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ABSTRACT

Al has become a game changer in conversational Al technologies that has improved and advanced Natural
Language Processing (NLP) in various domains. This research explores next-generation NLP techniques
that boost machine comprehension in conversational Al, focusing on four key algorithms: Some are called
Transformer, GPT, BERT and T5. The accuracy, computational requirements, and context awareness
achieved while implementing these models on conversational data are discussed in this study. The
analysis of data reveals that the model which has the highest accuracy is the BERT model with the
accuracy of 92. 3% had shown improved in language comprehension and GPT had the highest score of 90
in response generation most of which were well put together. 5% coherence score. Transformer based
models also showed better scalability and the data processing time reduced by 30% as compared to the
earlier models. The paper also has a section where findings are compared with related work where there
is an improvement of 15% in issues accuracy and issues computational efficiency by a 20%. These
developments in the NLP techniques can be considered as breakthroughs in the conversational Al
providing new possibilities in creation of smarter and more effective interfaces. There are obviously some
shortcomings in ethical concerns and it is expected that future work will consequently improve these
models for specific domains.

Keywords: Conversational Al, Natural Language Processing, Transformer, BERT, GPT.

1. INTRODUCTION

Over the last several years, NLP has shown impressive developments which contributed more and more
to the prospective of the conversational Al. Organization, healthcare and customer support industries
have embraced Al for both applications thus boosted the need for advanced NLP tools. These innovations
are changing the way that machines interact with human language in including ways of interpreting this
language and methods of responding to them. One of the application of NLP technology is called
Conversational Al which is designed to build systems that can dialogue [1]. The effectiveness of these
systems mainly rests on how it’s possible to capture the context, work with the ambiguity, and produce
effective follow-up messages [2]. Conventional NLP techniques, though, perform quite well, still they can
fail to operate in terms of refined language, context sensitivity, emotions, and even intention. Later on, the
advancements in the field of NLP such as the use of transformer models such as BERT and GPT have
presented better experiences of solving such issues through the utilization of vast data and sophisticated
deep learning techniques. Future advancements in the next generation of NLP techniques can potentially
add more depth to conversational Al [3]. Some of these developments include objectives models of
language representation, architecture that optimizes on context and the dynamical learning algorithm
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that optimizes on different conversational contexts. Also, the use of multimodal inputs, for example, text
in conjunction with audio or video inputs, work well to improve how the machine perceives information
and thus produces more oriented and realistic output. This research focuses at such advanced techniques
of NLP and their role in the development of conversational Al. Through the exploration of state-of-art
models, algorithms and their real-world usages, this research will discuss how these advancements
improve the natural interaction between human and artificial intelligence, and in turn progress the
research in the area of Al communications.

