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ABSTRACT 

 
This paper presents an end-to-end deep learning-based system for 
multi-speaker audio transcription and speaker diarization. The 
proposed system addresses the challenge of identifying "who 
spoke when" in real-world multi-speaker conversations, where 
traditional transcription systems fail to distinguish between 
speakers. The system integrates advanced AI models including 
OpenAI’s Whisper for automatic speech recognition and ECAPA- 
TDNN for extracting speaker embeddings. The extracted 
embeddings are clustered using agglomerative clustering to group 
similar voice segments, followed by cosine similarity-based 
matching for speaker identification.Unlike traditional approaches 
based on MFCC and Gaussian Mixture Models, the proposed 
method leverages modern deep learning techniques to improve 
accuracy and robustness in noisy and overlapping speech 
conditions. The system also provides visual representations such 
as speaker timelines and embedding cluster plots for better 
interpretability. Experimental results demonstrate that the 
proposed system effectively performs speaker diarization and 
transcription, making it suitable for applications such as meetings, 
interviews, and conversational analysis. 
Multi-Speaker Transcription, Speaker Diarization, Whisper, 
ECAPA-TDNN, Speaker Embeddings, Agglomerative Clustering, 
Deep Learning, Speech Processing. [KEYWORDS] 

 

 

1. INTRODUCTION 

 
Recent advancements in artificial intelligence and speech 
processing have significantly enhanced the ability to analyze, 
interpret, and extract meaningful information from audio data. 
Speech recognition systems are widely used in applications such 
as virtual assistants, automated transcription services, call center 
analytics, and multimedia processing. However, most 
conventional systems focus only on converting speech into text 
and fail to distinguish between multiple speakers present in a 
conversation. In real-world scenarios such as meetings, interviews, 
and panel discussions, conversations typically involve multiple 
speakers, making it essential not only to transcribe speech but also 
to 

identify “who spoke when.” This requirement leads to the concept 
of speaker diarization, which involves segmenting an audio stream 
into speaker-specific regions and assigning appropriate labels to 
each segment.Despite its importance, speaker diarization remains 
a challenging problem due to variations in speaker characteristics 
such as pitch, tone, accent, and speaking speed, along with 
external factors like background noise, overlapping speech, and 
rapid speaker transitions. Traditional approaches rely on 
handcrafted feature extraction techniques such as Mel Frequency 
Cepstral Coefficients (MFCC) combined with statistical models 
like Gaussian Mixture Models (GMM) and Hidden Markov 
Models (HMM). Although these methods have been widely used, 
they often struggle to capture complex speech patterns and fail to 
perform effectively in real-world environments.With the 
emergence of deep learning, significant improvements have been 
achieved in both speech recognition and speaker representation 
tasks. Modern models are capable of learning complex features 
directly from raw audio data, eliminating the need for manual 
feature engineering. In this work, we propose an end-to-end deep 
learning-based system for multi-speaker audio transcription and 
speaker diarization. The system integrates OpenAI’s Whisper 
model for accurate speech-to-text conversion and ECAPA-TDNN 
for extracting robust speaker embeddings that capture unique 
voice characteristics. These embeddings are further processed 
using agglomerative clustering to group similar speaker segments, 
while cosine similarity is employed for accurate speaker 
identification. The proposed approach improves transcription 
accuracy, enhances speaker separation, and performs effectively in 
noisy and overlapping speech conditions. Additionally, the system 
provides structured transcripts along with visual representations 
such as speaker timelines and embedding clusters, making it 
suitable for real-world applications. 

