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Abstract: This survey paper examines recent advancements in speech recognition technologies and their 

integration with Natural Language Processing (NLP). The study begins by discussing the evolution of voice 

recognition systems, highlighting the transition from classical methods to deep learning models. We detail 

how Recurrent Neural Networks (RNNs), Convolutional Neural Networks (CNNs), and transformer 

architectures have set new benchmarks in speech-to-text conversion. The second section addresses the 

challenges classical NLP models face in interpreting spoken language, emphasizing the need for innovative 

approaches to tackle dialectal variations, colloquial expressions, and context-dependent nuances. The 

paper also explores the potential of contextual information, multitask learning, and transfer learning to 

enhance voice recognition systems. By investigating the synergies between voice recognition and NLP, we 

underscore the importance of multidisciplinary research in overcoming language understanding and 

processing barriers. The analysis includes applications such as virtual assistants, transcription services, 

language translation, and accessibility technologies. The conclusions outline future research directions and 

emphasize the necessity of collaboration to fully harness the potential of voice recognition while pioneering 

new advancements in NLP. 
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1.  INTRODUCTION 

The study of human-computer interaction has witnessed 

the emergence of two significant fields within artificial 

intelligence and natural language processing in recent years: 

speech recognition and advancements in natural language 

processing. These breakthroughs have revolutionized how 

computers interpret and respond to human speech, 

transcending the limitations of traditional NLP methods. 

Speech Recognition: An Overview 

Speech recognition, a subfield of Natural Language 

Processing (NLP), involves converting spoken words into 

text, enabling computers to comprehend and interpret human 

speech inputs. This technology has a wide range of 

applications, including virtual assistants, transcription 

services, hands-free device administration, and accessibility 

solutions. Figure 1 illustrates the various components 

involved in voice recognition and their interplay, facilitating 

the accurate interpretation of spoken words. 

Recent advancements in speech recognition have been 

propelled by the development of deep learning models. 

Classical speech recognition systems relied on techniques 

such as Hidden Markov Models (HMMs) and Gaussian 

Mixture Models (GMMs). However, these methods had 

limitations in handling the variability and complexity of 

human speech. The advent of deep learning introduced more 

sophisticated approaches, notably Recurrent Neural 

Networks (RNNs), Convolutional Neural Networks (CNNs), 

and transformer architectures. 

RNNs, with their ability to process sequential data, have 

shown significant promise in speech recognition. Long Short-

Term Memory (LSTM) networks and Gated Recurrent Units 

(GRUs), variants of RNNs, address the vanishing gradient 

problem, enabling the capture of long-term dependencies in 

speech sequences. CNNs, traditionally used in image 

processing, have also been adapted for speech recognition. 

By applying convolutional layers to spectrograms (visual 
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representations of audio signals), CNNs can effectively 

extract hierarchical features from speech data. 

Transformers, a more recent development, have further 

advanced speech recognition. The transformer model, 

introduced by Vaswani et al., relies on self-attention 

mechanisms to capture global dependencies in data. This 

architecture has proven particularly effective in handling the 

parallelization of training, leading to improved performance 

and efficiency in speech-to-text conversion. 

Challenges in NLP for Spoken Language 

While speech recognition has made remarkable strides, 

classical NLP models often struggle with interpreting spoken 

language. Challenges include dialectal variations, colloquial 

expressions, and context-dependent nuances. Spoken 

language is inherently different from written text, often 

lacking the structure and formality of written language. This 

necessitates the development of new methods to bridge the 

gap between spoken language and NLP. 

Enhancing Speech Recognition with NLP Techniques 

To address these challenges, researchers are exploring the 

integration of contextual information, multitask learning, and 

transfer learning into voice recognition systems. Contextual 

information, such as speaker identity and conversational 

context, can significantly enhance the accuracy of speech 

recognition. Multitask learning, where models are trained on 

multiple related tasks, helps in capturing shared 

representations and improving generalization. 

