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Abstract - As more and more businesses go digital, the demand for advanced conversational agents has never been 

higher. Chatbots are becoming a must-have for customer service, company communication & many more commercial 

uses. This study looks into transformer models, focusing on their self-attention processes, to make chatbots that are strong 

and can grow in size for use in industry. Transformers like BERT & GPT have altered how robots learn & use their 

human languages. Their self-attention method, which helps models figure out how these essential specific terms in a 

phrase are, is highly vital for improving their chatbots' ability to grasp what is going on there around them. Using these 

models, chatbots may have conversations that are more natural, accurate, & aware of the situation, which improves the 

user experience & the efficiency of the operation. This study looks at the basic structure of these transformer models, the 
training methods that make them work better for chatbots & the problems that companies run into when they try to use 

these systems in actual life. We also look at the practical reasons for adding more chatbot solutions to a business, such as 

keeping the models up to date, protecting their information, and making sure the systems work together. The report shows 

the best ways for businesses to deploy transformer-based chatbots, making sure that they meet the strict standards of 

reliability, performance & user satisfaction that companies need. 
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1. Introduction 
In the last few years, the way businesses & the customers engage has changed a lot, and chatbots have played a big role in this 

change. Chatbots have gone beyond just being tools for answering these frequently asked questions. There are now too many 

complex systems that can conduct meaningful conversations that take place in context. The first chatbots were hugely rule-based 

systems with pre-set answers that could only answer specific questions. These technologies were working, but they were rigid and 

couldn't develop to meet the needs of consumers. Recent advances in deep learning, notably in natural language processing (NLP), 
have made chatbot systems smarter & more flexible. The development of transformer models, which are the building blocks of 

cutting-edge NLP systems, is a big step forward in this discipline. These models are meant to handle the difficulties of human 

language, which lets chatbots answer more complicated questions, understand context throughout long conversations, and provide 

more relevant, clear answers right away. 

 
Fig 1: Federated AI in Healthcare: Balancing Data Privacy, Interoperability, and Decentralized Intelligence 
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1.1. The Rise of Transformers in Natural Language Processing 

Before transformers came along, many other NLP models relied on topologies like long short-term memory networks 

(LSTMs) and recurrent neural networks (RNNs). These models were good at certain things, but they had trouble understanding 

long-range connections in text. This made jobs like machine translation or more conversational AI harder to do. RNNs read text in 

a linear fashion, which might cause information to be lost over time, especially with long or complicated words. LSTMs helped 

with certain problems, but they were still limited by the way they processed things in order. On the other hand, Transformers used 
an entirely different technique. Transformers employ self-attention mechanisms to look at all parts of the input at the same time. 

This lets them find connections between words or phrases no matter where they are in the text. Transformers are especially good at 

language modeling & making chatbots because they can focus on different sections of the text at many other different times 

throughout a conversation. 

 

1.2. Self-Attention: An Important New Idea 

The self-attention process is very important for transformer models because it lets the model figure out how important each 

word in a sentence is in relation to all the other words. This lets the model focus on important information while still keeping a full 

understanding of the surroundings. For instance, while answering a difficult question, a transformer model may "attend" to the 

most important words in the question, no matter how far away they are, and provide a more accurate answer. Self-attention is a big 

part of how chatbots can handle many multi-turn conversations. Unlike traditional models, which could forget what was said 

earlier in the conversation as it goes on, transformers can keep track of the context over long conversations. This feature is very 
important for business-level chatbots that need to have extended, meaningful discussions with customers. 

 

1.3. Changing Business Chatbots 

Transformer models have changed the game for companies who want to develop chatbots that can handle more complex 

business needs. These models have improved conversational AI by making it possible for chatbots to understand and create natural 

language with great accuracy. Transformer-based chatbots can do a lot of things, such as help customers, answer sales questions, 

and fix more technical problems, without the limitations of older rule-based systems. These models offer a lot of potential for 

companies who want to build custom, scalable chatbot solutions since they can be easily changed to fit these different situations. 

These models can keep an eye on ongoing conversations, deal with more complicated requests, and provide answers that are both 

too relevant and accurate in context because they include self-attention mechanisms. 

