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ABSTRACT

Speech recognition is a transformative technology that enables
computers to understand and interpret spoken language, fostering
seamless interaction between humans and machines. By
implementing algorithms and machine learning techniques, speech
recognition systems transcribe spoken words into text, facilitating a
diverse array of applications. A speech recognition system must
distinguish meaningful language from variations in accent, speed,
pitch, background noise, microphone quality, and speaking style.
Traditional automatic speech recognition (ASR) addressed this
problem through separate components for acoustic modeling,
pronunciation, and language modeling; it converts spoken language
into written text. These systems were effective, but they depended
heavily on expert-designed features and carefully constructed
processing pipelines. Deep learning changed this approach by
allowing models to learn complex representations directly from large
collections of speech and text. Modern end-to-end systems can learn
a direct mapping from an audio signal to a sequence of characters,
subwords, or words. This approach has produced major gains in
accuracy and made voice assistants, automated captions, transcription
services, and hands-free interfaces widely available. The central
challenge is not merely to recognize clean, familiar speech, but to
build systems that remain accurate, fair, efficient, and trustworthy in
the open world. Automatic speech recognition has become one of
deep learning’s clearest practical successes. This paper provides an
overview of deep learning and its applications in speech recognition
tasks.
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Speech is the most natural means of human
communication, but converting it into text is a
difficult computational problem. It contains structure
at several timescales. It is a difficult signal to
interpret. Speakers differ in accent, pitch, rhythm,
vocabulary, and pronunciation. Microphones
introduce distortion, background noise obscures
words, and the same sound may represent different
meanings depending on context. Deep learning
transformed this task by allowing machines to learn
useful representations from data rather than relying
mainly on manually designed rules and narrowly
specified statistical assumptions. It has changed
speech recognition from a carefully assembled
pipeline into a more unified learning problem. Yet
this progress also brings new concerns about data
requirements, computational cost, reliability, privacy,

and unequal performance across groups [1]. The
journey of speech recognition technology has been
transformative. Starting from simple voice-activated
systems, it has evolved into sophisticated platforms
capable of understanding diverse accents and dialects.

WHAT IS DEEP LEARNING?

Deep learning is a branch of machine learning that
uses artificial neural networks with multiple
processing layers to discover patterns in data. Its
importance lies not merely in the size of its models,
but in their ability to learn useful representations
directly from raw or minimally processed
information. Earlier machine-learning systems often
depended heavily on experts to decide which features
of an image, sound, document, or transaction should
be measured. Deep-learning models can instead learn
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increasingly abstract features during training,
enabling one general family of methods to work with
images, speech, text, video, biological sequences,
sensor readings, and other complex data. This
capacity has made deep learning a central technology
in contemporary artificial intelligence [2]. Figure 1
shows how deep learning is a subset of machine
learning and how machine learning is a subset of
artificial intelligence [3].

Deep learning may be regarded as a feature learning
technique. Different applications employ different
deep learning models. Deep learning has matured
from being a special purpose machine learning
technique to a general purpose machine learning tool.
It has become a big wave of technology trend for big
data and artificial intelligence. It has enjoyed success
in various applications such as automatic speech
recognition, image recognition, computer vision,
object detection, bioinformatics, and other areas such
as drug discovery and information retrieval.

Fundamentally, deep learning refers to a class of
machine learning algorithms in which a hierarchy of
layers is used to transform input data into a
progressively more abstract and composite
representation. The word “deep” in “deep learning”
refers to the number of layers through which the data
is transformed. Neural network consists of layers of
interconnected nodes or neurons that collaborate to
process input data. In a fully connected deep neural
network data flows through multiple layers where
each neuron performs nonlinear transformations,
allowing the model to learn intricate representations
of the data. In a deep neural network the input layer
receives data which passes through hidden layers that
transform the data using nonlinear functions. The
final output layer generates the model’s prediction

[4].

Deep learning models are complicated artificial
neural networks designed to mimic the human brain.
Figure 2 shows a deep learning neural network [5],
while Figure 3 shows the key components of deep
learning [6]. Deep learning is behind many
technologies we use every day like voice assistants
and medical tools. It is especially valuable when
working with large quantities of unstructured data.
Conventional databases organize information into
clearly defined rows and columns, but much of the
world’s information exists as photographs,
recordings, documents, and videos. Deep neural
networks are well suited to extracting patterns from
these formats. Its greatest promise, however, emerges
when technical capability is combined with
responsible design.