Transfer learning, a technique where models pre-trained 

on large datasets are fine-tuned for specific tasks, has also 

shown promise. Pre-trained language models, such as BERT 

and GPT, can be adapted for speech recognition tasks, 

leveraging their extensive knowledge of language semantics 

and structure. 

The Importance of Multidisciplinary Research 

The synergies between speech recognition and NLP 

underscore the importance of multidisciplinary research. 

Combining expertise from various fields, including 

linguistics, computer science, and cognitive psychology, can 

lead to innovative solutions that break language 

understanding and processing barriers. By fostering 

collaboration, researchers can develop more robust and 

versatile systems that cater to the diverse needs of users. 

Looking at Figure 1 [3] exposes the various moving pieces 

that are involved in voice recognition and how they all work 

together to make it possible for computers to interpret spoken 

words. 

 

 
 

Figure 1: Process of Speech Recognition and Breaking NLP 

 

Alternately, the cutting-edge work that is being done in 

Breaking NLP [4] is pushing the frontiers of what is assumed 

to be achievable in terms of natural language comprehension. 

The investigation of complex models and approaches that go 

beyond what simple natural language processing systems can 

do is required. By demonstrating how other methods, such as 

complex neural architectures and semantic representations, 

were examined in addition to the conventional standard 

language comprehension tools, Figure 2 [4] exemplifies the 

revolutionary nature of Breaking Natural Language 

Processing (NLP). 

 
Figure 2: Transforming the landscape of NLP 

 

The purpose of this introduction part is to provide the 

framework for the rest of the essay, which will investigate 

Speech Recognition and Breaking NLP in comprehensive 

depth, covering its applications, challenges, and 

revolutionary possibilities in the production of future human-

computer interaction. Through the exploration of these 

technical fields, we get an understanding of the intricate 
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mechanisms that make it possible for us to connect with 

computers, as well as the potential that are made available by 

Breaking NLP, a revolutionary development in the field of 

natural language processing. 

 

2. LITERATURE REVIEW 

 Xue et al. (2019) propose a multi-task learning 

framework aimed at addressing the issue of catastrophic 

forgetting in automatic speech recognition (ASR) systems [5]. 

Catastrophic forgetting occurs when a model trained on new 

data tends to forget previously learned information. Their 

framework incorporates multiple tasks during the training 

process, which helps in retaining knowledge and enhancing 

the overall performance of ASR systems. This approach is 

particularly beneficial in dynamic environments where the 

ASR system needs to adapt continuously without losing prior 

knowledge. 

Madhavaraj and Ramakrishnan (2019) explore data-

pooling and multi-task learning to improve speech 

recognition performance in multiple low-resource languages 

[6]. By pooling data from various low-resource languages 

and employing multi-task learning, their method significantly 

enhances the ASR system's ability to generalize across 

different languages. This study highlights the potential of 

collaborative data utilization and multi-task learning to 

overcome the limitations faced by low-resource languages in 

speech recognition. 

Tomashenko, Caubriere, and Estève (2019) investigate 

adaptation and transfer learning techniques for end-to-end 

spoken language understanding from speech [7]. Their study 

examines how transfer learning can be effectively applied to 

adapt ASR systems to new domains and languages. By 

leveraging pre-trained models and fine-tuning them for 

specific tasks, they demonstrate substantial improvements in 

spoken language understanding, which is critical for 

developing robust and versatile ASR systems. 

Mendes et al. (2019) focus on the recognition of Latin 

American Spanish using multi-task learning [8]. Their 

approach involves training ASR systems on multiple related 

tasks simultaneously, which helps in capturing shared 

features and improving recognition accuracy for Latin 

American Spanish. This study underscores the effectiveness 

of multi-task learning in enhancing ASR performance for 

specific language variants. 

Yu et al. (2019) present a study on cross-language end-to-

end speech recognition using transfer learning for the low-

resource Tujia language [9]. They demonstrate that by 

transferring knowledge from high-resource languages to low-

resource languages, significant improvements in recognition 

accuracy can be achieved. This approach is particularly 

valuable for preserving and promoting the use of low-

resource languages in modern technology. 