 

2. Overview of Transformer Models & Self-Attention Mechanisms 
Transformer models have changed natural language processing (NLP) for the better, making it easier to understand language, 

translate it, and build conversational systems. The self-attention mechanism is what makes transformers different from other 

models. It lets the model focus on different parts of the input data in real time. This section talks about the basic ideas of 

transformers & self-attention, how they came to be & how they may be used to make chatbots for businesses. 

 

2.1. A Look at Transformer Models 
Transformer models are a kind of DL architecture that is very good at processing sequential input, like text. Transformers don't 

process input in a sequential way as RNNs (Recurrent Neural Networks) and LSTMs (Long Short-Term Memory) did in the 

previous. Instead many other people utilize self-attention to look at all the words in a sentence at the same time.This non-linear 

technique lets transformers look at input and long-range dependencies at the same time, which speeds up and improves their 

training process. 

 

2.1.1. How Important Self-Attention Is 

Transformers do well in NLP tasks because they can pay attention to themselves. It works by giving each word a weight 

depending on how important it is compared to all the other words in the input sequence. There are three vectors in the self-attention 

method: query, key & value. The query vector is compared to the key vectors of all the other words in the input for each other 

word. The result is then used to get the weighted sum of the value vectors, which is what the self-attention layer gives as an output. 
This lets the model find connections between words no matter where they are in the sentence. The word "fox" in the sentence "The 

quick brown fox jumps over the lazy dog" may be more closely related to "jumps" than to "the." Self-attention helps the model 

understand these connections well. 

 

2.1.2. The Structure of Transformer Models 

The attention mechanism, which is the most important part of the transformer model, looks at how important each word in a 

phrase is compared to all the other words. The model is made up of an encoder & a decoder. The encoder looks at the input 

information & the decoder makes the output. A lot of layers of multi-head attention and feed forward neural networks make up 

each encoder and decoder. 
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The basic parts of the transformer architecture are: 

 Positional encoding: Transformers don't analyze input in order, therefore they require positional encodings to show the 

order of words in a sentence. 

 Multi-head attention: Transformers don't just utilize one attention mechanism; they employ several "heads" to find more 

different patterns of attention. This lets the model understand different sections of the input sequence. 

 Feedforward neural networks: Each layer of the transformer has fully linked networks that change the information in 
nonlinear ways after attention calculations. 

 

2.2. Using Transformer Models in Natural Language Processing 

Transformer models are now the basis for the most advanced NLP systems, such as those that translate their languages, 

summarize texts, answer questions & make chatbots. They are especially good at understanding context and giving meaningful 

answers in conversation systems because they can look at full phrases or documents at once instead of one at a time. Language 

Translation One of the most common uses of transformers is in machine translation. Traditional machine translation systems, 

including those that use RNNs, have trouble handling long sentences & complicated grammar. Still, transformer models are great 

at translating languages with many other different sentence patterns and levels of difficulty since they include a self-attention 

mechanism. Google's Transformer and OpenAI's GPT-3 are two examples of models that have done an amazing job at making 

translations that seem like they were written by a person. They do this by accurately capturing long-range connections between 
words. 

 

2.2.1. Dialogue Frameworks and Conversational Agents 

Transformers are great at making too many complex chatbots. Most chatbot systems use rule-based frameworks or simple ML 

approaches, which makes it hard for them to provide more answers that change depending on the situation. Transformers, on the 

other hand, can understand & write language that sounds like it was written by a person by looking at how words are related to 

each other in the context. Transformer-based chatbots can handle a wide range of their topics, answer follow-up questions & 

understand the intricacies of human language, such as humor & sarcasm, because of their huge datasets. The self-attention 

approach lets the chatbot keep track of what's going on over long conversations, which is important for making these chatbot 

systems that work well for businesses. 

 

2.2.2. Making text shorter 
Transformer models are quite good at making short versions of long texts. They can find the most important terms and provide 

short, clear summaries by looking at the complete text at once. This technique is often used in the content management systems, 

where it is necessary to summarize huge amounts of information, such as news articles or technical documentation. 