Deep learning is not just a technological
advancement. It is a reflection of human intelligence,
scaled, accelerated, and embedded into systems
around us. It is most commonly used where there is
massive data and a need for intelligent interpretation.
Hence, its strongest areas of applications include
language processing, image recognition, predictive
analytics, and automation [7].

DEEP LEARNING IN SPEECH RECOGNITION
Humans communicate preferably through speech
using the same language. Speech recognition is the
ability to understand the spoken words of the person
speaking. It is difficult because the same linguistic
message can produce many different acoustic signals.
Speakers differ in accent, dialect, age, pitch, vocal
anatomy, speaking rate, and articulation. A single
speaker also changes pronunciation according to
emotion, fatigue, health, and social context. Natural
conversation adds hesitations, false starts, shortened
words, interruptions, and overlapping voices. The
recognizer must infer stable linguistic units from this
continuous variation without treating every difference
as anew word. Deep learning has reshaped the entire
recognition pipeline. Recurrent neural networks,
including long short-term memory networks, became
useful because they could represent dependencies
across time. Deep learning has transformed speech
recognition from a rigid, component-heavy
technology into a flexible platform for interpreting
spoken language. It has made speech recognition
useful in virtual assistants, accessibility tools, clinical
documentation, education, media production,
customer service, translation, and hands-free
computing [1].

Speech recognition is a pivotal technology in artificial
intelligence (AI), which refers to the ability of
machines to interpret and process human speech. It
means that computers or machines can listen to what
people say and understand it. The field is undergoing
rapid development, with major corporations such as
Google and Microsoft developing impressive tools to
that end. At its core, it involves converting spoken
words into digital text, paving the way for seamless
human-computer interactions. One prominent trend is
the utilization of deep learning techniques, such as
convolutional neural networks (CNNs) and recurrent
neural networks (RNNs), which have shown
promising results in speech recognition tasks. Figure
4 shows a representation of speech recognition [8].

The field of speech recognition has undergone a
transformative shift with the advent of deep learning.
The use of multiple processing layers has enabled the
creation of models capable of extracting intricate
features from speech data. This development has
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paved the way for unparalleled advancements in
speech recognition, especially for automatic speech
recognition (ASR). ASR refers to the task of
recognizing human speech and translating it into text.
This research field has gained a lot of focus over the
last decades. It is an important research area for
human-to-machine =~ communication. ~ ASR is
extensively utilized by corporations and service
providers for facilitating interactions through Al
platforms like chatbots and digital assistants. In the
deep learning era, neural networks have shown
significant improvement in the speech recognition
task. Recent advancements in deep learning have
posed a significant challenge for automatic speech
recognition (ASR). ASR relies on extensive training
datasets, including confidential ones, and demands
substantial computational and storage resources [9].
Figure 5 shows the overall flow of ASR [10].

APPLICATIONS OF DEEP LEARNING IN
SPEECH RECOGNITION

The power of deep learning techniques has opened up
new avenues for research and innovation in the field
of speech recognition, with far-reaching implications
for a range of industries and applications. The
applications of deep learning in speech recognition
now include voice-controlled devices, large-scale
transcription, real-time captioning, virtual assistants,
accessibility tools, educational support, clinical
documentation, healthcare, multilingual
communication, media production, customer service,
translation, and hands-free computing. Figure 6
shows the use of speech recognition in industry [8].
Common applications of deep learning in speech
recognition include the following [1,8]:

» Voice Interfaces: One of the most visible
applications of deep learning in speech
recognition is the voice interface. Smartphones,
smart speakers, household devices, vehicles, and
wearable technologies use ASR to convert spoken
commands into text that other software can
interpret. A user can request directions, search for
information, send a message, control music, or
operate a connected appliance without a keyboard
or touchscreen. Deep neural networks make these
interfaces more practical by improving
recognition under real-world conditions. They can
learn from recordings that contain different
microphones, room acoustics, speaking styles,
and types of noise.

» Transcription: Deep learning has transformed
transcription. Journalists can produce searchable
drafts of interviews, researchers can process
recorded discussions, and organizations can create
minutes from meetings. Media companies can

generate an initial transcript for podcasts and
videos, then use it to create subtitles, search
archives, or identify segments for editing. Contact
centers can transcribe calls at scale, enabling
quality review, topic detection, compliance
checks, and summaries. In these settings, ASR
turns audio from an opaque recording into
searchable and analyzable text. The greatest
benefit often comes from combining automation
with human review. Automatic transcription can
produce a rapid first draft, while an editor corrects
names, specialized terminology, punctuation, and
passages affected by overlapping speech.