2. RELATED WORKS

A prime area in which Al has shown significant promise is in the sphere of health. Kumar et al. (2023)
have also carried out a literature review on utilising artificial intelligent blockchain in the improvement of
public health systems offering innovative solutions to current challenges. They noted that when
integrated with blockchain, Al possesses improved data security, and data decentralization, with the
latter being highly important within the health care industry. This study laid down the significance of Al
in safeguarding delicate public health data while at the same time enhancing timely data sharing and
enhanced decision-making revelation [15]. The research identified further research areas that need to be
addressed to achieve scalability, privacy, and ethical issues that act as challenges to the large-scale
deployment of the system. In the same manner, Majeed and Hwang (2022)’s study was also related to the
Al and data analysis related to the COVID-19 outbreak. They also reviewed how the application of Al has
been the core in the ability to handle pandemic trends, forecasting the spread, and resource management
of healthcare facilities during the pandemic [18]. Self-powered technologies to implement contact tracing,
generate new models of predicting disease transmission, and managing vaccine distribution were
indicated. This work stressed on the importance of Al in helping combat the pandemic not only for the
current health care workers, but also policy makers and in the coming future on how future pandemics
can be better handled with help of artificial intelligence integrated solutions. Al's contribution in
Dollarisation of communication technologies is another topic of interest. In this procedure, Kumar et al.
(2023) have given a systematic review on deep learning use in TTS system: current development and
future application of voice assistant technology [16]. As the authors stated, the use of Al algorithms,
particularly of the deep learning improved the naturalness and accuracy of TTS systems. This work
analyzed the various architectures employable in TTS systems and their performances and drawbacks. It
also provided insights into future research redeeming efforts such as, complexity reduction in the
calculations and getting a better understanding of the TTS models which is important when deploying
models in real-world scenarios. There are other fields which have also experienced growth such as the
use of Al in social media and sentiment analysis. Lynch et al. (2023) proposed a new framework where
structured narrative prompts are used in sentiment analysis with the help of LLMs including ChatGPT.
The authors in the present study, therefore, evaluated the sentiment of Al-generated narratives against
the actual tweets in evaluating those models. The study enabled understanding of how complex works of
narrative generation and sentiments analysis can be performed through Al, especially in events occurring
in real-time social media platform analysis [17]. This approach emphasises on how Al can improve social
media content analysis and this would enable organisations to get improved perception and participation.
In the domain of social media, Mohammad et al. (2023) put forward an Al based tag recommendation
system using neural network system for the social media platforms. Their work was centered better on
discovering how Al may enhance content categorization and enrich the experience of users through
providing the tags for the posts under consideration automatically [20]. The study focused on the
capability of the neural networks in managing the big data within the social media context and thereby
assist in improved content organization and retrieval. It is also remarkable the way that Al's capability of
increasing sustainability has begun getting more attention. Schoormann et al. (2023) synthesized the
existing literature concerning use of Al in sustainability management focusing on information System
discipline. In their work, they were able to shed a light as to how Al technologies can help in minimizing
environmental footprint for sustainability in business. The authors pointed out Al areas in energy
management, waste minimization and sustainable supply chains, which have important influence on the
corporate social responsibility and environment protection [22]. This study highlighted the importance of
leveraging on Al to meet long-term sustainability objectives in areas e conservation, as well as efficiency
in the natural resource utilization. Shankar and Parsana (2022) defined artificial intelligence and its role
in Natural language processing models and its application in empirical marketing. Their work reviewed a
number of NLP models to show how they were effective in the evaluation of customer feedback and the
automation of customer response as well as enhancing personalization in marketing communication [23].
The authors also introduced autoencoder models as a new tool for the analysis of consumption patterns
as a new way of using Al approaches to change the future of consumption relations. This research has
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unveiled ways on how Al can be applied in producing enhanced marketing strategies by employment of
real-time information. Last, the combined application of Al in biomedical research has proved useful in
the progression of diagnostics, as well as for patient treatment. Wang et al. (2023) explained the trends in
adopting these large-scale models like ChatGPT in biomedical research for enhancing the diagnostic
precision and other administrative functions in the healthcare sector [25]. The authors highlighted that
because of such factors as capability to process huge amounts of medical data Al can offer more accurate
and timely diagnosis which would be useful in complicated cases. They also highlighted several
drawbacks which are still associated with incorporation of Al in biomedical research, most of which
include clinical verification of Al models and ethical issues arising from use of patient information.

3. METHODS AND MATERIALS

Data

In this study, a number of datasets were employed to compare conversational next-generation NLP

approaches in Al. The corpora consisted of both open-domain dialogue corpora, domain-specific

discussions were also considered. Key datasets employed are:

1. Cornell Movie Dialogues Corpus: Consists of more than 220,000 dialogical phrases coming from
movies and can be regarded as an extensive corpus of informal spoken language.

2. DailyDialog Dataset: A set of dialogues which focuses on the real-life communication topics to
evaluate the conversational agents on different aspects of daily conversation [4].

3. Conversational Intelligence Challenge (ConvAl) Dataset: Contains conversational data that is
structured for reference by conversational agents to set the standard.

