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Abstract: A chatbot is a computer software that mimics a user interaction. It is often referred to as a
dialogue system or conversational agent. Developers and academics are increasingly focused in designing and
implementing Chatbots. This in-depth look focuses on the ever-changing realm of chatbot technology,
concentrating on chatbot evolution, architecture, and techniques that drive the most recent breakthroughs. We
begin with a brief history and then follow the progress of Chatbots, emphasizing major milestones. The review
focuses on the many architectures used in chatbot creation, ranging from classic rule-based systems to cutting-
edge machine learning (ML) and natural language processing (NLP) approaches. We analyze the present status
of chatbot technology and its breakthroughs, which include advances in NLP and interpersonal interactions.
While demonstrating effective industry practices, we also discuss the architecture of software.
Recommendations are made for academics, developers, and enterprises, identifying possible areas for future
investigation and development in this quickly changing industry. The paper finishes by projecting future trends
and developments in chatbot development.
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Introduction

A chatbot is a computer program that mimics and interprets spoken or written human communication, enabling
people to engage with digital gadgets in the same way they would with a real person (Berry, 2023) . Chatbots
can be simply defined as one-line programs that respond to basic questions, or they can be as complex as digital
assistants that learn and develop over time to provide ever-more-personalized services as they collect and
analyze data (Kalla, 2023). Chatbots are being used in a range of industries and applications, ranging from
entertainment to education, e-commerce, and healthcare. chatbots, like jessie humani, and mitsuku can offer
both support and fun to users (Joseph, 2023) . these "small talk" chatbots may encourage a sense of social
connection. chatbots appear to be more engaging than static frequently asked questions (faq) pages on websites.
chatbots are more efficient and cost-effective than human customer assistance since they can help several users
at once. chatbots can provide customer service, entertainment, and connection to the end user (Lin,
2023).However, users' engagement and confidence in Chatbots are influenced by their amount of embodiment
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(human-likeness) and disclosure (how and when the bot's presence becomes apparent to the user) (Alabed,
2023; Suhaili, 2021).

Chatbots have become more popular in recent years due to increased processing power and open source
technology. Advancements in Artificial Intelligence (Al) and NLP have made Chatbots more user-brotherly
(Kar, 2016) , adaptable, and capable of mimicking human conversation (Suhaili, 2021) . Chatbots have become
more popular in recent years due to higher computational capacity and open-source technological advances.
Chatbots use conversation systems to efficiently manage tasks including gathering information, directing
requests to the appropriate channels (Gandon, 2018) , and delivering customer service (Dhola, 2021). Some
Chatbots utilize sophisticated NLP (Arora, 2016) and word classification algorithms to understand and interpret
user input Amodu et al. (2023) . These Chatbots comprehension the context and complexities of the
conversation, leading in more accurate and detailed responses. Some Chatbots, on the other hand, employ a
simpler method of searching for generic keywords and constructing responses from pre-defined terms in a
library or database Cho Wang et al. (2023). Virtual assistants and website popups are the primary methods for
contacting Chatbots online Ashari et al. (2014). Virtual assistants, such as voice-activated Chatbots, provide
engaging conversational experiences on smartlaptop s and smart speakers Shamir and Gilad (2023).

Website popups, on the other hand, are chatbot interfaces that display on websites and allow users to have text-
based discussions Nirala, et al. (2019).These two communication strategies have a wide range of applications,
including business (for example, e-commerce help), education, entertainment, finance, health, news, and
productivity Grudin et al. (2019) . Chatbots can be classed in several ways depending on certain characteristics.
Here are some popular chatbot categories. Rule-based Chatbots are those that obey a set of rules or scripts and
are hence referred to as "rule driven” Chatbots. They generate predefined replies based on phrases or patterns
found in user inputs. Rule-based Chatbots are basic and have limited functionality because they can only answer
to a specific set of preset questions Caldarini et al. (2022) . Chatbots based on machine learning evaluate and
respond to human input using Al and NLP techniques. They can refine their replies over time by observing user
interactions. ML-based Chatbots are more complex and can answer a wider variety of questions than rule-based
Chatbots Mabher et al. (2020) . Retrieval-based Chatbots answer using predetermined responses stored in a
database. They do not generate new replies, but instead select the most appropriate one depending on user input.
Retrieval-based Chatbots are commonly used for certain activities or places where predetermined replies are
available Horacek, Helmut. "Natural language processing, 1990 . Generative Chatbots generate their own
replies rather than depending on preprogrammed ones. They may exhibit innovative, interactive behaviors in
response to human stimulation. Generative Chatbots give more flexible and unique replies than retrieval-based
Chatbots, but they are more complex to design and train Miller (2024). Task-oriented Chatbots are Chatbots that
are trained to do certain tasks, such as organizing appointments, providing customer service, or making
bookings Al-Amin et al. (2024). . They have a limited functional range and are focused on completing a certain
task. Conversational Chatbots are meant to converse with humans in an open-ended manner. They may not have
specific jobs or responsibilities because their primary goal is to encourage conversational interactions.
Conversational Chatbots are commonly used for amusement, customer engagement, and social interaction
Dsouza et al. (2019) . The rest of this article is organized as follows: Section 2 provides some background on
Chatbots and their evolution through time, Section 3 describes the Chatbots architecture, Section 4 presents an
analysis of the state of the art in terms of Chatbots techniques, in Section 5 we will discuss the challenges and
we conclude the paper in Section 6.

