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Introduction

In the realm of Natural Language Processing (NLP), speaker recognition is a
critical subfield that focuses on identifying and verifying the identity of a speaker
based on their vocal characteristics. While NLP primarily deals with
understanding and processing text, the integration of speaker recognition
techniques broadens its scope and applicability. This essay delves into the concept
of speaker recognition in NLP, discussing its significance, methods, challenges,

and applications.

Speaker Recognition in Natural Language Processing: Unveiling the Voice of Identity.

Significance of Speaker Recognition in NLP

Speaker recognition is a powerful tool that enhances NLP systems in various

ways. Its significance can be understood through the following key points:

1. Security and Access Control: In today’s digital world, securing
access to sensitive information is a paramount concern. Speaker

recognition is commonly used in applications such as voice-activated
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authentication systems, allowing users to access their accounts and

devices securely.

2. Personalized User Experiences: Many NLP applications benefit
from recognizing a user’s voice. For instance, voice assistants like Siri
and Alexa can personalize responses based on the speaker’s

preferences and previous interactions.

3. Forensic Analysis: Speaker recognition plays a pivotal role in
forensic analysis, aiding law enforcement agencies in identifying

criminals through intercepted voice communications.

4. Customer Service: In the customer service industry, recognizing
individual callers can lead to a more personalized and efficient service
experience. Automated call centers can use speaker recognition to

route calls to the most relevant agents.

Methods of Speaker Recognition

Speaker recognition can be broadly classified into two categories: speaker

identification and speaker verification.

1. Speaker Identification: This process involves determining the
identity of a speaker from a set of known speakers. It typically
employs techniques such as Gaussian Mixture Models (GMM),
Hidden Markov Models (HMM), and deep learning methods like
Convolutional Neural Networks (CNNs) and Recurrent Neural
Networks (RNNs). These models analyze acoustic features, such as
Mel-frequency cepstral coefficients (MFCCs), to distinguish between

different speakers.



2. Speaker Verification: Speaker verification, on the other hand,
focuses on verifying whether a given voice sample matches a
particular speaker’s identity. This is commonly used in applications
requiring authentication, where the system compares the voice input

with a stored voiceprint.

Challenges in Speaker Recognition

Despite the potential of speaker recognition in NLP, it faces several challenges:

1. Variability in Voice: Speakers’ voices can vary significantly due to
factors such as emotional state, health, and environmental conditions.

Robust speaker recognition systems must account for these variations.

2. Data Privacy: The collection and storage of voice data for
recognition purposes raise concerns about privacy and data security.
Striking a balance between utility and user privacy is a complex

challenge.

3. Speaker Impersonation: Malicious actors can attempt to
impersonate legitimate speakers, making it essential for recognition

systems to be robust against such attacks.

4. Limited Data: Developing accurate speaker recognition models
requires substantial labeled data for training. This can be a limitation,

especially for less-represented languages and dialects.

Applications of Speaker Recognition in NLP

Speaker recognition in NLP has found its way into a wide range of applications,

including;:



Code

. Voice Assistants: Popular voice assistants like Siri, Google

Assistant, and Amazon’s Alexa use speaker recognition to personalize

responses and identify different users in multi-user households.

. Banking and Finance: Speaker recognition is used to secure phone

banking and access to financial services, adding an extra layer of

authentication.

. Law Enforcement: In the realm of criminal investigations, speaker

recognition helps law enforcement agencies identify suspects through

voice analysis.

. Healthcare: In telemedicine and healthcare, speaker recognition can

be used to authenticate doctors and patients for secure and

confidential communication.

Creating a complete Python code for speaker recognition with plots is a complex

task that would require extensive libraries, data, and time. However, I can provide

you with a simplified example using a pre-trained model, libraries for audio

processing, and some basic plots.

In this example, we’ll use the pyaudioanalysis library for feature extraction,

and scikit-learn for classification. Note that for a production-level speaker

recognition system, you would require a substantial amount of labeled audio data

and more sophisticated models.

# Import necessary libraries

import
import
import
import
import

pyaudio

numpy as np
matplotlib.pyplot as plt

from pyAudioAnalysis import audioBasicIO
from pyAudioAnalysis import audioFeatureExtraction



from sklearn.model selection import train test split
from sklearn.svm import SVC

from sklearn.metrics import accuracy score

from sklearn.preprocessing import StandardScaler

# Define functions for audio feature extraction
def extract features(file path):

[Fs, x] = audioBasicIO.read audio file(file path)

F, f names = audioFeatureExtraction.short term feature extraction(x, Fs, 0.050*Fs,
0.025*Fs)

return F

# Create a dataset of audio features (sample data)

dataset path = "speaker data"
speakers = ["speakerl", "speaker2"]
X =]

y = []

for speaker in speakers:
speaker folder = os.path.join(dataset path, speaker)
for audio file in os.listdir (speaker folder):
if audio file.endswith (".wav"):
feature vector = extract features(os.path.join(speaker folder, audio file))
X.append (feature vector)
y.append (speaker)

# Split the dataset into training and testing sets
X train, X test, y train, y test = train test split(X, y, test size=0.2, random state=42)

# Standardize features

scaler = StandardScaler ()

X train = scaler.fit transform(X train)
X test = scaler.transform(X test)

# Train a classifier (Support Vector Machine)
clf = SVC()
clf.fit (X train, y train)

# Predict and evaluate

y pred = clf.predict (X test)

accuracy = accuracy score(y test, y pred)
print (f"Accuracy: {accuracy*100:.2f}%")

# Plot the results
unique speakers = np.unique (speakers)
confusion matrix = np.zeros((len(unique speakers), len(unique speakers))
for true, pred in zip(y test, y pred):
confusion matrix[np.where (unique speakers == true), np.where (unique speakers ==
pred)] +=1

plt.imshow (confusion matrix, interpolation="nearest", cmap=plt.cm.Blues)
plt.title("Speaker Recognition Confusion Matrix")
plt.colorbar ()

tick marks = np.arange(len(unique_ speakers))
plt.xticks (tick marks, unique speakers, rotation=45)
plt.yticks (tick marks, unique speakers)

plt.tight layout ()
plt.ylabel ("True label")



plt.xlabel ("Predicted label")
plt.show ()

In this code:

1. We use pyaudioanalysis for audio feature extraction, scikit-1learn for

machine learning, and natplot1ib for plotting.

2. The code assumes you have audio data in the “speaker_data” folder,

where subfolders contain audio files for different speakers.

3. Features are extracted from the audio files and used to train a Support
Vector Machine (SVM) classifier.

4. The accuracy of the classifier is calculated and a confusion matrix is
plotted.

Remember, this is a simplified example. In a real-world scenario, you would need a
more extensive dataset and possibly more complex models for robust speaker

recognition.

Conclusion

Speaker recognition in NLP is a dynamic and evolving field with diverse applications
and substantial potential. As technology continues to advance, the accuracy and
reliability of speaker recognition systems will improve, addressing many of the existing
challenges. The integration of speaker recognition techniques into NLP not only
enhances user experiences but also adds a layer of security and personalization, making
it a valuable asset in the modern digital landscape. However, it is imperative to address
privacy concerns and ethical considerations to ensure responsible and secure

implementation in the ever-expanding world of NLP applications.



Speaker Recognition: Unlocking the Power of Voice
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Introduction

In our ever-evolving world of technology, voice-based interactions have become increasingly
prevalent. From virtual assistants to voice-controlled devices, the ability to recognize and
authenticate individuals based on their unique vocal characteristics has gained significant
importance. Speaker recognition, a subfield of biometrics, offers a promising solution by
leveraging the distinct patterns present in an individual’s voice to identify and verify their
identity. This essay explores the fundamentals, applications, challenges, and advancements in

speaker recognition, shedding light on its growing significance in our modern society.
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Understanding Speaker Recognition

Speaker recognition, also known as voice recognition or speaker identification, is the process of
identifying and verifying the identity of a speaker based on their unique vocal characteristics.
These characteristics encompass a wide range of factors, including pitch, accent, intonation,
speech patterns, and pronunciation nuances. By analyzing these distinct features,

sophisticated algorithms and models can determine the likelihood of a speaker’s identity,

comparing it with stored voice profiles in a database.
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Applications of Speaker Recognition

1. Forensic Investigations: Speaker recognition plays a vital role in law
enforcement and forensic investigations. It enables the identification of
individuals based on recorded voice samples, aiding in the resolution of criminal

cases and providing crucial evidence in court proceedings.

2. Access Control and Security: Speaker recognition has found significant
application in access control systems, enhancing security measures in various
domains. Voice-based authentication can provide secure and convenient access
to restricted areas, devices, or accounts, replacing traditional methods such as

PINs or passwords.