Dong et al. (2019) combine deep transfer learning with 

multi-task bi-directional LSTM RNN for named entity 

recognition in Chinese electronic medical records [10]. Their 

method leverages transfer learning to enhance the model's 

ability to identify and classify medical entities accurately. 

This application of transfer learning in the medical domain 

showcases its versatility and effectiveness in specialized 

tasks requiring high precision. 

Wang et al. (2020) introduce a cross-task transfer learning 

approach designed to adapt deep speech enhancement models 

to handle unseen background noise [11]. Their method 

utilizes paired senone classifiers to enhance the robustness of 

automatic speech recognition (ASR) systems in noisy 

environments. By transferring knowledge from models 

trained on various acoustic conditions to new, unseen noise 

scenarios, their approach improves the system's ability to 

accurately recognize speech amidst background interference. 

This study underscores the effectiveness of transfer learning 

in increasing the adaptability of ASR systems to a wide range 

of acoustic challenges. The research demonstrates how 

leveraging transfer learning can significantly boost the 

performance of ASR systems in dynamic and noisy 

conditions, highlighting its potential for advancing speech 

recognition technology in diverse environments. 

Joshi et al. (2020) explore various transfer learning 

approaches for streaming end-to-end speech recognition 

systems [12]. They investigate how pre-trained models can 

be adapted for real-time speech recognition tasks, 

emphasizing the importance of efficient and scalable transfer 

learning techniques in deploying ASR systems for live 

applications. 

Wang, Pino, and Gu (2020) focus on improving cross-

lingual transfer learning for end-to-end speech recognition by 

integrating speech translation [13]. Their approach leverages 

the synergies between speech recognition and translation 

tasks to enhance cross-lingual performance. This study 

provides a comprehensive framework for developing 

multilingual ASR systems capable of handling diverse 

linguistic inputs. 

Shivakumar and Georgiou (2020) revisit the transfer 

learning approach from adult to children for speech 

recognition, providing updated evaluations, analyses, and 

recommendations [14]. Their findings emphasize the critical 

role of transfer learning in adapting ASR systems to better 

recognize and interpret children's speech, which differs 

significantly from adult speech in various aspects. 
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Kano, Sakti, and Nakamura (2020) propose a multi-task 

learning framework for end-to-end speech translation, 

specifically targeting distant language pairs [15]. By 

integrating speech recognition and translation tasks, their 

approach improves the accuracy and fluency of translated 

speech outputs, highlighting the potential of multi-task 

learning in bridging linguistic gaps. 

Woldemariam (2020) explores the application of transfer 

learning to enhance speech recognition for less-resourced 

Semitic languages, with a particular focus on Amharic [16]. 

The study illustrates how transfer learning can substantially 

boost recognition accuracy in languages that suffer from 

limited training data. By leveraging pre-trained models and 

adapting them to Amharic, Woldemariam's approach 

addresses the challenges of data scarcity and improves the 

effectiveness of automatic speech recognition (ASR) systems 

in these under-resourced languages. The research highlights 

the potential of transfer learning to bridge gaps in training 

data and offers a viable pathway for developing robust ASR 

systems for languages with limited resources. This study 

contributes to advancing speech recognition technology in 

less-resourced linguistic contexts, demonstrating the 

significant benefits of transfer learning in overcoming data 

limitations. 

Abad et al. (2020) explore cross-lingual transfer learning 

for zero-resource domain adaptation in ASR [17]. Their 

approach aims to adapt ASR systems to new domains 

without requiring additional labeled data from the target 

domain. This study underscores the potential of transfer 

learning to facilitate domain adaptation and improve ASR 

performance in diverse application areas. 

Wang, Sainath, and Weiss (2020) investigate multitask 

training with text data for end-to-end speech recognition [18]. 