Evolution of Chatbots

The term "chatbot" may have gained popularity recently, but the idea has been around since people began
creating computer-mediated communication methods. Chatbots have a history dating back to the 1960s, when
the first such technology assistant was developed. Joseph Weizenbaum created ELIZA in 1966 1 . It could
recognize certain phrases and reply accordingly, simulating a conversation with a person. Since 2000 more and
smarter bots have been created. They use natural language processing to 'understand’ human speech and respond
appropriately. Conversational systems have grown alongside advancements in computing and NLP techniques.
The first chatbot, ELIZA, was developed in 1966 and used linguistic rules and pattern-matching algorithms
(Berry, 2023; Nirala & Kumar, 2022). It can converse with users using a keyword-matching system. The
algorithm looks for a suitable transformation rule to reformulate the input and return an answer to the user. Eliza
was a milestone system that encouraged additional research in the field. Eliza's knowledge was limited due to its
reliance on basic context identification and the inflexibility of pattern-matching rules for implementing new
domains Seering, Joseph et al, 2019 . Chatbots are a type of Al that interpret and converse with users by using
NLP Tulshan et al. (2018). They are often used in a variety of platforms and apps to interact with users, respond
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to inquiries, and offer automated support. Over the years, Chatbots have had a remarkable transformation,
progressing from simple pattern-matching algorithms to complex conversational agents utilizing cutting-edge
technology. Their past reveals an amazing development in NLP and Al. Fig. 1, shows the major stages of
chatbot development.
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Eliza Its reliance on pattern-matching and
simple language processing techniques
marked a foundational step

Foundational step
Simulated a person with Pary
paranoid schizophrenia
s Learning approach
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Figure 1. Chatbots through time

In the mid-1960s, the first bot ELIZA appeared as an early NLP software that mimicked a psychiatrist. Its focus
on pattern-matching and basic language processing techniques was a critical advance Hadi, Muhammad
Usman, et al, 2023 . In 1972, the PARRY software emulated a person with paranoid schizophrenia, providing
insight on the difficulty of replicating complicated human cognitive processes Yogesh et al, 2021 . The learning
methodology gained prominence in 1988 with JabberWacky, which used previous talks to create replies,
demonstrating the combination of contextual knowledge with ML Han et al. (2021) . In the middle of 1990,
A.L.I1.C.E., atalking robot, used pattern-matching and rule-based approaches to simulate conversation Luo et al.
(2022) . In 2001, CHILD, an AOL Instant Messenger bot that gave knowledge, jokes, and assistance
conversationally, made its debut Horacek, Helmut, 1990 . Then, the following years introduced virtual
assistants like SIRI (2011), Cortana (2014), and ALEXA (2014), each built by big tech firms, using NLP and
voice recognition to do tasks and offer information Miller, James R, 1981 . ChatGPT made its public release in
2020, marking a big step forward in language models. OpenAl built it on the GPT-3.5 architecture with the goal
of producing human-like text answers in a conversational setting Reiter (2007) . By 2023, ChatGPT had
advanced significantly, leveraging the capabilities of retrieval augmented generation, ML, NLP, natural
language question answering (NLQA), generative Al, and an insights engine. This enabled it to address
customer and employee support inquiries 24/7, demonstrating a comprehensive integration of several Al
technologies Firdaus et al. (2020) .On June 15, 2023, SearchUnify introduced SUVA. The world's first
federated retrieval-augmented chatbot, SearchUnify Virtual Assistant (SUVA), provides contextual and intent-
driven conversational interactions at scale. SUVA, which is powered by large language models (LLMs), uses
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ML, NLP, NLQA, and retrieval-enhanced generation to provide secure and tailored customer and staff
assistance queries Skantze (2007) .