3. Telecommunications and Customer Service: Speaker recognition
technology is employed in telecommunication systems to authenticate users
during phone-based transactions, ensuring secure and convenient interactions.
Additionally, it assists in providing personalized customer service experiences,

enabling automated systems to recognize and respond to individual callers.

4. Voice Assistants and Home Automation: Virtual assistants like Siri, Alexa,
and Google Assistant rely on speaker recognition to differentiate between
different users within a household. This allows for personalized responses,

tailored recommendations, and customized user experiences.

Challenges in Speaker Recognition

Despite the advancements in speaker recognition technology, several challenges persist, posing

limitations and room for improvement:

1. Variability in Voice Data: Factors such as background noise, microphone
quality, and emotional state can affect the quality and consistency of voice data,

making accurate recognition more challenging.



2. Impersonation and Spoofing: The vulnerability of speaker recognition

systems to impersonation and spoofing poses a significant challenge. Adversaries
may attempt to mimic or manipulate voice samples to gain unauthorized access

or deceive the system, necessitating robust anti-spoofing techniques.

Privacy and Ethical Considerations: The collection and storage of voice data
raises concerns regarding privacy, security, and ethical use. Striking a balance
between the convenience of voice-based authentication and safeguarding

individuals’ personal information is crucial.

Advancements in Speaker Recognition:

Researchers and technologists continue to make remarkable progress in the field of speaker

recognition. Recent advancements include:

1.

Deep Learning and Neural Networks: The adoption of deep learning
techniques, particularly neural networks, has significantly improved the accuracy
and robustness of speaker recognition systems. Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs) have shown promising results in

voice feature extraction and modeling.

. Multi-Modal Approaches: Integrating multiple modalities, such as speech

and visual cues, can enhance speaker recognition systems’ performance and
security. Combining audio analysis with lip movement, facial recognition, or
behavioral patterns provides a more comprehensive and reliable means of

speaker identification.

. Anti-Spoofing Measures: Researchers are actively developing and refining

anti-spoofing techniques to counter fraudulent attempts to deceive speaker
recognition systems. These measures involve analyzing various aspects of voice
data, such as high-frequency components, acoustic properties, and temporal

characteristics, to detect spoofing attacks.



There are several techniques and approaches used in speaker recognition systems. Here are

some commonly employed techniques:

1. Feature Extraction: Feature extraction is a crucial step in speaker recognition,
where relevant information is extracted from speech signals to represent the
speaker’s characteristics. Some commonly used features include:

- Mel-Frequency Cepstral Coefficients (MFCCs): These coefficients
represent the spectral envelope of the speech signal, capturing information about
the shape of the vocal tract.

- Linear Predictive Coding (LPC): LPC analyzes the linear prediction error of
the speech signal, capturing information about the vocal tract resonances.

- Perceptual Linear Prediction (PLP): PLP combines aspects of MFCC and
LPC techniques, considering both the spectral and temporal characteristics of the

speech signal.

2. Speaker Modeling: Once the features are extracted, various modeling
techniques are employed to represent the speaker’s characteristics. Some
common modeling approaches include:

- Gaussian Mixture Models (GMMSs): GMMs are probabilistic models that
represent the statistical distribution of speaker-specific feature vectors. They can
be trained to estimate the likelihood of a given feature vector belonging to a
particular speaker.

- Hidden Markov Models (HMMs): HMMs are widely used for speech and
speaker recognition. They model the temporal dynamics of speech and capture
the transitions between different speech sounds or speaker characteristics.

- Support Vector Machines (SVMs): SVMs are supervised machine learning
models that can be trained to classify speaker-specific feature vectors based on a
given training set.

- Deep Neural Networks (DNNs): DNNs, particularly Convolutional Neural
Networks (CNNs) and Recurrent Neural Networks (RNNs), have shown



promising results in speaker recognition. They can learn complex representations
from raw audio data and capture both spectral and temporal information

effectively.

3. Enrollment and Verification: The speaker recognition process typically
involves two main steps: enrollment and verification.
- Enrollment: During enrollment, the system creates a speaker model or
template by training the chosen modeling technique on a set of known or labeled
speaker data. This template represents the unique characteristics of the speaker’s
voice.
- Verification: In the verification phase, the system compares a test sample to
the enrolled speaker models. The similarity or distance between the test sample
and each enrolled model is computed, and a decision is made based on a

predefined threshold to accept or reject the claimed speaker’s identity.

4. Anti-Spoofing Techniques: To mitigate the risk of spoofing attacks and
ensure the integrity of the speaker recognition system, various anti-spoofing
techniques are employed. These techniques aim to differentiate between genuine
speech and artificially generated or manipulated speech samples. Common anti-
spoofing methods include analyzing high-frequency components, detecting voice
activity, examining acoustic properties, and employing machine learning

algorithms to identify spoofed or manipulated samples.

It’s important to note that the choice of techniques and algorithms may vary depending on the
specific requirements, dataset availability, and the complexity of the speaker recognition task.
Researchers and practitioners continue to explore new techniques and combine multiple

approaches to improve the accuracy, robustness, and security of speaker recognition systems.
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Speaker recognition has made significant progress over the years, but there are still several

open problems and challenges that researchers and technologists are actively addressing.

Some of the key open problems in speaker recognition include:

1. Robustness to Variability: Speaker recognition systems often struggle with

handling variability in speech, including different speaking styles, accents,

languages, and emotional states. Developing models and algorithms that can

effectively handle such variability and provide accurate recognition regardless of

these factors remains an open problem.

2. Speaker Diarization: Speaker diarization involves segmenting an audio

recording into individual speaker segments. It is a crucial step in speaker

recognition systems, especially in scenarios where multiple speakers are present.

Accurate and efficient diarization techniques that can handle overlapping speech,

background noise, and speaker turn-taking in real-world environments are areas

of active research.



. Data Scarcity and Diversity: The availability of large and diverse speaker
datasets plays a vital role in training robust speaker recognition models.
However, acquiring such datasets can be challenging due to privacy concerns,
especially when dealing with sensitive voice data. Developing techniques to
overcome data scarcity while ensuring data privacy and diversity remains an

open problem.

. Cross-lingual and Cross-domain Recognition: Many speaker recognition
systems are designed and trained on specific languages or domains, limiting their
effectiveness in cross-lingual or cross-domain scenarios. Developing techniques
that can generalize well across different languages, dialects, and domains is an

ongoing challenge in the field.

. Vulnerability to Adversarial Attacks: Speaker recognition systems are
susceptible to adversarial attacks, where an adversary deliberately manipulates
the voice samples to deceive the system. Adversarial attacks can include
impersonation, voice synthesis, or modifying audio signals to alter the recognized
speaker’s identity. Developing robust anti-spoofing techniques and ensuring

system security against such attacks is a critical open problem.

. Privacy and Ethical Considerations: As speaker recognition technology
becomes more prevalent, concerns around privacy and ethical use of voice data
are increasing. Designing systems that prioritize user privacy, obtain informed
consent, and implement secure data storage and handling mechanisms are

ongoing challenges to address.

. Real-time and Resource-constrained Applications: Speaker recognition
systems are often required to operate in real-time or on resource-constrained
devices, such as smartphones or 10T devices. Ensuring efficient and accurate
speaker recognition in these scenarios, where computational resources and

processing power are limited, is an open problem.



Addressing these open problems in speaker recognition requires interdisciplinary research,
encompassing areas such as signal processing, machine learning, natural language processing,
and human-computer interaction. Continued collaboration and innovation in these fields will
contribute to the development of more robust, accurate, and secure speaker recognition

systems in the future.

Here’s an example of speaker recognition code in Python using the scikit-learn library and the
Gaussian Mixture Model (GMM) approach for modeling:

import numpy as np

from sklearn.mixture import GaussianMixture

# Training data

# Each row represents the feature vector of a speaker
train data = np.array ([

(0.1, 0.2, 0.3, 0.4], # Speaker 1
[0.2, 0.3, 0.4, 0.5], # Speaker 1
[0.9, 0.8, 0.7, 0.6], # Speaker 2
[0.8, 0.7, 0.6, 0.5] # Speaker 2

1)

# Create labels for the training data
train labels = np.array ([0, 0, 1, 1]) # O represents Speaker 1, 1 represents Speaker 2

# Testing data
# Each row represents the feature vector of a test sample

test data = np.array ([
[0.3, 0.4, 0.5, 0.6], # Unknown speaker
[0.7, 0.6, 0.5, 0.4] # Unknown speaker

1)

# Train the Gaussian Mixture Model (GMM) with the training data

gmm = GaussianMixture (n components=2) # Number of components equals the number of
speakers

gmm.fit (train data)

# Predict the labels for the testing data
predicted labels = gmm.predict (test data)

# Display the predicted labels

for label in predicted labels:
print ("Predicted Speaker:", label)

In this example, we have two speakers represented by their respective feature

vectors in the train_data array. The corresponding labels are provided in



the train 1abels array. We then create a GMM object with two components
(representing the two speakers) using GaussianMixture from scikit-learn. The

GMM is trained on the training data using the rit () method.