 

2.3. Adding Transformers to Enterprise Chatbots 

Companies may use transformers-driven corporate chatbots to automate their customer service, sales assistance & the internal 

functions. Transformer models are good for business since they can understand and create language with great accuracy. This 

makes them good for their business situations that need more complex conversations. 

 

2.3.1. Personalized Client Interactions 

You may teach transformer-based chatbots using domain-specific information so that they can have personalized 
conversations with these clients. In the banking business, a transformer-powered chatbot can understand complicated financial 

questions & provide personalized answers based on the customer's account information. Transformer-based chatbots are a powerful 

tool for improving their customer satisfaction and operational efficiency in businesses since they can be tailored to each user's 

needs. 

 

2.3.2. Dealing with complicated questions 

Enterprise chatbots have to do more than just answer basic questions. They need to be able to grasp & judge more complicated 

queries that can need a lot of extra processes to solve. Transformer models are too excellent at this because they can remember the 

context of a discussion over time & employ multi-step reasoning. With this skill, businesses may develop more advanced help 

systems that can figure out more difficult issues on their own. 

 

2.4. Issues and What's Next 
Transformer models have a lot of potential for building great business chatbots, but they also have certain problems. The price 

of computers is a big worry. You need a lot of hardware, such as high-performance GPUs or TPUs, to train big transformer 

models. This makes it challenging for certain firms to get in, particularly those who don't have the necessary tools. They need a lot 

of information to train their transformer models. Businesses need to provide chatbots a lot of knowledge about their respective 
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fields so that they can answer all the different kinds of queries they may receive. The chatbot may not be able to provide more 

accurate or more relevant replies if it doesn't have enough information. Despite these problems, transformer-based chatbots have a 

good chance of becoming useful in businesses. As model optimization, transfer learning, and hardware acceleration continue to 

improve, the computational requirements should go down, making transformer models easier for businesses of all sizes to use. In 

addition, the growing availability of pre-trained models & cloud-based services would let businesses leverage the power of their 

transformers without needing a lot of resources. 

 

3. Building an Enterprise Chatbot with Transformer Models 
To create a business chatbot that can handle anything, you need to employ modern technology to make sure that conversations 

are smooth & more effective. Transformer models, which employ self-attention processes to understand and evaluate natural 

language, are a major development in these recent years. This part looks at how to build an enterprise chatbot using transformer 

models, breaking the process down into smaller, more manageable sections. 

 

3.1. Study of Transformer Models 

As the basis for cutting-edge Natural Language Processing (NLP) systems, transformer models have become more popular. 

Transformers don't need to process input in order as Recurrent Neural Networks (RNNs) or Long Short-Term Memory (LSTM) 

networks do. They look at all input data at the same time, which speeds up training times by a lot and lets them understand how 

words or tokens are related across large distances. 

 

3.1.1. How Self-Attention Works 

Self-attention is what lets the transformer model pay attention to different parts of the input sequence when it makes 

predictions. Each character in the input string makes a query, a key, and a value. To get the attention scores, the query is compared 

to all the keys, and the values are added together with weights. The outcome is a representation of each token that takes into 

account both local & the global information. Self-attention in an enterprise chatbot lets the system understand not just the 
immediate context of a user's message, but also the huge context of the entire conversation. This is especially important for keeping 

their conversations going that are coherent and more relevant to the situation throughout several rounds. 

 

3.1.2. How Transformer Models Are Built 

The encoder-decoder architecture is the basic framework of transformer models. The encoder changes the input sequence into 

a set of more continuous representations, and the decoder makes an output sequence from these representations. The self-attention 

mechanism is what makes transformers stand out. This method lets each token in the input focus on different parts of the sequence, 

creating dynamic context representations for each word based on how it relates to many other words in the sequence. This design 

helps the chatbot understand the nuances of how people talk to one other. The transformer model looks at text in a non-linear way, 

taking into consideration the complete context of a discourse. This leads to answers that are more important and useful. 

 

3.2. Using Transformer Models in Business Chatbots 
There are a lot of things to think about while building a good business chatbot, from getting data to making the model work 

better. This section explains how to use transformer models in a business setting. 