Chatbot Architecture

To improve system design, it's important to first understand its structure and architecture. The architecture is
often represented by its components and their interactions Lee et al. (2010) . We did a thorough review of
survey papers, publications, and journals. We discovered several conversational agents, each with its unique
architecture. For example, the Amazon Alexa bot uses user data, such as speech, to generate Automatic Speech
Recognition (ASR) about the Amazon ASR service. Then, process the supplied data about various Amazon
Web Services (AWS) and use Amazon DynamoDB to store the conversations and their states Adamopoulou and
Moussiades (2020 ). Google Assistant is the most successful bot of all. Which receives recordings from users
and sends them to Google's servers for processing. It breaks down the voices into component sounds and tries to
match each sound with the most comparable word's pronunciation. A standard chatbot architecture is made up
of five major components, see fig.2. A user interface, a natural language understanding (NLU) component, a
dialogue management (DM) component, a backend component, and a response generation (RG) component
Khanna and Pandey (2019 ), as shown in the image below:

User Interface The user interface enables users to converse and engage with Chatbots using messaging apps
such as Facebook Messenger, Cortana, and Slack. The operation of a chatbot begins with a user request
Khanna, and Pandey (2019) .

Natural Language Understanding: When the system gets a user request, the NLU component extracts
information and creates a representation of its meaning for subsequent use Abdul-Kader and Woods (2015) .
NLU focuses on three tasks: conversation act categorization, intent classification, and slot filling Arsovski and
Osipyan (2019) . Conversational agents reply by giving a semantic representation for user utterances Hahm et
al. (2018). , such as logic or class purpose, and extracting the "meaning" of an utterance de Melo and Hose
(2013) . Parsing is the primary function of an NLU, which takes a string of words and provides a linguistic
framework for the speech. The mechanism used by an NLU to parse input is implementation-dependent, and it
can use context-free grammars, pattern matching, or data-driven methods. NLU outputs must be manageable by
a conversation manager Bollacker et al. (2008) .

Dialogue Management (DM): The Dialogue Management component manages information from other
components, updates discussion context, and governs the chatbot's activities Sean (2010).

User
request Llser Intent 0
- Information
Rialog retrieval
Manager
User Context
Interface Chatbot ’

response Response Data source

Generator

Knowledge base
Chatbot

Figure 2. Operational mechanics and architectural components of chatbots

Dialogue Manager is the second key component of every chatbot, and we can distinguish between Chatbots
using this component, which has various aspects that may be modified or added in the future if it is discovered
to serve the DM. DM accepts user input from the NLU and generates system replies at the concept level for the
natural language generation (NLG). The reaction that the DM will pick is determined by the approach that was
chosen. Strategies involve preserving a conversational state and modeling the discourse structure beyond a
single statement Khanna and Pandey (2019) . The methodologies include rule-based, knowledge-based,
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retrieval-based, and generative. The rule-based techniques include background, intent templates, and entity-
based templates, which are arranged in order of priority. Because rule-based techniques encode human
knowledge into templates, they produce the most accurate results. If one of these tactics recognizes the input,
the system will respond with a template. If there is no matching template for the input, the system may attempt
to obtain a response from a knowledge-based question answering (Q/A) engine Adamopoulou and Moussiades
(2020). Otherwise, the input is processed by a collection of neural network models and information retrieval
modules to provide a generic conversation output.

. Backend: Chatbots gather information from the backend and send messages to the Dialogue
Management and Response Generation components . Rule-based Chatbots require a Knowledge Base (KB) to
hold their own rules. To ensure the chatbot's resilience, the Knowledge Base rules should be broad and
comprehensive Abdul-Kader and Woods (2015). .A chatbot can utilize a Relationship Data Base (RDB) to
retrieve previous interactions. Using past knowledge improves the chatbot's consistency, precision, and
reliability Arsovski S., Osipyan H., 2019 . Developing the knowledge base (KB) can be time-consuming and
labor-intensive due to manual effort. To address this challenge, engineers created a method for automatically
creating a new KB from an existing chatbot Hahm et al. (2018). A software may convert a corpus into an AIML
knowledge base Bollacker et al. (2008) . Rule-based Chatbots often employ user replies to direct and fulfill
knowledge base questions Motta (2010) . Information is increasingly being saved digitally on the World Wide
Web and other online sources. Large repositories contain information in machine-readable and accessible
formats Pool, Steven, and Brian Pool, 2007 . Examples of knowledge bases are Google's Knowledge Graph et
al. (1955) and DBpedia , Freebase, and Wolfram Alpha . Jacobs and Bean (1963). Knowledge Graphs were
launched in 2012. Structured information on a topic or summary is provided by crowd-sourcing and manual
duration of data. DBpedia uses structured data from Wikipedia and is accessible online. These repositories
often have subject-predicate-object triples and a graphical framework to display them. The nodes represent
entities, such as topics and objects, whereas edges represent their relationships.