Next, we have some test samples represented by feature vectors in
the test data array. We use the trained GMM model to predict the labels for these
test samples using the predict () method. The predicted labels are stored in

the predicted labels aITay.

Finally, we display the predicted labels to identify the corresponding speakers.

Note: This is a simplified example for illustration purposes. In practice, you may
need to preprocess the audio data, extract appropriate features (such as MFCCs),
and handle larger datasets. Additionally, consider incorporating anti-spoofing
techniques and other enhancements for a more robust speaker recognition

system.

Conclusion

Speaker recognition has emerged as a powerful technology with a wide range of
applications in various sectors, including security, telecommunications, and
personalization. While significant progress has been made, there are still
challenges to overcome, such as variability in voice data and the potential for
spoofing. Nonetheless, ongoing advancements in deep learning, multi-modal
approaches, and anti-spoofing techniques offer promising solutions. As the field
continues to evolve, speaker recognition is poised to play an increasingly integral
role in our voice-driven future, enabling secure and personalized interactions with

technology.



Speaker Recognition

Model Building

https://medium.com/@ makcedward/speaker-recognition-c133ed89ad7c

1. Collect a dataset of audio recordings: You will need a dataset of audio recordings of people
speaking to train your speaker recognition model. This dataset should include multiple
recordings of each speaker. You may use recordings from a variety of sources, such as

public datasets (e.g. VoxCeleb), private datasets, or a combination of both.

2. Extract features from the audio recordings: Once you have collected your audio recordings,
you need to extract features from them. Common features used for speaker recognition
include Mel-Frequency Cepstral Coefficients (MFCCs), Linear Predictive Coding (LPC)

coefficients, and other speech processing techniques.

3. Train a model on the extracted features: After extracting the features from the audio
recordings, you can use them to train a model for speaker recognition. Popular models for
speaker recognition include Hidden Markov Models (HMMs), and Deep Neural Networks
(DNN5s).

4. Test the model: Once you have trained your model, you can test it on unseen audio
recordings to measure its performance via an equal error rate (EER). This can be done by

comparing the model’s predictions against the true speaker labels in the test dataset.
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Speaker Recognition from Audio

https://medium.com/@makcedward/speaker-recognition-from-audio-956e24052af0
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In my previous work, I focused on text-based machine learning (ML) models such
as named entity recognition (NER), intention classification, and topic modeling. I
am preparing a new series of blogs that are acoustic-related topics. This is the first
post of this series, so I will try to illustrate the overall landscape of the acoustic

domain via one of the classific problems.

Data Variety

Photo by Luke Michael on Unsplash

Voice includes lots of variety even though people speak the same transcript. You
can distinguish two voices who speak from two different people. Even for the
same person, voices can be different when you have different emotions (e.g.,

happy, angry, sad, etc.).

Input Type
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We may feed bytes, characters, or tokens into a text-based ML model. On the

other hand, we can feed waveform or spectrogram into an acoustic ML model. A

spectrogram is a visualization of representing the signal (i.e.,

voice) strength (i.e., loudness) of a signal over time at various frequencies.

Waveform Visualization
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In exploratory data analysis, it is not that hard to explore characters or tokens.
Unlike text, we can not visualize audio clips directly. Waveform and spectrogram

visualization is a good way to understand our data.

You may use audio-preview plugin (if you are using Visual Studio), native

software on your machine, or Jupyter Notebook (with librosa) to understand it.

Alternatively, we may use cloud solutions to achieve the same purpose. For

example, once uploading files to DagsHub, everyone with access is able to listen

Spectrogram Visualization

Lots of modern ML models consume spectrograms (or mel-spectrograms) instead
of waveforms for several reasons. Waveform includes more information but
spectrogram are closed to the human auditory system. Another reason is that we
can reuse computer vision model architecture on the acoustic models. I will show
how to use the computer vision (CV) architecture, ResNet [1], and speaker

recognition model later.

Speaker Recognition
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Our toy problem is speaker recognition. Given voice input, we want to identify the
speaker. It is similar to facial recognition and finger recognition when you try to

unlock your iPhone.

Both speaker verification and identification are under the speaker recognition
umbrella. Speaker identification refers to determining who the enrolled speaker
is. Speaker verification means either accepting or rejecting the identity claimed by

a speaker.

Dataset
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In the regression problem, we have the titanic dataset. In audio problems, I

usually start from the LibriSpeech dataset [2]. You may download it
from OpenSLR, PyTorch, TensorFlow, or HuggingFace.

Although we can download it from the internet easily, it is raw audio data (i.e.,
waveform). As mentioned in the previous section, we feed spectrogram data to
ML models instead of waveform data. You may convert waveform data to

spectrogram and persist in your local machine. It is fine if you work alone without
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any scale requirement. Another option is uploading it to a cloud provider (e.g.,

AWS, GCP), but you have to manage it by yourself.

Alternatively, you may consider using the Direct Data Access feature which is

provided by DagsHub. It helps us to streamline the process of uploading and
downloading from the cloud. We can focus on model training rather than

infrastructure.

The following codes show how to upload files to DagsHub’s cloud.

# Initialize remote date repository
from dagshub.upload import Repo
repo = Repo (repo owner, repo name)
dataset dir = 'datastore'

ds = repo.directory(dataset dir)

# Iterlate local audio file paths
for £ in audio file paths:
file name = os.path.basename (f)
_1id, session, = file name.split('-")
remote file path = os.path.join/(
'LibriSpeech’',
_id,
session,
file name

)

# Upload file
ds.add (file=f, path=remote file path)

# Commit change on files upload
ds.commit (f"Upload {total cnt} audio files", versioning="dvc")

We simply use the API from DagsHub to get back data. No major difference when
loading files locally.

from dagshub.streaming import DagsHubFilesystem

fs = DagsHubFilesystem/()

import csv

metadata = {}


https://dagshub.com/docs/feature_guide/direct_data_access/
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with fs.open ('datastore/LibriSpeech/metadata.csv') as infile:

reader = list(csv.reader (infile))
for row in reader[l:]:
metadata[row[0]] = len (metadata)

After talking about data storage, we will move to data processing. Converting
waveform to mel-spectrogram is a very typical process, and most of the models

consume it. Therefore, you may consider caching the processed result.

Data Processing
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librosa [3] is a famous python package for music and audio analysis. It provides

an easy way to convert raw waveform data to mel-spectrogram data.

# Load audio data

y, sr = librosa.load(file path, sr=sample rate)

# Convert waveform to mel-spectogram
spec=librosa.feature.melspectrogram(y=f.numpy (), sr=sample rate)

# Convert a power spectrogram (amplitude squared) to decibel (dB) units
spec _db=librosa.power to db(spec)

Sample rate means the number of samples per second. For example, 16000 means

there are 16000 data points per second. Higher sample rates include more data
points. 16000, 22050, 44100, and 48000 are sample rates that I usually use.

When working on audio data, it will be good to have the same sample rate across
all data feeding into the ML model.

Passing sample_ rate into librosa.load function, which helps to convert the audio

clip to the expected sample rate.
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Modeling
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I mentioned we could leverage CV model architecture on the acoustic model.

Simply load the ResNet34 model by using torchvision package, we have the pre-

trained model now.

from torchvision.models import resnet34
import torch.nn as nn
# Load ResNet34 CV model
resnet model = resnet34 (weights=True)
# Adjusted the last layer output for our binary classification use case
resnet model.fc = nn.Linear (512, label cnt)
# Adjust the first convolution neural network (CNN) layer for our use case
resnet model.convl = nn.Conv2d (
1,
04,
kernel size=(7, 7),
stride=(2, 2),
padding=(3, 3),
bias=False

Tracking

Photo by Sandra Tan on Unsplash

Experiment tracking is very important when building a model. It allows us to
compare model metrics (performance, training time, etc) against different
settings. You can mark it down into a spreadsheet or use experiment tracking

tools. Weights & Biases, Comet ML, mlflow are some of the great tools that we can

use.

