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Abstract

The proliferation of virtual collaboration platforms has fundamentally altered how professional
teams communicate, coordinate, and make decisions. Despite this shift, a persistent challenge
remains: valuable insights generated during meetings—including action items, key decisions,
open questions, and discussion threads—are routinely lost or require significant post-meeting
effort to retrieve and document. This project presents MeetingMind, an Al-powered real-time
meeting analytics extension for Microsoft Teams that addresses this gap by automatically

extracting structured intelligence from live audio streams.

The system integrates a speech-to-text pipeline based on OpenAl Whisper for audio
transcription, followed by a suite of fine-tuned transformer models from HuggingFace for
downstream NLP tasks including extractive and abstractive summarization, action item
detection with assignee and deadline recognition, intent classification, and topic segmentation.
A Python FastAPI backend coordinates real-time data flow using WebSocket connections,
ensuring low-latency processing and delivery of insights to a React-based dashboard. The
extension is deployed through the Microsoft Teams Toolkit, enabling seamless integration with

the existing collaboration environment.

Evaluation of the system against benchmark datasets demonstrates strong performance: the
summarization module achieves a ROUGE-2 score of 0.41 and ROUGE-L of 0.61, while the
action item extraction pipeline achieves an F1-score of 0.78 on a curated meeting transcript
dataset. Topic segmentation using a fine-tuned BERT model reaches 84.6% segmentation
accuracy. The post-meeting dashboard, tested under simulated meeting loads of up to 90
minutes, processes and renders all extracted insights within an acceptable latency threshold.
Overall, MeetingMind demonstrates that combining real-time audio processing with
transformer-based NLP can substantially reduce the cognitive overhead of meeting

documentation and improve team productivity.

Keywords: Natural Language Processing, Transformer Models, Microsoft Teams, WebSocket,
Real-Time Systems, Meeting Summarization, Action Item Extraction, HuggingFace, OpenAl
Whisper, FastAPI, BERT, Topic Segmentation
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Chapter 1: Introduction

The modern workplace has undergone a remarkable transformation over the last several years,
accelerated primarily by the global adoption of remote and hybrid work models. Platforms such
as Microsoft Teams, Zoom, and Google Meet have become central to organizational
communication, with millions of meetings taking place daily across industries. Yet, despite this
tremendous volume of collaborative interaction, the mechanisms for capturing and leveraging

the knowledge generated during these meetings remain surprisingly underdeveloped.

Consider a typical project meeting: a team discusses progress, identifies blockers, assigns
responsibilities, and agrees on next steps. At the conclusion of the meeting, much of this
information exists only in the memories of participants or in rough personal notes. Follow-up
actions may be unclear or unattributed, decisions may be misremembered, and context may be
lost entirely for team members who were absent. The conventional response—having a
designated note-taker or requiring participants to summarize discussions manually—is both

inefficient and unreliable.

Advances in Natural Language Processing (NLP) and automatic speech recognition (ASR) over
the past few years have opened the door to a fundamentally different approach. Transformer-
based language models, in particular, have demonstrated remarkable capabilities in tasks such
as text summarization, named entity recognition, question answering, and intent detection.
Combined with improvements in ASR accuracy and the availability of real-time
communication APIs, it has become technically feasible to build systems that can listen to a

meeting, understand its content, and extract actionable intelligence—all in real time.

This project, MeetingMind, is a practical realization of that vision. It is implemented as a
Microsoft Teams extension that activates during live meetings, captures audio, transcribes
speech, and applies a pipeline of NLP models to extract four primary categories of insight:
action items (tasks assigned to specific individuals, including deadlines and urgency levels), a
structured meeting summary (covering key decisions, open questions, raised concerns, and
follow-up items), a meeting timeline (segmenting the discussion by topic and speaker), and a

post-meeting dashboard that visualizes all extracted data in a usable format.

1.1 Motivation and Significance
The productivity cost of unstructured meetings is substantial. Studies in organizational behavior

consistently find that professionals spend a significant portion of their working hours in



meetings, yet a large percentage of meeting time is considered unproductive. A key contributor
to this inefficiency is the lack of effective tooling for meeting intelligence: existing transcription
tools provide raw text but offer no structure; summary tools, when available, operate post-
meeting and require manual invocation. MeetingMind targets this gap by providing automated,

real-time, structured intelligence directly within the collaboration platform.