By incorporating text-based tasks into the training process, 

their approach enhances the model's ability to learn language 

patterns and improve speech recognition accuracy. This study 

highlights the benefits of leveraging text data in training 

robust ASR systems. 

Li et al. (2020) propose improvements to transformer-

based speech recognition through unsupervised pre-training 

and multi-task semantic knowledge learning [19]. Their 

approach leverages unsupervised learning techniques to pre-

train models on large datasets, followed by fine-tuning with 

multi-task learning, resulting in enhanced recognition 

performance. 

Zhuang et al. (2020) deliver an extensive survey on 

transfer learning, exploring its fundamental principles, 

methodologies, and diverse applications across various 

domains, including speech recognition and natural language 

processing (NLP) [20]. This comprehensive review serves as 

a crucial resource for gaining a thorough understanding of 

transfer learning's scope and depth. The survey examines the 

core concepts and techniques of transfer learning, detailing 

how they are applied to different fields and highlighting both 

the potential benefits and challenges associated with this 

approach. By providing a detailed analysis of transfer 

learning's role in advancing technologies such as speech 

recognition and NLP, Zhuang et al.'s work offers valuable 

insights into the current state and future directions of this 

transformative method. Their survey is instrumental for 

researchers and practitioners seeking to grasp the full impact 

and versatility of transfer learning. 

Tang et al. (2021) propose a general multi-task learning 

framework to leverage text data for speech-to-text tasks [21]. 

Their approach integrates multiple related tasks, enhancing 

the model's ability to generalize across different speech and 

text inputs. This study emphasizes the importance of multi-

task learning in developing versatile and robust ASR systems. 

Zhao et al. (2021) introduce self-attention transfer 

networks for speech emotion recognition [22]. By combining 

self-attention mechanisms with transfer learning, their 

approach improves the model's ability to recognize emotional 

cues in speech, highlighting the potential of advanced neural 

architectures in emotion recognition tasks. 

Rongali et al. (2021) investigate the use of transfer 

learning for end-to-end spoken language understanding, 

emphasizing how pre-trained models can be adapted for 

complex language understanding tasks [23]. Their study 

highlights the adaptability of transfer learning techniques in 

improving the performance of end-to-end automatic speech 

recognition (ASR) systems. By leveraging models that have 

been pre-trained on extensive data, the research demonstrates 

how these models can be fine-tuned to better handle the 

nuances of spoken language, leading to more accurate and 

effective language understanding. This approach showcases 

the flexibility of transfer learning in addressing diverse 

challenges within spoken language processing and 

underscores its potential to significantly enhance the 

capabilities of ASR systems. Rongali et al.'s work offers 

valuable insights into how transfer learning can be utilized to 

refine and optimize spoken language understanding 

technologies. 

Lahiri et al. (2021) investigate multilingual speech 

recognition using knowledge transfer across learning 

processes [24]. By transferring knowledge between 

languages, their approach improves recognition accuracy for 

multiple languages, highlighting the potential of knowledge 

transfer in multilingual ASR systems. 

Padi et al. (2021) propose an enhanced method for speech 

emotion recognition by combining transfer learning with 
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spectrogram augmentation [25]. Their approach leverages 

transfer learning to boost the model's capability in identifying 

emotions in speech, especially in low-resource settings where 

data is limited. By using pre-trained models on large datasets, 

the system can transfer knowledge to the emotion recognition 

task, improving its performance. Additionally, spectrogram 

augmentation techniques are applied to diversify the training 

data, further enhancing the model's robustness. This dual 

strategy significantly improves emotion recognition accuracy, 

making it more effective in real-world applications where 

emotional nuance is critical. 

