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Abstract

Nowadays, many people use virtual meeting platforms like Google Meet and Microsoft Teams to
communicate. In these meetings, it's common for participants to switch between different
languages, such as Hindi, English, and Bengali while communicating. However, the current
automatic speech recognition (ASR) systems and summarization tools need to work better with
these multilingual conversations. They often miss important words or produce inaccurate
transcribes because they are not designed to handle multiple languages simultaneously.

The main problem is that most ASR systems are built to recognize only one language at a time or
struggle when people switch between languages during a conversation. This makes it hard to get
accurate transcripts from these meetings, leading to misunderstandings or loss of important
information.

This thesis focuses on improving automatic speech recognition (ASR) and transcription systems
in virtual meetings for Hindi, English, and Bengali languages. The goal is to create a system that
can better understand and transcribe conversations where people use multiple languages, making
virtual meetings more effective and accessible for everyone.



Contents

Abstract i
Table of Contents ii
List of Figures v
List of Tables vi
1 Introduction 1
1.1 Automatic Speech Recognition (ASR)........cccveviieriieiieciieiieieeie et 1

1.2 AUdio DIarization. ....cooiii e ettt e e rneenenens 2

1.3 Senetence Transformation...........ouviiiintit ittt et ettt e e ee e e eaeeaeeaans 3
2 Literature Survey 4
2.1 Approaches t0 ASR ... ... e 4

2.1.1 Acoustic-Phonetic Approach.............cooiiiiiiii e, 4

2.1.2 Pattern Recognition Approach..............oooiiiiiii i 4
2.1.3 Knowledge-Based Approach...........coooiiiiiiiiiii e 5
2.1.4 ConnectioniSt APProaCh. ... ....ouiuie i 5
2.1.5 Support Vector MaChines...........ovuiiiiiitiiii e, 6
2.2 Approaches t0 DIarization. ...........vvueerititiit ettt et e e et 6
2.2.1 Preprocessing APProaches. ... ...ovuiiriiiii it 8
2.2.2 Feature Extraction and Normalization Approaches...............cooevviiiiiiiiiiinnnnnnn 9

2.2.3 Speaker-Based Segmentation and Change Point Detection
APPIOACHES. ...ttt seeneene 10

2.2.4 Speaker Segmentation APProaches. ......coevuvvrivriiniieiiiieeteeeeeaenereereenaenann, 12
2.3 Overview of Commercially Available ASR and Speaker

DIATIZAtION SEIVICES. .. . tuttttnt ettt e e et et 12
2.3.1. Google Speech Recognition (speech recognition module).........ccevvvevverrieviienieennenne. 12

2.3.2. AMAzon TransCriDe. ... ..oouiiuiiti ittt e 12

0 T8 TR ) 13

2.3.4. IBM Watson Speech-t0-TeXt.......c.ovuitiiiiiiiiii e 13

2 BT 0) 721 11310 (o1 T | (o J 13

3 Datasets 14
3.1 Casual Political Conversation Dataset...........cccerererierierierieiieieie et 14



3.2 Casual Educational Conversation DataSet........cccuuveeeeeiieeeeieieeeeeeeeeeeeeeeeeeeeeeeeeeseeeeieeeeeesens 15

3.3 Casual Sports Conversation Dataset............coceeeerieriririiinenenieiee et 17
3.4 Casual Weather Conversation Dataset.............ccceveririeiienenieieee e 18
3.5 Casual Innovation Dataset............ouiieiiniiniiti e 19
4 Experiments and Results 4 22
4.1 Diarization Error Rate. ... .. ..o s 22
4.1.1 DER % on Casual Political Conversation Dataset.................c.cooeiiiiiiiiiiiinn.. 24
4.1.2 DER % on Casual Educational Conversation Dataset................c.c.ccceeiiiiiinn.n 25
4.1.3 DER % on Casual Sports Conversation Dataset...............ccccovvvriiiiiiiniinnennennnn, 27
4.1.4 DER % on Casual Weather Conversation Dataset.................cooeviiiiiiiiiiinin... 28
4.1.5 DER % on Casual Innovation Conversation Dataset....................c.oooiiiiiina.. 30

4.2 Word Error Rate (WER).......cooiiiiiiciiee ettt ettt e e e v e ve e eavaesareeens 31
4.3 ReSUIL ANALYSIS. ..\ttt e et e et et et a e 33
5 Conclusions 5 35
5.1 Conclusion of the Present WOork............ooiiiiiiiii e 35
5.1.1. Impact of Audio Length on Processing Time...............ccoiviiiiiiiiiiiiiiiiiiiannn, 35
5.1.2. Gender Variability in Diarization ACCUTaCy..........co.eievuiuiiiiiiiiiiiiiiiaeann, 35
5.1.3. False Alarm Impact on Diarization Error Rate (DER).........cccccooeviivivinciieciiecieeeie, 36
5.1.4. Miss Duration and Its Effect on DER.............c.o. 36
5.1.5. Speaker Error and Diarization Error Rate (DER)........ccccccoviiiiiiiiiiiiieiceeceeies 36
5.1.6. ASR and Sentence Transformer Model Selection...............c.cooeiiiiiiiiiiin. 36
5.1.7. Impact of Miss Duration on Word Error Rate (WER).........ccccceeveiiiiiiinciieeieeieees 36
5.1.8. False Alarm and Speaker Error Influence on Speaker-wise WER....................... 36
5.1.9. Effect of Noise on Performance...............cooiiiiiiiiiiiiiiiiii e 36
5.1.10. Audio Overlapping and Performance...................ooiiiiiiiiiiiiiiiiiiiieenn, 37
5.1.11. Multi-Channel Audio and Channel Quality.................ocoiiiiiiiiiiiiiiie, 37

5.2 Scope of the Future WOork..........o.oiiiiiii e 37
5.2.1. Advanced Diarization Models with Improved Speaker Discrimination................. 37
5.2.2. Real-Time Transcription and Diarization Solutions.................cocviiiiiiiiiniin.. 38
5.2.3. Enhancement of Overlapping Speech Handling...................coooiiiiiiiiiiiiin 38
5.2.4. Noise Robustness and Environmental Adaptation................coooveiiiiiiiiinn. 38

5.2.5. Multi-Lingual and Code-Switching Capabilities............covivviviiiiiiiiniiiarannnns 38



5.2.6. Enhanced ASR Models with Contextual and Semantic Understanding.................. 38

5.2.7. Exploring Multi-Channel and Spatial Audio Processing..............c.coceviiiiniinin. 39
5.2.8. Improvement of DER Metrics and Evaluation Methods.........................ooae. 39
5.2.9. Personalization and Adaptation for Speaker-Specific Characteristics.................... 39
5.2.10. Ethical Considerations and Privacy-Preserving Transcription........................ 39
5.2.11. User Feedback Integration for Continuous Model Improvement....................... 40

6 Bibliography 6 41



List of Figures

1.1 Key aspects of the Diarization process through visualization........................... 02
1.2 A general speaker diarization framework.................coooiiiiiiiiiiii i 07
1.3 Structure of ICSI-SRI HMM-based speech/non-speech detector....................... 11
3.1 Snapshot of Casual Political Conversation Dataset.................cooooviiiiiinn 15
3.2 Snapshot of Casual Educational Conversation Dataset................c..coeieiinnn.e 16
3.3 Snapshot of Casual Political Sports Dataset..............ccooiiiiiiiiiiiiiiiiiianns. 18
3.4 Snapshot of Casual Weather Dataset.............cooviiiiiiiiiiiiiiiiie e, 19
3.5 Snapshot of Casual Innovation Dataset...............c.ccoviiiiiiiiiiiiiiiiiiee.. 21



List of Tables

Table 3.1: Casual Political Conversation Dataset Summary...................cccoiviininnn 14

Table 3.2: Casual Educational Conversation Dataset Summary.............................. 16
Table 3.3: Casual Political Sports Dataset Summary..............ccooviiiiiiiiiniiiiennnn.. 17
Table 3.4: Casual Weather Coversation Dataset Summary................cooveviiiiinnnnn... 18
Table 3.5: Casual Innovation Conversation Dataset Summary......................coovenni 19
Table 4.1: Ground Truth of Casual Political Conversation Dataset............................24
Table 4.2: False Alarm of Casual Political Conversation Dataset............................. 24
Table 4.3: Miss of Casual Political Conversation Dataset..................ccooiiiiiiiiinnnnn. 25
Table 4.4: Speaker Error of Casual Political Conversation Dataset .......................... 25
Table 4.5: Ground Truth of Casual Educational Conversation Dataset....................... 25
Table 4.6: False Alarm of Casual Educational Conversation Dataset......................... 26
Table 4.7: Miss of Casual Educational Conversation Dataset..................ccvvieenenane. 26
Table 4.8: Speaker Error of Casual Educational Conversation Dataset....................... 27
Table 4.9: Ground Truth of Casual Sports Conversation Dataset.............................. 27
Table 4.10: False Alarm of Casual Sports Conversation Dataset.............................. 27
Table 4.11: Miss of Casual Sports Conversation Dataset..............c.ccovveiiiiiiiine..n. 28
Table 4.12: Speaker Error of Casual Sports Conversation Dataset........................... 28
Table 4.13: Ground Truth of Casual Sports Conversation Dataset............................ 28

Vi



Table 4.14:

Table 4.15:

Table 4.16:

Table 4.17:

Table 4.18:

Table 4.19:

Table 4.20:

Table 4.21:

Table 4.22:

Table 4.23:

Table 4.24:

Table 4.25:

Table 4.26

False Alarm of Casual Sports Conversation Dataset............................. 28
Miss of Casual Sports Conversation Dataset.............c.oooeviiiiiiiinin... 29
Speaker Error of Casual Sports Conversation Dataset........................... 29
Ground Truth Casual Sports Innovation Dataset...................ccoeviiiiini. 30
False Alarm of Casual Sports Innovation Dataset....................c..coeennen. 30
Miss of Casual Sports Innovation Dataset...............c.cevviiiiiiiiiiniiinnnnn. 31
Speaker Error of Casual Sports Innovation Dataset............................... 31
Word Error Rate Calculated on Casual Political Conversation Dataset.........31
Word Error Rate Calculated on Casual Educational

Conversation Dataset...........oviuiiiiiiiii i e 32
Word Error Rate Calculated on Casual Sports Conversation Dataset.......... 32
Word Error Rate Calculated on Casual Weather Innovation Dataset........... 32
Word Error Rate Calculated on Casual Innovation

Conversation Dataset. . .........o.uvuieiiiii i 32
: Findings on 5 Multilingual Dataset................coeiiiiiiiiiiiiiii e, 32

Vil



Chapter 1
Introduction

In the evolving field of Natural Language Processing (NLP), speech-related tasks are gaining
more attention, driven by the increasing use of voice-based systems like virtual assistants,
automated transcription services, customer service applications, etc. Speaker Diarization and
Automatic Speech Recognition (ASR) are two critical technologies in this space. Together,
these techniques enable the transformation of raw audio into structured, usable data, advancing
the capabilities of NLP in processing, understanding, and generating human-like interactions.

Automatic Speech Recognition (ASR) and Speaker Diarization have witnessed remarkable
advancements in recent years, driven by breakthroughs in machine learning and deep learning
techniques. These advancements have led to significant improvements in various
speech-processing tasks such as transcriptions, speaker identification, and conversational
analysis. One of the key benefits of these advancements is the ability to handle more complex
acoustic patterns and speaker variations, enabling more accurate and contextually relevant
speech-to-text results, even in multi-speaker environments. Additionally, ASR and diarization
models have become more scalable and efficient, allowing for faster processing of large volumes
of audio data, and facilitating real-time applications such as voice assistants and meeting
transcriptions.

1.1 Automatic Speech Recognition (ASR)

Automatic Speech Recognition (ASR) is a technology that uses Machine Learning (ML) and
Artificial Intelligence (Al) to turn spoken words into written text. This technology has grown a
lot in the last ten years and is now used in many everyday apps. For example, YouTube and
Instagram use ASR for real-time captions on videos, Spotify uses it to create text versions of
podcasts, and Zoom, and Google Meet use it to transcribe meetings.

ASR works by listening to what people say, breaking down the sounds, and using smart
algorithms to determine the words. It then converts those words into text that we can read. This
technology is powerful because it can handle different accents and background noise, making it
easier for everyone to understand and share spoken content.

Not only has the accuracy of ASR greatly improved, but it’s also become much more widely
available, making it easier for everyone to use.
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1.2 Audio Diarization

Diarization is the process of segmenting an audio recording into distinct sections, each associated
with a different speaker. The primary goal of diarization is to determine "who spoke when" in a
recording that features multiple speakers. This process is essential in various applications, such
as transcribing meetings, analyzing conversations, and processing broadcast media.

Key Aspects of Diarization
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Figure 1.1 : Key aspects of the Diarization process through visualization

Speaker diarization is the process of separating and labeling different speakers in an audio
recording. It starts by turning the raw audio into feature data that captures each speaker’s unique
voice characteristics, often using methods like Mel-Frequency Cepstral Coefficients (MFCCs).
Then, Speech Activity Detection (SAD) identifies which parts of the audio contain speech and
which parts are silent or have background noise. The next step is to find where one speaker stops
and another begins, called Speaker Change Detection. Each section of speech is then turned into
a detailed representation using tools like x-vectors, which hold information about the speaker’s
voice. Finally, the system groups similar speech segments together, so all parts spoken by the
same person are put in the same group. This process is useful in many areas, like creating
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accurate transcriptions, organizing meeting discussions, managing broadcast media, and
analyzing call center conversations.

1.3 Sentence Transformation

In natural language processing (NLP), understanding the nuances of language, like semantic
similarity between sentences, is a major challenge. With the rapid growth of textual data,
advanced models have become essential. This research examines sentence transformation [4]
using state-of-the-art NLP models to analyze semantic similarity, which measures how closely
related two texts are based on meaning rather than just word matching. Traditional methods, such
as word overlap, often miss deeper language patterns, but recent advancements like
transformer-based architectures have greatly improved semantic understanding. We use the
SentenceTransformer model, specifically all-MiniLM-L6-v2, [8] to create sentence embeddings
that capture the essence of entire sentences. These embeddings allow for effective similarity
comparisons using metrics like cosine similarity. Our study evaluates the semantic closeness of
the sentence "It seems to be heard is heard" with sample texts, demonstrating how modern
models accurately capture subtle linguistic nuances for robust semantic analysis.[17]
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Literature Survey

The development of speech recognition systems began with Alexander Graham Bell’s work on
converting sound waves into electrical impulses. One of the first systems, created by Davis et al.,
recognized spoken digits through an electronic circuit that analyzed formants and matched
patterns using correlation coefficients, adapting to variations in speech. Over the last fifty years,
speech recognition technology has advanced, supporting multiple languages and enabling
efficient speech-to-text conversion. Despite the existence of over 7,300 languages, only a portion
have well-developed systems, with languages like English, Russian, Chinese, and Hindi among
those receiving significant research and development.

2.1 Approaches to ASR
2.1.1 Acoustic-Phonetic Approach

The acoustic-phonetic approach [5][10] to speech recognition, developed by Hemdal and
Hughes, focuses on identifying and labeling distinct speech sounds using acoustic properties. It
assumes a fixed set of phonetic units defined by features like nasality, voicing, formant locations,
and frequency ratios. The method involves steps such as spectral analysis, feature detection,
segmentation, labeling, and applying linguistic constraints for word recognition. Despite its
structured design, this approach has not been successful for commercial use. Linguistic rules
help the system access the lexicon, improving word interpretation and understanding.

2.1.2 Pattern Recognition Approach

The pattern recognition approach, introduced by Itakura in 1975 and expanded by Rabiner and
Juang, has dominated speech recognition for the past six decades. It involves two main steps:
pattern training and pattern comparison. This method stands out due to its use of a mathematical
framework to create consistent speech pattern representations, enabling accurate comparisons.
These representations can be in the form of speech templates or statistical models and are applied
to recognize sounds, words, or phrases. During the comparison stage, the system matches new
speech input with trained patterns, allowing precise classification. The approach's strength lies in
its structured, mathematically rigorous analysis of speech data.

2.1.2.1 Template-Based Approach

The template-based approach stores a set of prototypical speech patterns as reference templates,
creating a dictionary for recognizing spoken words. An unknown utterance is matched against
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these templates to find the best match, thus determining the word category. Each word has a
dedicated reference template, which minimizes errors from smaller acoustic variations but
becomes inefficient as vocabulary size grows.

Watcher et al. addressed limitations of the Hidden Markov Model (HMM) [6], such as losing
time dependencies and over-generalization, by applying a template-based method with Dynamic
Time Warping (DTW) for continuous speech recognition. DTW does not require extensive
modeling or training but faces challenges from a large search space, and its performance is often
compared to HMM-based systems [6].

2.1.2.2 Stochastic Approach

The stochastic approach uses probabilistic models, like Hidden Markov Models (HMM) [6], to
manage uncertainty and variability in speech, such as confusable sounds, speaker differences,
and contextual influences. Compared to the template-based approach, HMM provides a more
flexible and mathematically robust framework. By incorporating probabilities, this method
effectively handles speech uncertainties, enhances the ability to differentiate similar sounds, and
adapts to diverse speaking styles, making it a reliable solution for automatic speech recognition
in varied conditions.

2.1.3 Knowledge-Based Approach

The knowledge-based approach to speech recognition mimics human analysis of speech,
utilizing acoustic features to identify and characterize spoken language. It integrates aspects of
both the acoustic-phonetic and pattern recognition methods, overcoming some of their
limitations related to error analysis and system improvement. Traditional systems use heuristic
rules based on linguistic knowledge and speech spectrogram observations to enhance
performance in input representation, speech unit definition, and algorithm design.

Samouelian introduced a data-driven method for continuous speech recognition (CSR), using
inductive inference to derive knowledge from a speech database, generating decision trees to
handle speaker variability. However, limited recognition performance was observed, partly due
to the small study sample size. Tripathy et al. improved this approach with a fuzzy inference
algorithm for classifying English vowels, achieving better results than conventional
Mel-Frequency Cepstral Coefficients (MFCC) analysis and highlighting the potential of
knowledge-based techniques in advancing speech recognition accuracy.