. Response Generation: Once the appropriate information has been retrieved, the next step for the
dialogue system is to determine the content of the response and the best way to express it. The Response
Generation component is responding for generating responses in user understandable format. The final key
component of any chatbot. It gets a communicative act from the DM and produces a corresponding textual
representation. The NLG must execute two functions: content planning (Content Filter | Engagement Ranking)
and language generation (using only text or speech via Text to Speech). After going through one or more of the
DM's techniques, the pipeline moves on to the reply generator Yorozu et al. (1987), This generator will first
apply a content filter to exclude incoherent or problematic candidates. If there are several legitimate responses, a
ranking procedure is utilized to sort candidate utterances, first by priority, and then by engagement ranking.
Finally, the chatbot sends the selected utterance as a text in the final output.

Chatbot Techniques

o Domain Adaptive Pre-training (DAPT): is a simple technique. Pre-training the model on an extremely small
corpus or particular task can yield substantial advantages. In addition to working on ever-larger LMs, it can be
beneficial to find and employ domain- and task-relevant corpora in tandem to specialize models Baevski and
Edunov (2019) . This model can investigate additional adaptability by extending the pre-training of big LM into
two types of unlabeled data: (i) huge domain-specific text corpora Beltagy et al .(2019) and (ii) readily
available unlabeled data related to a specific task Lewis et al. (2020) .

o Retrieval Augmented Generation (RAG): pre-trained endow, parametric-memory generation models with a
non-parametric memory through a general-purpose fine-tuning technique which we refer to as retrieval-
augmented generation (RAG) Payal Bajaj, Daniel Campos, 2016 . Using the same retrieved document to
generate the entire sequence, technically, the model treats the retrieved document as a single latent variable that
is pooled to obtain a probability seq2seq p(yx) using a top-K approximation Devlin and Chang (2019) .
Specifically, the top-K documents are retrieved using the retriever and the generator produces the resulting
sequence probability for each document, which is then marginalized Hussain et al. (2019) .

e Parsing: In order to ascertain the semantic structure of the text or the relationships between its terms, it
transforms the text into a meaningful representation string. Lexical parsing is one type of parsing approach that
can be used to facilitate manipulation and extract information from text by breaking it down into simpler atomic
words. Following the application of lexical parsing, syntactical and semantic parsing can be used. By translating
text into a machine-understandable representation of its meaning, these two parsing approaches ascertain the
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grammatical structure of a phrase and extract a particular meaning Cooper (2020) . "Set your eyes on my
brother" and "could you see my brother," for instance, would both produce the identical parsed version of "see
my brother." Additionally, this method assists in locating the ambiguity so that a user can be asked to restate his
input Ramesh et al. (2017). As an illustration, there are two ways you could understand )the line "l saw my
brother with my laptop ": 1) Did | see my brother with my laptop ? ; 2) Did | see my brother with my laptop in
his hand?

e Matching patterns: Using this method, Chatbots generate responses with patterns when they are created
manually, which is a laborious procedure. Even though it speeds up response times, the responses could be
monotonous and repetitive, which makes for boring conversations devoid of spontaneity and the human touch
Motgeret al. (2022) . The chatbot, for instance, can identify terms such as "books" and "office supplies” in
response to the input "Where the stickers are?" It can also identify other inputs like "different types of supplies
in the office supplies aisle".

o Artificial Intelligence Markup Language (AIML): Chatbots use a variety of technologies, such as AIML, to
use a pattern matching approach syntax to find the best possible response Adamopoulou and Moussiades (2020).
Derived from the Extensible Mark-up Language (XML), AIML is an open standard language. Topics and
categories are the two components that make up AIML data objects. A category is a rule that matches a template
for input and an optional pattern for response. A subject is an optional top-level element that has a group of
related categories. AIML files are used to sort the objects. It must offer a pattern for every possible response and
update it regularly, which cannot be done automatically, despite its readability, usefulness, and efficient use of
response time Sutskever et al.

o RNNSs. The chatbot can handle sequential data and take into account the input from the present users thanks
to the RNNSs. It retains the input from prior users because of the inherent limited memory. Put another way, an
RNN allows data to stay, in contrast to a standard neural network. RNNs work on the basic principle of storing
an output from one layer and using it as an input for the subsequent layer in order to predict the outcome S.
Hochreiter (1993). For certain applications, the unaltered version of RNN is inappropriate because of the
vanishing or expanding gradient problem Chung et al. (2022) . Two distinct approaches addressing this issue are
Gated Recurrent Units (GRU) Cho et al. (2014) and Ma et al. (2023) , LSTM Jozefowicz et al. (2015).