Education: In education, deep learning ASR can
generate lecture notes, captions, and searchable
recordings. It can support pronunciation practice
by comparing a learner’s speech with expected
forms, and it can form part of reading or
language-learning applications that respond to
spoken input. Nevertheless, errors in technical
vocabulary, names, equations, or heavily accented
speech can distort meaning. Speech recognition
aids in language learning applications and helps
students with disabilities by transcribing lectures
and facilitating voice-activated searches.

Healthcare: Healthcare illustrates both the value
and the risk of speech recognition. Clinicians
produce large amounts of documentation,
including consultation notes, radiology reports,
pathology reports, and discharge summaries.
Deep-learning ASR can convert dictation into
text, reduce repetitive typing, and shorten the time
between an examination and an available report.
A systematic review found that speech-
recognition systems had been used in radiology,
emergency care, endocrinology, pathology, and
other clinical settings. Medical professionals use
speech recognition for dictating patient notes and
transcribing  medical records, increasing
efficiency in documentation.

Clinical Documentation: Modern systems can
support ambient clinical documentation, in which
a recorded conversation is transcribed and then
processed into a structured draft. In principle, this
allows a clinician to pay more attention to the
patient instead of continuously entering
information into a computer. However, a
recognition error involving a medication, dosage,
symptom, or negation could have serious
consequences. Clinical deployments therefore
require specialized vocabularies, secure handling
of sensitive audio, clear indications of
uncertainty, and review by an accountable
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professional. In medicine, speed is valuable only
when paired with verification.

» Voice Processing: Speech recognition is the core
technology that allows machines to convert
spoken language into text or executable
commands by analyzing sound patterns, linguistic
structure, and contextual probability. Traditional
speech engines depended on predefined feature
extraction methods and statistical probability
models. Deep learning introduced neural
architectures capable of learning temporal
dependencies, contextual meaning, and acoustic
variation directly from raw or semi-processed
speech data. This shift made modern systems
significantly more accurate in real-world
conditions such as noisy environments, mixed
accents, and conversational speech. Speech
recognition focuses on understanding what is
being said, while voice recognition focuses on
identifying who is speaking.

» Virtual Assistants: Speech recognition has
evolved from simple command-based systems
into deep learning-driven language engines that
power virtual assistants. Voice assistants rely
heavily on real-time speech interpretation. Speech
recognition is fundamental in virtual assistants
like Siri and Alexa, enabling them to understand
and respond to voice commands. For example,
Siri is a speech recognition system. It uses
advanced algorithms to interpret voice commands
and respond appropriately, showcasing the
integration of Al and natural language processing
in practical applications.

»  Multilingual Communication: Deep learning has
expanded speech recognition beyond systems
trained for one language and one narrow acoustic
environment. Large multilingual models can share
representations across languages and can
sometimes transcribe or translate speech without
task-specific retraining.

BENEFITS

Deep learning ASR now supports voice assistants,

call-center analytics, searchable media archives,

meeting transcription, dictation, captioning, and
speech translation. Its ability to understand human
language at scale is transforming customer
interaction, automation, and digital accessibility
across industries. Other benefits of deep learning in

speech recognition include the following [1,8,11]:

» Recognition Accuracy: The most important
benefit of deep learning is improved recognition
accuracy. Deep learning has made speech
recognition more accurate and more widely
useful, but it has not solved the fundamental

diversity of spoken communication. Speech is
difficult to transcribe because the same word can
sound different depending on the speaker, accent,
speaking rate, microphone, and surrounding
noise. Traditional Gaussian mixture models
represented this variation with relatively limited
mathematical structures. Deep neural networks
can instead learn complex, nonlinear relationships
between an acoustic signal and the linguistic units
it represents. Deep neural networks have
outperformed Gaussian mixture models across
several speech-recognition benchmarks,
sometimes by a large margin. Later architectures
strengthened this advantage. Such advances mean
that speech interfaces can make fewer
transcription errors and require less correction
from users. Accuracy claims must be evaluated
across relevant user groups and real operating
conditions, not only on a single benchmark.