 

2. BACKGROUND AND METHODS 

Speaker diarization and multi-speaker transcription systems 
involve multiple stages, including speech recognition, speaker 
representation, clustering, and speaker identification. Traditional 
approaches rely on handcrafted features and statistical models, 
which often struggle to handle real-world challenges such as 
background noise, overlapping speech, and variations in speaker 
characteristics.With the advancement of deep learning, modern 
systems have shifted towards data-driven approaches that learn 
complex representations directly from audio signals. These 
methods provide improved robustness, scalability, and accuracy 
compared to conventional techniques. 
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Fig. 1. Deep learning transcription and diarization flowchart 

 

 

 

In this work, we adopt a deep learning-based framework that 
integrates advanced models for each stage of the diarization 
pipeline. The system combines automatic speech recognition using 
Whisper, speaker embedding extraction using ECAPA-TDNN, 
clustering using agglomerative hierarchical methods, and 
similarity-based speaker identification. The following subsections 
describe each component of the proposed system in detail. 

 

2.1 Automatic Speech Recognition using Whisper 

 
Automatic Speech Recognition (ASR) is a fundamental component 
of any speech processing system, responsible for converting 
spoken language into textual form. Traditional ASR systems are 
typically based on acoustic and language models that rely on 
handcrafted features such as MFCC. These systems often face 
limitations when dealing with real-world audio due to background 
noise, speaker variability, accents, and overlapping speech.In the 
proposed system, Whisper, a transformer-based deep learning 
model, is used for transcription. Whisper is trained on large-scale 
multilingual and multi-domain datasets, allowing it to generalize 
well across different types of audio inputs. Unlike traditional 
systems, it does not rely on manually engineered features but 
instead learns complex speech patterns directly from data. 

One of the key advantages of Whisper is its robustness to noisy 
environments and its ability to handle long audio sequences. It 
generates accurate transcriptions along with time-aligned 
segments, which are essential for mapping spoken content to 
corresponding speakers. This time-stamped output forms the 
foundation for the subsequent speaker diarization process. 
Additionally, Whisper supports multiple languages and varying 
speech conditions, making it suitable for real-world applications 
such as meetings, interviews, and conversational recordings. Its 
ability to maintain high transcription accuracy significantly 
improves the overall performance of the system. 

 

 

2.2 Speaker Embedding using ECAPA-TDNN 

 
Speaker embedding plays a crucial role in distinguishing between 
different speakers in an audio stream. It involves converting 
segments of speech into fixed-length numerical vectors that 
capture the unique characteristics of a speaker’s voice. Traditional 
methods rely on MFCC-based features combined with statistical 
models, which are often insufficient for capturing complex 
speaker traits. 
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Fig 2. Flowchart of speaker diarization and transcription process 

 

To address these challenges, the proposed system utilizes ECAPA- 
TDNN for speaker embedding extraction. ECAPA-TDNN is an 
advanced deep learning architecture designed specifically for 
speaker recognition tasks. It incorporates channel attention 
mechanisms, feature aggregation, and temporal modeling to 
capture both short-term and long-term speech characteristics. Each 
audio segment is processed by the model to generate a high- 
dimensional embedding vector. These embeddings are highly 
discriminative, meaning that segments from the same speaker 
produce similar vectors, while segments from different speakers 
are clearly separated in the embedding space. 
Another important advantage of ECAPA-TDNN is its robustness 
to variations such as background noise, recording quality, and 
speaking style. This ensures reliable speaker representation even in 
challenging conditions. The quality of these embeddings directly 
impacts the effectiveness of clustering and speaker identification 
stages. 

2.4 Speaker Identification using Cosine 

Similarity 

After clustering the speaker embeddings, the system needs to 
assign consistent speaker labels to each segment. This process is 
known as speaker identification, and it ensures that all segments 
belonging to the same speaker are labeled correctly throughout the 
audio.In the proposed system, cosine similarity is used as the 
primary metric for comparing speaker embeddings. Since 
embeddings are high-dimensional vectors that represent voice 
characteristics, cosine similarity measures how similar two vectors 
are based on the angle between them rather than their magnitude. 
This makes it particularly effective for speaker comparison, as it 
focuses on the direction (pattern) of the embeddings rather than 
their absolute values. 