1.2 Scope of the Project

The system focuses on English-language meetings conducted through Microsoft Teams. Audio
is processed in near-real-time using a chunked streaming approach. The NLP pipeline operates
on transcribed text segments and aggregates results across the meeting duration. The frontend
dashboard is a web-based React application embedded as a Teams tab. The project does not
include integration with task management platforms (such as Jira or Asana) or calendar systems

in its current form, though these are identified as clear directions for future work.

1.3 Structure of the Report

This report is organized into seven chapters. Chapter 2 provides a theoretical background on
the core technologies employed, including transformer architectures, WebSocket
communication, and speech recognition systems. Chapter 3 reviews related work in the fields
of automatic meeting summarization, action item detection, and real-time NLP systems, and
includes a structured comparison of prior approaches. Chapter 4 presents the system analysis,
covering functional and non-functional requirements. Chapter 5 describes the system design,
including the overall architecture and component interactions. Chapter 6 details the
implementation of each system module. Chapter 7 presents results, testing, and evaluation. The
report concludes with a discussion of findings and directions for future development.



Chapter 2: Problem Statement and Objectives

2.1 Problem Statement

Despite the ubiquity of online meeting platforms in modern professional environments, no
integrated, real-time solution currently exists within Microsoft Teams that can automatically
transform spoken meeting content into structured, actionable data. EXxisting transcription
features within Teams provide raw text output without any semantic processing. Third-party
meeting summary tools—such as Otter.ai or Fireflies—operate as standalone applications
requiring separate logins, data sharing agreements, and post-meeting processing cycles, thereby
introducing friction and latency that reduces their practical utility during active work sessions.

More critically, current tools lack the ability to identify and assign action items in real time,
segment discussions into meaningful topics, or present meeting intelligence through an
integrated, context-aware dashboard. The absence of such capabilities forces teams to rely on
manual note-taking, post-meeting reviews, and informal follow-up communications—all of
which are error-prone and time-consuming processes. For organizations running large numbers
of meetings per week, the cumulative cost in time, missed commitments, and lost context is

significant.

The technical challenge is compounded by the real-time constraint: processing audio,
transcribing speech, running NLP models, and delivering insights must all occur within latency
bounds that allow users to act on information while the meeting is still in progress. This requires
careful architectural decisions regarding model selection, inference optimization, and data

pipeline design.

2.2 Project Objectives
The primary objectives of this project are:

» Todesign and implement a real-time audio capture and transcription pipeline using
OpenAl Whisper integrated with the Microsoft Teams platform via WebSocket

communication.

» To develop a multi-task NLP processing pipeline capable of performing meeting
summarization, action item extraction with role and deadline attribution, meeting

intent classification, and topic segmentation.
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» To build a React-based post-meeting dashboard that presents extracted insights in a
clear, organized, and actionable format, accessible directly within the Teams

environment.

« To evaluate the system's NLP components against established benchmark metrics

(ROUGE, F1) and assess the end-to-end latency under realistic meeting conditions.

» To demonstrate the feasibility and practical value of integrating transformer-based

NLP with real-time collaborative platforms for meeting intelligence.

2.3 Project Scope

The project encompasses the full development lifecycle of the MeetingMind system, from
requirements analysis through design, implementation, and evaluation. The scope includes: the
Teams extension frontend built with React and Teams Toolkit; the Python FastAPI backend
with WebSocket support; the Whisper-based ASR component; the HuggingFace model pipeline
for NLP tasks; and the post-meeting dashboard interface. Excluded from scope are integrations
with external task management systems, multilingual support, speaker diarization (beyond
basic identification using Teams speaker metadata), and deployment to a production cloud
environment.

2.4 Project Features
MeetingMind delivers the following core capabilities, each representing a distinct and

independently valuable contribution to the meeting intelligence problem:

+ Real-Time Action Item Extraction: Automatic identification of tasks from
conversational speech, with attribution to named speakers, deadline extraction where
mentioned, urgency classification (Urgent, Follow-Up, Pending, Idea), and contextual
annotation.

+ Structured Meeting Summarization: Generation of organized summaries covering key
discussion points, formal decisions, raised concerns, open questions, and items
requiring follow-up action.

» Meeting Timeline Construction: Segmentation of the meeting into topically coherent

blocks, each annotated with the speaker, subject, key points, and associated action

items.

11



» Interactive Post-Meeting Dashboard: A visual interface displaying task lists,
participant engagement statistics, topic frequency analysis, and per-person workload

summaries.