2.1.4 Connectionist Approach

The connectionist approach to speech recognition focuses on integrating knowledge from
multiple sources, using simple computing units interconnected in a network to simulate the
functioning of the nervous system. Rather than encoding knowledge as individual rules or
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probabilities, this method distributes it through the connections between units, representing
uncertainty as patterns of activity. The simplicity and uniformity of these models make them
well-suited for hardware implementation and efficient network simulation.

Connectionist models are seen as promising for cognitive tasks. For instance, Savage et al.
improved recognition rates by integrating an Artificial Neural Network (ANN) with Vector
Quantization (VQ), although the overall increase was modest. To reduce quantization errors in
traditional VQ and Hidden Markov Models (HMM) [6], Debyeche et al. developed a hybrid
Distributed Vector Quantization (DVQ) technique, with NN-DVQ showing significant error
reduction. Hatulan et al. applied an ANN/HMM method to the Filipino language, training
feed-forward ANNs whose outputs fed into an HMM, effectively predicting phoneme sequences
for speech-to-text conversion.

2.1.5 Support Vector Machines

Support Vector Machines (SVMs) are state-of-the-art classifiers commonly used in pattern
recognition, employing a discriminative approach that optimizes the margin between data
samples and the classifier’s decision boundary. SVMs are effective in both linear and nonlinear
data classification but require variable-length data to be converted into fixed-length vectors
before use.

SVMs are generalized linear classifiers that ensure better generalization through
maximum-margin fitting and control of Vapnik-Chervonenkis (VC) dimensions. This allows
them to operate effectively in high-dimensional spaces and handle complex nonlinear features
while keeping model complexity under control.

Sendra et al. developed an SVM-based continuous speech recognizer, using SVMs for
frame-level classification and a Token Passing algorithm—an adaptation of the Viterbi
algorithm—to recognize word sequences. Their results showed that SVMs improved recognition
accuracy on small databases but required considerable computational resources to maintain
accuracy on larger databases.

2.2 Approaches to Diarization

Data from domains like Broadcast News (BN), Meetings, and Conversational Telephone Speech
(CTS) vary in several ways, such as the quality of recordings, the presence of background noise,
the number of speakers, how long each speaker talks, and the style of their speech. [19] These
differences create unique challenges when it comes to indexing and processing speech data from
these domains. For example, indexing speech from BN might involve handling clearer audio but
more formal speech, while CTS may involve more casual speech with overlapping conversations
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and poorer audio quality. Although some methods can work across multiple domains, each one
still requires specialized approaches to deal with its particular challenges.

Audio stream

v

Pre-processing (acoustic beamforming, speech detection and ..)

v

Feature extraction and normalization

v

Speaker-based segmentation and change point detection

v

Change point refinement and re-segmentation

v

Speaker clustering/tracking

v

Cluster re-combination and change point refinement

v

Speech XML labeling and indexing

v

speaker based labels

Figure 1.2. A general speaker diarization framework.

Speaker diarization systems typically follow a structured approach with key steps. The process
often begins with detecting speech and non-speech segments or simply removing silence. In
some cases, such as multi-microphone (MDM) meetings, this step may be preceded by acoustic
beamforming, but that’s not always necessary. These initial tasks are part of a broader
preprocessing step.

Next comes feature extraction, a crucial stage in all speech and signal processing tasks. After
that, the speech stream is segmented whenever there is a speaker change. Sometimes, this is
followed by a refinement or re-segmentation step to improve the accuracy of those changes and
reduce false alarms.

Following segmentation, the speech segments are grouped based on speaker characteristics
through clustering. This clustering may be further refined to create more accurate speaker
groups, which can help minimize false detections. The process typically ends with the formation
of speaker clusters, though in some cases, it can continue with speaker labeling and indexing for
more detailed results.



Literature Survey

2.2.1 Preprocessing Approaches

The application of speaker diarization [20] in the meeting domain has led to the development of
methods for managing multiple microphones, which are often deployed in different locations
throughout a room. These microphones vary in type and quality, including wall-mounted
microphones for speaker localization, lapel microphones, desktop microphones, and microphone
arrays. The diversity in microphone setups necessitates new approaches for diarization systems
that can effectively handle multi-channel input.

Approaches to Multi-Channel Diarization

Various algorithms have been proposed to extend mono-channel diarization to multi-channel
environments. One approach involves performing speaker diarization independently on each
channel, followed by a merging algorithm that integrates the results. Another method focuses on
late-stage fusion, where diarization is performed on all channels, and only the one with the best
signal-to-noise ratio (SNR) is used. Additionally, techniques like pre-processing the acoustic
signals to merge them into a single channel before applying standard diarization algorithms have
been explored.

Beamforming in Multi-Channel Systems

Since the NIST RT‘05 evaluation, acoustic beamforming has become the most common
approach for multi-channel speaker diarization. Beamforming techniques are categorized into
two types: data-independent (fixed) and data-dependent (adaptive). Fixed beamforming
techniques, such as Delay-and-Sum (D&S), are simpler to implement but less effective at
reducing noise compared to adaptive techniques. Adaptive beamforming, like the Generalized
Sidelobe Canceller (GSC), offers better noise reduction but is more computationally intensive
and sensitive to errors.

Post-Processing and Refinement

Post-processing techniques are often applied after beamforming to further enhance the signal.
Approaches such as Wiener filtering have been used to improve signal quality by reducing noise.
In real-world applications, post-processing is essential for optimizing the output of multi-channel
diarization systems.

BeamformlIt Toolkit

The Beamformlt toolkit is a widely used, open-source software that applies an enhanced
delay-and-sum algorithm for acoustic beamforming. It allows for dynamic weighting of signal
channels based on SNR and includes additional algorithms for selecting the optimal reference
channel. Although more sophisticated beamforming methods exist, delay-and-sum remains the
most reliable when microphone locations and configurations are unknown.
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2.2.2 Feature Extraction and Normalization Approaches

Feature extraction plays a critical role in signal processing applications, significantly influencing
system performance. In speaker diarization, features are extracted from acoustic signals to
distinguish between different speakers in conversations. According to Kinnunen and Li (2010),
ideal features for speaker modeling and discrimination should exhibit high between-speaker
variability, low within-speaker variability, robustness against noise and distortion, frequent
occurrence in speech, ease of measurement, and a relatively low number of features.

Commonly Used Features

Mel-frequency cepstral coefficients (MFCCs) are the most widely used features in speaker
diarization systems. The order of MFCCs varies among different studies, with orders ranging
from 12 to 24 commonly used. Other features include short-time energy (STE), zero-crossing
rate (ZCR), pitch, spectrum magnitude, line spectrum pairs (LSPs), and perceptual linear
prediction (PLP) coefficients. Additionally, phoneme duration, speech rate, silence detection, and
prosodic features have also been explored for speaker diarization tasks.

Fusion of Features

A common approach in speaker diarization involves combining multiple features in parallel to
leverage their collective discrimination power. For instance, fusion techniques using MFCCs,
LSPs, and pitch features in a Bayesian Network [22] have demonstrated improved speaker
segmentation performance. Similarly, Yamaguchi et al. (2005) introduced new features such as
temporal stability of power spectra, spectral shape, and white noise similarities, which have been
shown to enhance speaker segmentation systems. [23] [24]

Long-Term vs. Short-Term Features

While short-term features like MFCCs are effective in many systems, they may not fully capture
the individual characteristics of speakers' voices or speaking behaviors. Research has
demonstrated that combining long-term features, such as pitch, energy, formants,
harmonics-to-noise ratio (HNR), and long-term average spectrum with short-term features,
improves speaker diarization results. Long-term features provide additional insights into speaker
behavior that short-term features may overlook.

Feature Normalization Techniques

Normalization techniques are essential for improving the performance of speaker diarization
systems. Methods like RASTA-filtered cepstra mean and variance normalization, cepstral mean
normalization (CMN), and feature warping are used to mitigate the impact of background noise
and other non-speaker-related factors. Feature warping, in particular, has proven to be highly
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effective in speaker verification tasks, [21] transforming the probability density function of
features into a Gaussian shape prior to modeling.

TDOA and Acoustic Features

In multi-microphone (MDM) meeting diarization scenarios, time delay of arrival (TDOA)
features are used for short-term speaker segmentation. TDOA features are often combined with
acoustic features, such as MFCCs, to provide better speaker identity information. Studies have
shown that integrating TDOA with spectral features improves the performance of diarization
systems. Despite challenges posed by noise and reverberation in distant microphones, the
combination of TDOA and acoustic features remains a standard approach in Rich Transcription
Evaluation projects.

In summary, feature extraction and normalization are key elements of speaker diarization
systems. Combining short-term and long-term features with techniques like TDOA significantly
enhances the system's ability to separate and identify speakers in multi-channel environments
accurately.

2.2.3 Speaker-Based Segmentation and Change Point Detection Approaches

Speech Activity Detection (SAD) or Voice Activity Detection (VAD) [7] is crucial in diarization
frameworks as it identifies speech regions in an audio stream, which other subtasks heavily rely
upon. Depending on the domain, non-speech regions may include silence, music, room noise, or
cross-talk. Several approaches have been proposed to improve the accuracy of SAD systems,
each with its advantages and limitations:

Common Approaches to SAD:

A. Gaussian Mixture Models (GMMs): These models classify speech/non-speech regions
based on labeled training data. [15] The simplest form includes only two models for
speech and non-speech, while more complex versions integrate various acoustic classes
like noise and music (Nguyen et al., 2002; Sun et al., 2010).