 

 

2.3 Speaker Clustering using Agglomerative Clustering 

 

After extracting speaker embeddings, the next step is to group 
similar speech segments belonging to the same speaker. This is 
achieved through clustering, which is a key component of the 
speaker diarization process.In the proposed system, agglomerative 
hierarchical clustering is used due to its effectiveness in handling 
unknown numbers of speakers. This method follows a bottom-up 
approach, where each embedding initially forms its own cluster. 
The algorithm then iteratively merges clusters based on similarity 
until a stopping condition is reached. 
One of the major advantages of agglomerative clustering is that it 
does not require prior knowledge of the number of speakers, 
making it highly suitable for real-world scenarios. It can 
dynamically adapt to varying audio inputs and speaker 
distributions. 
The clustering process relies on similarity measures to determine 
which clusters should be merged. By grouping embeddings that 
are close in the feature space, the system effectively segments the 
audio into speaker-specific regions. This step is crucial for 
ensuring accurate diarization results. 

A cosine similarity value close to 1 indicates that the two 
embeddings are highly similar and likely belong to the same 
speaker, while values closer to 0 indicate dissimilar speakers. 
In practical implementation, a similarity threshold is defined 
(typically between 0.7 and 0.85). If the similarity between two 
embeddings exceeds this threshold, they are considered to belong 
to the same speaker. Otherwise, they are treated as different 
speakers.This step is essential for maintaining consistency across 
the entire audio, especially when a speaker appears multiple times 
at different intervals. It also helps in correcting minor clustering 
errors by refining speaker labels based on similarity scores. 
Additionally, cosine similarity is computationally efficient and 
scalable, making it suitable for processing large audio datasets. Its 
simplicity and effectiveness make it a standard choice in 
embedding-based speaker recognition systems. 
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2.5 Integrated Diarization Pipeline 

 
The proposed system follows an end-to-end pipeline that integrates 
multiple components to perform multi-speaker transcription and 
diarization efficiently. Each stage of the pipeline contributes to 
transforming raw audio into a structured and meaningful output. 
The process begins with the input audio, which may contain 
multiple speakers, background noise, and varying speech patterns. 
This audio is first processed by the Whisper model, which 
performs automatic speech recognition and generates a 
transcription along with precise timestamps. These timestamps 
play a critical role in segmenting the audio into smaller time 
intervals. Next, each segmented audio portion is passed through the 
ECAPA-TDNN model to extract speaker embeddings. These 
embeddings capture the unique vocal characteristics of each 
speaker and serve as the basis for distinguishing between different 
speakers. Once embeddings are generated, agglomerative 
clustering is applied to group similar segments together. This step 
organizes the audio into clusters, where each cluster ideally 
represents a single speaker. Since the number of speakers is not 
known beforehand, the clustering process dynamically determines 
the grouping based on similarity. After clustering, cosine similarity 
is used to refine the results by comparing embeddings within and 
across clusters. This ensures that speaker labels are consistent and 
reduces errors caused by incorrect grouping. Finally, the system 
combines transcription, timestamps, and speaker labels to produce 
the final output. The output is structured in a readable format, 
indicating which speaker spoke at a particular time along with the 
corresponding text. In addition to textual output, the system can 
also generate visual representations such as speaker timelines and 
clustering plots. These visualizations help in understanding speaker 
distribution and verifying the correctness of diarization. Overall, 
the integration of Whisper, ECAPA-TDNN, clustering, and 
similarity measurement creates a robust and scalable pipeline 
capable of handling real-world multi-speaker audio. Compared to 
traditional methods, this approach offers improved accuracy, better 
handling of noisy conditions, and enhanced interpretability. 

3. SYSTEM ARCHITECTURE 

 
The proposed system follows a unified and modular architecture 
designed to process multi-speaker audio and generate structured 
transcripts with accurate speaker identification. The system 
accepts a WAV audio file as input, which may contain multiple 
speakers, background noise, and varying speech patterns. Initially, 
the input audio is processed using the Whisper model, a 
transformer-based automatic speech recognition system. Whisper 
converts the audio into text and simultaneously provides 
timestamps for each spoken segment. These timestamps play a 
crucial role in segmenting the audio into smaller intervals 
corresponding to speech activity. Each segmented audio portion is 
then passed through the ECAPA-TDNN model to extract speaker 
embeddings. These embeddings are fixed-length vectors of size 
192 that capture the unique vocal characteristics of individual 
speakers. The embedding space is structured such that segments 
from the same speaker are closely grouped, while those from 
different speakers are well separated. 