 

3.2.1. Getting and cleaning up the data 

The first step in making a chatbot using transformer models is to gather and clean up a lot of conversational information. This 

includes chat logs, transcripts of customer support calls, and many other relevant information. Transformer models require a lot of 

data to train on, therefore it's important to have high-quality data that correctly depicts actual user questions and answers. Data 

preparation includes cleaning the information, getting rid of excess noise, and breaking the text up into smaller pieces that are 

easier to work with. Tokenization breaks phrases down into separate words or subword units, which are then fed into the 

transformer model. Also, certain tokens, like [CLS] for classification tasks or [SEP] for separating sentences, are added to show 

how the input sequence is put together. 

 

3.2.2. Keeping the Context in Conversations 

A business chatbot must be able to keep track of the context of a conversation throughout several exchanges. This is a good 

example of how well transformer models work. Unlike regular chatbots, which occasionally lose track of the context, transformer 

models are good at looking at the full conversation history. To do this, the transformer's input includes previous interactions, which 

lets it change its responses as needed. For example, if a user asks a follow-up question, the transformer model may pull up the 

previous part of the conversation and provide a more relevant answer. To provide customers a smooth and personalized experience, 

you need to be aware of the context. 
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3.2.3. Improving the Transformer Model 

After preparing the data, the next step is to fine-tune a pre-trained transformer model for the specific role of a corporate 

chatbot. BERT, GPT, and T5 are examples of pre-trained models that have learned too many complex representations of language 

by being trained on huge datasets. Fine-tuning is changing the model so that it can understand the specific language, context, and 

questions that are important to the organization's needs. Supervised learning, in which the model is trained using annotated 

examples of conversations, may be used to fine-tune the model. The chatbot may learn how to figure out what someone wants, pull 
out entities & come up with the right replies. Fine-tuning is sometimes a resource-intensive process, but it may lead to amazing 

results that make the chatbot much better at handling their certain tasks. 

 

3.3. Teaching the Transformer Model to Work in Business 

When training a transformer model for corporate chatbot use, you need to carefully think about loss functions, optimization 

methods & how to measure performance. 

 

3.3.1. Loss Functions for Improvement 

The goal of the model during training is to make the difference between what it expects to happen and what actually happens 

(the target response) smaller. Cross-entropy loss is the most used loss function for business chatbots. It works extremely well for 

classification tasks like figuring out what someone wants & predicting the next phrase. The choice of loss function has a big impact 

on how well the chatbot's replies are. A weighted cross-entropy loss may help the chatbot do better on the most important tasks by 
giving certain types of  intents or replies more weight than others. 

 

3.3.2. Checking how well the model works 

To find out how well a transformer-based business chatbot works, you should look at its performance using a number of 

metrics, like accuracy, precision, recall & also F1 score. You need to carefully watch how happy users are. You may check this by 

seeing how well the chatbot can answer client questions, handle multi-turn conversations & provide more appropriate responses. 

A/B testing and feedback from users may provide you a lot of information about how well the chatbot works in actual life and help 

you find ways to make it better. 

 

3.3.3. Optimizers and Finding the Best Hyperparameters 

It takes a lot of computer power to train transformer models, therefore you need to be very cautious when choosing optimizers 
& the hyperparameters. Because it has a learning rate that can be changed, Adam is typically used to improve transformer models. 

This makes the model converge faster and more efficiently. For the model to work better, it is important to optimize its 

hyperparameters. This includes choosing the number of layers, the size of the attention heads, the learning rate, and the batch size. 

These hyperparameters might have a big effect on how well the model can handle the latest queries and complex tasks. 

 

3.4. Problems and Solutions in Building an Enterprise Chatbot with Transformers 

There are a lot of challenges that businesses run into when they use transformer models in chatbots, even though these models 

have a lot of benefits. One big concern is that training transformer models may be quite expensive in terms of computing power. 

Cloud-based solutions, such as GPU-powered services, could help with this challenge by letting companies improve more 

enormous models without having to spend a lot of money on hardware. Another issue is making sure that the chatbot stays more 

relevant and accurate over time. The chatbot has to continuously learn and develop as user behavior and the needs of the enterprise 

change. By setting up a feedback loop that uses user interactions to retrain and improve the model on a regular basis, you can make 
sure that the chatbot stays up to date. 