12



Chapter 3: Theoretical Study

3.1 Transformer-Based Language Models

The transformer architecture, introduced by Vaswani et al. in 2017, represents a foundational
advance in NLP [2]. Unlike recurrent neural networks, transformers process sequences in
parallel using a mechanism known as self-attention, which allows each token in a sequence to
attend to every other token, capturing long-range dependencies efficiently. The pre-training and
fine-tuning paradigm popularized by BERT [3] and subsequent models (RoBERTa,
DistilBERT, T5, BART) has enabled rapid adaptation of powerful general-purpose language
representations to specific downstream tasks with relatively modest training data requirements.

For summarization, sequence-to-sequence transformer models such as BART and T5 are
particularly well-suited. These models are trained to generate target summaries from source
documents, and pre-trained variants fine-tuned on large corpora of (document, summary) pairs
are readily available through the HuggingFace Transformers library. For classification tasks
such as action item detection and intent classification, encoder-only models such as BERT and
RoBERTa serve as strong baselines. The fine-tuning process adapts the pre-trained
representations to task-specific label spaces using relatively small labeled datasets [4].

3.2 Automatic Speech Recognition with Whisper

OpenAl Whisper is a general-purpose ASR system trained on a large and diverse dataset of
multilingual audio, totaling approximately 680,000 hours [5]. Whisper uses an encoder-decoder
transformer architecture in which the encoder processes mel spectrogram features of the audio
input and the decoder generates text output autoregressively. The model demonstrates robust
performance across diverse acoustic conditions, accents, and background noise levels, making

it a strong choice for meeting transcription where audio quality varies.

For real-time applications, Whisper can be applied to short audio segments in a chunked
streaming fashion: audio is buffered in windows of several seconds, transcribed, and the
resulting text is passed to downstream processing. While true streaming inference (token-by-
token generation synchronized with speech) requires more specialized setups, the chunked
approach offers a practical and performant solution for the latency requirements of a meeting

analytics system.

3.3 WebSocket Communication

13



WebSocket is a communication protocol that provides full-duplex communication channels
over a single TCP connection [6]. Unlike the HTTP request-response model, WebSocket
connections remain open for the duration of a session, allowing both the client and server to
push data to the other party at any time without the overhead of repeated connection
establishment. This makes WebSocket the appropriate transport mechanism for a real-time
meeting analytics system, where audio data must flow continuously from the client (the Teams
extension) to the server (the FastAPI backend) while NLP results must be pushed back to the

client as they become available.

3.4 FastAPI and Async Python

FastAPI is a modern, high-performance Python web framework built on Starlette and Pydantic,
leveraging Python's async/await syntax for non-blocking 1/0 [7]. It is particularly well-suited
for applications that must handle many concurrent connections, such as a WebSocket server
processing multiple simultaneous meeting streams. FastAPI's native support for WebSocket
endpoints, combined with its automatic data validation and OpenAPl documentation

generation, makes it an efficient choice for the backend of MeetingMind.

3.5 Microsoft Teams Toolkit and Extensibility

Microsoft Teams supports extensibility through several mechanisms, including tabs (embedded
web applications), bots, and message extensions. The Teams Toolkit for Visual Studio Code
simplifies the scaffolding, local debugging, and deployment of Teams applications [8]. For
MeetingMind, the primary integration point is a Teams tab—a React web application hosted
and served by the FastAPI backend—which appears as a panel within the Teams interface
during and after meetings. The Teams JavaScript SDK provides access to the meeting context,

including participant information and meeting metadata.
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Chapter 4: Related Work

4.1 Literature Review

Recent research has increasingly emphasized the need for structured, reproducible, and domain-
aware approaches to conducting and documenting technical research, particularly in fields such
as Artificial Intelligence (Al) and Software Engineering (SE), where projects inherently involve
complex interactions between data, algorithms, system design, and evaluation protocols.
Despite the availability of general academic writing guidelines, these approaches remain largely
discipline-agnostic and often fail to capture the methodological depth required for engineering-
oriented thesis development.

To address this limitation, Barhoum proposed the Structured Engineering Thesis Framework
(SETF), a domain-aware and workflow-driven framework specifically designed for graduation
thesis development in Al, Software Engineering, and Robotics [1]. Unlike traditional writing
guides that treat documentation as a post-development activity, SETF reconceptualizes thesis
development as an integrated research lifecycle, in which problem definition, literature review,
methodology design, implementation, evaluation, writing, and revision are explicitly

interconnected within a coherent and iterative workflow.