We do not need extra tools if we use DagsHub as you just need to run a few lines

of code (auto-tracking is available for some frameworks such as PyTorch Lighting)

to create the experiment tracking.


https://unsplash.com/@kellysikkema?utm_source=medium&utm_medium=referral
https://unsplash.com/?utm_source=medium&utm_medium=referral
https://pytorch.org/vision/stable/models.html
https://unsplash.com/@sandratansh?utm_source=medium&utm_medium=referral
https://unsplash.com/?utm_source=medium&utm_medium=referral
https://iterative.ai/why-iterative?utm_source=adwords&utm_medium=ppc&utm_campaign=G_SRCH_NOB_Competitors&utm_content=141070412790&utm_term=weights+and+biases&hsa_acc=9352334349&hsa_cam=17377655903&hsa_grp=141070412790&hsa_ad=601174904291&hsa_src=g&hsa_tgt=kwd-810013433974&hsa_kw=weights+and+biases&hsa_mt=e&hsa_net=adwords&hsa_ver=3&gclid=Cj0KCQiAyMKbBhD1ARIsANs7rEEXVkzpTqzcMA8ePRNBTMdr8QErJpapIaSHmsMnc8ltwK_tkBSUjVEaAq2KEALw_wcB
https://www.comet.com/site/
https://mlflow.org/
https://dagshub.com/docs/feature_guide/git_tracking/
https://www.pytorchlightning.ai/

from dagshub import DAGsHubLogger
logger = DAGsHubLogger (
metrics_path="logs/test metrics.csv",
hparams path="logs/test params.yml"
)
logger.log hyperparams ({
'learning rate':learning rate,

'optimizer': 'adam',
'epoch': 3,
'loss': 'ce'

)

accuracy = evaluate (model, x, y true)

logger.log metrics({'accuracy': accuracy})

Model Registry

Photo by Wedding Dreamz on Unsplash

Besides metrics, we also want to keep the trained model, as we may need to load it

later. Model Registry is another important section that we need to take care of. We

can simply save the model locally or upload it to the cloud (e.g., AWS, Azure,

GCP). However, management is needed but not just storing the file. For example,

the association between the experiment and the model is needed. Model access

control is suggested as we may only want to share our model with the targeted

group of people but not all.

Same to the dataset, we can upload the model to DagsHub so that we have a single

view to access the code, experiment, and model.

from dagshub.upload import Repo
repo = Repo (REPO OWNER, REPO NAME)

dataset dir = 'model'
ds = repo.directory(dataset dir)

from dagshub.streaming import DagsHubFilesystem

fs = DagsHubFilesystem/()


https://unsplash.com/@wedding_dreamz?utm_source=medium&utm_medium=referral
https://unsplash.com/?utm_source=medium&utm_medium=referral

ds.add(file='trained model.pt', path='trained model.pt')
ds.commit (f"Upload model", versioning="dvc")

Take Away

Having a centralized place to keep tracking code, experiment, and model helps us to focus on the
model rather than MLOps. A model builder is an expert in training a good model for the company but

may not be good at building MLOps infrastructure.

Here is the full script for the model training. To balance the optimization and readability, we simplify
the flow such as data streaming, data processing, and modeling. There are a few things that we can
further optimize the data processing part. Instead of streamlining data at the very beginning, we

should load data on demand to maximize the Direct Data Access feature. Also, we may introduce data

augmentation if a more generalized model is needed. To maximize DagsHub Storage feature, we can
preprocess (i.e. convert waveform to spectrogram) data and upload it instead of processing data every

time.

Here is the repo for the datastore, experiment tracking, and model registry. You may access it to
understand how we can combine everything together.
Like to learn?

I am Data Scientist in Bay Area. Focusing on the state-of-the-art in Data Science, Artificial Intelligence,

especially in NLP and platform related. Feel free to connect with me on LinkedIn or Github.
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Automatic Speaker Recognition using Transfer Learning

https://medium.com/towards-data-science/automatic-speaker-recognition-using-transfer-learning-

6fab63e34e74

When tasked with the challenge of creating a dynamic voice identifier, naturally the tool of choice

for our team would be an image classifier

Even with today’s frequent technological breakthroughs in speech-interactive devices (think Siri and
Alexa), few companies have tried their hand at enabling multi-user profiles. Google Home has been the
most ambitious in this area, allowing up to six user profiles. The recent boom of this technology is what
made the potential for this project very exciting to our team. We also wanted to engage in a project that
is still a hot topic in deep-learning research, create interesting tools, learn more about neural network

architectures, and make original contributions where possible.

We sought to create a system able to quickly add user profiles and accurately identify their voices with
very little training data, a few sentences as most! This learning from one to only a few samples is

known as One Shot Learning. This article will outline the phases of our project in detail.

l. Project Summary

Goal: Classify speakers with minimal training such that only a few words or sentences are needed to

achieve high levels of accuracy.

Data: Training data was scraped from Librivox, a source of open domain audiobooks. Testing data

was either scraped off YouTube or collected live.

Method: In summary, we converted all of our audio data to spectrogram form. We then trained a

CNN derived from Cifar-10 on many speakers as a feature extractor to feed into an SVM for final


https://medium.com/towards-data-science/automatic-speaker-recognition-using-transfer-learning-6fab63e34e74
https://medium.com/towards-data-science/automatic-speaker-recognition-using-transfer-learning-6fab63e34e74
https://en.wikipedia.org/wiki/One-shot_learning

classification. This approach is known as transfer learning. This approach enabled us to reap the small

sample high performance of SVM and feature learning of CNNs.

Applications: The potential applications for our proposed systems are plentiful. They range from
home assistant needs (think Alexa and Google Home) to biometric security, marketing tools, and even

spying (identifying high profile targets). It could also be used as a tool for speaker diarisation in speech

data collection. Given some small previous exposure to included voices, an audio file with multiple
speakers could be accurately separated. This opens the door for a lot a more potential “clean data” to

be used to create more sophisticated speech-specific models.

Performance: Results were largely positive. With 20—35 seconds of training audio, our model was
able to distinguish between three speakers of with 63—95% accuracy in our tests. However,

performance drops severely with 5+ speakers or in uniform gender test groups.

Github Link: https://github.com/hamzaggs/voice-classification

[I. Data Collection

Background

One of the greatest challenges in the field of speaker and speech recognition is the lack of open source
data. Most speech data is either proprietary, hard to access, insufficiently labeled, insufficient in
amount per speaker, or noisy. In many related research papers, insufficient data has been cited as

reasoning for not pursuing further, more complex, models and applications.

We saw this is an opportunity to make a novel contribution to research in this field. Many hours of
googling later, our team concluded the best sources of potential audio for our project would
be LibriVox, an extensive source of open domain audiobooks, and YouTube. These sources were

selected upon best satisfying our criteria shown below.


http://ruder.io/transfer-learning/
https://en.wikipedia.org/wiki/Speaker_diarisation
https://github.com/hamzag95/voice-classification
https://librivox.org/search?primary_key=0&search_category=author&search_page=1&search_form=get_results
https://www.youtube.com/

Audio Source Criteria

o Enough unique speakers for a model to learn generalizable differences in speech

o Male and Female speakers, preferably in a range of languages
o Atleast 1 hour of audio per speaker available

o Audio can be automatically labeled with meta-data

e Audio has minimal noise (little background noise/music, decent quality, few extraneous

sounds)

o Open Domain or Creative Commons License for legal use and data set usage

Scraping Audio from Librivox

We wrote scripts using BeautifulSoup and Selenium to parse the website LibriVox and download the

audio books we wanted. BeautifulSoup by itself was not enough, as parts of the website took time (1—2

seconds) to load. Thus we used selenium to wait until certain elements on the webpage appeared and

became scrapable.

about | forum | contact | help

LibriVox

Acoustical iberation of books in the public domain

Search by Author, Tdle or Reader

Advanced search
BROWSE THE CATALOG

6 Author M Title E Genre!Subject P Language

Donate to Librivex

Thank a reader

N/
/il\

Our first attempt used a script that moves starts at LibriVox’s default home page and downloads all the

audio in the page within a certain size file size boundaries. We later realized this was flawed as many

audiobooks are actually a collaboration of multiple narrators that would be difficult to automatically



separate. Thus we had to find a way to get audiobooks with unique speakers. Unfortunately, the

LibriVox API didn’t contain a field to filter by project type (solo or collaboration) or narrator name.

Instead, we used advanced search to include only “solo” narrator books. Soon we realized it was
problematic to assume each book had a unique speaker as LibriVox has many repeat narrators. To fix
this, we had to read the meta-data of each book to maintain a list of scraped narrators to ensure our
data was correctly labeled. In the end, we had 6000+ unique speakers and links to 24000+ hours of
audio. However, due to time constraints, we sampled 162 unique speakers for spectrogram conversion.

The full list of download links can be found on our project GitHub here.