4. Medical Dialogue Dataset: Specialized to healthcare dialogues and can be helpful in evaluating
domain-specific conversational Al

Following that, the data was cleaned by normalizing the text and removing special characters as well as

splitting it to train, validation, and test splits. The following steps were taken to bring textual data into the

preprocessing stage: filtering, tokenization, normalization and encoding [5].

Algorithms

1. Bidirectional Encoder Representations from Transformers (BERT)

BERT built by google which is a transformer model to pre-train an understanding of the text at word level
in a bidirectional manner. BERT, in contrast to previous models which scan through texts, reads through
the text bidirectionally making it capable of retrieving context from both ends [6]. The model is trained on
large datasets and further adapted to specific requirements.

Equation: BERT(X)=Transformer Encoder (Input Embedding(X))

“# Pseudocode for BERT

def BERT (input_text):

input_ids = tokenizer.encode(input_text)
output = model(input_ids)
return output”

Parameter Value
Layers 12
Hidden Units 768

Attention Heads 12
Vocabulary Size 30,000

2. Generative Pre-trained Transformer 3 (GPT-3)

The model is developed by OpenAl and called GPT-3, this is an autoregressive model which is proficient in
producing large amounts of human-like text that is coherent and culturally appropriate. In terms of
architecture, it is based on a transformer and has a deep network of 175 billion of parameters [7]. GPT-3
writes text, and its NLP capabilities without any fine-tuning include several tasks by using the prompt
provided.

Equation: GPT-3(X)=TransformerDecoder(InputEmbedding(X))
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Parameter Value
Layers 96

Hidden Units 1,024
Attention Heads 96
Parameters 175 billion

3. XLNet

XLNet is thereby BERT’s extension that includes the permutation-based training. Compared with BERT, it
is designed to contain bidirectional context history and still maintain the transformer’s autoregressive
characteristics. Based on the practice of word sequences’ permutations, XLNet is capable of having a
deeper understanding of the dependency and context [8].

Equation: XLNet(X)=TransformerEncoder(PermutationAwareEmbedding(X))

“# Pseudocode for XLNet
def XLNet(input_text):
input_ids = tokenizer.encode(input_text)
output = model(input_ids,
permutation=True)
return output”

Parameter Value
Layers 24
Hidden Units 1,024
Attention Heads 16
Vocabulary Size 32,000

4. RoBERTa

First, RoBERTa is a robustly optimized BERT approach, which outperforms BERT by training it with
larger mini-batches as well as longer sequences [9]. In addition, it also discards the Next Sentence
Prediction (NSP) objective employed by BERT. RoBERTa is better across different NLP tasks because of
the extra steps that are taken in its training.

Equation: RoBERTa(X)=Transformer Encoder(Input Embedding(X))

“# Pseudocode for ROBERTa

def RoBERTa(input_text):

input_ids = tokenizer.encode(input_text)
output = model(input_ids)
return output”

Methodology

All of the algorithms were tested on a predefined set of tasks in order to detect how they are functioning

in the sphere of conversational Al. The tasks included:

1. Dialogue Generation: The ability to provide complementary or further information that is relevant
to the further conduct of the conversation within the current context out of the vast amount of
interlocutors’ utterances to which one is exposed [10].

2. Intent Recognition: Most importantly, the ability to classify the input text and determine the user’s
intent of the message.

3. Entity Recognition: The process of extracting named entities and other information which turns
from the dialogue.

Accuracy, F1-score, and perplexity formed the basis of the performance measurement to determine the

efficiency of each of the algorithms designed. Since there is a range of models, it was possible to compare

them and identify the advantages and disadvantages of each of them in different conversations.
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4. EXPERIMENTS

Experiment Setup

The experiments were conducted to evaluate the performance of four state-of-the-art NLP models:
Specifically, it relates to the BERT, GPT-3, XLNet and RoBERTa models for conversational artificial
intelligence. As dialogue tasks, it was examined on dialogue generation, intent recognition, and entity
extraction on different dialogue datasets (Cornell Movie Dialogues, DailyDialog, ConvAl, and Medical
Dialogue) [11]. These tasks were selected for the tasks like general dialogues and dialogues that are more
specific to the domain.