 
The extracted embeddings are then processed using agglomerative 
hierarchical clustering. This clustering method groups similar 
embeddings into clusters, where each cluster ideally represents a 
single speaker. Since the number of speakers is not predefined, the 
clustering process dynamically determines the grouping based on 
similarity between embeddings. To ensure consistent speaker 
labeling, cosine similarity is applied across embedding vectors. 
This step refines the clustering results and assigns accurate 
speaker labels to each segment. Finally, the system integrates 
speaker labels, timestamps, and transcribed text to produce a 
structured output. The architecture is designed to be scalable, 
robust, and adaptable to real-world scenarios, making it suitable 
for applications such as meeting transcription, interviews, and 
conversational analysis. 

 
 

 

 

 

 

Fig. 3. Illustration of automatic speech recognition and speaker diarization process. 
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Fig. 4. Generated speaker-wise transcript with timestamps from the proposed system. 

 

4. SYSTEM WORKFLOW 

The system workflow describes the sequential process through 
which the proposed system converts raw multi-speaker audio into 
a structured and labeled transcript. It outlines the interaction 
between different components of the system, including 
transcription, segmentation, embedding extraction, clustering, and 
speaker identification. The workflow is designed to ensure 
efficient processing and accurate diarization by integrating deep 
learning models with clustering techniques. Each stage of the 
workflow contributes to refining the output, ultimately producing a 
clear representation of speaker-wise dialogue along with 
corresponding timestamps. The following subsection provides a 
detailed step-by-step explanation of the workflow. 

 

 

4.1 Workflow Description 

 
The workflow of the proposed system represents a structured 
pipeline that transforms raw multi-speaker audio into an organized 
and speaker-labeled transcript. The process is designed to handle 
real-world audio conditions, including background noise, 
overlapping speech, and variations in speaker characteristics, while 
maintaining high accuracy and consistency. The workflow begins 
with a WAV audio file as input, which may contain multiple 
speakers interacting in a conversational setting. This audio is first 
processed by the Whisper model, which performs automatic 
speech recognition and generates transcribed text along with 
precise timestamps. These timestamps are essential for identifying 
speech boundaries and segmenting the audio into meaningful 
intervals. 

Using the timestamp information, the audio is divided into smaller 
segments, where each segment corresponds to a specific portion of 
speech. This segmentation ensures that the system can process 
speech at a finer granularity, improving the accuracy of speaker 
identification. Each segmented audio portion is then passed 
through the ECAPA-TDNN model to extract speaker embeddings. 
These embeddings are fixed-length vectors of size 192 that capture 
the unique vocal characteristics of each speaker. The embedding 
space is designed such that segments from the same speaker are 
positioned closer together, while those from different speakers are 
well separated. Once embeddings are generated, agglomerative 
clustering is applied to group similar embeddings into clusters. 
This step plays a crucial role in identifying distinct speakers in the 
audio. The clustering process follows a hierarchical approach, 
where segments are iteratively merged based on similarity, without 
requiring prior knowledge of the number of speakers.After 
clustering, cosine similarity is used to refine the speaker labeling 
process. By comparing embeddings within and across clusters, the 
system ensures that segments belonging to the same speaker are 
consistently labeled. This step helps in correcting minor clustering 
errors and improves the overall accuracy of diarization. Finally, 
the system integrates speaker labels, timestamps, and transcribed 
text to generate the output. The output is presented in a structured 
format that clearly indicates which speaker spoke at a particular 
time, along with the corresponding text. Additionally, a speaker 
timeline visualization is generated to provide a clear view of 
speaker transitions throughout the audio. This workflow enables 
the system to perform end-to-end multi-speaker transcription and 
diarization efficiently, making it suitable for practical applications 
such as meeting analysis, interviews, and conversational 
intelligence systems. 
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Fig. 5. Speaker embedding clustering visualization showing separation of different speakers. 