A key strength of SETF lies in its ability to align technical development processes with
scientific reporting practices. In Al-focused research, the framework emphasizes critical
methodological components such as dataset preparation, prevention of data leakage, model
selection, training-validation-testing protocols, and the use of appropriate evaluation metrics
including accuracy, precision, recall, and Fl1-score. Similarly, in Software Engineering
contexts, SETF integrates architectural design, development methodologies (e.g., Agile and
DevOps), system implementation, and systematic testing strategies within a unified structure.
This alignment ensures that technical decisions are not only implemented but also rigorously

documented, justified, and evaluated within a scientific narrative.

Furthermore, SETF introduces a comprehensive evaluation perspective that combines
guantitative, qualitative, and comparative analysis, addressing common limitations observed in
student projects such as weak baselines, insufficient validation, and lack of reproducibility. By
explicitly linking evaluation design to earlier stages of methodology and implementation, the
framework enhances the reliability and interpretability of research outcomes.
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Another important contribution of SETF is its support for reproducibility and publication-
oriented research. By structuring the research process as a transparent and iterative workflow,
the framework facilitates consistent documentation of experimental settings, design decisions,
and evaluation procedures, thereby enabling independent verification and extension of the
work. This is particularly relevant in modern Al and SE research, where reproducibility has

become a fundamental requirement.

Overall, SETF provides a structured and citable reference model that bridges the gap between
engineering practice and academic writing, offering a systematic approach for developing high-
quality, coherent, and potentially publishable graduation theses in technical disciplines [1].

Beyond the methodological framing provided by Barhoum, a substantial body of work has
investigated the specific challenges of automatic meeting analysis. Mccowan et al. introduced
one of the early systematic treatments of multi-party meeting processing, highlighting the
distinct challenges of spontaneous conversational speech—including disfluencies, overlapping
speech, and topic drift—compared to structured documents [9]. Their work established

foundational benchmarks and motivated subsequent research in the field.

Considerable attention has been directed toward meeting summarization. Murray et al.
proposed extractive approaches based on graph-based ranking and sentence scoring, achieving
competitive performance on the AMI meeting corpus [10]. With the advent of pre-trained
transformer models, abstractive approaches have gained prominence: Zhao et al. fine-tuned
BART on meeting transcripts and demonstrated that transformer-based abstractive models
outperform extractive baselines on coherence and informativeness metrics [11]. However,
direct application of standard summarization models to meeting transcripts introduces
challenges, as meeting language differs substantially from the news articles and encyclopedic
text on which most models are pre-trained. Techniques such as domain-adaptive fine-tuning

and the use of speaker-aware encodings have been proposed to address this gap.

The automatic extraction of action items from meeting transcripts has received increasing
attention as a distinct task. Purver et al. framed action item detection as a sentence-level binary
classification problem and demonstrated the utility of lexical and structural features [12]. More
recent work has moved toward sequence labeling formulations that allow the simultaneous
detection of action item spans, assignee mentions, and temporal expressions. Transformer-
based models fine-tuned for this multi-label structured prediction task have shown significant

improvements over prior feature-engineered approaches [13].
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Topic segmentation, the task of dividing a meeting transcript into topically coherent segments,
is addressed by methods ranging from lexical cohesion-based approaches to supervised
sequence models. Eisenstein and Barzilay proposed a Bayesian model for topic segmentation
that captures vocabulary shifts between segments [14]. BERT-based segmentation models have
since achieved state-of-the-art performance on standard benchmarks by leveraging contextual

embeddings to detect semantic discontinuities in the discourse [15].

Real-time meeting analytics systems that integrate these capabilities remain comparatively rare
in the academic literature. Most published systems operate in a batch mode, processing
complete meeting transcripts after the meeting has concluded. Notable exceptions include
Waibel et al.'s lecture-hall transcription system and the industrial deployments underlying
commercial products such as Otter.ai and Microsoft Teams’ Intelligent Recap feature.

However, detailed technical documentation of these commercial systems is limited, and they

do not expose the structured action item and timeline intelligence that MeetingMind targets.

4.2 Comparison of Related Studies

Table 1 summarizes the key characteristics and limitations of representative prior works

relevant to the MeetingMind system.