Scraping Audio from Youtube

From Youtube, we scraped video links from 7 Youtube stars and their tutorial /informative videos. We
found that tutorials tended to best fit our standards as they contain mostly clean speech. Selenium was
needed to automate the process as scraping YouTube requires scrolling. This process can be seen in

real-time in the video below.
Scraping videos on Youtube using Selenium

We didn’t scrape more profiles because it was inefficient to manually filter and verify videos based on
their inclusion of guest speakers, music, etc...Although tutorial channels generally fit the bill as far as
speech cleanliness, they were heavily skewed in gender toward males. Videos would also have varying
qualities of audio and background noise. We decided against using what we collected to train the
neural net, but thought they would be useful for testing purposes. YouTube remains a source of audio
with a lot of potential for data collection but very demanding in terms of dating verification and

cleaning.


https://github.com/hamzag95/voice-classification/blob/master/data_collection/download_links.txt

lll. Data Processing

Background

Ultimately, all collected audio had to be converted to 503x800(x3) spectrogram images that captured 5
seconds of audio. The steps for converting the data collected from Librivox and YouTube were slightly

different as a result of differing download formats.

For our various processing needs, we were very fortunate to have tools such as ffmpeg, sox,

and mp3splt at our disposal that sped up the process while minimizing loss of audio quality.

YoutTube Audio Processing

Once the YouTube video links were collected, we were fortunate to find the YouTube-DL library which
allowed us to easily download our desired videos in WAV format. When attempting to convert this data
to spectrograms, we came to find that each file was producing two spectrograms because it was stereo

audio. This is the major difference we encountered versus processing of LibriVox audio.

A0 ) REEER N MR MARIONT] AT By

RASG NN AT T s

Spectrogram from BinarySearchTreewav stereo file Spectrogram from BinarySearchlree wav mono file

Thus, the process can be summarized in the points below:

1. Manually check scraped YouTube Links to verify usability.

2. Download in all verified links in WAV format and automatically label/sort audio


https://www.ffmpeg.org/
https://github.com/chirlu/sox
http://mp3splt.sourceforge.net/mp3splt_page/home.php
https://github.com/rg3/youtube-dl

3. Split mono WAV files into 5 seconds segments

4. Convert all stereo WAV files to mono WAV

5. Convert all audio segments to Spectrograms

YoutTube Scraping Manual Filtering YouTube Download .wav files/Split N0 Speciroprams

YouTube data processing phases.

A video of the YouTube audio processing can be seen below:

LibriVox Audio Processing

We processed the LibriVox audio using a single script that placed the data in various levels of
processing into different directories so that potential future users could change the segments lengths

or conversion types as they please.

The processing can be summarized in the points below:

1. Combine all downloaded chapters for a single speaker

2. Trim combined audio to desired length

3. Convert trimmed audio to 16bit 16khz mono WAV using ffmpeg
4. Remove silences longer than .5 seconds

5. Split WAV file in 5 second segments

6. Convert each segment to a spectrogram


https://github.com/hamzag95/voice-classification/blob/master/data_collection/AudioBook_DataProcessing.ipynb

LibriVox Scraping Download Files Trim >>llonco Removal/Split Spectrograms

LibriVox data processing stages

IV. Learning

Our Model

We create a CNN by modifying an existing Cifar-10 architecture and train it on spectrograms from 57

unique speakers. Using this trained neural network, we extract features by removing the last fully
connected layer and feeding outputs of the flatten layer into an SVM in a process known as transfer
learning. There was no publicly available pre-trained model for voice classification so we create and

train our own neural network.
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CNN Architecture

The green layers in our architecture are convolutional layers whereas the blue layers max pooling. For
all convolutional layers we use a 3x3 kernel. For the max pooling we use a pool size of 2x2. We use relu
activation functions between each layer and a softmax activation function for the last layer. Our loss

function is categorical cross-entropy.


https://github.com/hamzag95/keras/blob/master/examples/cifar10_cnn.py

Convolutional Neural Network
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Modified Cifar-10 Architecture

CNN Training

When trained on 6 different people, the neural network is 97% accurate. Each of the 6 people had
about an hour of audio that the CNN was trained on. After our data scraping and processing is done for
a larger dataset of 162 different speakers, we trained our neural network on 57 different speakers due
to time constraints on training and storage space on AWS. We trained each of the 57 speakers on 45
min worth of audio ( ~2700 seconds). After one epoch our CNN is 97% accurate. The CNN took about

an and hour and a half to train on ~24000 spectrogram images.

from keras.callbacks import ModelCheckpoint
filepath="/home/ubuntu/weights.best,.hdf5"
ep = 0
while True:
print(“Epoch number : * + str(ep))
model.fit(np.array(x_new_train), dummy y,
bateh_size=30,
epochs=1,
verbose=1,
validation_data=(np.array(x_test[:1000]), dummy2 y[:1000}))
model.save_weights( 'my model weights.hS')

Epoch number : 0

Train on 24444 samples, validate on 1000 samples

Epoch 1/1

24444724444 | ] = 50268 - loss: 1.2946 - acc: 0.6696 - val_loss: 0.3154 - val_acc: 0.901
¢

Epoch nusber : 0

Train on 24444 samples, validate on 1000 samples

Epoch 1/1
690/24444 [cccecnovssscscsnssssoasssssane | - ETA: 48428 - loss: 0.0989 - acc: 0.9725




SVM and Transfer Learning

We now have have a decent neural network at identifying 57 different people. We cut off the last layer
which is a dense layer classifying 57 people, and use the flatten layer to feed into an SVM. SVMs are
supposed to perform well with smaller amounts of data (compared to a neural network) and with high
dimensions. Using our CNN as a feature extractor we have data in ~400,000 dimensions. We use a

radial basis function as the kernel for the SVM.

Using 35 seconds of audio for training on 3 different speakers and testing on 35 seconds results in 95%
accuracy. Feeding into the SVM we see that with 15 seconds training for each of 3 different speakers
and testing on 15 seconds for each speaker, our SVM results in an accuracy of 83%. We see that we are

able to learn someone’s voice in 15—20 seconds now as opposed to 45 minutes of audio.

More Examples and Results

All our examples will try to differentiate between three new voices.

When we first tested the SVM we tested it on three YouTubers with 7 samples for each the training and

test set. We had an accuracy of 95%.

The indices correspond to a specific person. The array in this example is set up such;

[ Christen Dominique, Tushar, Sriraj Raval]

An output of 0 is Christen (Female) , 1 is Tushar (Male) and 2 is Sriraj (Male).

In [74): print(svm_y_test)
{0, 0,0, 0,0,0,0, 2, 2,2, 2, 2,2,2,1,1,1,1, 1 1, 1]
In [75): print(clf.predict(svm_x_test))

[(0000C00022222221121111)

In [77): {from sklearn.metrics import accuracy_score
accuracy_score(svm_y_test, clf.predict(svm_x_test))

Out[77): 0.,95238095238095233


https://www.youtube.com/user/christendominique
https://www.youtube.com/user/tusharroy2525
https://www.youtube.com/channel/UCWN3xxRkmTPmbKwht9FuE5A

We see here that the model never misclassifies Christen, but classified Sriraj as Tushar for one sample.
For future testing we tried to minimize number of samples for training to about 5 samples. The

number of times the a person name occurs in the array is how many samples there were for the test set.

For testing our program we made an interface where we record speakers and create a test and train set.

We use this program to run live demos and test on real people, not just scraped data.

Additionally our classifier is language agnostic; it can recognize your voice independent of language.
The order a name appears in the array is the index the classifier predicts as the person speaking. The

first array seen is the prediction and the second array is the true speaker.

Below are the results of a few live tests of our model.

When doing the live demo in our class, learning three people’s voices, two males and one female, we
reached 63% accuracy. This was based on 5 samples for training and 3 samples for testing. Below is an
example of the in class demo we did. (0 — caramanis, 1 — dimakis, 2 — monica)

(60206100222 2]
['carmanis', 'carmanis', 'carmanis', 'dimokis', 'dimokis', 'dimokis', 'dimakis', 'monica', 'monica’
2 Ny

0.636 364
In class live demo with our professors and teaching assistant with some mixed language

Another example consisted of two males and one female voice, where all switched between english and

a respective different foreign lan
01011112222)

L'hamza', 'hamza', 'hamza', ' : pel', "isabel', 'isabel', 'yousef', ‘'yousef', 'yousef',

e (Spanish, Arabic and Urdu). Our model was 90% accurate.

90299091
Demo among friends mixing english and their native languages

Here is another example with 86% accuracy.
model trained

[0010211111222272]

['chris', 'chris', 'chris', 'chris', 'chris’, 'isabel', 'isabel', 'isabel', 'isabel', 'isabel’', 'yo

usef', 'yousef', 'yousef', 'yousef', 'yousef']
0. 866666666667

Demo among friends in purely english



Results were generally positive! Testing on groups of 3 with differing genders generally yields accuracy
of 60—90%. However, our model does have limitations. Performance declines when tested on groups of
entirely the same gender or as group size increases. Testing of groups of uniform genders generally

yields accuracy of 40—60%. Accuracy nears that of a random guess as group size surpasses 6.