Rolland et al. (2022) investigate the application of 

multilingual transfer learning to enhance automatic speech 

recognition (ASR) systems for children [26]. Their study 

highlights the unique challenges of recognizing children's 

speech, such as higher pitch, variability in pronunciation, and 

limited training data. By leveraging transfer learning, they 

develop ASR models that can effectively adapt to children's 

speech patterns across various languages. This approach 

involves utilizing pre-trained models on adult speech and 

transferring the learned knowledge to improve the 

recognition accuracy for children's speech. Their findings 

demonstrate that multilingual transfer learning significantly 

enhances the performance of ASR systems for children, 

making them more reliable and effective in diverse linguistic 

contexts. 

Latif et al. (2022) introduce a multitask learning approach 

that utilizes augmented auxiliary data to improve speech 

emotion recognition [27]. Their method integrates auxiliary 

data sources alongside multiple related tasks to enhance the 

model’s capability in accurately detecting emotions in speech. 

By combining these elements, the approach leverages diverse 

data and task interactions, which collectively contribute to a 

more robust and precise emotion recognition system. This 

multitask learning framework allows the model to generalize 

better across different emotional contexts and improves its 

performance even in scenarios with limited labeled data. The 

study underscores the effectiveness of using augmented 

auxiliary data and multitask learning techniques to advance 

the accuracy of emotion recognition in speech applications. 

Sullivan et al. (2022) examine the use of transfer learning 

and language model decoding to enhance automatic speech 

recognition (ASR) for non-native English speakers [28]. 

Their study focuses on adapting ASR systems to better 

handle the unique challenges associated with non-native 

speech, such as diverse accents and pronunciation variations. 

By applying transfer learning, they leverage pre-trained 

models to improve recognition accuracy for non-native 

speech patterns. Additionally, their approach incorporates 

advanced language model decoding techniques to refine the 

system's ability to understand and transcribe non-native 

speech more effectively. This dual strategy addresses 

common issues in ASR for non-native speakers, such as 

mispronunciations and accent-related distortions, resulting in 

a more reliable and accurate speech recognition system for 

diverse linguistic backgrounds. 

Padi et al. (2022) present a multimodal emotion 

recognition approach that utilizes transfer learning from 

speaker recognition and BERT-based models [29]. Their 

method integrates various modalities to enhance the precision 

of emotion recognition in speech. By leveraging transfer 

learning from pre-trained speaker recognition models and 

BERT-based language models, the approach improves the 

system’s ability to identify and interpret emotional cues with 

greater accuracy. Combining these modalities allows the 

model to capture a broader range of emotional signals and 

contextual nuances, leading to more reliable emotion 

detection. This study highlights the effectiveness of using 

transfer learning in multimodal applications, demonstrating 

its potential to significantly advance emotion recognition 

technology by incorporating diverse sources of information. 

Yadav and Sitaram (2022) present a comprehensive 

survey on multilingual models for automatic speech 

recognition (ASR), focusing on different transfer learning 

and multi-task learning strategies [30]. Their review explores 

the various techniques and methodologies used to develop 

ASR systems that can effectively handle multiple languages. 

They discuss the challenges encountered in multilingual ASR, 

such as managing linguistic diversity, accent variations, and 

limited data resources, while also highlighting recent 

advancements in the field. The survey provides an overview 

of how transfer learning can enhance cross-lingual 

performance and how multi-task learning approaches can 

improve language adaptability and accuracy. By covering 

both the current state-of-the-art methods and ongoing issues, 

their survey offers valuable insights into the evolution and 

future directions of multilingual ASR systems. 

Kheddar et al. (2023) explore deep transfer learning 

techniques to advance automatic speech recognition (ASR), 

with a focus on enhancing generalization across various 

languages and domains [31]. Their research highlights how 

transfer learning can significantly improve the adaptability 

and robustness of ASR systems. By leveraging deep learning 

models pre-trained on large, diverse datasets, their approach 

enables ASR systems to better handle linguistic and 

contextual variations. The study demonstrates that transfer 

learning enhances the system's performance by allowing it to 

generalize more effectively to new languages and domains, 

thereby improving accuracy and reliability. This work 

underscores the potential of deep transfer learning to address 
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challenges in ASR and make systems more versatile and 

resilient in real-world applications. 