 

4. Challenges & Best Practices 
Building an enterprise chatbot with transformer models and self-attention processes has a lot of promise but also a lot of 

problems. These systems can handle a lot of data, understand the situation, and respond like a person, which is very important in a 

business scenario. Even if these models have the capacity to change the world, careful planning is still needed for their design, 
deployment & upkeep. This section looks at the biggest problems and best ways to create enterprise-grade chatbots using 

transformer models and self-attention methods. 

 

4.1. Problems with Data 

4.1.1. How good the data is 

The quality of the training data used has a huge impact on how effectively chatbots that use transformers perform. Data is 

often spread out among many departments in many businesses, which makes it challenging to collect consistent, high-quality 

datasets. Also, bad or noisy data might lead to outputs that are biased, wrong, or not useful, which would make the chatbot very 

less effective. Best Practice: Organizations need to stress the importance of data quality by making sure that information is correct, 
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well-labeled & varied enough. Working together amongst departments is necessary to put up complete datasets that appropriately 

reflect the different business environments. Also, data validation and preparation are important to get rid of any noise that might 

mess up the training process. 

 

4.1.2. Privacy and Safety of Data 

Data privacy and security are still very important, especially for businesses that handle sensitive information. Some 
transformer-based models need very large datasets that may include private customer contacts, financial information, or sensitive 

organizational information. It is crucial to protect private information against illegal access, breaches, and misuse. Best Practice: 

Use robust encryption technologies and implement rigorous data privacy standards like the GDPR or CCPA to protect sensitive 

information. Also, anonymizing data before using it for training helps reduce issues with privacy violations. 

 

4.2. How hard the model is to use and how well it scales 

4.2.1. How to Use Resources 

To use transformer-based models in business environments, you need high-performance computing resources like TPUs and 

GPUs. This might make costs go up, particularly if the organization doesn't have the proper tools to meet the demand. It is harder 

and harder to divide resources appropriately as the model gets bigger. Best Practice: Using a mix of cloud-based infrastructure and 

other types of infrastructure is the best way to get past resource restrictions. Cloud platforms like AWS, Google Cloud, and 

Microsoft Azure provide scalable resources that are created just for machine learning (ML) apps. They are a wonderful solution for 
organizations who don't have a lot of infrastructure on site. 

 

4.2.2. The Model's Dimensions 

BERT and GPT are two examples of transformers that have a lot of parameters and need a lot of computing power to function. 

Businesses may have trouble if its infrastructure can't develop fast enough to keep up with the high demands of training and fine-

tuning these models. Best Practice: Start with smaller, more efficient transformer devices like DistilBERT. They are a nice balance 

between performance and cost. Businesses may utilize pre-trained models and add their own information from their field, which 

makes the models easier to work with. 

 

4.2.3. Performance Right Away 

Chatbots in the workplace typically need to quickly process and respond to their user questions. Even yet, transformer models 
are usually sluggish since they are hard to make, particularly when they are operated on conventional computers. This delay might 

make the experience less pleasurable for users, especially in fast-paced settings where rapid reactions are critical. Best Practice: 

Using model optimization approaches like quantization, cutting, or distillation may speed up inference time without harming how 

well the model works. Also, keeping a list of typical questions and employing a two-tier approach with simpler models for queries 

that come up a lot might help you answer them faster. 

 

4.3. Working with systems that are already in place 

4.3.1. Putting the knowledge base together 

Many business chatbots are designed to work with internal knowledge bases, databases, or customer relationship management 

systems. For the chatbot to provide accurate and useful answers, it is important that these systems be up to date and accessible. 

When the data isn't organized, it's especially hard to combine a transformer model with large, dynamic knowledge libraries. Best 

Practice: The best way to do this is for companies to set up a dynamic, real-time data integration pipeline so that the chatbot's 
knowledge base is always up to date. Additionally, natural language processing (NLP) techniques like named entity recognition 

(NER) and semantic search might help the chatbot quickly analyze large amounts of data. 