e LSTM. An unique variety of RNN is the LSTM Jozefowicz et al. LSTM addresses the vanishing or
ballooning gradient issue in RNN and is built to manage long-term dependency. Consequently, the LSTM
introduces gates. The main element of an LSTM is a gate, which determines which information is remembered.
The gates also output a value between zero and one, where zero denotes memorizing nothing and one denotes
allowing everything to go to the next stage. In addition, LSTM provides three different types of gates to regulate
the information flow: forget gates, output gates, and input gates. The forget gates choose which data should be
committed to memory, whereas the input gates handle the state update procedure. The output from the hidden
layer is also determined by the output gate. These three gates make up the LSTM memory cell. Gender is among
the things the LSTM can remember because it was designed as a short-term memory solution. Thus, the chatbot
can use "his/her" based on the previously recalled input. An alternative LSTM architecture called BiLSTM takes
into account input coming from the opposite direction as well Vinyals and Le (1964) . In addition, the LSTM
and RNN's primary rival is the GRU Cho et al. (2014) and Ma et al. (2023) . Its architecture makes it less
complex and more popular than LSTM. One "update gate" is created by combining the input and forget gate.

e Sequence to Sequence: The first design to be developed to tackle translation concerns is the Seq2Seq
structure, and its success is encouraging for NLG. Diverse datasets and domains are used to train the seq2seq
end-to-end. Additionally, seq2seq is the industry standard structure because of its versatility, ease of use, and
generality in solving many NLP tasks Weizenbaum (1966) . In theory, seq2seq is made up of an encoder and a
decoder, two RNNs. Word by word, the Encoder interprets the user's input, and word by word, the Decoder
creates the response based on previously had discussions. When creating Chatbots, the challenge was to
translate user input to the chatbot's response rather than translating across languages. One benefit of seq2seq
structure over others is that the lengths of the input and response sequences can also vary. Depending on table 1
below, Papers Makatchev et al. (2010) and Liu et al. (1971) discussed Rules and patterns matching technique as
a set of predefined human made rules with pros Easy and less expensive implementation Fast deployment. No
overtime to understand the intent of the user. Cons is unable to learn on their own. Unable to react outside its
preconceived notion.

e To map words to actual umber vectors, a language modelling and feature extraction technique was used.
Kim and Kwon (2020) Combination of generation and retrieval-based approaches which "Xiaolce: more popular
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example from Microsoft”. In Combination of generation and retrieval-based approaches, Tran and Nguyen
(2020) "Proposed PS, GP. And PRFDevlin et al. (2022) and Toutanova (2022) "Develop matching method
based on the seq2seq, Radford et al. (2018). "Develop a model using the Twitter LDA model and attention
mechanism Song and Wang (2022) “Integrate AIML technique with a SNC model”, Albeladi et al. (2023)
"Multi-strategy process including LSTM with an attention mechanism beside rule-based technique”. Lewis et
al. (2020).Domain Adaptive Pre-training (DAPT) technique where text modeling for upcoming tasks inside the
domain is enhanced by domain adaptive pre-training, which is the ongoing unsupervised pre-training of a
language model on text unique to the domain. Finaly, Retrieval Augmented Generation (RAG) technique where
models that blend non- parametric and parametric memory that has been trained beforehand to generate
language Lin et al. (2023)

e Also in Rule —based Jia (2009) and Moubaiddin et al. (2015) and Belgaumwala (2019) discussed the Parsing
technique is Converting a text to be less complicated terms. The pros is Providing the text's semantic structure
or the dependence relationships between terms. The cons is the same guidelines and trends that correspond with
drawbacks. The Corpus based the articles Candra (2017) and Noori et al. (2014), describe Pattern matching
technique which predefined structures of responses, pros is adequate for basic jobs, Pick insightful answers from
the list of candidate answers. Greater adaptability compared to rule-based, cons is providing Chatbots devoid of
intelligence and relativity, Repetitive responses and restricted capacities.

Mavridis et al. (2019) describe AIML technique Represents the knowledge as objects which derived from XML,
pros is benefits of matching patterns strong in creating a conversational flow, cons are developing every
potential motif by hand Very challenging to scale. Generation —based has linear support vector machine (LSTM)
technique which the papers Zhang et al. (2022) and Shawar and Atwell (2004) describe the CNN that usually
used for learning features automatically by utilizing convolution and pooling processes. Shawar and Atwell
(2004), depict GRU is a type of RNN technique related with LSTM. Shawar (2011) , RGDA based on gradient
reinforcement learning Stacked LSTM method that teaches computers to make decisions in a way that produces
the best outcomes. It simulates the process of learning by making mistakes. Kadeed (2014) , characterize
Stacked LSTM that a deeper and more abstract model is produced by stacking many hidden LSTM layers on top
of one another in a LSTM. Two concealed LSTM layers in the opposite direction make up a bidirectional
LSTM, which uses information from both sides. Ali and Habash (2020) characterize Stacked LSTM and
BILSTM which is the input is followed in both directions. Al-Ghadhban and Al-Twairesh (2020) HRED
generates context and response.