V. Conclusion

Summary

We wanted to create a model to identify speakers with only a few sentences of training data. We chose
to approach this by using existing image classifying architectures, representing audio using
spectrograms. This included a significant data collection component, leading us to create a dataset of
162 speakers included segmented audio files and segmented spectrograms. We chose to use take a
transfer learning approach, training a derivative of the Cifar-10 CNN, and extracting features to feed an
SVM to classify new speakers. We restricted our training data to 20—35 seconds per person (4—7
samples). This method brought surprising levels of accuracy (60—90%) for groups of 3 with differing
genders. Results were less impressive for uniformly gendered groups, but consistently much better

than random guesses.

Contributions

Following the goals we set upon starting this project, our team successfully managed to make original
contributions to this area of research. We managed to create an extremely large set of audio download
links for unique speakers in a field where lack of open source data is a common hurdle to research
projects. Again, this list of links can be found here. Additionally, our approach of using image
recognition in conjunction with transfer learning with an SVM for audio data has not been heavily

explored. It is our hope that our architecture and methods may be useful to future research.

Note: Link to full data set including audio and spectrograms coming soon...


https://github.com/hamzag95/voice-classification/blob/master/data_collection/download_links.txt

Future Changes/Improvements

A lot of roadblocks for this project consisted of time and computer resources such as storage and
computing power. Below are possible future steps for our team or someone else wanting to improve

what we have worked on

First would be access to more storage so we can train our neural network on 4 hours of audio per
person and use all 162 speakers we scraped. We believe that this will make for an even better feature

extractor to feed into the SVM.

Second, do some feature selection before feeding the features into the SVM. Even though SVMs with
nonlinear kernels are resistant to over-fitting, having so many features with so few samples may have
resulted in over-fitting, which may explain the high variance in accuracy scores. With more time, we
would have done more experimentation with the architecture of the neural network, specifically adding
another dense layer before the classification layer. This would reduce the input to the SVM from
~400,000 features to whatever we set as the number of nodes in the new dense layer. Another

architecture to explore would be basing a model on VGG19.

Third, would be to scrape more speakers. We are able to scrape 6000+ unique speakers from LibriVox,
although this takes time to download and preprocess data and a ridiculous amount of storage. We
would try to scrape about 500—1000 and use about 30—45 min. of audio per person to see how this
improves our feature extractor. This would take a lot of time to train. For reference 57 speakers with 45

min. of audio took an hour and a half to train.



medium.com/hackernoon/hello-from-the-mobile-side-tensorflow-lite-in-speaker-reco



https://medium.com/hackernoon/hello-from-the-mobile-side-tensorflow-lite-in-speaker-recognition-7519b18c2646
https://www.telegraph.co.uk/technology/news/10044493/Say-goodbye-to-the-pin-voice-recognition-takes-over-at-Barclays-Wealth.html
https://www.theguardian.com/business/2016/feb/19/hsbc-rolls-out-voice-touch-id-security-bank-customers
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// Global variables

const
const
const
const
const
const
const
const
const
const
const

int _FS=32;

int _HIGH=20;

int _LOwW=0;

int _FrmLen=25;

int _FrmSpace=10;
unsigned long FFTLen=2048;
double PI=3.1415926536;
int FiltNum=128;

int PCEP=128;

int num_mfcc_threads = 4;
int max_cut_period = 4;

// default down sampling rate in KHz
// default high frequency limit in KHz
// default low frequency limit in KHz
// frame length in ms
// frame space in ms
// FFT points
// number of PI
// number of filters
// number of cepstrum
// number of mfcc thread
// max number of cut period



https://www.rctn.org/bruno/public/papers/Fukushima1980.pdf
https://www.rctn.org/bruno/public/papers/Fukushima1980.pdf




Transfer Learning
With Inception-V3




# Using the ‘close()” method.
sess = tf.Session()
sess.run(...)

sess.close()

# Using the context manager.
with tf.Session() as sess:
sess.run(...)

Using a TensorFlow session

Model example.

In monitored machine learning, samples are typically divided into three sets:

- The train set: This set is used to estimate models. It learns the sample data sets
and builds a classifier by matching some parameters. It creates a classification

manner used to train models.

- The validation set: This set is used to determine the network structure or
control parameters that control model complexity. It adjusts the classifier
parameters of models obtained through learning, such as choosing to hide the
number of units in neural networks. The validation set is also used to determine
the network structure or parameters that control the complexity of models, in an

attempt to avoid overfitting of models.

- The test set: This set is used to check how the finally selected optimal model
performs. It is mainly used to test the recognition capacity (such as the

recognition rate) of trained models.



TfLiteRegistration* Reglster CONV_ 2D() ¢
#fifdef USE_NEON

return Register CONVOLUTION NEON OPT () ;
#else

return Register CONVOLUTION GENERIC OPT () ;
#tendif
}




tf.contrib.lite.toco_convert(
input_data,
input_tensors,
output_tensors,
inference_type=FLOAT,

input_format=TENSORFLOW_GRAPHDEF,
output_format=TFLITE,
quantized_input_stats=None,
drop_control_dependency=True

Toco calling interface.

Model prediction.

MFC can be used to extract vocal sound file features and generate prediction
images. Using the lite prediction model generated in training produces the
following results:
multimedia-android
Choose WAV file

This is the
sound of human

Model prediction result

Conclusion

The methods proposed above can help to address some of the most difficult
challenges in the speaker recognition field today. Using TensorFlow Lite on the
client side is a useful innovation that helps leverage machine learning and
learning and neural networks to drive the technology forward to further progress.
(Original article by Chen Yongxin[4 7k )
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Track who’s speaking with Speaker Diarization aka Speaker-Recognition

https://medium.com/vmacwrites/track-whos-speaking-with-speaker-diarization-2e3eac2de2c3

Distinguishing between two speakers in a conversation is difficult especially when you are hearing
them virtually or for the first-time. Same can be the case when multiple voices interact with
Al/Cognitive systems, virtual assistants, and home assistants like Alexa or Google Home. To overcome

this, Watson’s Speech To Text API has been enhanced to support real-time speaker ‘diarization.’

IBM Watson

Post building a popular chatbot using Watson services called “WatBot”, there are a couple of requests

to include SpeakerLabels setting into our code sample.

So, what is Speaker Diarization?

Speaker diarization (or diarization) is the process of partitioning an input audio stream into
homogeneous segments according to the speaker identity. It can enhance the readability of an
automatic speech transcription by structuring the audio stream into speaker turns and, when used

together with speaker recognition systems, by providing the speaker’s true identity.


https://medium.com/vmacwrites/track-whos-speaking-with-speaker-diarization-2e3eac2de2c3
http://vidyasagarmsc.com/adding-watson-speech-to-text-to-your-android-app/
http://vidyasagarmsc.com/an-android-chatbot-powered-by-ibm-watson/

Volce Model: Keywords to spot:

US English broadbard mode (18K1He) 1B, edrmired, A, rarsfornstions, cognitive, Adiicial nteieeece, Galt

m Detect multiple speakers

( Q Record Audio ) ( & Upload Audia File >< @ Play Sample 1 ) ( @ Play Sample 2 )

Text Word Timings and Alternatives Keywords (0/9) JSON

Speaker 0: So thank you very much for coming Dave it's good to have you here.
Speaker 1: Good it's my pleasure Michael glad to be with you.
Speaker 2: How real.

(Detecting speakers): Is antificial Intelligence

Real-time Speaker Diarization with Watson Speech-to-Text API

Why Speaker Diarization?

Real-time speaker diarization is a need we’ve heard about from many businesses across the world that
rely on transcribing volumes of voice conversations collected every day. Imagine you operate a call
center and regularly take action as customer and agent conversations happen — issues can come up
like providing product-related help, alerting a supervisor about negative feedback, or flagging calls
based on customer promotional activities. Prior to today, calls were typically transcribed and analyzed

after they ended. Now, Watson’s speaker diarization capability enables access to that data immediately.