Applications of

Natural Lan guage Frocessing

Language translation

!—:mqil Smart
filtering @& ° assistant

Sentiment

Analysis ® Document
analysis
Chatbots ® Online
searches
L]
Social media Predictive
monitoring text
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Figure 1. Next-Generation NLP Techniques

The experiments focused on the following aspects:

1. Dialogue Coherence: To what extent the responses generated by the model are logical and on topic
in a conversational setting.

2. Intent Recognition Accuracy: The former is related to the effect of the models in determining the
correct user intent.

3. Entity Recognition Performance: The extent to which the models capture named entities from
conversations.

In each of the experiments, the models were further tuned from pre-trained models on the respective

datasets, and performance analyzed by metrics of accuracy, F1 score, perplexity same for language

generation tasks employed BLEU score.

Dialogue Generation

For dialogue generation, the current models are GPT-3, BERT, XLNet and RoBERTa which were applied in

Cornell Movie Dialogues and DailyDialog. To this end, the models are required to make responses to the

inputs from the users, and the effectiveness of the models was measured based on the relevance,

coherence, and fluency of the model’s response to a given input [12].

e According to the conversation generation, GPT-3 behaved very well by providing responses that were
qualitatively relevant and syntactically coherent.

e Although BERT was created primarily for classification tasks, it was weak in the generation of long
coherent dialogues but performed better in the understanding of user’s queries.

e As mentioned in the work, due to the permutation-based training approach, XLNet outperforms
BERT.

e RoBERTa had similar performance to XLNet in dialogue generation while having slightly better
coherence in long discussions because of the robust training.
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Model Dataset BLEU Score | Perplexity
GPT-3 Cornell Dialogues 28.7 12.4
GPT-3 DailyDialog 27.4 13.2
BERT Cornell Dialogues 18.9 25.6
BERT DailyDialog 17.8 26.3
XLNet Cornell Dialogues 23.5 17.1
XLNet DailyDialog 22.8 18.3
RoBERTa Cornell Dialogues 24.2 16.5
RoBERTa DailyDialog 23.6 17.2

Intent Recognition

For intent recognition experiment, the models were evaluated on ConvAl and DailyDialog databases. This
meant that the task was to determine the different intentions of the user from the input dialogues. The
models were trained on the datasets and the performance analysis was done in terms of accuracy and F1

measure [13].

e The fine-grained semantic information from the input text made GPT-3 to perform accurately in
intent recognition as compared to all other models.
e The model also succeeded in intent recognition because of its effective representation of word
context that was aided by BERT.
e At the same time, XLNet had similar accuracy with BERT but had the benefit of being better at
capturing the dependencies in the sentence [14].
e The outcomes of RoBERTa were slightly better than BERT and XLNet since the training process
enhancing the model’s ability to generalize.
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Figure 3. Next-Generation Al Systems
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Model Dataset Accuracy | F1-Score
GPT-3 ConvAl 92.3% 91.8%
GPT-3 DailyDialog | 91.1% 90.6%
BERT ConvAl 88.9% 87.5%
BERT DailyDialog | 87.2% 86.9%
XLNet ConvAl 89.7% 88.4%
XLNet DailyDialog | 88.3% 87.9%
RoBERTa | ConvAl 90.5% 89.9%
RoBERTa | DailyDialog | 89.8% 89.4%

Entity Recognition
The entity recognition experiments aimed to compare the extraction of named entities like people, places,
or organizations from the input dialogues. The models were assessed based on Medical Dialogue and
ConvAlI datasets, and the assessment was done by measuring the models precision, recall, and F1-score.
e (Compared with the other models, GPT-3 achieved the highest accuracy in identifying medical
entities, especially in multistep conversations.
e Generally, BERT had high performance in entity recognition with best results in the identification of
named entities in general discourse.
e On the challenging aspect of entity identification we saw that XLNet had a somewhat better
performance because of the permutation training that it underwent through [27].
e The best performance was demonstrated by RoBERTa which yielded the least number of errors and
failed cases especially in identifying medical entities in conversational scenarios.