In hybrid technique Palasundram et al. (2019) paper expressing the “Attention” which is attention method, in
which the encoder assigns attention weights to each concealed state. The computation of these weights
establishes the relative importance of an encoder state to a decoder state in producing the subsequent state based
on the energy associated with each weight. In seq2seq learning based on encoder- decoder architecture, Al-
Madi et al. (2021) based on RNNs cell and improved technique of seq2seq learning. Zhang et al. (2019)
Mapping a sequence of input words to another representation of response sequence. TNaous et al. (2019) GRU
is in compression to LSTM. GRU required fewer parameters training and it not being required for an additional
cell state. Hu et al. (2022) paper expresses RNN. Attention mechanisms Improved technique of seq2seq
learning based on RNNs cell. Resolve the problem of systems incapability to remember a longer sequence.
Prassanna (2020) "Enhancement of RNN-GRU" which "This technique is improved by adding three additional
cells which are Refinement, Adjustment, and output cells Zhang and Dinan (2022), Boussakssou and Ezzikouri
(2022). Pre-trained GPT-2, DIALOGPT, BoB, aubmindlab, CakeChat, asafaya is

Chabot Challenges and Limitations

Chatbot creation faces numerous challenges, including linguistic, technical, and user experience issues. These
include NLU, handling ambiguity, generating responses, preventing user dissatisfaction, supporting multiple
languages, managing dynamic contexts, ensuring data security and privacy, enhancing personalization,
integrating chatbots with systems, identifying user intent, and managing memory retention Chaves et al. (2021) .
Efficient assessment, transplatform coherence, and ethical considerations like bias and fairness are also crucial.
Adapting to new information requires robust learning techniques Chiang et al. (2024) . A multidisciplinary
approach involving domain-specific knowledge, machine learning, NLP, and user experience design is needed
to overcome these challenges. Continuous research and developments in Al technology can help reduce these
challenges and enhance chatbot performance. Overall, overcoming these challenges is crucial for the
development of chatbots Sudalairaj et al. (2024) . Limited flexibility, inflexible responses, complex scalability,
managing ambiguity, dependence on rule quality, absence of learning capabilities, expensive and resource-
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intensive maintenance, difficulty managing variability, restricted generalization, scalability problems, user
experience issues, reliance on expertise, and limited adaptability are some of the challenges that rule-based
chatbots must overcome Naik et al. (2023). Because of these difficulties, rule-based systems are best suited for
certain applications with clearly defined domains and predictable user behavior.

Table 1. Approaches and techniques for Chatbot

=
Q
§ Techniques Description Advantages Disadvantages Articles
§
Set of !Easy and Ies§ EXPENSIVE  Unable to learn on their Makatchev et
Rules and redefined implementationFast own. Unable to react al.
patterns Euman “made deployment. No overtime outsil de its preconceived (2010),Weizen
matching rules to understand the intent notion P baum (1966) ,
of the user Colby(1971)

. - . Jia (2009) ,
§ Converting a Prowdl_ng the text's The same guidelines and Moubaiddin(1
8 parsin text to be less semantic structure or the trends that correspond with  962)

- g complicated dependence relationships drawbacks P Bel éumwala
= terms between terms g ’
& o (2019)
agieljgat(:} fr?rfblasm Jobs, Providing chatbots devoid
redefined Pic Insig! tiu ansSwers of intelligence and
Pattern Etructures of from the list of candidate reativity. Repetitive Candra and
matching 1eSPONSES answers.Greater res ons?/els ar? d restricted Noori( 2014)
P adaptability compared to ca F;ci ties
= rule-based P '
[<3] .-
@ Represents the . . Mavridis and
@
= knowledge as Benefits of mat(?hlng Developing every potential ~ AlDhaheri,
< : . atterns Strong in .
o AIML objects which patter g . motif by hand Very (2011), Roca
2 deri creating a conversational . ’
s erived from flow challenging to scale and Sancho
x XML (2020)
LSTMs are beneficial for (Lfg%\%]?;t&g::snﬁx,gmory
?eatiilcne% Iicr)1ntgime series drawbacks such as
CNN usually ql is and | computational complexity,
used for learning anatyss an natu_ra overfitting, Zhang and
features 'angu?‘ge processing (_jue hyperparameter tuning Chen (2021)
. to their ability to retain o ' '
CNN au_tc_)rr_]atlcally by information from fand I|m|ted_ _ Zhang and
utilizing revious time steps interpretability. They Qin (2022),
convolution and q’he also hel sorivé the require more computation ~ Shawar and
pooling Y & P than feedforward networks — Atwell (2004)
processes vanishing gradient or basic RNNs, and are
problem .by regulating prone to overfi,tting when
information flow across here is insuffici
the network. there is insufficient
training data.
CNN offers high
accuracy in machine L
GRU is a type of learning tasks, while goﬁsNu?nﬁﬂggr:Ztllgagr-
CNNand RNN techr?/ipue GRU networks are faster intensive gclsmd GRU Shawar and
GRU related Withq and less computationally models fa'\ce low learnin Atwell (2011),
LSTM expensive. They manage efficiency and slow g Wang (2022).
' long-term dependencies convergence rate issues
in sequential data '
selectively.
RGDA method that Reinforcement learning It is preferable to use Shawar and
3 based on teaches has the following reinforcement learning to Atwell ( 2011)
_‘E gradient computers to benefits: Performance solve difficult problems Wu et al
2 s reinforce make decisions maximization. Maintain  rather than simple ones. It ’(2020) Y'u ot
2 E ment in a way that Change for an extended demands a great deal of al (20i9)
8 9 leaning produces the length of time. An excess work and a large amount ' '
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Stacked
LSTM

