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Abstract - This research concentrates on the
progression and present status of automatic
speech recognition systems powered by deep
neural networks. It discusses model
architectures, training approaches, evaluating
model efficacy, and recent advancements
specific to deep neural networks applied in
automatic speech recognition models. It
considers the challenges faced in crafting
these speech recognition models, such as data
scarcity and the necessity for adaptability.
Our exploration traces the evolution of
automatic speech recognition through deep
neural networks, presenting valuable insights
aimed at propelling the domain of speech
recognition for diverse applications, spanning
from smart devices to healthcare.
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I.  INTRODUCTION

The Automatic Speech Recognition
model plays a pivotal role in converting spoken
language to text and enabling seamless
interactions between humans and machines. This
evolution has revolutionized communication
systems by empowering voice-controlled
devices, language translation, and accessibility
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tools for those with hearing impairments. ASR
models have extensive applications across
various sectors, including healthcare,
entertainment, and many more.

The core objective of research in Automatic
Speech Recognition utilizing Deep Neural
Networks is to enhance the accuracy, efficiency,
and dependability of speech recognition models.
Constructing deep neural network architectures
aids in accurately capturing intricate speech
patterns, contextual cues, noise reduction, and
subtleties.

Il. LITERATURE REVIEW

Several research initiatives investigating
automatic speech recognition through deep
neural networks have notably progressed
communication and human-machine interaction.
Prior to commencing this ASR study utilizing
DNNSs, extensive reviews of the literature were
conducted, encompassing the developments,
methodologies, challenges, and future
trajectories within this domain. The evolution of
ASR has seen a significant transition from rule-
based models to statistical methods and the
integration of neural networks. Ensuring the
accuracy of models, gauged through word and
character error rates, remains a critical focus. An
end-to-end methodology utilizing recurrent
neural networks and attention mechanisms has
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has been introduced for automatic speech model, a language model, and a decoding
recognition. The LAS model has significantly algorithm.
influenced the evolution of speech recognition
models. Progress in natural language processing A. Input Representation:

and diverse fields has substantially contributed

to advancements in machine translations. Let X,

X={X19X23°"3XT}

Ill.  CHARACTERSTICS OF ASR
be the input speech signal, where x; is the feature

Automatic speech recognition models vector at time t.
have three main dimensions for characterization:
dependence, vocabulary semantics, and speech B. Feature Extraction:
continuity. They can either be speaker-
dependent, necessitating training for each Extract the features from the raw signal,
speaker or speaker-independent, using various ‘Egt-’ using Mel-Frequency Cepstral Coefficients.
e

speech examples to recognize new speakers. In
terms of speech continuity, there are four

different types of systems. F(X)={f,,L,,....I1}
Pattern be the feature sequence.
- matching
Recognition Y Decision
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Figure: Structure of ASR system

This comprises isolated word recognition | “
systems, connected word recognition systems, ‘ "%
continuous speech recognition systems, and ]
word spotting systems. Automatic speech y
recognition models can face different types of
errors, such as insertion errors, substitution
errors, and deletion errors.

C. Neural Network Architecture:

Define a deep neural network with L

layers. Let,
IV. RESEARCH METHODOLOGIES
Creating a mathematical model for an W® and B®
Automatic Speech Recognition (ASR) system
using Deep Neural Networks (DNNSs) involves represent the weights and biases of layer I,
fundamental components. ASR  systems respectively.

typically consist of three key parts: an acoustic
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The output of layer | is given by

a®=gW B:a"(1-1) +b ()

where, g is the activation function.
D. Input Layer:

The feature sequence is taken as the
input layer F(X) as its input.

E. Output Layer:

The output layer generates probabilities
representing the likelihood of each phoneme or
subword unit, known as posterior probabilities.
If there are N units, the output is

‘7 = {.‘1 ,."29"".‘..\'}

where yi is the probability of unit i.

~—6—E0 ynmploy

Racogniion Rata
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o

F. Training:

Define a training dataset

{(X“),Y“ )),(X(Z),Y(Z))’“.,(X(m),\](m))}

Minimize the cross-entropy loss function:

JIWb)=(-1/m) (X (m)(=1)) CN)(=D) (/) (log(y,")]

where y; is the predicted probability.
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G. Inference:

When provided with a new input
sequence X, the ASR system utilizes the trained
neural network to predict the sequence of units.

H. Decoding:

A decoding algorithm is employed to
convert the sequence of predicted units into the
final recognized text.

V. APPLICATIONS OF ASR

A. Voice assistants:

Voice assistants employ automatic
speech recognition to convert spoken language
into text, enabling interaction with machines
through voice commands. Deep neural networks
play a crucial role in enhancing the accuracy of
voice recognition and understanding natural
speech patterns.

B. Call centres:

In call centres, automatic speech
recognition is used to boost customer service
quality and operational efficiency. It automates
the transcription of conversations between
customers and agents, enabling prompt service
delivery.

C. Language translations:

The ASR model converts spoken
language into text and utilizes deep neural
network architectures to enhance the text for
translation. Machine translation models are then
applied to interpret speech in various languages.
This cooperation between ASR and DNNs
allows for immediate translation.
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VI. CHALLENGESFACED

A. Data scarcity:

The restricted data accessible for
automatic speech recognition models creates a
challenge due to the lack of diverse training
data. This limitation impacts the system's
accuracy in precisely transcribing speech into
text, especially when handling various accents,
languages, and speaking styles.

B. Robustness to noise:

In  speech processing, maintaining
accuracy despite  background noise or
disruptions signifies the system's robustness.
Achieving this involves employing methods like
noise reduction and robust feature extraction to
enhance the precision and accuracy of speech
recognition in noisy environments.

C. Model complexity:

The size and complexity of neural
network architectures play a role in the intricacy
and evolution of model development and
implementation. More intricate models often
encompass a higher number of parameters and
intricate components, potentially necessitating
larger datasets and heightened computational
resources.

VIl. RESULTS OF THE RESEARCH

Progress  in  automatic speech
recognition has significantly boosted the
accuracy and robustness of DNN-driven ASR
models. These models have showcased better
word error rates and character error rates than
conventional systems.
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Figure 7.1 The STT demonstration

Enhancements in deep neural network structures
have enabled their capacity to manage vast
datasets and intricate tasks, thus improving the
system's scalability. Furthermore, there have
been advancements in DNN architectures and
methodologies. These DNN-based ASR models
find utility across sectors like healthcare,
education, and smart devices.

VIll. FUTURE DIRECTIONS

In the domain of automatic speech
recognition using deep neural networks, there's
extensive exploration yet to be done. Data
augmentation plays a vital role, especially in
low-resource ASR situations characterized by
limited training data. Techniques such as
introducing noise, adjusting speed, or creating
synthetic data significantly contribute to
enhancing ASR models. It is crucial to
underscore the significance of robustness and
effective noise management within the realm of
automatic speech recognition. A robust ASR
model must possess the ability to precisely
transcribe speech, even when confronted with
noisy environments.
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IX. CONCLUSION

In  conclusion, this research paper
thoroughly investigates automatic  speech
recognition systems utilizing deep neural
networks. It explores the transition from
traditional ASR approaches to the substantial
impact of DNN-based models, marking a
transformative shift in speech recognition. The
analysis of architectural paradigms and training
strategies highlights significant improvements in
the accuracy and adaptability of ASR models.
Despite these advancements, challenges like
scarce data, noise resilience, and speaker
variability are recognized.
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