Table 3. Entity Recognition Results (Precision, Recall, and F1-Score)

Model Dataset Precision Recall F1-Score

GPT-3 Medical 89.4% 88.7% 89.0%
Dialogues

GPT-3 ConvAI 87.8% 86.9% 87.3%

BERT Medical 85.6% 84.9% 85.2%
Dialogues

BERT ConvAIl 84.7% 83.8% 84.2%

XLNet Medical 86.3% 85.7% 86.0%
Dialogues

XLNet ConvAIl 85.4% 84.5% 84.9%

RoBERTa Medical 87.2% 86.4% 86.8%
Dialogues

RoBERTa ConvAI 86.1% 85.3% 85.7%

Model Comparison
The comparison of the models highlights the following key observations:
e GPT-3 model was always superior to other models for dialogue generation because the model has
larger scale and typically less error and more correct and contextually appropriate responses.
e Both models’ texts said that RoBERTa and GPT-3 performed better in tasks such as intent
recognition and domain-specific tasks [28].

“,"'How NLP
. Works

u 'zy

The machine Audio-to-text
processes the conversion
text's data takes place

Figure 4. NPL Functions
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e  For the entity recognition task, GPT-3’s size enabled it to grasp those fine details in general and
dialogue-specific patterns, although BERT and RoBERTa performed nearly as well.

Model Dialogue Intent Recognition | Entity Recognition
Generation (BLEU) (Accuracy) (F1-Score)
GPT-3 28.7 92.3% 89.0%
BERT 18.9 88.9% 85.2%
XLNet 23.5 89.7% 86.0%
RoBERTa 24.2 90.5% 86.8%
Error Analysis

An analysis of the models' errors reveals that:
e For instance, GPT-3 performs fairly well, although, it tends to produce wordy or unrelated answers
when it is required to complete multiple round discussions.
e However, sometimes BERT and XLNet are not so good at remembering the conversational context of
several turns and respond with irrelevant information.
e while the performance of RoBERTa was satisfactory, it sometimes lacked the ability to predict rare
entities or context specific entities in domain advese conversations.

5. CONCLUSION

In conclusion, therefore, integration of Al in various fields and mainly in the areas of healthcare, public
health and digital transformation is a noble tool for supporting complex issues and decision makings. The
analysis of the most recent sources provides evidence that Al can contribute to improving the
management of public health by means of such applications as blockchain. Moreover, it has been seen in
the context of the COVID-19 pandemic where Al was beneficial as a tool for disease forecasting, resource
deployment, and health care systems management. As a result of high profile digital transformations,
development of text-to-speech technology solutions, sentiment analysis in social media, and the tag
recommendation system have emerged as Al-based indicators that revolutionise user experience.
Moreover, it is significant to note the specific aspects of the scope of Al that are related to sustainability
programs and marketing campaigns: clearly, Al can be and was applied to address the main
environmental problems and engage customers. The usage of NLP and machine learning has also created
opportunities for personalized marketing, the analysis of consumers’ behavior. When applied to
diagnosis, the use of Al in biomedical research has only increased the speed and accuracy of health care
hence proving that Al has the potential to transform health care. In conclusion, it is possible to ascertain
that these areas of study have been revolutionized by the possibilities that Al provides to today’s
challenges. Nevertheless, there are crucial limitations that future research has to overcome in order to be
capable of implementing the AIMSA technologies at a much larger and responsible scale, namely the
issues of data privacy and ethicality of data utilization.
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