Stacked
LSTM

Stacked
LSTM
and
BILSTM

HRED

Attention

seq2seq
Seq2seq
learning

best outcomes. It
simulates the
process of
learning by
making
mistakes.

A deeper and
more abstract
model is
produced by
stacking many
hidden LSTM
layers on top of
one another in a
stacked linear
support vector
machine
(LSTM). Two
concealed
LSTM layers in
the opposite
direction make
up a
bidirectional
LSTM, which
uses information
from both sides.

BiLSTM: The
input is followed
in both
directions.

HRED generates
context and
response

using the
attention
method, in
which the
encoder assigns
attention weights
to each
concealed state.
The computation
of these weights
establishes the
relative
importance of an
encoder state to
a decoder state
in producing the
subsequent state
based on the
energy
associated with
each weight.
based on RNNs
cell and
improved

of states resulting from
reinforcement can taint
the outcomes.

To effectively capture
intricate patterns and
long-term dependencies
in sequential data,
numerous LSTM layers
may be used.

Reliable on a bigger
dataset and useful for
recalling lengthier
sequences

Using a BILSTM
network with attention,
they map each user
statement to an EPA
(Evaluation Potency
Activity) vector. They
then provide a
corresponding EPA
response vector that is
used to condition the
response generation.

"Same advantages of
tachniques that seq2seq
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of data. The cost of
maintenance is substantial.

In order to guarantee
efficient training and avoid
overfitting, it also adds
more complexity and calls
for cautious tuning and
regularization.

makes use of a lot of
parameters, more memory
size was needed, Extended
execution duration and
intricate complexity

BiLSTM is a far slower
model that takes longer to
train. As a result, they
advise against utilizing it
unless absolutely
necessary.

"Same disadvantages of
tachniques that seq2seq
depending on it"

T. Kadeed,
2014, Ma,
M., Liu, C.,
Wei, R.,
Liang, B., &
Dai, J. (2022)
, Jorgensen,
R. K.,
Hartmann, M.,
Dai, X., &
Elliott, D.
(2021).

Ali and
Habash (2020)

Al-Ghadhban
and Al-
Twairesh
(2020)

Palasundram
et al.(2019)

Al-Madi et al.
(2021)
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based on
encoder-
decoder
architecture

GRU

RNN

"Enhancement
of RNN-
GRU"

Pre-trained
GPT-2,
DIALOGPT ,
BoB,
aubmindlab,
CakeChat,
asafaya,

Combination
of generation
and retrieval-
based
approaches

Combination
of generation
and retrieval-
based
approaches

technique of
seq2seq learning
Mapping a
sequence of
input words to
another
representation of
response
sequence.

In compression
to LSTM. GRU
required fewer
parameters
training and it
not being
required for an
additional cell
state

"Attention
mechanisms
Improved
technique of
seq2seq learning
based on RNNs
cell. Resolve the
problem of
systems
incapability to
remember a
longer sequence
"This technique
is improved by
adding three
additional cells
which are
Refinement,
Adjustment, and
output cells"

To map words to
actual umber
vectors, a
language
modeling and
feature
extraction
technique was
used.

"Xiaolce: more
popular example
from Microsoft"

"Proposed PS,
GP. And PRF"

"Develop
matching
method based on
the seq2seq”

depending on it Support
variable-length size of
input and response”

Uses less training
parameter Uses less
memory Take less time
in execution Less
complex structure"

Uses less training
parameter Uses less
memoryTake less time in
execution - Less complex
structure™

Uses less training
parameter Uses less
memoryTake less time in
execution - Less complex
structure™

"Easy to select the
attributes (relevance)
from ranked features
list."

