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Abstract

Taking notes during meetings sounds easy, but in
reality, people often miss key points—especially
when multiple people are talking. = Managing
follow-ups in separate apps only adds to the hassle.
MinuteMaster was built to simplify this. It’s a web
app that brings transcription, speaker identification,
summarization, and scheduling into one place.
It uses Whisper for multilingual speech-to-text,
pyannote.audio to identify who's speaking, and
BART to turn long transcripts into clear, short
summaries. A built-in calendar helps users manage
meetings without switching apps. We tested it
on 30 recordings across English, Hindi, Telugu,
Tamil, and mixed languages. Transcription accuracy
ranged from 76% to 88%, and summaries performed
better than TextRank with a ROUGE-1 score of 0.48.
In a study with 42 users, it received an average rating
of 4.25/5. The system runs on Flask with MongoDB,
making it simple to deploy and scale.
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meeting automation, natural language processing, speaker
diarization.

1 Introduction

Almost every team has regular meetings, but the
details often slip through the cracks—what was
decided, who's responsible, and where the records
are stored. Manual note-taking doesn’t help much. It
pulls attention away from the discussion, misses key
points, and often ends up incomplete. In India, where
people switch between languages mid-conversation,
it becomes even more challenging. Existing tools
like Otter.ai or Teams Recap help to some extent, but
they fall short—especially with Indian languages—and
still require switching between apps for transcripts,
summaries, and scheduling. We built MinuteMaster
to address this issue. It’s a simple web app where
users can record or upload audio, get transcripts with
speaker labels, view clear summaries, and manage
meetings—all in one place. It supports multiple
languages and keeps everything organized. The rest of
the paper covers related work, system design, results,
comparisons, and future improvements.
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Minute Master - System Architecture
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Figure 1. Architecture of the system.

2 Related Work

Research on meeting analysis has been evolving
for years. Early work by Murray and Renals [1]
showed that it was possible to detect action items
using simple cues like word patterns and timing,
though these methods struggled with noisy or
varied meeting settings. Over time, more advanced
approaches improved summarization. = Models
like HMNet by Zhu et al. [2] looked at both
sentence meaning and overall context, including
speaker roles, and performed well on datasets
such as AMI and ICSI. Narayan et al. [3] used
reinforcement learning to rank and select the most
informative sentences for extractive summarization,
offering a more principled alternative to heuristic
sentence selection methods. Similarly, QMSum
by Zhong et al. [4] approached summarization as
a question-answering task, making outputs more
focused and useful. = MeetingBank [5] further
highlighted the importance of domain-specific data for
real-world performance. On the speech side, Radford

et al. [11] introduced Whisper, marking a significant
step forward in automatic speech recognition with
strong multilingual support and robustness to accents
and mixed-language conversations. For identifying
speakers, pyannote.audio by Bredin et al. [7] has
become a reliable tool. Shang et al. [8] proposed
an unsupervised abstractive meeting summarization
approach combining multi-sentence compression with
budgeted submodular maximization to select and
compress salient content, demonstrating competitive
performance without requiring labeled training data.

In terms of generating summaries, Liu et
al. [6] proposed topic-aware pointer-generator
networks for summarizing spoken conversations,
demonstrating that incorporating topic structure into
summarization models leads to more coherent and
contextually grounded outputs. Building on such
sequence-to-sequence advances, BART by Lewis et
al. [9] produces more natural and readable outputs
compared to older extractive methods, and has also
been shown by Cohen et al. [10] to improve the clarity
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of action items—both of which directly inform the
summarization design of MinuteMaster.

3 Methodology

MinuteMaster has three main parts, as shown in
Figure 1. The first is a browser-based frontend for users
to interact with. The second is a Flask-based Python
backend that runs all the Al processing. The third is a
MongoDB database for storing transcripts, summaries,
and meeting records. Each part is kept separate. This
makes it easy to update or replace one part without
affecting the others.

3.1 Frontend and User Interface

The frontend is built with HTML5, CSS3, and plain
JavaScript, keeping it simple and lightweight. It
mainly has two key screens. The Transcription screen
allows users to upload audio or record directly in
the browser using the MediaRecorder API. Once
processed, it displays the raw transcript, a cleaned
version, speaker-wise text, and a short summary,
along with an option to translate the summary.
The Scheduling screen provides a calendar view
where users can easily add, edit, or delete meetings.
Everything is connected through API calls, so updates
happen instantly without needing to reload the page.

3.2 Speech Recognition with Whisper

Before transcription, the audio is first cleaned using
FFmpeg and pydub. This helps balance volume,
remove long silences, and break long recordings
into smaller chunks. Each chunk is then sent to
Whisper [11] for transcription, which automatically
detects the language—so there’s no need for manual
selection. The system supports common formats like
WAV, MP3, M4A, and OGG, as well as live recordings
from the browser.

3.3 Speaker Diarization

Once the transcript is ready, pyannote.audio [7] is used
to figure out who is speaking and when. It breaks the
audio into segments where each segment has a single
speaker. These segments are then aligned with the
transcript, and each sentence is tagged with labels like
Speaker 1 or Speaker 2. This makes the conversation
much easier to follow. The speaker-wise version is
saved and displayed along with the full transcript and
the summary.