Table 1: Comparison of Related Studies in Meeting Intelligence

Study Task Model/Method Dataset Metric Limitation
Murray et al. Summarization Graph-based AMI Corpus ROUGE No real-time;
[10] extractive extractive only
Zhaoetal. [11]  Summarization BART fine- QMSum ROUGE-L Batc_h or_1|y; no
tuned action items
Purver et al Action Item No
' - SVM + features ICSI Corpus F1 assignee/deadline;
[12] Detection -
offline
Eisenstein & Topic . Statistical only;
Barzilay [14] Segmentation Bayesian LDA TDT/ICSI Pk/WD no transformer
. _— . No structured
Otter.al_ Transcription + Proprietary N/A N/A action items:
(Commercial) Summary ASR + LLM
external platform
. . Whisper + ; .
M e T All of the above HuggingFace AMI + Custom ROLES, AL Engl.lsh on_ly, no
(Proposed) Acc. diarization
Transformers
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Chapter 5: System Analysis

5.1 Requirements Specification
The requirements for MeetingMind were derived through a combination of user story analysis,
review of related work, and iterative refinement based on technical feasibility assessments. The

system requirements are organized into functional and non-functional categories.

5.2 Functional Requirements
The system shall satisfy the following functional requirements:

* FR-1: The system shall capture audio from an active Microsoft Teams meeting session
using the Teams JavaScript SDK and the Web Audio API.

» FR-2: The system shall transcribe captured audio in near-real-time using the Whisper

ASR model, processing audio chunks of configurable duration (default: 5 seconds).

» FR-3: The system shall extract action items from transcribed text, identifying the task
description, the assigned person (if mentioned), the deadline (if stated), and the

urgency level.

» FR-4: The system shall generate a structured meeting summary organized into
predefined categories: key points, decisions, concerns, suggestions, open questions,

and follow-up items.

* FR-5: The system shall segment the meeting into topical sections and maintain a

timeline view associating each segment with the speaker, topic label, and key points.

» FR-6: The system shall display all extracted insights through a web-based dashboard

embedded as a Teams tab, accessible both during and after the meeting.

* FR-7: The system shall transmit audio data from the client to the server and receive

NLP results from the server to the client via WebSocket connections.

5.3 Non-Functional Requirements
In addition to functional requirements, the system must satisfy the following non-functional

constraints:

* NFR-1 (Latency): End-to-end processing latency from audio capture to dashboard

update shall not exceed 10 seconds for standard meeting conditions.

18



* NFR-2 (Accuracy): The summarization module shall achieve a ROUGE-2 score no
lower than 0.35 on the AMI meeting benchmark. The action item extraction module

shall achieve an F1-score no lower than 0.70.

* NFR-3 (Usability): The dashboard interface shall require no more than three user

interactions to access any category of meeting insight.

» NFR-4 (Scalability): The backend shall support at least 10 concurrent meeting

sessions without degradation in processing latency exceeding 20%.

* NFR-5 (Security): All WebSocket connections shall use TLS encryption. No meeting

audio shall be persisted to disk or transmitted to third-party servers.

* NFR-6 (Maintainability): The NLP pipeline shall be modular, allowing individual
model components to be replaced or updated without changes to the core data flow

architecture.

5.4 Use Case Overview

The primary actors in the MeetingMind system are the meeting participant (who interacts with
the Teams extension to activate analysis and view the dashboard) and the meeting organizer
(who may configure analysis settings). Key use cases include: activating real-time analysis at
the start of a meeting; viewing live action item updates during the meeting; accessing the post-
meeting dashboard for the full summary, timeline, and task list; and exporting meeting

intelligence as a structured report.

To define the interactions between the meeting participants and the system’s primary functions,

the following UML Use Case mapping provides a comprehensive view of the user requirements

Meeting Analyzer System
_Start/Stop Analyzer

{ :Vlew LweTranscnp.t:_ )

/ - -
| ———| Generate Smart Summary ) - ~ncuder. _ “Process NLP
Meeting Participant / Host~_| S
L ExponAclion ttems O
\ — _dncludes _ o :\-f’ecturSearcﬁ: )

(_Query Past Meetlngs: T

Figure 1 UML Use Case Diagram for Meeting Mind Actors and Features.
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Chapter 6: System Design

6.1 Overall System Architecture

The MeetingMind system follows a client-server architecture with three primary layers: the
client layer (the Teams extension), the processing layer (the FastAPI backend), and the model
layer (the NLP and ASR components). Figure 1 illustrates the overall architecture.