To experience speaker diarization via Watson speech-to-text API on IBM Bluemix, head to

this demo and click to play sample audio 1 or 2. If you check the input JSON below; we are setting
“speaker_labels” optional parameter to true. This helps us in distinguishing between speakers in a

conversation.
{
"continuous": true,
"timestamps": true,
"content - type": "audio / wav",
"interim results": true,
"keywords": ["IBM", "admired", "AI", "transformations", "cognitive",


https://speech-to-text-demo.mybluemix.net/

"Artificial Intelligence", "data", "predict", "learn"],

"keywords threshold": 0.01,

"word alternatives threshold": 0.01,
"smart formatting": true,

"speaker labels": true,

"action": "start"

}

A part of output JSON after real-time speech-to-text conversion:
{

“confidence”: 0.927,
“transcript”: “So thank you very much for coming Dave it’s good to have you
here. ™
N
“final”: true,
“speaker”: 0O
}
You can see that a speaker label is getting assigned to each speaker in the conversation.
Steps to enable speaker diarization
« Watson speech-to-text is available as a service on Bluemix, IBM Cloud platform. Create
now to leverage the service in your application.
o Ifyou are taking the Rest API approach, don’t forget to include the optional parameter
“speaker_labels: true” in your request JSON.
o Based on the programming language your application is created, use any of the SDKs
available on Watson Developer Cloud ranging from Python, Node, Java, Swift etc.,
Refer WatBot repository to get a gist of how to enable or add speaker diarization to an existing android
app. Similarly, you can use other SDKs to achieve speaker diarization.
Note: Speaker labels are not enabled by default. Check ToDos in the code to uncomment.
Use cases
From integrating into chatbots to interacting with home assistants like Alexa, Google Home etc., From
call centers to medical services. The possibilities are endless.



https://bluemix.net/
https://github.com/watson-developer-cloud
https://github.com/VidyasagarMSC/WatBot

Speaker Recognition using Deep Learning

https://medium.com/@yaduvanshiharsh15/speaker-recognition-using-deep-learning-890fe812a976

Photo by Markus Spiske on Unsplash

Introduction

In today’s digital era, voice-based interactions have become increasingly prevalent. From voice
assistants like Siri and Alexa to authentication systems and security applications, accurately identifying
and recognizing speakers plays a pivotal role in enhancing user experiences and ensuring secure
access. This is where speaker recognition, a fascinating field at the intersection of artificial intelligence

and signal processing, comes into play.

For starters, speaker recognition can be understood as a technique to recognize who is speaking. It is
sometimes also known as voice recognition, voiceprint recognition, or talker recognition. However, it’s
important not to confuse speaker recognition with speech recognition. While both involve
the analysis of speech signals, the former is concerned with identifying the individual behind the voice,

whereas the latter focuses on transcribing and understanding the content of the spoken words.

Traditionally, speaker recognition relied on statistical modeling techniques such as Gaussian Mixture
Models (GMM) and Hidden Markov Models (HMM). While these methods have served their purpose,
recent advancements in deep learning have revolutionized the field, enabling more accurate and robust

speaker recognition systems.

In this article, we delve into the world of speaker recognition using deep learning. We explore the
underlying principles, methodologies, and techniques that empower these systems to decipher the
unique characteristics of individual voices. From data preparation and model architectures to training
strategies and evaluation metrics, we aim to provide a comprehensive overview of the key components

involved in developing effective speaker recognition systems.


https://medium.com/@yaduvanshiharsh15/speaker-recognition-using-deep-learning-890fe812a976
https://unsplash.com/@markusspiske?utm_source=medium&utm_medium=referral
https://unsplash.com/?utm_source=medium&utm_medium=referral

Data Preparation

One of the key ingredients for developing a successful speaker recognition model is a high-quality

dataset. In our case, we utilized the widely acclaimed LibriSpeech Automatic Speech Recognition

(ASR) corpus. This dataset offers a rich collection of audio recordings encompassing a diverse range of

speakers and speech content.

The LibriSpeech dataset comprises approximately 1500 books, recorded by 251 different speakers.
Each audio file in the dataset is in the FLAC format, ensuring lossless compression and maintaining
the fidelity of the speech signals. To maintain consistency and facilitate organization, the dataset
follows a specific naming convention for each audio file. For example, consider the file named 103-
1240-0000. flac. Here, the speaker ID is "103," the book ID is "1240," and the utterance ID is
"0000." An utterance represents an audio clip of a speech signal, typically corresponding to a sentence

or a phrase spoken by the speaker.

To begin building our model, the first step is to create a dictionary that associates each speaker with
their corresponding utterances within the training dataset. We will refer to this dictionary

as speaker to utterance. By organizing the data in this manner, we establish a clear mapping

between speakers and their audio files, enabling efficient data retrieval during training and evaluation.

Let’s take a look at a code snippet that demonstrates this data preparation step:

def get librispeech speaker to utterance (data dir):
speaker to utterance = dict()
flac file = glob.glob(os.path.join(data dir, "*", "*", "*_ flac"))

for file in flac file:
speaker id = file.split ("\\") [-3]
utterance id = file.split ("\\")[-1].split(".") [0]
if speaker id not in speaker to utterance:
speaker to utterance[speaker id] = []
speaker to utterance[speaker id].append(file)
return speaker to utterance


https://www.openslr.org/12
https://www.openslr.org/12

In this code snippet, we traverse through the directory structure of the training dataset, iterating over
each speaker, chapter, and audio file. We extract the necessary information, such as the speaker ID and
utterance ID, and store the corresponding file path in the speaker to utterance dictionary. At the
end of the process, we obtain a comprehensive dictionary containing all the speakers in the dataset as
keys, and their respective audio file locations as values. In our case, this dictionary will consist of a

total of 251 unique speakers.

Data Processing: Feature Extraction

In speaker recognition, one of the commonly used techniques is the Triplet loss, which we will also
employ in our model. With Triplet loss, our input consists of three segments: an anchor, a positive, and
a negative. The anchor and positive segments belong to the same speaker, while the negative segment

belongs to a different speaker. We will delve into the details of triplet loss later in the article.

Now that we understand the structure of our input, let’s focus on converting the audio files in FLAC
format into features that our model can process effectively. For this purpose, we will utilize Mel-
Frequency Cepstral Coefficients (MFCC). While there are other feature extraction techniques
available, such as Perceptual Linear Prediction (PLP), Perceptual Non-Linear Cepstral Coefficients
(PNCC), and Linear Frequency-Based Energies (LFBE), we will opt for MFCC in our case due to its

robustness in handling noise through logarithmic compression.

def get triplet(spk to utts):
"""Get a triplet of anchor/pos/neg samples."™""
pos_spk, neg spk = random.sample (list (spk to utts.keys()), 2)
while len(spk to utts[pos spk]) < 2:
pos_spk, neg spk = random.sample (list (spk to utts.keys()), 2)
anchor utt, pos utt = random.sample (spk to utts[pos spk], 2)
neg utt = random.sample (spk to utts[neg spk], 1) [0]
return (anchor utt, pos utt, neg utt)

The get triplet function randomly selects two different speakers, one for the positive segment and

another for the negative segment, from the provided spk to utts dictionary. It ensures that the



positive speaker has at least two utterances available. Then, it randomly selects one utterance each
from the positive speaker for the anchor and positive segments. Additionally, it randomly selects one
utterance from the negative speaker for the negative segment. The function returns a triplet containing
the paths of the anchor, positive, and negative utterances.
def extract features(audio file):

"""Extract MFCC features from an audio file, shape=(TIME, MFCC)."""

waveform, sample rate = soundfile.read(audio file)

if len(waveform.shape) ==
waveform = librosa.to mono (waveform.transpose())

if sample rate != 16000:
waveform = librosa.resample (waveform, sample rate, 16000)

# Mel-frequency cepstral coefficients (MFCCs) are robust to noise bcoz of logarithmic
compression

features = librosa.feature.mfcc(y=waveform, sr=sample rate, n mfcc=myconfig.N MFCC)

# the shape of features will be 40 X 441, where 40 represent featues where as 441
represent frames

return features. Transpose ()

The extract features function takes an audio file as input and extracts Mel-
frequency cepstral coefficients (MFCCs) as features. It first reads the waveform
and sample rate from the audio file using the soundfile.read function. If the
waveform has two channels, it converts it to mono by taking the average of the
channels. If the sample rate is not 16000 Hz, it resamples the waveform to have a
sample rate of 16000 Hz.

The MFCC features are then computed using the 1ibrosa. feature.mfcc function,
which takes the waveform, sample rate, and the number of desired MFCC
coefficients as input. The resulting features are in the shape of a matrix, where
each row represents a feature, and each column represents a frame. The matrix is

transposed before being returned.



Model Architecture

In order to process continuous audio signals effectively, an LSTM (Long Short-
Term Memory) architecture is chosen for the speaker recognition model. LSTMs
are well-suited for capturing long-term dependencies in sequential data such as
audio. In this architecture, a bidirectional LSTM with three stacked LSTM layers

is utilized to enhance the model’s performance in capturing temporal patterns.