Operational Efficiency: Speech Al allows
organizations to process large communication
volumes faster than human teams alone. Real-
time transcription and voice analytics help
businesses monitor interactions, extract insights,
and improve decision making. Operational
advantages include faster documentation, reduced
human workload, searchable voice records, and
faster compliance review. As speech Al becomes
more accurate, businesses increasingly integrate it
into broader automation systems for long-term
digital transformation.

» Accessibility: Speech recognition can make

spoken information more accessible. Real-time
captions help people follow lectures, meetings,
broadcasts, and online conversations. Transcripts
can also support people who are learning the
language being spoken, those working in noisy
environments, and users who prefer to read or
search material after an event. For people with
motor impairments, speech-to-text dictation and
voice commands may provide an alternative to
conventional typing and pointer-based interaction.
These uses show how ASR can serve as an
assistive technology as well as a productivity tool.

Evaluation: The standard metric for ASR is word
error rate (WER). It counts substitutions,
deletions, and insertions in a machine transcript,
then divides their sum by the number of words in
the reference transcript. Lower values indicate
closer agreement with the reference. WER is
useful because it offers a simple measure across
systems, but it does not fully express the
importance of an error. Confusing punctuation
may be harmless in a rough meeting transcript,
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while changing a drug name or negation can be
serious in a medical record. Evaluation must
therefore reflect the intended setting as well as
average recognition accuracy.

» End-to-end Training: Deep learning enables end-
to-end training. In a traditional pipeline, acoustic
modeling, pronunciation modeling, decoding, and
other stages may be built and tuned separately.
An error in one component can pass to the next,
while optimizing each component alone does not
guarantee the best final transcript. End-to-end
systems learn a more direct mapping from speech
to characters, subword units, or words.

» Scalability: Another major advantage is
scalability. Deep learning models generally
improve when they are supplied with more varied
training data and sufficient computing power.
Graphics processing units and specialized
accelerators make it possible to train large
networks on thousands of hours of audio.
Distributed training can shorten the development
cycle, allowing researchers to test improved
architectures and learning strategies more rapidly.
Scalability benefits both research and practical
use: organizations can improve a shared model
with broad datasets and then deploy it across
services such as dictation, captioning, call
transcription, and voice-operated interfaces.

» Socioeconomic Benefits: The technical gains
create substantial social and economic benefits.
More accurate transcription can improve live
captions for people who are deaf or hard of
hearing. It can make digital services easier to use
for people who have difficulty typing or operating
a conventional interface. In workplaces, speech
recognition can turn meetings, interviews,
lectures, and customer calls into searchable text.
It can also support translation, voice assistants,
clinical documentation, and  hands-free
computing. In each case, the benefit comes not
merely from converting sound into text, but from
making spoken information easier to search,
analyze, share, and preserve.

» Ubiquitous Integration: Speech recognition is
poised to become more seamlessly integrated into
our daily lives, with its presence in virtually every
tech-enabled device, from appliances to
wearables, enhancing user convenience.

CHALLENGES

In spite of its advancements, speech recognition faces
significant challenges. Its use raises important
concerns about bias, privacy, reliability, data quality,
ethical concerns, and unequal performance. Other

challenges of deep learning in speech recognition
include the following [1,8,11]:

» Data Quality: The quality of speech data directly

determines recognition reliability. A strong
dataset should include multiple accents, varied
speaking speeds, age diversity, gender diversity,
real environmental noise, and domain vocabulary.
If training data is too narrow, recognition quality
drops significantly in production environments.

Privacy: Privacy and computational cost create
further tensions. Privacy must be considered
because speech can reveal identity, location,
health information, relationships, and background
activity. Cloud-based recognition may require
audio to leave the user’s device. Speech can
reveal identity, health, emotion, location, and
social relationships. Collecting large audio
corpora or sending recordings to cloud services
may expose sensitive information. On-device
inference, encryption, data minimization, and
federated learning can reduce some risks, but each
involves trade-offs in model size, accuracy, and
operational complexity. Training large models
also consumes substantial energy and specialized
hardware.

» Ethical Concerns: Ethical and privacy concerns

are critical considerations. As speech recognition
becomes more prevalent, there will be an
increased emphasis on ethical considerations and
the protection of user privacy. This includes
developing secure systems that respect user data
and ensure confidentiality.

» Multimodal Capabilities: Future developments

are expected to focus on creating speech
recognition systems that can effortlessly handle
multiple languages and dialects. Additionally,
integrating speech recognition with other
modalities like gesture and facial recognition
could lead to more holistic and intuitive human-
computer interactions.