"Easy to select the
attributes (relevance)
from ranked features
list."

255

"Not suitable for large
Dataset Not suitable for
long- distance relations”

Suffer from gradient
exploding and vanishing
problems. Difficult to
process very longer
sequences"Not suitable
forparallelizing or stacking

up"

Suffer from gradient
exploding and vanishing
problems. Difficult to
process very longer
sequences"Not suitable
forparallelizing or stacking

up"

If the hybridization
technique is not
complementary to each
other, the performance
quality may decrease

If the hybridization
technique is not
complementary to each
other, the performance
quality may decrease

Zhang et al.
Wang and
Koji (2018)

Naous et al.
(2019)

Hu et al.
(2022)

Prassanna
(2020)

Zhang et al.
(2018),
Boussakssou,
(2020)

Kim and
Kwon (2020)

Tran and
Nguyen

Devlin et al.
(2022
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Domain
Adaptive Pre-
training
(DAPT)

Retrieval
Augmented
Generation
(RAG)

"Develop a
model using the
Twitter LDA
model and
attention
mechanism"

"Integrate AIML
technique with a
SNC model"

"Multi-strategy
process
including LSTM
with an attention
mechanism
beside rule-
based technique
Text modeling
for upcoming
tasks inside the
domain is
enhanced by
domain adaptive
pretraining,
which is the
ongoing
unsupervised
pretraining of a
language model
on text unique to
the domain.
models that
blend non-
parametric and
parametric
memory that has
been trained
beforehand to
generate
language

focus on adapting to
multiple languages
within a specific domain.
they propose different
techniques to compose
pretraining corpora that
enable a language model
to both become domain-
specific and multilingual.
They present RAG
models, in which a pre-
trained neural retriever
accesses a Wikipedia
dense vector index as the
non-parametric memory
and a pre-trained seq2seq
model serves as the
parametric memory.

MDAPT is a complex,
resource-intensive, and
multilingual model that
requires careful
consideration of linguistic
and domain-specific
characteristics. It also
faces challenges in fine-
tuning and requires
sufficient data for effective
performance across
multiple languages and
domains.

RAG is a resource-
intensive model that relies
on a large dataset for
information retrieval. Its
effectiveness depends on
the quality of the
information retrieved, as
missing or erroneous data
can lead to generation
mistakes. RAG is also
dependent on a pre-
existing set of fixed
retrievals, making it
challenging to manage
dynamic data.

Radford et
al.(2018)

Song and
Wang (2022)

Albeladi et al.
(2023)

Lewis et al.
(2020)

Lin et al.
(2023)
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Furthermore, they have trouble with a variety of unexpected or diverse user inputs, which makes it challenging
to update and maintain the rule base. Moreover, rule-based systems are incapable of learning, which makes it
challenging for them to adjust to changing user requirements or shifting linguistic trend Sanders et al. (2023) .
To get around these restrictions, hybrid systems that combine learning-based and rule-based strategies have been
developed. The challenges faced by generative chatbots, which employ NLG techniques, include handling open-
ended questions, avoiding biases and inappropriate content, producing creative but inaccurate responses,
handling domain-specific knowledge, and handling lack of context. In addition, they encounter constraints on
data efficiency and training sets because of enormous training sets, response time management, unclear user
intent, and challenges in responding to user feedback. Another difficulty is achieving real-time responsiveness
since some models could take longer to generate. Determining trustworthy measures to assess the caliber of
produced answers is still a challenge Spivack et al. (2024) . In order to improve the overall performance and
dependability of generative chatbots, advances in NLP, model designs, and ethical considerations are required
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Conclusion

This research paper examines the techniques of chatbots, a type of computer software that mimics user
interactions. Chatbots are used in various industries, such as entertainment, education, e-commerce, and
healthcare. They can be one-line programs or complex digital assistants that learn and develop over time.
Advancements in Al and NLP have made chatbots more user-friendly and adaptable. They use conversation
systems to efficiently manage tasks, such as gathering information and delivering customer service. Chatbots
can be classified into rule-based, machine learning-based, retrieval-based, generative, task-oriented, and
conversational chatbots. The evolution of chatbots dates back to the 1960s, with more sophisticated bots created
since 2000. Techniques used include parsing, pattern matching, AIML, and RNNs, DAPT where text modeling
for upcoming tasks inside the domain is enhanced by domain adaptive pretraining, which is the ongoing
unsupervised pretraining of a language model on text unique to the domain, and RAG where models that blend
non-parametric and parametric memory that has been trained beforehand to generate language.
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