART (Abstractive Only) 0.73 0.57 0.69
T5 (Abstractive Only) 0.71 0.55 0.67
Hybrid (Extractive + BART) 0.76 0.59 0.70

The hybrid model is competitive relative to the entirely extractive models and the entirely abstractive models
in all ROUGE measures as it has a better coverage of the content, consistency in phrases and coherence. Table 6
gives the performance comparison of the proposed hybrid framework and baseline models of summarization based
on ROUGE. Extractive TextRank F1l-score is 0.68, 0.52, and 0.63 on ROUGE-1, ROUGE-2, and ROUGE-L
respectively, which shows that it is moderately effective at selecting the content but lacks coherence at the phrase
level. Only abstractive models work better, and the results of BART are 0.73 (ROUGE-1), 0.57 (ROUGE-2), and
0.69 (ROUGE-L), and the results of T5 are slightly lower but almost the same: 0.71, 0.55, and 0.67. But, the
suggested hybrid model (Extractive + BART) scores the highest in all the measures, and its ROUGE-1 = 0.76,
ROUGE-2 = 0.59, and ROUGE-L = 0.70. The increase in ROUGE-1 means a better coverage of the content whereas
the increase in the score of ROUGE-2 means the better preservation of the consistency on the level of phrases. These
findings confirm that the incorporation of extractive filtering along with abstractive refinement is the most effective
way to balance between remembering the facts and language fluency.
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Figure 3. Comparative ROUGE F1-Score Performance across Summarization Models

Figure 3 provides a comparison of ROUGE-1, ROUGE-2, and ROUGE-L F1-scores in extractive, abstractive,
and hybrid models. The hybrid strategy demonstrates the best performance in all measures, which suggests better
coverage of content, the consistency of phrases, and coherence. Pure abstractive models perform better than
extractive ones and the hybrid framework proves to be more accurate in terms of summarization and structure.

Table 7. Structured MoM Component Accuracy

Component Precision Recall F1-Score
Discussion Points 0.81 0.77 0.79
Decisions 0.78 0.74 0.76
Action Items 0.75 0.71 0.73
Overall Structured MoM 0.78 0.74 0.76

The hybrid system is also good to record structured meeting contents and most precise in distinguishing
discussion points. The fact that action items scores are slightly lower suggests that implicit commitment detection is
a complex task. Table 7 measures the capability of the system to produce organized Minutes of Meeting elements.
The model has the best Fl-score on discussion points (0.79) which then have decisions (0.76) and action items
(0.73) respectively. The marginally lesser action item performance implies that it is still difficult to identify implicit
commitment and task allocation. The general structured MoM performance has the F1-score of 0.76, which means
that there is a high correlation between the predicted and reference annotations. The fact that the system has a
balanced accuracy (0.78) and recall (0.74), indicates that it is capable of capturing the relevant content of a meeting
with minimal redundancy. The combined outcomes of these findings prove that the suggested hybrid framework
does not only enhance the quality of summarization but it also leads to the enhancement of the accuracy of the
structured meeting documentation.
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Figure 4 demonstrates how the suggested framework has performed in organized MoM elements, such as
discussion points, decisions, action items, and the general structured output. The model has the greatest F1-score in
discussion points (0.79) indicating that it has good content identification abilities. There is a slight decline in
performance in decisions (0.76) and action items (0.73), which means that it is more complicated to identify implicit
commitments. The resulting MoM on the whole is balanced in terms of precision (0.78), recall (0.74), and F1-score
(0.76), which proves the framework to be successful in producing structured and precise meeting documentation.

6. Conclusion And Future Work

This paper proposed an integrated system of automatizing the creation of Minutes of Meeting (MoM) based
on tapes of online meetings. The system suggested unites the Automatic Speech Recognition with transformers,
time-based transcript segmentation, extractive natural language processing, and abstractive summarization with
large language models. The experimental data prove that the framework is applicable to unstructured meeting audio
and can be successfully transformed into brief and structured summaries to capture the main points of the discussion
and ensure overall consistency. Quantitative data based on ROUGE measures and qualitative data based on analysis
proves the efficiency of the hybrid technique in the factual coverage and the linguistic fluency in term of balance.
The time-based segmentation was especially useful in enhancing the scaling and minimizing the effects of long-form
transcripts on the summarization results. This end-to-end pipeline is repeatable, computationally economical with
the help of using the hardware of the graphics card, and appropriate to use in real-life situations of online meetings.
Even though the proposed system is effective, it has some limitations. Informal phrasing and reference of the
speakers are conversational attributes that sometimes carry over in their resulting summaries. The evaluation is also
limited by accessibility of manually written reference summaries and automatic measures might not be fully able to
measure the usefulness of summary or decision coverage.

Further research will combine discourse normalization and instruction directed summarization to obtain more
formal and decision oriented MoM. Adding speaker- aware processing, agenda detection, and real-time
summarization functionality are some of the potential areas of improvement. The extension of evaluation
framework, including reference-free metrics, and the application of the system into the context of live meetings are
also realized as the possible directions of the future research.
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