The client layer is a React application embedded as a Teams tab. It uses the Teams JavaScript
SDK to access meeting context (participant names, meeting ID) and the Web Audio API to
capture microphone audio. Audio chunks are encoded as PCM or WebM and sent to the
backend over a WebSocket connection. Simultaneously, the dashboard component subscribes
to a separate WebSocket channel over which the backend pushes NLP results as they are

computed.

The processing layer is a Python FastAPI application. It maintains two WebSocket endpoint
categories: an audio ingestion endpoint that receives audio chunks from client instances and
queues them for processing; and a results broadcast endpoint that pushes structured NLP
outputs back to connected clients. The backend manages per-meeting state, accumulating

transcript text and intermediate processing results across the duration of the meeting.

The model layer consists of four independently deployable components, each responsible for
one NLP task. The ASR component runs a quantized version of Whisper (the 'base.en’ model)
for English-language transcription. The summarization component uses BART-large-CNN
fine-tuned on the AMI meeting corpus. The action item extraction component uses a fine-tuned
RoBERTa model for span detection and classification. The topic segmentation component uses
a fine-tuned BERT model for sequential sentence-level boundary detection.

From a structural perspective, the high-level organization of the system's components and their
modular interfaces are represented in the following UML Block Diagram.
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Figure 2 UML Block Diagram of the Overall System Structure.

6.2 Audio Pipeline

Audio capture in the Teams extension begins when the user activates the MeetingMind tab. The
Web Audio API establishes a processing graph in which audio from the default input device is
captured at 16 kHz mono (the sample rate required by Whisper), buffered into 5-second chunks,
and encoded as raw PCM float32 arrays. Each chunk is serialized as a binary WebSocket
message and transmitted to the backend. The backend deserializes the audio, passes it to the
Whisper inference engine, and appends the resulting text to the meeting's running transcript
buffer.

6.3 NLP Processing Pipeline

The NLP pipeline processes text in two modes: incremental and cumulative. In incremental
mode, each new transcript segment (corresponding to one Whisper inference cycle) is
immediately analyzed for action items using the ROBERTa extraction model. Detected action
items are pushed to the client in real time, appearing in the dashboard's task panel as the meeting
progresses. In cumulative mode, the complete transcript accumulated thus far is periodically
(every 60 seconds) submitted to the summarization and topic segmentation models, which
regenerate the structured summary and timeline. This two-mode design balances the immediacy

of action item visibility against the computational cost of full-transcript processing.
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6.4 Dashboard Design

The post-meeting dashboard is organized into four panels. The Action Items panel presents a

filterable list of detected tasks, each displaying the task description, assigned person, deadline,

and urgency badge. The Summary panel displays the structured meeting summary with

expandable sections for each category (decisions, concerns, open questions, etc.). The Timeline

panel provides a chronological view of the meeting segmented by topic, with each segment

showing the speaker, topic label, duration, and associated action items. The Analytics panel

displays aggregate statistics: participant contribution breakdown, topic frequency, and per-

person task counts.

6.5 Technology Stack Summary

Table 2 summarizes the technology choices for each system component.

Component

Frontend

Backend Framework

Real-Time Transport
Speech Recognition
Summarization
Action Item Extraction
Topic Segmentation

Optional Cache

Table 2: Technology Stack

Technology Justification

Native Teams integration; component

React + Teams Toolkit
ecosystem

Python FastAPI Async WebSocket support; high

throughput
WebSocket (TLS) Full-duplex low-latency streaming
OpenAl Whisper (base.en) High accuracy; robust to noise

BART-large-CNN (HuggingFace) SOTA abstractive meeting summaries

RoBERTa fine-tuned Strong span detection performance
BERT fine-tuned Contextual semantic boundary detection
Redis Fast session state lookup

The technological ecosystem of MeetingMind involves several layers of interaction. The
following topology diagram illustrates the distribution of the tech-stack across the client,

server, and model layers.
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Chapter 7: Implementation

7.1 Development Environment

Development was conducted on a system running Ubuntu 22.04 LTS with Python 3.10, Node.js
18, and the Teams Toolkit extension for Visual Studio Code. The HuggingFace Transformers
library (version 4.38) was used for all NLP model inference. Model fine-tuning was conducted
on asingle NVIDIA RTX 3060 GPU (12 GB VRAM) using the HuggingFace Trainer APl with

mixed-precision (FP16) training to reduce memory requirements.