Steinmetz (2023) investigates the application of transfer 

learning with L2 speech to enhance automatic speech 

recognition (ASR) for dysarthric speech [32]. Their study 

focuses on transferring knowledge from models trained on 

non-dysarthric speech to those recognizing dysarthric speech, 

which is affected by motor disorders. This approach aims to 

improve ASR systems’ ability to accurately understand and 

transcribe speech that has been impaired due to motor 

difficulties. By leveraging pre-existing models trained on 

clearer, non-dysarthric speech, the method helps address the 

specific challenges associated with dysarthric speech, such as 

altered articulation and reduced clarity. Steinmetz’s work 

demonstrates how transfer learning can be effectively utilized 

to bridge the gap between different types of speech, 

ultimately enhancing the recognition accuracy for individuals 

with speech impairments. 

Nga et al. (2023) introduce a cyclic transfer learning 

approach to enhance Mandarin-English code-switching 

speech recognition [33]. Their method employs cyclic 

training between the two languages to boost recognition 

accuracy in code-switching situations, where speakers 

alternate between Mandarin and English within the same 

conversation. By iteratively training the model on both 

languages, this approach effectively captures the nuances and 

complexities of bilingual speech patterns. The cyclic process 

helps the model better understand and process the transitions 

between languages, improving its ability to handle mixed-

language inputs. This study demonstrates the effectiveness of 

cyclic transfer learning in addressing the unique challenges 

posed by code-switching, ultimately leading to more accurate 

and reliable speech recognition in bilingual contexts. 

Tun et al. (2023) explore the use of multimodal transfer 

learning for assessing oral presentations [34]. Their approach 

integrates both speech and visual data to improve the 

evaluation process. By combining these modalities, their 

method enhances the accuracy and comprehensiveness of 

oral presentation assessments. This multimodal approach 

leverages transfer learning techniques to incorporate pre-

trained models from different domains, allowing for a more 

nuanced analysis of presentation skills. The study highlights 

how transfer learning can be effectively applied in 

educational settings to assess various aspects of oral 

presentations, such as delivery, clarity, and visual 

engagement. Tun et al.'s work underscores the potential of 

multimodal transfer learning to provide richer, more detailed 

evaluations, showcasing its value in enhancing educational 

assessment methods. 

Zheng and Zhang (2023) introduce an enhanced multi-

label transfer learning model designed for intelligent speech 

systems [35]. Their approach tackles the complexities of 

multi-label classification in speech applications, where 

multiple labels or categories need to be assigned to a single 

speech input. By leveraging transfer learning, their model 

effectively utilizes pre-trained knowledge to improve 

performance in these challenging scenarios. This 

improvement addresses issues such as overlapping labels and 

context-dependent classifications, showcasing how transfer 

learning can be adapted to handle intricate tasks in speech 

recognition. The study highlights the versatility and 

effectiveness of transfer learning in managing complex multi-

label problems, demonstrating its potential to advance the 

capabilities of intelligent speech systems. 

Zhou et al. (2024) present a multitask co-training 

framework designed to enhance speech translation by 

simultaneously leveraging speech recognition and machine 

translation tasks [36]. Their innovative approach integrates 

these tasks to improve both the accuracy and fluency of 

translated speech outputs. By training models on multiple 

related tasks, the framework enables better alignment 

between spoken input and its translated text, resulting in 

more coherent and contextually accurate translations. This 

multitask co-training method helps capture the nuances of 

both speech recognition and translation processes, leading to 

improvements in overall performance. The study 

demonstrates how combining these tasks can address the 

challenges of translating spoken language, highlighting the 

potential for more effective and natural-sounding speech 

translation systems. 