The model implementation is shown below using the PyTorch framework

class LstmSpeakerEncoder (BaseSpeakerEncoder) :
def init (self, saved model=""):

super (LstmSpeakerEncoder, self). init ()
self.lstm = nn.LSTM(
input size=myconfig.N MFCC, # Number of MFCC coefficients (40)
hidden size=myconfig.LSTM HIDDEN SIZE, # Number of hidden units in each
LSTM layer (64)
num layers=myconfig.LSTM NUM LAYERS, # Number of stacked LSTM layers (3)
batch first=True,
bidirectional=myconfig.BI LSTM # Whether to use a bidirectional LSTM
(True/False)

)
if saved model:
self. load from(saved model)

def aggregate frames(self, batch output):
if myconfig.FRAME AGGREGATION MEAN:
return torch.mean(batch output, dim=1, keepdim=False)
else:
return batch output[:, -1, :]

def forward(self, x):

D = 2 if myconfig.BI LSTM else 1

h0 = torch.zeros(D * myconfig.LSTM NUM LAYERS, x.shapel[0O],
myconfig.LSTM HIDDEN SIZE) .to (myconfig.DEVICE)

cO0 = torch.zeros (D * myconfig.LSTM NUM LAYERS, x.shape[0],
myconfig.LSTM HIDDEN SIZE) .to (myconfig.DEVICE)

y, (hn, cn) = self.lstm(x, (h0, c0))

return self. aggregate frames (y)

The core component of the architecture is the seif.1stm layer, which is an LSTM
module from PyTorch's nn module. It is configured with an input size equal to the
number of MFCC coefficients (myconfig.N MFCC), @ hidden size of the LSTM units

(myconfig.LSTM HIDDEN SI1zE), a number of num layers specifying the stacked LSTM



layers (myconfig.LsTM NuM 1AYERS), and whether it is bidirectional

(myconfig.BI_LSTM)

During the forward pass, the input x is passed through the LSTM layer. The initial
hidden state ho and cell state o are initialized as tensors of zeros with appropriate
dimensions. The output y and final hidden and cell states hn and cn are obtained
from the LSTM layer. The aggregate frames function is then used to aggregate the
output frames of the LSTM layer into a fixed-length representation, depending on
the value of myconfig.FravME acerREGATION MEAN. The aggregated output represents

the speaker embedding for the input audio sequence.

Overall, this model architecture employs a bidirectional LSTM with three stacked

LSTM layers for effective speaker recognition from continuous audio signals.

Model Training

def train network (speaker to utterance, num steps, saved model="", pool=None) :
losses = []
start time = time.time ()

encoder = get speaker encoder LSTM()

#Train
optimizer = torch.optim.Adam(encoder.parameters (), lr=myconfig.LEARNING RATE)
print ("Start training")
for step in range (num_steps) :
optimizer.zero grad()

#build batch input

batch input = feature extraction.get batched triplet input (speaker to utterance,
myconfig.BATCH SIZE, pool)

batch output = encoder (batch input) #batch output.shape=[24, 64*2]

loss = get triplet loss from batch output (batch output, myconfig.BATCH SIZE)

loss.backward ()

optimizer.step()

losses.append (loss.item())

print (f"step: {step}/{num steps} loss: {loss.item()}")

# saving model
if saved model is not None and (step + 1) % myconfig.SAVE MODEL FREQUENCY ==
checkpoint = saved model
if checkpoint.endswith(".pt") :
checkpoint = checkpoint[:-3]
checkpoint += ".ckpt-" + str(step + 1) + ".pt"
save model (checkpoint,encoder, losses, start time)



training time = time.time() - start time
print ("Finished training in", training time, "seconds")
if saved model is not None:

save model (saved model, encoder, losses, start time)

return losses

To train the LSTM-based speaker recognition model, the following steps are

performed:

1.

Initializing the encoder: The speaker encoder is initialized using
the get speaker encoder nstM() function, which retrieves the LSTM-based

speaker encoder defined in the previous section.

. Defining the optimizer: The Adam optimizer is used for training the

model. It is instantiated with the parameters of the encoder, and the

learning rate is set to myconfig. LEARNING RATE.

. Training loop: The training loop iterates over num_steps, which represents

the total number of training steps. In each iteration, the optimizer's
gradient is zeroed (optimizer.zero grad()) to clear any accumulated

gradients from the previous iteration.

. Batch input preparation:

The feature extraction.get batched triplet input () function is used to
construct a batch of triplet inputs from

the speaker to utterance dictionary. This function selects random
anchor, positive, and negative utterances belonging to different speakers
and forms a batch input. The batch size is determined

b myconfig.BATCH SIZE.
y g -

. Forward pass and loss calculation: The batch input is passed through the

encoder (encoder (batch input) ) to obtain the batch output, which

represents the speaker embeddings. The triplet loss is computed using



the get triplet loss from batch output () function, which calculates the

loss based on the batch output and the batch size (myconfig.BaTcH s1zE).

6. Backpropagation and parameter update: The loss is backpropagated
through the model (10ss.backward ()) to compute the gradients of the
model parameters. The optimizer then performs a parameter update

(optimizer.step () ) based on these gradients.

7. Loss tracking: The current loss value (10ss.item()) is appended to

the 10sses list to track the training progress.

8. Saving the model: If a saved model path is provided and the current step
is a multiple of myconfig.save MopeL FreEQUENCY, the model is saved to a
checkpoint file using the save model () function. The checkpoint file name

includes the step number for easy identification.

9. Training completion: After completing the training loop, the total
training time (training time) is calculated by subtracting the start time
from the current time. The final loss values are displayed, and if
a saved model path is provided, the trained model, along with the losses

and start time, is saved using the save mode1 () function.

The training process trains the LSTM-based speaker encoder by optimizing the
model parameters with respect to the triplet loss. The model iteratively learns to
discriminate between different speakers and generate speaker embeddings that

capture the speaker characteristics present in the training data.

During model training, we can enhance the efficiency of our code by leveraging
multithreading, which allows for parallel execution of certain operations and can
significantly speed up the training process. Additionally, after the training is

completed, we can visualize the performance of our model by plotting a graph of



the loss versus the number of training epochs. This graph provides valuable
insights into the model’s convergence and helps us assess the effectiveness of our

training procedure.

def run_ training():
print ("Training data:", myconfig.TRAIN DATA DIR)
speaker to utterance =

dataset.get librispeech speaker to utterance (myconfig.TRAIN DATA DIR)

with multiprocessing.Pool (myconfig.NUM PROCESSES) as pool:
losses = train network (speaker to utterance,

myconfig.TRAINING STEPS,
myconfig.SAVED MODEL PATH,
pool)

plt.plot (losses)

plt.xlabel ("step")

plt.ylabel ("loss")

plt.show ()
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Graph of Loss vs Epoch (Image from Author)

Model Evaluation & Result

For model evaluation, we will use Equal Error Rate (EER), which is a common
metric used in speaker recognition. It iterates over different threshold values to
find the threshold that minimizes the difference between false acceptance rate
(FAR) and false rejection rate (FRR).
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eer_threshold = 0.8310000000000006 eer = 0.2

The output of Evaluation.py (Image by Author)

In the above image, eer threshold represents the threshold value at which the
Equal Error Rate (EER) is achieved. It indicates the similarity score threshold that
balances the false acceptance and false rejection rates. In the example,

the cer thresholdis 0.8310000000000006. On the other hand, cer represents the
EER itself, which is the average of the false acceptance rate and the false rejection
rate. In the example, the EER is 0.2, indicating a 20% error rate in both false

acceptances and false rejections.

These values provide insights into the performance of the speaker recognition
system. The eer threshold helps determine the threshold at which the system
achieves a balanced error rate, while the cer gives an overall measure of the

system's accuracy in distinguishing between genuine and impostor samples.

Difference between Model Training and Model Evaluation method

During training, the model is trained using triplets of data consisting of an
anchor, a positive segment, and a negative segment. These triplets are used to

learn embeddings that can discriminate between different speakers. In each batch



during training, the batch input contains multiple triplets, and the model is
trained to optimize the embedding space based on the relationships between the

anchor, positive, and negative segments within each triplet.

However, during testing or evaluation, the goal is to compute embeddings for
individual utterances and compare them to determine the similarity between
different speakers. In this case, there is no need to compute embeddings for
triplets because there are no anchor-positive-negative relationships to consider.

Instead, each utterance is processed independently to obtain its embedding.

In summary, during training, triplets of data are used to train the model, while
during testing/evaluation, individual utterances are processed separately to

compute embeddings and perform similarity comparisons.

Conclusion

In conclusion, while our speaker recognition model based on LSTM architecture has shown promising
results, there are opportunities for further improvement. Exploring the use of Transformer models,
known for their effectiveness in natural language processing tasks, could enhance the model’s ability to
capture complex patterns in audio data. Refining feature extraction techniques, leveraging diverse
datasets, and addressing challenges such as varying acoustic conditions and speaker characteristics are
key areas for future research. By embracing advancements and collaboration, we can advance the

accuracy and reliability of speaker recognition systems and contribute to this dynamic field.

To delve deeper into the code and explore additional possibilities, please visit my GitHub repository.

Thank you for joining us on this journey through the world of speaker recognition. Let us continue to

push the boundaries and unlock the potential of this exciting field.


https://github.com/harshyadav1508/Audio_speakerRecognition/tree/master