3.4 Summarization with BART

The full transcript is passed to the BART model [9]
through the Hugging Face Transformers library. Since
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BART can’t handle very long text in one go, the
transcript is split into smaller chunks. Each chunk
is summarized first, and then those summaries are
combined and summarized again to produce a final,
clear version. This approach works well even for
long meetings. The final summary, along with the
transcript, is stored in MongoDB for future access.

4 Experiments

We evaluated MinuteMaster across four areas:
transcription accuracy, summary quality, speaker
detection, and processing speed. We also ran a user
study with 42 participants from MGIT Hyderabad,
including students, faculty, and professionals.

4.1 Transcription Accuracy

The system was evaluated on 30 audio clips (2-15
minutes) across five language groups. English
performed best at 88.4%, followed by Hindi (83.7%)
and Telugu (81.2%), both above the 80% usability
mark. Tamil was close at 79.6%, while mixed-language
audio was the most challenging at 76.3%, though still
usable with minor edits. Figure 2 shows the word-level
accuracy for each language group.

Transcription Accuracy by Language
1007 == 80% threshold
95 A
90 1
85

80 1--

Accuracy (%)

75 4

70 4

65 4

60 -

Hindi

English

Figure 2. Whisper transcription accuracy by language
group (n=30 clips). The dashed line shows the 80%
usability threshold.

4.2 Summarization Quality

BART clearly outperformed the TextRank baseline.
ROUGE-1 improved from 0.38 to 0.48, and BLEU-4
nearly doubled from 0.11 (TextRank) to 0.18 (BART).
The summaries were also more natural and closer to
real meeting notes, as confirmed by human evaluation
results shown in Figure 3.

4.3 Processing Time

The system scales predictably with audio length.
A one-minute clip takes about 2.5 seconds of
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Table 1. Performance summary across all evaluation areas.

Metric

Transcription Accuracy (%)
ROUGE-1 (BART)

ROUGE-L (BART)

BLEU-4 (BART)

Diarization Error Rate (%)
Pipeline Time / min audio (s)
User Satisfaction (1-5)

Min Max Mean Std Dev
76.3 884 826 +4.1
042 053 048 +0.03
039 050 044 +0.03
0.15 021 0.18 +0.02
62 187 117 +4.5
25 640 121 +8.2
38 47 4.25 +0.22

Table 2. MinuteMaster vs. existing commercial tools — feature comparison.

Tool Multilingual SpeakerID AI Summary Scheduler Free/Open
Otter.ai Partial Yes Yes No No
MS Teams Recap Limited Yes Yes Yes No
Zoom Al Limited Partial Yes Yes No
Google Meet + Gemini Yes Partial Yes Partial No
MinuteMaster (Ours) Yes Yes Yes Yes Yes
Summarization Quality: BART vs. Baseline Processing Time vs. Audio Length
0.6 mmm BART-large-CNN (Ours) 70 { =®= Whisper
TextRank Baseline == BART
054 0.8 = 007 —a— Total
0.44 g 50
0.4 0.38 =
@ 0.35 o 40
S £
9 0.3 @ 30
o 0.23 § 20
0.2 015 0.18 &
; 0.11 e N — Ll Eal
0.1 1
0
0.0 4 0 10 20 30 40 50 60

ROUGE-1 ROUGE-2 ROUGE-L

Figure 3. BART vs. TextRank baseline on ROUGE and
BLEU-4 scores. Higher values mean better performance.

BLEU-4

processing time, while longer recordings scale
proportionally—fast enough for practical use right
after meetings. Figure 4 shows how processing time
grows as audio length increases. Table 1 shows the full
set of performance results across all evaluation areas.

4.4 Comparison

Compared to popular tools, MinuteMaster stands
out by offering multilingual transcription, speaker
detection, Al summaries, and built-in scheduling in
one place—and for free. It can also be self-hosted,
giving organizations full control over their data,
which is especially valuable in sectors like healthcare,
education, and government. Table 2 compares

Audio Duration (min)

Figure 4. Total pipeline processing time vs. audio duration.
BART adds only a small extra time on top of Whisper.

MinuteMaster with four popular commercial tools.

5 Conclusion

MinuteMaster was created to fix a simple but common
issue—important points from meetings often get
missed because it’s hard to capture everything in
real time. The app combines transcription, speaker
identification, summarization, and scheduling in one
easy-to-use, free platform that supports multiple
languages. In testing, it performed well. Transcription
accuracy crossed 80% for Indian languages, and
the summaries felt more natural compared to basic
methods. It was also quick enough to be used right
after meetings. Users responded positively, with an
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average rating of 4.25/5. Going forward, we plan
to improve speaker detection in noisy settings, add
real-time transcription, and introduce features like user
login and automatic action item extraction. Integration
with tools like Google Calendar is also on the roadmap.
Since the system is modular, these updates can be
added smoothly as it grows.
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