Ta and Le (2024) examine transfer learning techniques 

aimed at enhancing speech accent recognition in low-

resource environments, with a focus on the Vietnamese 

language [37]. Their study illustrates how transfer learning 

can significantly boost recognition accuracy for accented 

speech when resources are limited. By leveraging pre-trained 

models and adapting them to the specific nuances of 

Vietnamese accents, their approach addresses the challenges 

of limited training data and accent variability. The research 

demonstrates that transfer learning effectively transfers 

knowledge from more resource-rich contexts to improve 

performance in recognizing accented speech. This approach 

not only improves the accuracy of speech recognition 

systems in low-resource settings but also highlights the 

potential of transfer learning to address language-specific 

challenges in accent recognition. 

Kheddar et al. (2024) present a comprehensive survey on 

cutting-edge deep learning methods for automatic speech 

recognition (ASR) [38]. Their review explores a range of 
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advanced techniques, focusing on transfer learning and multi-

task learning, and highlights the most recent advancements in 

ASR technology. By examining the latest developments, 

their survey provides insights into how these techniques are 

being applied to enhance ASR systems, including 

improvements in accuracy, adaptability, and efficiency. The 

study covers various strategies for leveraging pre-trained 

models and integrating multiple tasks to address complex 

speech recognition challenges. This survey serves as a 

valuable resource for understanding current trends and future 

directions in ASR, showcasing how deep learning 

innovations are driving progress in the field. 

Hassan et al. (2024) introduce a deep bidirectional LSTM 

model that is enhanced through transfer-learning-based 

feature extraction for dynamic human activity recognition 

[39]. Their method integrates transfer learning with deep 

learning techniques to significantly improve the accuracy of 

recognizing various human activities. By leveraging pre-

trained models for feature extraction, their approach enables 

the LSTM network to better capture and interpret complex 

activity patterns. This combination enhances the model's 

ability to accurately monitor and classify dynamic activities, 

even in diverse and challenging conditions. Their study 

demonstrates how incorporating transfer learning can refine 

deep learning models and boost performance in activity 

recognition applications, offering a more reliable solution for 

monitoring human activities in real-world scenarios. 

Kumar and Yadav (2024) investigate the use of multiview 

learning techniques to improve speech recognition for low-

resource languages [40]. Their approach harnesses multiple 

perspectives or "views" of the data to enhance the accuracy 

of automatic speech recognition (ASR) systems. By 

integrating diverse types of data, such as acoustic features 

and linguistic information, their method addresses the 

specific challenges associated with recognizing speech in 

languages with limited resources. This multiview learning 

framework helps overcome the scarcity of training data and 

the unique linguistic characteristics of low-resource 

languages, leading to more accurate and robust speech 

recognition. Their study demonstrates how leveraging 

multiple data views can significantly improve ASR 

performance, making it a promising solution for enhancing 

recognition capabilities in underrepresented languages. 

 

3. CONCLUSION 

This survey paper has provided a comprehensive 

overview of recent advancements in speech recognition 

technologies and their integration with Natural Language 

Processing (NLP). We traced the evolution of voice 

recognition from traditional methods to modern deep learning 

models, highlighting the significant impact of Recurrent 

Neural Networks (RNNs), Convolutional Neural Networks 

(CNNs), and transformer architectures on improving speech-

to-text accuracy. The discussion then shifted to the 

limitations faced by classical NLP models in interpreting 

spoken language, particularly with regard to dialectal 

variations, colloquial expressions, and context-dependent 

subtleties. We explored how contextual information, 

multitask learning, and transfer learning can address these 

challenges and enhance voice recognition systems. 

Our analysis demonstrated the crucial role of 

multidisciplinary research in bridging gaps between voice 

recognition and NLP, emphasizing the synergies that can 

drive forward advancements in language understanding and 

processing. Applications in virtual assistants, transcription 

services, language translation, and accessibility technologies 

illustrate the practical benefits of these advancements. 

Looking ahead, future research should focus on refining 

these technologies and exploring new methodologies to 

further improve voice recognition systems. Collaboration 

across fields will be essential to fully leverage the potential 

of these technologies and to continue pushing the boundaries 

of NLP innovation. 
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