B. Feature-Based Models: SAD can also involve the detection of silence or commercials
by using energy constraints, phone recognizers, or word recognizers (Tranter et al.,
2004). For example, zero-crossing rate (ZCR) and short-time energy (STE) have been
applied in earlier approaches.

C. Hybrid Approaches: Some approaches combine model-based and unsupervised methods
to ensure robustness under different acoustic conditions. These systems often start with
energy-based detection and proceed to model-based detection, iteratively training
speech/non-speech models (Anguera et al., 2006; Huijbregts et al., 2007).
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D. Energy-Based Detection: Detecting speech by analyzing modulation energy or signal
autocorrelation works well unless the audio has high-energy non-speech regions, such as
loud background noise.

Challenges and Innovations:

A. Robustness to Acoustic Changes: Traditional model-based approaches rely on external
data, making them less adaptive to environmental shifts. Hybrid models, which blend
energy-based methods with HMM [6] or GMM techniques, aim to mitigate this
limitation.

B. Unsupervised Methods: Newer approaches propose robust unsupervised techniques that
require minimal training data. For example, derivative filters combined with finite state
machines (FSM) have been employed to label speech and non-speech regions.

C. Special Cases for Different Domains: The SAD approaches vary depending on the
domain, such as telephony, meetings, or broadcast news. For example, meeting audio
contains varied noise sources like coughing or laughing, which necessitate careful
segmentation to avoid misclassifying non-speech events as speech.

Example Systems:

A. ICSI-SRI SAD System: This system evolved from a model-based approach in 2005 to a
two-step algorithm in 2006, focusing first on energy-based segmentation and then using
HMM for realignment and training. [16] This method avoids the need for external

training data and relies on the assumption that non-speech in meetings is typically silence
(Anguera et al., 2006).

Figure 1.3. Structure of ICSI-SRI HMM-based speech/non-speech detector (Pfau and Ellis, 2001)

B. LIA Meeting Diarization System: LIA uses 12 linear frequency cepstral coefficients
(LFCCs) augmented with their derivatives as features in an iterative Viterbi decoding
process. This approach refines the speech/non-speech segmentation through state
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duration rules and achieves robust performance with minimal external data (Evans et al.,
2009).

Overall, SAD systems continue to evolve with hybrid methods and feature-rich approaches
aimed at balancing robustness, adaptability, and accuracy across different acoustic environments.

2.2.4 Speaker Segmentation Approaches

Speaker segmentation and clustering are essential for tasks like speaker diarization.
Segmentation methods include silence detection, energy-based, and model-based approaches,
with hybrid techniques combining these for better accuracy. Clustering groups segments by
speaker, evaluated using metrics like Average Cluster Purity (ACP). [14] Offline clustering
methods, like bottom-up and top-down, optimize segment grouping, while online clustering
handles real-time data. Hybrid and evolutionary HMM-based clustering combine multiple
techniques to improve performance, balancing accuracy and efficiency based on the application’s
needs.

2.3 Survey of Commercially Available ASR Services and Speaker Diarization Capabilities

2.3.1. Google Speech Recognition (speech_recognition module)

e Languages Supported: Supports multiple languages including English, Bengali,
Hindi, Spanish, French, German, Italian, and more, with varying degrees of
accuracy depending on the language.

e Features: The speech recognition module is a Python library that facilitates the
integration of the Google Speech-to-Text [9] API and other speech recognition
systems like Sphinx and Microsoft Bing Voice Recognition. It supports audio file
formats like WAV, AIFF, FLAC, and MP3, and provides features like real-time
transcription, background noise filtering, and automatic punctuation.

e Speaker Diarization: The module itself does not offer built-in speaker diarization,
but can be used in combination with other libraries like pyannote-audio or
services like Google Speech-to-Text API for speaker segmentation. It is best
suited for simple transcription tasks.

e Open-Source: Yes, the speech _recognition module is open-source.

2.3.2. Amazon Transcribe

Languages Supported: 37 languages.
Features: Custom vocabulary filtering, auto-punctuation, supports WAV, MP3,
FLAC, MP4 formats. Available in Java, Python, Node.js, Ruby, Go, PHP, NET.

e Speaker Diarization: Supports real-time and batch transcriptions (up to 4 hours).
In real-time transcription, speaker diarization is only available in "English-US"
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and can detect 2-5 speakers, with accuracy decreasing as the number of speakers
increases.
Open-Source: No, Amazon Transcribe is a paid service.

2.3.3. Rev.ai

Languages Supported: 31 languages.

Features: Automatic Speaker Recognition, punctuation, capitalization, speaker
diarization, timestamp generation. Supports various formats (WAV, MP3, OGG)
and files up to 5 GB. SDKs available in Java, Python, Node.js.

Speaker Diarization: Available as a default feature for recorded media files, and
can label all speakers in the media.

Open-Source: No, Rev.ai is a paid service.

2.3.4. IBM Watson Speech-to-Text

Languages Supported: 13 language variants.

Features: Pre-trained models, model training, fine-tuning, low-latency
transcription, interim transcription, smart formatting, speaker diarization, word
spotting, and filtering. SDKs available for Android, Go, Java, Node.js, Python,
Ruby, .NET, Swift, Unity.

Speaker Diarization: Available for telephony models with a limit of 6 speakers
for accurate performance. Performance drops when the number of speakers
exceeds six.

Open-Source: No, IBM Watson is a paid service.

2.3.5. pyannote-audio

Languages Supported: Primarily focused on English, but can be extended to
other languages with additional training data.

Features: pyannote-audio [12] is an open-source Python library for speaker
diarization and speech activity detection. It provides pre-trained models for
speaker segmentation, speaker embedding, and diarization, and supports
fine-tuning models on custom datasets.

Speaker Diarization: Offers robust diarization features like speaker segmentation
and clustering. It can detect speaker boundaries and assign speakers to different
segments. Ideal for offline tasks and research-based applications, and supports
formats such as WAV and MP3.

Open-Source: Yes, pyannote-audio is open-source. [13][18]
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Chapter 3
Datasets

Five distinct datasets were chosen across diverse conversation domains for this research work.
The selected datasets cover a broad range of topics, ensuring that the models are tested on
various linguistic styles, contexts, and semantic structures. Each dataset also integrates elements
like gender change and variations in person references, to ensure the models' robustness in
handling pronoun shifts and diverse sentence structures. Together, these datasets provide a
rigorous testing ground, evaluating the models’ effectiveness in understanding and transforming
sentences while maintaining meaning and adapting to gendered language and different personal
perspectives. Below is a detailed description of each dataset:

3.1 Casual Political Conversation Dataset

The audio file named Audiol.wav is 157 seconds long and features a conversation between two
speakers: one male and one female. The file is segmented into 14 parts for analysis. The English
content comprises 20 words and 144 characters, while the Bengali section is more extensive,
containing 317 words and 1968 characters. Additionally, the Hindi portion includes 33 words
and 322 characters. For translation purposes, the Bengali text is translated into 352 English
words, totaling 2003 characters, while the Hindi text is translated into 48 English words, with
333 characters.

A tabular description of the dataset.

Audio File Name Audiol.wav
Length (Sec) 157
No of Speaker 2
Male Speaker Count 1
Female Speaker Count 1
Total No of Segmentation 14
Total English Text Words 20
Total English Text Characters 144
Total Bengali Text Words 317
Total Bengali Text Characters 1968
Total Hindi Text Words 33
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Total Hindi Text Characters 322
Translated Bengali to English Words 352
Translated Bengali to English Characters 2003
Translated Hindi to English Words 48
Translated Hindi to English Characters 333

Table 3.1: Casual Political Conversation Dataset Summary

Speaker Start ‘ End split_audio_file_path| English_Text ‘ Bengali_Text Translated_BE Hindi_Text Translated_HE
Jcontent/drive/MyDr
ive/split_audio/segm
SPEAKER_01 0.0309688 1.04346875 ent_O.wav politics R IGICE:| politics uifafead Palitics
~ffeife e Tra Fsar =y
AT WWWTSI E )
g STeEa ST
TGS a8 ~(eBH
A% 7B STEF pPolitics, which means politics
AT A in Bengali, butin today's
Jeontent/drive/MyDr ] Cﬁ;@ﬁﬁ society, if these two words are
ive/split_audio/segm Wﬁﬁ{mm@m put side by side, there is no
SPEAKER 01 1.2290938 12.3159682 ent l.wav T similarity between them. uirafeas Politics
“ifafow a7 e =y
IR AGATS (S
“f&f6H T =MGFE The Bengali meaning of
o =taw Wi politics is of course politics,
ST AGAIS =T but there is a big difference
P (TN 9 between those who do politics
Jcontent/drive/MyDr UET ﬁ@ R EOSEEE] today and those who have
ive/split_audio/segm Helen Haven FEIE A0 (2 done politics, a lean heaven uifcifedd s aital politics sad Bangla
SPEAKER_01 13.260969 26.7103438 ent_2.wav difference =le fTwast difference. femdg Difference

Figure 3.1: Snapshot of Casual Political Conversation Dataset

3.2 Casual Educational Conversation Dataset

The audio file named Audio2.wav has a duration of 88 seconds and features a conversation
between two female speakers. The file is divided into 9 segments. It contains 10 English words
and 59 characters, while the Bengali text consists of 172 words and 1013 characters. The Hindi
segment includes 22 words and 161 characters. Upon translation, the Bengali content expands to
174 English words, amounting to 998 characters. Similarly, the Hindi text translates into 29

English words, totaling 173 characters.
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A tabular description of the dataset.