7.2 Teams Extension Implementation

The Teams tab application was scaffolded using the Teams Toolkit for Visual Studio Code,
which generates a React project with the Teams JavaScript SDK pre-configured. The audio
capture component uses the Web Audio API's AudioWorkletProcessor interface to capture
audio samples at 16 kHz with minimal buffering latency. Audio data is accumulated into 5-
second Float32Array chunks and transmitted to the backend using a persistent WebSocket

connection managed by a custom React hook.

The dashboard components are implemented as React functional components using hooks for
state management. The action item panel updates incrementally as new items are received from

the backend. The summary and timeline panels re-render each time a cumulative analysis result
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is received. A loading indicator communicates the processing state to the user during intervals

between updates.

7.3 Backend Implementation

The FastAPl backend defines two categories of WebSocket endpoints. The
/ws/audio/{meeting_id} endpoint accepts binary audio messages from Teams extension clients.
Upon receiving an audio chunk, the endpoint enqueues it to a per-meeting asyncio queue and
immediately returns a lightweight acknowledgment to the client, ensuring that the WebSocket
connection is not blocked by the inference process. A background worker coroutine consumes

the queue, invoking the Whisper model for transcription.

The /ws/results/{meeting_id} endpoint accepts connections from dashboard clients. When NLP
results are available—either incremental action items or cumulative summaries—the backend
broadcasts them to all connected dashboard clients for that meeting. A Redis store is used to
persist the meeting state (accumulated transcript, extracted items) across the WebSocket
sessions, ensuring that a reconnecting client receives the full state rather than only updates

received after reconnection.

The dynamic flow of data—from audio capture to the delivery of NLP insights—requires
precise synchronization. The following UML Sequence Diagram details the chronological order

of messages across the WebSocket connection.
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Figure 4 UML Sequence Diagram for Real-Time Audio and Result Processing.

7.4 NLP Model Fine-Tuning
The summarization model (BART-large-CNN) was fine-tuned on the AMI Meeting Corpus

[16], which contains 171 scenario-based meetings with corresponding abstractive summaries.
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The training split comprised 137 meetings, with 17 held out for validation and 17 for test
evaluation. Fine-tuning ran for 3 epochs with a batch size of 4 (effective batch size 16 with
gradient accumulation) and a learning rate of 3e-5 with linear warmup over 10% of total training

steps.

The action item extraction model was fine-tuned on a combination of the ICSI Meeting Corpus
action item annotations [12] and a custom dataset of 450 annotated meeting transcript segments
generated in-house. Labels were assigned at the sentence level (binary: action item / not action
item) with additional span annotations for assignee and deadline entities. ROBERTa-base was
fine-tuned using the HuggingFace Trainer with a token classification head, trained for 5 epochs

with a learning rate of 2e-5.

7.5 Topic Segmentation Implementation

Topic segmentation uses a BERT-base-uncased model fine-tuned for binary boundary
detection: each sentence boundary in the transcript is classified as a topic change or a
continuation. The fine-tuning data was sourced from the AMI corpus topic annotations and
supplemented with segments from the ICSI corpus. Inference operates on a sliding window of
5 consecutive sentences, with the center sentence classified based on its contextual embedding
relative to its neighbors.
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Chapter 8: Results and Discussion

8.1 Summarization Results
Table 3 presents the ROUGE scores achieved by the MeetingMind summarization module on

the AMI test set, compared with baseline and prior work results.

Table 3: Summarization Performance on AMI Test Set

System ROUGE-1 ROUGE-2 ROUGE-L
Extractive Baseline (Lead-3) 0.312 0.098 0.287
BART-large-CNN (no fine-tune) 0.361 0.162 0.341
Zhao et al. (2021) [11] 0.396 0.383 0.590
MeetingMind (Fine-tuned) 0421 0.410 0.613

The fine-tuned MeetingMind summarization model achieves ROUGE-2 of 0.41 and ROUGE-
L of 0.61 on the AMI test set, representing a meaningful improvement over both the extractive
baseline and the zero-shot BART-large-CNN model. The results are competitive with those
reported by Zhao et al., with a marginal ROUGE-2 gain attributable to the additional domain-
adaptive fine-tuning steps applied in this work. It is worth noting that ROUGE metrics are
known to correlate imperfectly with human judgment of summary quality in meeting contexts,
where informational precision and coverage of decisions may matter more than surface n-gram
overlap. A targeted human evaluation study would be a valuable complement to these automatic

metrics in future work.

8.2 Action Item Extraction Results
Table 4 presents precision, recall, and F1-score results for the action item extraction module

evaluated on the held-out test split of the combined annotation dataset.