 

5. RESULTS AND ANALYSIS 

 
conversational scenarios. The dataset included audio with varying 
speaker characteristics, background noise, and different speaking 
styles, allowing comprehensive testing of the system’s robustness 
and adaptability. The Whisper model demonstrated strong 
performance in generating accurate transcriptions, even in the 
presence of noise and variations in speech patterns. The inclusion 
of timestamp information enabled precise segmentation of audio 
into meaningful speech intervals, which significantly improved the 
downstream diarization process. The ECAPA-TDNN model 
effectively extracted speaker embeddings that captured distinctive 
vocal features. These embeddings showed clear separability in the 
embedding space, enabling efficient differentiation between 
speakers. This representation played a critical role in ensuring 
accurate clustering and speaker identification. Agglomerative 
clustering successfully grouped similar speech segments into 
clusters corresponding to individual speakers. 

The method dynamically adapted to different numbers of speakers 
without requiring prior knowledge, making it suitable for real- 
world applications. Cosine similarity further enhanced the 
clustering results by refining speaker labels and ensuring 
consistency across multiple segments belonging to the same 
speaker. The system generated structured outputs that included 
speaker-wise transcripts along with timestamps. These outputs 
clearly indicated speaker transitions and provided a coherent 
representation of the conversation. Additionally, the speaker 
timeline visualization offered valuable insights into speaker 
distribution, interaction patterns, and conversational flow. Overall, 
the results demonstrate that the proposed system achieves reliable 
performance in multi-speaker environments. The integration of 
deep learning models significantly improves transcription accuracy 
and speaker differentiation compared to traditional methods. 
However, certain limitations were observed in scenarios involving 
heavy speaker overlap or very short speech segments, where 
embedding quality and clustering accuracy may be affected. 
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Fig. 6 Speaker Cluster Visualization 
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Fig 7. Speaker diarization timeline representing speaker transitions over time. 

 

6. CONCLUSION AND FUTURE SCOPE 

 

This paper presented a comprehensive deep learning-based 

system for multi-speaker audio transcription and speaker 

diarization. The proposed system integrates Whisper for 

accurate speech recognition, ECAPA-TDNN for robust speaker 

embedding extraction, agglomerative clustering for grouping 

speaker segments, and cosine similarity for consistent speaker 

labeling. By combining these components into a unified 

pipeline, the system effectively addresses the challenge of 

identifying “who spoke when” in complex multi-speaker audio. 

The results demonstrate that the system performs reliably 

across diverse audio conditions, including variations in speaker 

characteristics and background noise. The use of transformer- 

based models significantly enhances transcription quality, while 

embedding-based speaker representation improves clustering 

accuracy. Compared to traditional approaches, the proposed 

system offers better scalability, adaptability, and overall 

performance. Despite these advantages, certain challenges 

remain. The system may experience reduced accuracy in cases 

of overlapping speech, rapid speaker switching, or extremely 

short audio segments. 

Additionally, the performance of clustering may depend on the 

quality of embeddings and the chosen similarity threshold. 

Future work can focus on several key improvements. One 

important direction is the implementation of real-time speaker 

diarization to support live applications such as meetings and 

streaming platforms. Another area of enhancement is the 

integration of speech separation techniques to handle 

overlapping speech more effectively. Incorporating more 

advanced transformer-based speaker models and self- 

supervised learning techniques can further improve embedding 

quality. Furthermore, extending the system to support 

multilingual environments and domain-specific adaptations can 

increase its practical applicability. The development of an 

interactive user interface and visualization tools can enhance 

usability for non-technical users. Optimizing the system for 

large-scale deployment and improving computational efficiency 

are also important areas for future research. Overall, the 

proposed system provides a strong foundation for intelligent 

multi-speaker audio analysis and opens new possibilities for 

advanced speech processing applications. 

 

 

 

 

Fig. 8. Final structured multi-speaker transcript generated by the system. 
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