Datasets

Audio File Name Audio2.wav
Length (Sec) 88
No of Speaker 2
Male Speaker Count 0
Female Speaker Count 2
Total No of Segmentation 9
Total English Text Words 10
Total English Text Characters 59
Total Bengali Text Words 172
Total Bengali Text Characters 1013
Total Hindi Text Words 22
Total Hindi Text Characters 161
Translated Bengali to English Words 174
Translated Bengali to English Characters 998
Translated Hindi to English Words 29
Translated Hindi to English Characters 173

Table 3.2: Casual Educational Conversation Dataset Summary

Speaker Start End | split_audio_file_path | English_Text ‘ Bengali_Text Translated_BE | Hindi_Text Translated_HE
hello hello how are you iam
WWW"@WWW fine how are you i am also fine
SIS S ST (o= SR WIf¥8  today we will talk sbout the
[content/drive/MyDri CIGIES Wﬁm EIRE R WFY  importance of education do
ve/split_audiofsegme ST e e === i W s you think the role of education
SPEAKER_00 0.520344 14.93159 nt_O.wav TEI A v m FO0 \?Baﬁa‘j‘f is important in this day and age 3Tl el The camera today
[content/drive/MyDri
ve/split_audio/segme I1think education is just reading 2t 5 PR
SPEAKER_01 15.16784 18.34034 nt_l.wav oS W fF e oy 32 o books e Ami Mon Cori peak
It develops our mental skills
mwwmﬁwwmm Education broadens our
Jcontent/drive/MyDri o 1 Srne fS@IM=EIS TN thinking and knowledge and
ve/split_audio/segme 2ES A 3 Hfen fFa wrer helps us to master various
SPEAKER_01 18.42472 28.81972 nt_2.wav HI=E] RE subjects sl humanity
Rightly said especially in
today's digital age technology
%WWWW has become a part of education
%F@Bﬂ‘{m ﬂﬂ%ﬁ'&ﬂawﬁﬂm online now many things can be
[content/drive/MyDri GUHR SINAIe YN S(E T’?ﬁg T learned without going to school 3Tal & feforea Today's Digital
ve/split_audio/segme online account on mﬁmﬁﬁﬁﬁmmﬁmw or university we can acquire Teae fire Project Shikhar
SPEAKER_00 29.05597 43.16347 nt_3.wav kitchen AT TSl WG FA0e many skills HITATST HBIE  Online Account

With tha annnrtinite af anline

Figure 3.2: Snapshot of Casual Educational Conversation Dataset
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3.3 Casual Sports Conversation Dataset

The audio file named Audio3.wav is 123 seconds long and features two speakers: one male and
one female. It is divided into 17 segments. The English content consists of 54 words and 308
characters, while the Bengali text has 284 words and 1550 characters. The Hindi section includes
55 words and 464 characters. When translated, the Bengali text results in 315 English words,
totaling 1556 characters, and the Hindi text translates into 83 English words, amounting to 499
characters.

A tabular description of the dataset.

Audio File Name Audio3.wav
Length (Sec) 123
No of Speaker 2
Male Speaker Count 1
Female Speaker Count 1
Total No of Segmentation 17
Total English Text Words 54
Total English Text Characters 308
Total Bengali Text Words 284
Total Bengali Text Characters 1550
Total Hindi Text Words 55
Total Hindi Text Characters 464
Translated Bengali to English Words 315
Translated Bengali to English Characters 1556
Translated Hindi to English Words 83
Translated Hindi to English Characters 499

Table 3.3: Casual Political Sports Dataset Summary
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Speaker Start End | split_audio_file_path | English_Text Bengali_Text Translated_BE Hindi_Text Translated_HE

Jcontent/drive/MyDrive/
split_audio/segment_0.

SPEAKER_00 0.030969 0.537219 wav
[content/drive/MyDrive/ 24T {ZFTF5 @UFIG  Now t-20 is an addition
split_audio/segment_1. A3 (570 a7 AY AN t-  to cricket along with ODIs

SPEAKER_00 1.127844 6.831594 wav 20 JFBT HITAGH AT and Tests s e a8 T20 Akhand Cricket ODI T20
[eontent/drive/MyDrive/
split_audio/segment_2. So the account is Virat

SPEAKER 00 7.692219 10.00409 wav toathomewithout (T 44 (a6 7= S0 now be great at 2rprde v Afga Rohit.

fcontent/drive/MyDrive/
split_audio/segment_3.

SPEAKER 00 10.67909 11.18534 wav ﬁi what
Jcontent/drive/MyDrive/
split_audio/segment_4.
SPEAKER_00 11.75909 12.88972 wav Jada GRS Magic is what it is EEEI Jadeja
/cmntent/drive/lvly[]rive,"
split_audio/segment_5.
SPEAKER_00  13.17659 14.34097 wav 11 SHT (99 4 As they play g ST =d Diamond Jamun Game
[content/drive/MyDrive/
split_audiofsegment_6. play the piano IHF (51 A4 J0T Now they can see a
SPEAKER_00  14.62784 17.10847 wav teleport that has I=16 (T AT power
/content/drive/MyDrive/ REICI IECER e who remembers the old
split_audio/segment_7. ﬁ_ﬁsﬁ' 98 T SIS days when there were

Figure 3.3 Snapshot of Casual Political Sports Dataset

3.4 Casual Weather Conversation Dataset

The audio file named Audio4.wav has a duration of 116 seconds and features two speakers: one
male and one female. It is segmented into 20 parts. The English text consists of 47 words and
274 characters, while the Bengali section includes 240 words and 1414 characters. The Hindi
content comprises 29 words and 306 characters. The translation of the Bengali text yields 292
English words and 1435 characters, while the Hindi text translates into 40 English words,

totaling 260 characters.

A tabular description of the dataset.

Audio File Name Audio4.wav
Length (Sec) 116

No of Speaker 2

Male Speaker Count 1

Female Speaker Count 1

Total No of Segmentation 20

Total English Text Words 47

Total English Text Characters 274
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Total Bengali Text Words 240
Total Bengali Text Characters 1414
Total Hindi Text Words 29
Total Hindi Text Characters 306
Translated Bengali to English Words 292
Translated Bengali to English Characters 1435
Translated Hindi to English Words 40
Translated Hindi to English Characters 260

Table 3.4: Casual Weather Coversation Dataset Summary

Speaker ‘ Start ‘ End split_audio_file_pa English_Text Bengali_Text Translated_BE Hindi_Text Translated_HE
th
SREET (Rl ITSI6]
AT (Y~
Jeontent/drive/My b [ A ) [ Nﬁﬁ
Drive/split_audiofs itwas really aﬂ?’:ﬁw MERSCH
SPEAKER_00 0.030969 0.047844 egment_0.wav interested El aﬂ%mﬁ HOH In this year's case, the T2 aETSe Standard Account
Jcontent/drive/My r
Drive/split_audio/s
SPEAKER_00 0.182844 6.409719 egment_l.wav 1002 STET6T ﬁ% B The cold is gone. Eal To
Jcontent/drive/My == ST T wIg
Drive/split_audio/s Kiki Evolution WTC;iﬁ ATHT STS1
SPEAKER_00 6.831554 8.114094 egment_2.wav calculator (%1 99 A9 What has not come in 431 431 cool cool
Jcontent/drive/My
Drive/split_audio/s
SPEAKER 01  8.839719 14.03722 egment_3.wav statistical AL TTA hot enough wfeafeay Statistics
Jeontent/drive/My g aME WRE
Drive/split_audio/s Wﬁ@ﬁfﬁq‘l—d
SPEAKER_01 14.38097 16.28159 egment_4.wav (It But meanwhile again Q’a?'-ﬂé airport
IR ERIE R ET e
T HIH AT
TRET CHH STICT
F® 79 =ofga
T (3 AR S

Figure 3.4 : Snapshot of Casual Weather Dataset

3.5 Casual Innovation Dataset

The audio file named Audio5.wav is 78 seconds long and features two female speakers. It is
segmented into 11 parts. The file does not contain any English words or characters. The Bengali
content comprises 143 words and 833 characters, while the Hindi section includes 14 words and
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112 characters. When translated, the Bengali text yields 140 English words and 793 characters,

and the Hindi text translates into 18 English words, retaining 112 characters.

A tabular description of the dataset.