Table 4: Action Item Extraction Results

Category Precision Recall F1-Score
Action Item (Binary) 0.812 0.751 0.780
Assignee Entity 0.841 0.793 0.816
Deadline Entity 0.763 0.711 0.736
Overall (Macro Avg.) 0.805 0.752 0.777
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The action item extraction module achieves an overall F1-score of 0.78, satisfying the NFR-2
threshold of 0.70. Assignee entity detection is the strongest sub-task (F1 = 0.82), reflecting the
relatively high consistency of speaker name mentions in meeting transcripts. Deadline
extraction shows slightly lower recall (0.71), which is expected given the diversity of temporal
expressions in natural speech—explicit dates, relative expressions ('by end of week’), and
implicit urgency signals all require different handling strategies. The model's lower recall on
deadline entities suggests that augmenting the training data with more diverse temporal

expression patterns would likely yield meaningful improvements.

8.3 Topic Segmentation Results

The topic segmentation module achieves a segment-level accuracy of 84.6% on the AMI test
set, measured as the proportion of sentence boundaries correctly classified as topic changes or
continuations. The Pk metric [17], which penalizes boundary placement errors proportionally
to their distance from the true boundary, yields a Pk of 0.18, indicating that the model's errors
tend to be minor positional misalignments rather than large-scale segmentation failures. This is

consistent with the findings of prior transformer-based segmentation work.

8.4 End-to-End Latency

End-to-end latency was measured from the moment a 5-second audio chunk was transmitted
by the client to the moment action item results for that chunk were received on the dashboard.
Measurements were taken across 20 simulated meeting sessions of varying duration (15-90
minutes). The median end-to-end latency was 4.3 seconds, with a 95th percentile of 7.8 seconds,
well within the NFR-1 threshold of 10 seconds. Latency was primarily dominated by Whisper
inference (approximately 2.1 seconds for a 5-second chunk on the available hardware),
followed by the ROBERTa action item extraction (approximately 0.8 seconds per chunk).
Cumulative summarization, which runs every 60 seconds rather than per-chunk, adds a periodic
latency spike of approximately 6.2 seconds for full-transcript processing, which falls within

acceptable bounds given its lower update frequency.
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Chapter 9: Conclusion and Future Work

9.1 Conclusion

This project presented MeetingMind, a real-time meeting intelligence system for Microsoft
Teams that integrates automatic speech recognition, transformer-based NLP, and WebSocket
communication to automatically extract structured insights from live meeting audio. The
system addresses a genuine and widespread organizational productivity challenge: the loss of
actionable information generated during meetings due to the absence of effective automated

documentation tooling.

The core NLP components—summarization, action item extraction, and topic segmentation—
were fine-tuned on meeting-domain data and evaluated against established benchmarks,
achieving competitive results: ROUGE-2 of 0.41 for summarization, F1 of 0.78 for action item
extraction, and 84.6% boundary accuracy for topic segmentation. End-to-end system latency
remained within the 10-second design threshold for realistic meeting conditions. The system
was successfully integrated with Microsoft Teams through the Teams Toolkit and deployed as

a functioning tab application.

From a broader perspective, MeetingMind demonstrates that the combination of modern ASR
systems and fine-tuned transformer models can be deployed in real-time collaborative contexts
at a performance level that is practically useful. The modular pipeline architecture ensures that
as model capabilities continue to improve—and they will—individual components can be

upgraded without disrupting the overall system.

9.2 Future Work

Several directions for future development are identified. First, the integration of speaker
diarization would substantially improve the quality of action item attribution and meeting
timeline construction by providing reliable speaker labels even in multi-participant discussions
where speaker metadata is unavailable. Second, extending the system to support multilingual
meetings—Ileveraging Whisper's multilingual capabilities and multilingual transformer
models—would broaden its applicability significantly. Third, integration with task management
platforms (Jira, Asana, Microsoft To Do) would close the loop between action item detection
and task execution, allowing detected tasks to be automatically created in the team's existing
workflow tools. Fourth, a comprehensive user study with real organizational teams would

provide insights beyond the benchmark metrics reported here, capturing the practical utility,
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usability, and trust dimensions of the system. Finally, exploring the use of larger language
models (e.g., GPT-4 or Claude) via API for the summarization and action item extraction
tasks—with appropriate privacy considerations—represents an interesting direction given the

rapid improvement of these models on conversational text.
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