Fairness: Fairness is difficult to measure.
Demographic categories are socially complex and
may not correspond neatly to acoustic patterns.
Aggregate testing can conceal poor performance
for people at the intersection of several
underrepresented groups. Word error rate treats
all substitutions, deletions, and insertions in a
uniform way, even though confusing “fifteen”
with “fifty” can be more consequential than
omitting a filler word. Responsible evaluation
therefore requires representative test sets,
subgroup analysis, and task-specific measures of
harm. It also requires continuous monitoring
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because model updates can improve overall
accuracy while worsening results for a smaller
group.

» Robustness: Robustness is another problem.
Environmental noise, overlapping speakers,
compressed audio, and unfamiliar microphones
can change the signal substantially. Neural
systems may also produce linguistically plausible
text that was not actually spoken. This risk is
especially important in generative encoder-
decoder models because their internal language
knowledge can favor a coherent sentence over
uncertain  acoustic  evidence. Confidence
estimates, source-linked timestamps, human
review, and explicit handling of inaudible
segments are therefore essential in high-stakes
settings.

» Unequal Performance: Unequal performance is
another major concern. In a 2020 study of five
commercial ASR systems, the average word error
rate was 0.35 for black speakers and 0.19 for
white speakers in the evaluated dataset. The gap
remained large even for identical phrases and was
associated  mainly  with  acoustic-model
performance. This finding demonstrates that a
system with strong average accuracy may still fail
particular communities. More diverse training
data, testing across dialects and demographic
groups, transparent reporting, and channels for
user correction are therefore essential.

» Noise: Noise remains one of the biggest causes of
recognition failure. Strong speech systems include
noise handling during both preprocessing and
training. Effective techniques include noise
augmentation, silence trimming, spectral
normalization, and environmental simulation
during training. Training models on noisy speech
improves resilience in real deployment
conditions.

FUTURE OF DEEP LEARNING IN SPEECH
RECOGNITION

The future of speech recognition will likely involve
systems that are more multilingual, adaptive,
efficient, and context-aware. It will be shaped not by
a single architectural breakthrough, but by a broader
change in what researchers expect a speech system to
learn and deliver. The most important development
will be the continued rise of speech foundation
models. Models will need better ways to use context
while remaining faithful to the acoustic evidence.
Future models will learn jointly from raw audio,
imperfect transcripts, curated recordings, written text,
speaker feedback, and synthetic examples. Instead of
learning only to predict the next character or word,

models will learn relationships among phonetic detail,
linguistic meaning, speaker identity, conversational
turn-taking, and surrounding sounds. Speech-native
language models will push this expansion further. The
best model will increasingly be the one that satisfies
the application’s full constraints, not the one with the
lowest error rate on a standard benchmark.

The future of deep learning in speech recognition is
not simply a story of transcripts becoming
incrementally more accurate. The next stage of ASR
should pursue accuracy together with fairness,
privacy, efficiency, and transparent uncertainty. It
should not be measured by benchmark accuracy
alone. Accuracy itself will need a more demanding
definition. Speech recognition is most valuable when
it works across languages, dialects, disabilities, and
real acoustic conditions; protects the people whose
voices it processes; and signals when its output may
be wrong. Deep learning will also move recognition
closer to the user through on-device and edge
inference [1].

CONCLUSION

Deep learning has transformed speech recognition
because it learns rich representations, models context
across time, supports end-to-end optimization, scales
with data and computation, and extracts value from
unlabeled audio. It has reshaped speech recognition
by replacing brittle, heavily engineered components
with models that learn representations, alignments,
and linguistic patterns from data. It has brought
machines closer to recognizing human speech, but
responsible design will determine whether they can
do so reliably for the full range of human voices.

Deep neural networks improved traditional acoustic
models. Deep learning represents not merely a
technical improvement in speech recognition, but a
foundation for a broad class of human—computer
interfaces whose value depends on responsible
deployment. Together, these capabilities have raised
accuracy while reducing the need for manually
engineered processing stages. They have also made it
more practical to adapt speech technology to new
languages and tasks. When developed with attention
to fairness, privacy, and efficiency, deep learning
makes speech recognition not only more capable, but
also more accessible and broadly useful. More
information about deep learning in speech recognition
can be found in the books in [12-19] and a related
journal: Artificial Intelligence Review.