Audio File Name Audio5.wav
Length (Sec) 78
No of Speaker 2
Male Speaker Count 0
Female Speaker Count 2
Total No of Segmentation 11
Total English Text Words 0
Total English Text Characters 0
Total Bengali Text Words 143
Total Bengali Text Characters 833
Total Hindi Text Words 14
Total Hindi Text Characters 112
Translated Bengali to English Words 140
Translated Bengali to English Characters 793
Translated Hindi to English Words 18
Translated Hindi to English Characters 112

Table 3.5: Casual Innovation Conversation Dataset Summary
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Speaker Start | split_audio_file_path | English_Text ‘ Bengali_Text Translated_BE Hindi_Text Translated_HE
Jcontent/drive/MyDriv
efsplit_audio/segmen
SPEAKER_00  0.992844 1.667844 t O.wav BREIE hello
[fcontent/drive/MyDriv
efsplit_audio/segmen
SPEAKER_00 3.203469 4.047219 t_l.wav WHEE hello
[content/drive/MyDriv
efsplit_audio/segmen
SPEAKER_00  4.266594 5.493469 t_2 wav = (N e how are you 2T I AT Dancing your chores
Jcontent/drive/MyDriv
efsplit_audio/segmen Wﬁwmmﬂﬁ
SPEAKER_00  5.937219 8.198469 t 3.wav (P RN i am fine how are you
Jcontent/drive/MyDriv
efsplit_audio/segmen
SPEAKER_ 01  8.502219 9.683469 t_d.wav I SIS =fE i am fine 7t vl g We speara
iR e R BT Today we will talk
A T TR = about innovation how
Jcontent/drive/MyDriv & ww sEw TEEN do you think
[ v T e oL o _se_ a4 3T srTTIrER e a

Figure 3.5: Snapshot of Casual Innovation Dataset
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Chapter 4
Experiments and Results

In this study, we conducted experiments on five distinct datasets: Casual Political Conversation
dataset, Casual Educational Conversation Dataset, Casual Sports Conversation Dataset, Casual
Educational Weather Dataset, and Casual innovation Conversation Dataset to extract various
cause-and-effect events.

4.1 Diarization Error Rate

The Diarization Error Rate (DER) is a widely used evaluation metric in the field of speaker
diarization, which is the process of segmenting and labeling audio based on the different
speakers present. This metric plays a crucial role in assessing the performance of diarization
systems, particularly in tasks like speech recognition, transcription, and audio analysis for
various applications such as meeting recordings, broadcast news, and call center analytics.

Definition and Components

The Diarization Error Rate (DER) quantifies the errors made by a diarization system by
comparing the system's output with a ground truth reference. DER is expressed as a percentage
and encompasses three main types of errors:

1. Missed Speech: This refers to segments where speech was present in the ground truth but
was not detected by the diarization system. Such errors occur when the system fails to
recognize a speaker's presence, often due to low volume, background noise, or
overlapping speech.

2. False Alarm: These are segments where the diarization system falsely identifies speech
in parts of the audio where no speech exists. False alarms can result from background
noises or environmental sounds being mistakenly labeled as speech.

3. Speaker Confusion: This occurs when the diarization system correctly detects speech
but attributes it to the wrong speaker. Speaker confusion errors are critical as they directly
impact the system’s ability to separate and label speakers accurately, which is essential
for understanding conversational dynamics.

Mathematical Formula
The Diarization Error Rate is mathematically defined as:

Total Time of Errors
DER — 100
Total Time of Speech 8

...... Formula 1
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Where:

e Total Time of Errors is the sum of the durations of missed speech, false alarms, and
speaker confusion errors.

o Total Time of Speech refers to the total duration of all speech present in the ground
truth.

Expressing DER as a percentage helps standardize the metric, making it easier to compare
performance across different systems and datasets.

Detailed Breakdown of DER Components

Missed speech in speaker diarization occurs when the system fails to detect parts of the
conversation, often due to factors like poor audio quality, high levels of background noise, or
overlapping speech. When one speaker's voice is masked by another's, the system may miss
crucial segments of the conversation. This leads to incomplete transcriptions or analyses,
impacting the overall recall rate of the system, as significant portions of speech are unaccounted
for.

False alarms are another common issue, where non-speech sounds such as ambient noise, music,
or environmental sounds are incorrectly recognized as speech. These errors degrade the system's
precision, as they introduce incorrect information into the output. False alarms can clutter the
transcription or speaker labels with irrelevant data, leading to confusion and a reduction in the
overall accuracy of the diarization system.

Speaker confusion happens when the system incorrectly assigns speech to the wrong speaker,
which is particularly challenging in settings with multiple speakers or voices that are acoustically
similar. This issue is critical for applications like meeting transcriptions or conversational
analysis, where accurately attributing statements to the correct speaker is essential.
Misattributions can lead to significant misunderstandings, making it a key area for improvement
in diarization systems.

Practical Implications of DER

A low Diarization Error Rate (DER) indicates a highly accurate speaker diarization system, with
fewer errors in segmenting and labeling speakers. A high DER suggests difficulties in proper
speaker separation, which can affect applications like meeting minutes generation, speech-to-text
conversion, or voice-based interfaces. DER is a crucial metric that includes missed speech, false
alarms, and speaker confusion, offering a comprehensive view of system performance. Despite
technological advancements, achieving a consistently low DER remains challenging, especially
in noisy environments, though ongoing research continues to improve system accuracy.
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Ground Truth in Audio Diarization

In the context of audio diarization, ground truth refers to the accurate, human-annotated
reference data that defines the true segmentation and speaker labels of an audio recording. It is
essentially the benchmark against which the performance of a diarization system is evaluated.
The ground truth specifies who is speaking and when with precise start and end times for each
speaker's segment.

Components of Ground Truth for Audio Diarization

1. Speaker Segments: The audio is divided into segments, each attributed to a specific
speaker. The start and end times for each segment are precisely marked, indicating when
each speaker begins and stops talking.

2. Speaker Labels: Each segment is labeled with an identifier corresponding to the actual
speaker. For example, in a meeting recording, labels might indicate Speaker A, Speaker
B, etc., or use the speakers’ names if known.

Ground truth data is essential for the development and refinement of diarization systems, as it
ensures that the systems are tested and improved against a reliable and accurate reference.

4.1.1 DER on Casual Political Conversation Dataset

Ground Truth

Speaker Start End
SPEAKER 00 0.283 89.034
SPEAKER 01 90.844 156.235

Table 4.1: Ground Truth of Casual Political Conversation Dataset

Comparing Table 4.2 with Figure 3.1, Calculating Flase Alarm, Miss and Speaker Error

False Alarm
Ground truth Pyannote value False Alarm Duration
0.283 0.03096875 0.25203125
90.844 90.80159375 0.04240625
Total False Alarm Duration 0.2944375

Table 4.2: False Alarm of Casual Political Conversation Dataset
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Miss
Ground truth Pyannote value False Alarm Duration
89.034 89.02971875 0.00428125
156.235 156.2259688 0.00903125
Total Miss Duration 0.0133125

Table 4.3: Miss of Casual Political Conversation Dataset

Speaker Error

Total Speaker Error Duration 0

Table 4.4: Speaker Error of Casual Political Conversation Dataset

Using Formula 1 on the result derived from Table 4.2, Table 4.2, Table 4.4, Diarization Error
Rate (%)

=0.196019108 %

4.1.2 DER % on Casual Educational Conversation Dataset

Ground Truth

Speaker Start End
SPEAKER 00 0.519 1.193
SPEAKER 01 1.157 2.269
SPEAKER 00 2.612 3.571
SPEAKER 01 3.648 5.892
SPEAKER 00 5.923 14.931
SPEAKER 01 15.189 28.698
SPEAKER 00 29.085 43.034
SPEAKER 01 43.349 55.923
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SPEAKER 00 56.392 70.308
SPEAKER 01 70.742 79.286
SPEAKER 00 79.672 87.404

Table 4.5: Ground Truth of Casual Educational Conversation Dataset

Comparing Table 4.5 with Figure 3.2, Calculating Flase Alarm, Miss and Speaker Error

False Alarm

Ground truth Pyannote value False Alarm Duration
14.93159375 14.931 0.00059375
15.189 15.16784375 0.02115625
28.81971875 28.698 0.12171875
43.16346875 43.034 0.12946875
55.93784375 55.923 0.01484375
79.34346875 79.286 0.05746875
79.672 79.63034375 0.04165625
87.46034375 87.404 0.05634375
Total False Alarm Duration 0.44325

Table 4.6: False Alarm of Casual Educational Conversation Dataset

Miss
Ground truth Pyannote value False Alarm Duration
0.52034375 0.519 0.00134375
29.085 29.05596875 0.02903125
43.34909375 43.349 9.375E-05
56.46096875 56.392 0.06896875

Total Miss Duration 0.0994375

Table 4.7: Miss of Casual Educational Conversation Dataset
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Speaker Error

Ending Timeline

Starting Timeline

Speaker Error Duration

2.269 1.157 1.112

5.892 3.648 2.244

79.286 70.742 8.544
Total Speaker Error Duration 11.9

Table 4.8: Speaker Error of Casual Educational Conversation Dataset

Using Formula 1 on the result derived from Table 4.6, Table 4.7, Table 4.8, Diarization Error

Rate (%)

=14.139418%

4.1.3 DER on Casual Sports Conversation Dataset

Ground Truth

Speaker Start Time End Time
SPEAKER 00 0.097 22.443
SPEAKER 01 23.395 59.827
SPEAKER 00 61.128 104.116
SPEAKER 01 104.127 122.25

Table 4.9: Ground Truth of Casual Sports Conversation Dataset

Comparing Table 4.9 with Figure 3.3, Calculating Flase Alarm, Miss and Speaker Error

False Alarm

Ground truth Pyannote value False Alarm Duration
0.097 0.03096875 0.06603125
23.395 23.33534375 0.05965625
61.128 61.10159375 0.02640625
Total False Alarm 0.15209375

27

Table 4.10: False Alarm of Casual Sports Conversation Dataset




Experiments and Results

Miss
Ground truth Pyannote value False Alarm Duration
22.443 22.44096875 0.00203125
59.827 59.80221875 0.02478125
Total Miss Duration 0.0268125

Table 4.11: Miss of Casual Sports Conversation Dataset

Speaker Error

Ending Timeline Starting Timeline Speaker Error Duration
104.127 101.0953438 3.0316562
Total Speaker Error Duration 3.0316562

Table 4.12: Speaker Error of Casual Sports Conversation Dataset

Using Formula 1 on the result derived from Table 4.10, Table 4.11, Table 4.12, Diarization
Error Rate (%)

=2.610213374%

4.1.4 DER % on Casual Weather Conversation Dataset

Ground Truth

Speaker Start End
SPEAKER 00 0.288 9.227
SPEAKER 01 9.257 16.282
SPEAKER 00 16.51 54.738
SPEAKER 01 55.319 73.922
SPEAKER 00 75.12 97.053
SPEAKER 01 97.596 114.36

Table 4.13: Ground Truth of Casual Sports Conversation Dataset

Comparing Table 4.13 with Figure 3.4, Calculating Flase Alarm, Miss and Speaker Error

False Alarm
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Ground truth Pyannote value False Alarm Duration
0.288 0.03097 0.25703
9.257 8.83972 0.41728
16.51 16.4672 0.04278
54.73971875 54.738 0.00172
55.319 55.2797 0.03928
75.12 75.1078 0.01216
Total False Alarm 0.77025
Table 4.14: False Alarm of Casual Sports Conversation Dataset
Miss
Ground truth Pyannote value False Alarm Duration
9.227 8.11409 1.11291
16.282 16.2816 0.00041
73.922 73.8591 0.06291
97.053 97.0285 0.02453
97.61909375 97.596 0.02309
114.36 106.664 7.69591
Total Miss Duration 8.91975

Table 4.15: Miss of Casual Sports Conversation Dataset

Speaker Error

Total Speaker Error Duration

Table 4.16: Speaker Error of Casual Sports Conversation Dataset

Using Formula 1 on the result derived from Table 4.14, Table 4.15, Table 4.16, Diarization
Error Rate (%)

=8.91975%
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4.1.5 DER % on Casual Innovation Conversation Dataset

Experiments and Results

Ground Truth

Speaker Start End
SPEAKER 00 0.984 1.598
SPEAKER 01 3.26 5472
SPEAKER 00 6.008 8.246
SPEAKER 01 8.577 17.343
SPEAKER 00 17.818 33.488
SPEAKER 01 33.881 47.734
SPEAKER 00 48.212 60.565
SPEAKER 01 61.276 74.176
SPEAKER 00 74.69 78.144

Table 4.17: Ground Truth Casual Sports Innovation Dataset

Comparing Table 4.17 with Figure 3.5, Calculating Flase Alarm, Miss and Speaker Error

False Alarm

Ground truth Pyannote value False Alarm Duration
8.577 8.50221875 0.074781
17.818 17.69909375 0.118906
33.56159375 33.488 0.073594
33.881 33.78096875 0.100031
61.276 61.23659375 0.039406
74.176 74.14596875 0.030031
74.69 74.66909375 0.020906
78.17909375 78.144 0.035094
Total False Alarm 0.49275

Table 4.18: False Alarm of Casual Sports Innovation Dataset
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Miss
Ground truth Pyannote value False Alarm Duration
0.99284375 0.984 0.008844
8.246 8.19846875 0.047531
17.343 17.32784375 0.015156
60.565 60.56159375 0.003406
Total Miss Duration 0.074937

Table 4.19: Miss of Casual Sports Innovation Dataset

Speaker Error

Ending Timeline

Starting Timeline

Speaker Error Duration

5.472 3.26 2212

60.565 48.212 12.353

78.144 74.69 3.454
Total Speaker Error Duration 18.019

Table 4.20: Speaker Error of Casual Sports Innovation Dataset

Using Formula 1 on the result derived from Table 4.18, Table 4.19, Table 4.20, Diarization

Error Rate (%)

= 23.82908654%

4.2 Word Error Rate (WER)

Total Words

Error Words

Word Error Rate %

317

8

2.52365930599

Table 4.21: Word Error Rate Calculated on Casual Political Conversation Dataset
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Total Words

Error Words

Word Error Rate %

172

5

2.90697674419

Table 4.22: Word Error Rate Calculated on Casual Educational Conversation Dataset

Total Words

Error Words

Word Error Rate %

284

17

5.98591549296

Table 4.23: Word Error Rate Calculated on Casual Sports Conversation Dataset

Total Words

Error Words

Word Error Rate %

246

12

4.87804878049

Table 4.24: Word Error Rate Calculated on Casual Weather Innovation Dataset

Total Words

Error Words

Word Error Rate %

143

2

1.3986013986

Table 4.25: Word Error Rate Calculated on Casual Innovation Conversation Dataset

Gattering all findings from Table 3.1, Table 3.2, Table 3.3, Table 3.4, Table 3.4, Table 3.5, Table
4.21, Table 4.22, Table 4.23, Table 4.24, Table 4.25, constructing in a table.

Audio File Name Audiol.wav | Audio2.wav | Audio3.wav | Audio4.wav Audio5.wav
Length (Sec) 157 88 123 116 78

No of Speaker 2 2 2 2 2

Male Speaker Count | 1 0 1 1 0

Female Speaker 1 2 1 1 2

Count

Total No of 14 9 17 20 11
Segmentation

Total English Text 20 10 54 47 0

Words
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Total English Text 144 59 308 274 0
Characters

Total Bengali Text 317 172 284 240 143
Words

Total Bengali Text 1968 1013 1550 1414 833
Characters

Total Hindi Text 33 22 55 29 14
Words

Total Hindi Text 322 161 464 306 112
Characters

Translated Bengali | 352 174 315 292 140

to English Words

Translated Bengali 2003 998 1556 1435 793

to English

Characters

Translated Hindi to | 48 29 83 40 18
English Words

Translated Hindi to | 333 173 499 260 112
English Characters

False Alarm 0.2944375 0.44325 0.1520937 0.77025 0.49275
Miss Duration 0.0133125 0.0994375 0.0268125 8.91975 0.074937
Speaker Error 0 11.9 3.0316562 0 18.019
DER % 0.196019 14.139418 2.6102133 8.91975 23.829086
WER % 2.523659 2.9069767 5.9859154 4.87804878 1.3986013

Table 4.26 : Findings on 5 Multilingual Datase

4.3 Result Analysis:

In the conducted experiments, several critical observations emerged regarding factors that influence
Diarization Error Rate (DER) and Word Error Rate (WER) in speech recognition systems. One of the
most impactful factors was the occurrence of false alarms, where the system incorrectly identifies
non-speech segments as speech. As false alarms increase, DER rises proportionally, as these erroneous
segments skew the diarization output and reduce the accuracy of speaker tracking. Similarly, missed
durations, where actual speech segments are overlooked, contribute to a higher DER by leaving parts of
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the audio unaccounted for, resulting in an incomplete representation of the spoken content. Additionally,
speaker errors misidentifications that result in speech segments being assigned to the wrong speaker add
to DER, as they prevent the system from accurately mapping speaker changes throughout the audio
stream.

The presence of same-gender speakers presented a notable challenge as well, as interactions between
speakers with similar vocal characteristics increased DER. Differentiating between same-gender speakers
proved complex for the system, leading to frequent misidentifications. Voice overlapping further
exacerbated this issue, significantly elevating both DER and WER. Overlapping speech, where multiple
people speak simultaneously, is inherently difficult for diarization systems to handle, as it requires
segmenting and attributing speech amid layers of interwoven voices. Finally, noise within the channel,
such as background interference or audio distortions, was found to increase both DER and WER by
making it difficult for the system to isolate and process speech segments accurately.

These findings highlight the need for careful management of factors such as false alarms, missed
durations, speaker errors, same-gender speaker interactions, voice overlaps, and channel noise to improve
the precision of DER and WER in speech recognition systems. Addressing these elements can
significantly enhance the overall performance, leading to more reliable speaker and word identification.
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Chapter 5
Conclusions

In this thesis, we aim to explore the nuances of audio transcription across diverse variables,
including multi-gender voices, varying recording durations, and channel conditions. Through a
series of experiments, we analyze factors affecting the effectiveness and accuracy of audio
diarization and automatic speech recognition (ASR). The findings provide insights into how
audio characteristics, speaker variations, and technical configurations impact transcription
quality.

5.1. Conclusion of the Present Work
5.1.1. Impact of Audio Length on Processing Time

As the duration of audio increases, the processing time for transcription and diarization also
rises. This is primarily due to the increased computational demand required to analyze a longer
audio segment, as each additional second demands additional processing for speech-to-text
conversion, speaker identification, and segmentation. Efficient handling of extended audio
lengths often requires optimized algorithms or processing resources to maintain performance and
accuracy without significant time delays.

5.1.2. Gender Variability in Diarization Accuracy

Experiments indicate that diarization accuracy is notably higher when differentiating between
male and female voices, compared to cases with two speakers of the same gender. This is
because distinct vocal characteristics between genders make it easier for the diarization model to
segregate speakers accurately. Voice pitch, tone, and timbre differences between male and female
speakers assist in reducing the Diarization Error Rate (DER). However, when both speakers
share similar vocal profiles (such as two males or two females), the model struggles more,
resulting in a higher DER.