REFERENCES
[1] https://manus.im

[2] M. N.O. Sadiku, M. Tembely, and S.M. Musa,
“Deep learning,” [International Research

@ IJTSRD | Unique Paper ID —IJTSRD142138 | Volume—10 | Issue—5 | Sep-Oct 2026

Page 577



(3]

[4]

[5]

[6]

[71

[8]

(9]

[10]

[11]

International Journal of Trend in Scientific Research and Development @ www.ijtsrd.com eISSN: 2456-6470

Journal of Advanced Engineering and Science,
vol. 2, no. 1, 2017, pp. 77,78.

“Deep learning,” Wikipedia,
https://en.wikipedia.org/wiki/Deep_learning

“Introduction to deep learning,” May 2026,
https://www.geeksforgeeks.org/deep-
learning/introduction-deep-learning/

N. Somani, “What are deep learning models?”
August 2026,
https://www.igmguru.com/blog/what-are-deep-
learning-models

“25 Deep learning applications driving Al
innovation,” https://www.intellspot.com/deep-
learning-applications/

A. Kumar, “Applications of deep learning:
Real-world examples and uses,” May 2026,
https://www.theiotacademy.co/blog/application
s-of-deep-learning/

M. Tilawat, “What is speech recognition?”
October 2024,
https://www.allaboutai.com/ai-glossary/speech-
recognition/

H. Kheddar, M. Hemis, and Y. Himeur,
“Automatic speech recognition using advanced
deep learning approaches: A survey,”
Information Fusion, vol. 109, September 2024.

L. Papastratis, “Speech recognition: A review of
the different deep learning approaches,” July
2021, https://theaisummer.com/speech-
recognition/

Y. Singh, “Deep learning in speech recognition:
Algorithms, real-world use cases, and future
trends,” March 2026,

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

https://vegavid.com/blog/deep-learning-in-
speech-recognition

U. Kamath, J. Liu, and J. Whitaker, Deep
Learning for NLP and Speech Recognition.
Springer, 2019.

S. Watanabe et al. (eds.), New Era for Robust
Speech Recognition: Exploiting Deep Learning.
Springer, 2017.

B. Yalamanchili, Harnessing Deep Learning
for Speech Emotion Recognition: Mastering
Deep  Learning for Speech  Emotion
Recognition: Techniques, Challenges, and
Applications. LAP LAMBERT Academic
Publishing, 2024.

A. P. Siva Kumar, K. D. Akhil, and K.
Chidananda, Speech Recognition On Deep
Learning: MATLAB. LAP LAMBERT
Academic Publishing, 2021.

J. Dabass et al., Modern Speech Processing
With Deep Learning: A Practical and Intuitive
Guide to Speech Representation, Recognition,
Speaker Modeling, and Noise Reduction.
Kindle Edition, 2026.

M. M. Saleem, Deep Learning for Speech
Classification and Speaker Recognition.
University of Texas at Dallas, 2014.

U. Sharma et al., Deep Learning Models for
Real-Time Speech Recognition. Leilani Katie
Publication, 2026.

D. Yu and L. Deng, Automatic Speech
Recognition: A Deep Learning Approach
(Signals and Communication Technology).
Springer, 2014.

fﬁm

Artificial Intelligence:
Mimikking the intelligence ar
beherdoural pattern of hum ans

or any -ocher iring =nomy.

A tichinia By miich & cofegadar
car Teann” Smm dala, witfesiul
usinsg 3 coerapd e setof diffevent
nale=x. Thiz a pproschs = sy
hasmd on traning a model from
dataiens.

Diep Learning:
Ea Pl T T
machine learning

irnapired by our brain's
ey ek of
EUrens.

N

L

"'\-n.._\_\_\_'_‘_'_,..-"'
Figure 1 Deep learning is a subset of machine learning and machine learning is a subset of artificial

intelligence [2].

@ IJTSRD | Unique Paper ID —IJTSRD142138 | Volume—10 | Issue—5 | Sep-Oct 2026

Page 578



International Journal of Trend in Scientific Research and Development @ www.ijtsrd.com eISSN: 2456-6470

Hidden Layars

DEEP
LEARNING

MODELS

" - Input

| Brain-inspired . .
| structures multiple
hidden

output
Key Components of s
Deep Learning

- L 3
| Rules for learning
and adjusting

Large (often labeled)
datasets for training

Figure 3 The key components of deep learning [6].

Figure 4 A representation of speech recognition [8].
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