5.1.3. False Alarm Impact on Diarization Error Rate (DER)

False alarms in diarization occur when non-speech sounds or background noise are misclassified
as speech from a speaker. An increase in false alarm rates directly elevates the DER. This
happens because the algorithm inaccurately attributes speech to a speaker where there is none,
leading to erroneous speaker boundaries and reducing overall accuracy. Techniques like
enhanced noise filtering or silence detection can help in mitigating false alarms and improving
DER.
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5.1.4. Miss Duration and Its Effect on DER

Miss duration is defined as segments of audio containing speech that are unaccounted for by the
diarization algorithm. An increase in miss duration leads to a rise in DER, as missed speech
segments disrupt the continuity of speaker identification, causing the model to lose context. This
misattribution or omission lowers the reliability of diarization, especially in environments with
intermittent speech or varying vocal intensities.

5.1.5. Speaker Error and Diarization Error Rate (DER)

Speaker errors occur when the diarization model confuses one speaker for another, misassigning
segments of speech. An increase in speaker errors directly impacts DER, as it implies that the
model is failing to correctly distinguish between different speakers. This may be due to
overlapping speech, similar vocal tones, or model limitations in detecting distinct speaker
features.

5.1.6. ASR and Sentence Transformer Model Selection

The overall performance of the transcription application depends significantly on the quality of
both the diarization and ASR models. The accuracy of ASR in particular is crucial, as it directly
influences the word error rate (WER) and speaker-wise WER. Selecting a robust sentence
transformer model that accurately captures the context and nuances of the spoken language is
equally important, as it enhances the model’s ability to differentiate subtle variations in dialogue.

5.1.7. Impact of Miss Duration on Word Error Rate (WER)

When miss duration increases, there is a direct effect on the speaker-wise WER, as speech
segments are left unprocessed by the ASR model. Each missed word or phrase decreases the
accuracy of the transcription output, leading to incomplete or inaccurate sentence structures.
Reducing miss duration through optimized diarization helps minimize this impact and improve
overall transcription quality.

5.1.8. False Alarm and Speaker Error Influence on Speaker-wise WER

Higher false alarm rates and speaker errors negatively impact speaker-wise WER, as these
factors lead to inaccuracies in recognizing which words were spoken by which speaker. This is
particularly detrimental in multi-speaker scenarios, as it introduces ambiguity in attributing
words to the correct speaker, leading to potential misunderstandings in the transcription output.

5.1.9. Effect of Noise on Performance

Background noise introduces additional challenges for both diarization and ASR models. Noise,
particularly in the form of environmental sounds or speech from unintended sources, can
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interfere with speech clarity and accuracy, leading to elevated DER and WER. Implementing
noise reduction techniques or using high-quality audio recording equipment can help mitigate
these issues and improve transcription accuracy.

5.1.10. Audio Overlapping and Performance

Overlapping speech, where two speakers talk simultaneously, complicates both diarization and
ASR processes. Overlapping speech often leads to erroneous speaker segmentation and lowers
the reliability of the ASR output, as the model may fail to accurately transcribe words spoken by
both individuals. Models capable of handling multi-speaker overlap are more effective in these
cases, though such capabilities are still an area of active research and development.

5.1.11. Multi-Channel Audio and Channel Quality

In scenarios where multiple channels are used, such as multi-microphone setups, the quality of
each audio channel significantly impacts transcription performance. Poor-quality recordings on
one or more channels can distort the overall clarity of the audio, affecting both diarization and
ASR results. Ensuring each channel provides clear and distinct audio can improve model
performance by minimizing potential sources of error.

This study underscores the intricate relationship between audio properties, model selection, and
transcription accuracy. Optimal performance in multi-speaker transcription relies on careful
attention to diarization quality, ASR capabilities, and the handling of overlapping speech and
noise. By adjusting model parameters and improving recording conditions, the DER and WER
can be reduced, leading to more reliable and accurate transcriptions for multi-speaker audio.
Future work may focus on enhancing model robustness to better handle complex audio
environments, such as highly overlapping or noisy speech, and further refine ASR and
diarization methodologies for improved performance in diverse use cases.

5.2. Scope of the Future Work

This thesis has highlighted numerous challenges and findings in multi-speaker audio
transcription, particularly in diarization and ASR performance. Building upon these insights,
there are several promising directions for future research and development that could further
improve the accuracy, robustness, and efficiency of multi-speaker transcription systems. Below
are key areas for potential future work:

5.2.1. Advanced Diarization Models with Improved Speaker Discrimination

Current diarization models show limitations, especially in differentiating speakers of similar
vocal profiles and handling overlapping speech. Future work could explore advanced deep
learning techniques, such as end-to-end neural diarization models, which combine speaker
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segmentation and recognition in a unified model. Improved speaker embeddings and clustering
methods could also enhance model accuracy, particularly in environments with multiple speakers
of the same gender.

5.2.2. Real-Time Transcription and Diarization Solutions

Real-time transcription is increasingly important for applications like live captioning, virtual
meetings, and customer service. Developing optimized, low-latency diarization and ASR models
would enable real-time processing without compromising accuracy. Leveraging GPU
acceleration, model pruning, and streaming ASR methods could improve processing speed,
making transcription solutions feasible for real-time applications with multiple speakers.

5.2.3. Enhancement of Overlapping Speech Handling

Speech overlap [11] is one of the major challenges in multi-speaker transcription. Future
research could focus on models specifically designed to handle overlapping speech by separating
speakers on a more granular, frame-by-frame basis. Speaker separation techniques, which
involve isolating individual voices within overlapping segments, could work in tandem with
diarization to yield cleaner, more accurate transcriptions in multi-speaker scenarios.

5.2.4. Noise Robustness and Environmental Adaptation

Background noise and environmental factors significantly impact transcription quality. Future
work could investigate noise-robust diarization and ASR models that leverage techniques such as
noise suppression, acoustic scene analysis, [26] and adaptive noise models. Moreover, designing
models that can automatically adjust to different environments would enhance the robustness of
transcription in dynamic settings. [27]

5.2.5. Multi-Lingual and Code-Switching Capabilities

In many real-world scenarios, speakers may switch between languages or use phrases from
different languages (code-switching). Future transcription models that can handle multi-lingual
input and code-switching would expand the applicability of diarization and ASR systems.
Research into language-agnostic speaker embeddings and training ASR models on multi-lingual
datasets would be instrumental for these advancements.

5.2.6. Enhanced ASR Models with Contextual and Semantic Understanding

ASR models can benefit from better contextual and semantic understanding to reduce Word
Error Rate (WER), particularly in multi-speaker environments. Incorporating sentence
transformers and language models like BERT or GPT could improve the model’s ability to
understand the context, thus leading to more accurate transcriptions. Developing hybrid models
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that combine ASR with natural language processing (NLP) capabilities may help in
understanding nuanced language usage and correcting ASR errors based on context.

5.2.7. Exploring Multi-Channel and Spatial Audio Processing

For settings where multiple microphones or spatial audio recordings are used, integrating spatial
information (such as sound source localization) could enhance diarization and speaker separation
accuracy. Future work could explore spatial audio processing techniques to better segment
speakers based on location, improving diarization performance [25] in settings like conference
rooms, panel discussions, and surveillance.

5.2.8. Improvement of DER Metrics and Evaluation Methods

The current metrics, such as Diarization Error Rate (DER) and Word Error Rate (WER), do not
always capture the full quality of multi-speaker transcription. Research into more comprehensive
evaluation metrics that better reflect the quality of both diarization and ASR results would be
valuable. Metrics that account for overlapping speech accuracy, speaker-wise segmentation, and
error propagation between diarization and ASR could provide a more nuanced assessment of
transcription quality.

5.2.9. Personalization and Adaptation for Speaker-Specific Characteristics

Personalization of transcription models based on specific speaker characteristics (such as dialect,
speaking style, or vocal timbre) could further improve accuracy. Speaker-adaptive ASR and
diarization models that learn speaker-specific nuances over time would be beneficial, especially
for applications where speakers are known or frequently recurring (such as meetings or call
centers).

5.2.10. Ethical Considerations and Privacy-Preserving Transcription

As multi-speaker transcription technologies become more powerful, privacy concerns and ethical
considerations gain prominence. Future research could explore privacy-preserving diarization
and ASR approaches that allow for speaker identification and transcription while safeguarding
speaker anonymity and respecting privacy laws. Techniques such as federated learning and
differential privacy may enable model improvements without compromising user data privacy.
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5.2.11. User Feedback Integration for Continuous Model Improvement

Enabling models to learn and improve over time based on user feedback could refine
transcription accuracy. For instance, users could correct misattributions or transcription errors,
providing feedback that models could learn from in future sessions. Research into interactive or
feedback-driven ASR and diarization systems could lead to models that continually improve and
adapt based on specific use cases and user preferences.

Future work on multi-speaker transcription systems has the potential to address current
limitations in diarization and ASR accuracy, processing speed, and adaptability to complex audio
environments. By incorporating advanced modeling techniques, real-time capabilities,
multi-lingual support, and ethical considerations, next-generation transcription systems could
become more versatile, accurate, and widely applicable across various industries and use cases.
These improvements would ultimately contribute to more reliable, context-aware, and
user-centric multi-speaker transcription solutions.
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