 

4.3.2. Works with older systems 

Many businesses still utilize old systems that don't work with new AI technologies, such as transformer-based models. This 

might make it harder for systems to work together, provide data, and get updates. Best Practice: The best strategy is to use a 

modular, step-by-step approach to integration. This means making sure the chatbot works with existing systems and can be easily 

scaled up or down as needed. Also, companies could look at API-based interfaces, which would let the chatbot talk to other 

existing systems without needing to make big changes. 

 

4.3.3. Making Changes for Certain Uses 
Transformer models may be changed to fit a lot of different needs, but their generalist traits might make things harder for 

businesses that utilize specialist language and terms. Without the right changes, a model trained on a lot of general information 

may not work as well in specialized fields like finance, healthcare, or law. Best Practice: The best way to improve the model is to 
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use data from the same field. Adding specialized datasets and industry-specific language to the model's training helps the chatbot 

understand the details of a sector better, which leads to more accurate answers. 

 

4.4. Design for User Experience and Interaction 

4.4.1. The Progression of Conversation 

For a commercial chatbot to work, it has to keep the conversation going and be interesting. People may become frustrated with 
poorly managed processes, which might lead to them not being interested or unhappy. Transformers are great at understanding 

context, but the hard part is keeping communication natural and simple. 

 

4.4.2. Understanding Natural Language (NLC) 

One of the best things about transformer-based chatbots is that they can understand and create language that sounds like how 

people talk. It may be hard to get natural language understanding (NLU) to be very accurate, particularly when dealing with 

questions that are hard to grasp or have several meanings. Misunderstandings or answers that don't make sense might make the user 

experience worse. Best Practice:  To improve NLU, the chatbot has to be trained on a wide range of user inputs. Also, utilizing 

context-aware tactics like keeping an eye on the conversation state may help the chatbot understand and respond to questions 

better. 

 

5. Challenges in Implementing Transformer-Based Chatbots in Enterprises 
There are a number of problems with so many corporations using transformer-based chatbots. Transformer models, especially 

those that employ self-attention processes, have changed the field of natural language processing (NLP). However, applying them 

in business contexts comes with a number of these kinds of problems that need to be solved. These problems may be put into three 

groups: technical, organizational, and operational. Each group needs careful analysis and these strategic solutions. 

 

5.1. Technical Problems 
The main technical problems with using transformer-based chatbots have to do with how complicated the models are, how 

well they work together & how easily they can be scaled up. 

 

5.1.1. How complicated the model is 

Transformer models, like GPT-3 & BERT, have done quite well on a number of NLP tasks, especially in their chatbot 

applications. Still, these models are quite more complicated and need a lot of computer power to train & improve. The huge 

number of parameters, which may be in the billions, makes it impossible to use these models in the actual time applications without 

strong hardware and adequate information. This complexity might make chatbot discussions take longer to respond, which is not 

good for business situations where quick responses are more important. 

 

5.1.2. Teaching and Improving 

A transformer model has to be fine-tuned with information from the relevant domain in order to work as well as an enterprise 
chatbot. This process needs a lot of high-quality datasets that are specific to the organization's work, language & the customer 

inquiries. Collecting and sorting this kind of information, especially if it is sparse or unstructured, may be a big difficulty. Fine-

tuning models with private information may also cause overfitting, which makes the chatbot too specific to certain situations and 

not be able to apply what it has learned to the latest questions. 

 

5.2. Problems with Institutions 

The issues with the organization come from having to keep the chatbot system running while also making sure that the 

technical teams and business objectives are in line. 

 

5.2.1. Not in line with business goals 

Enterprise chatbot systems generally fail because there is a disconnect between the technical team that builds the AI and the 
business stakeholders. A chatbot has to be built to meet their particular business goals, such as improving customer service, 

streamlining internal communication, or automating tasks that need to be done again & over again. If the model doesn't meet these 

goals, you can end up wasting your price. The business side has to work closely with the data science & the development teams to 

figure out what the chatbot should be able to do and make sure it meets the company's key performance indicators (KPIs). 

 

5.2.2. Worries About the safety and privacy of data 

When employing AI systems like chatbots, businesses must make sure they follow data protection rules like GDPR or CCPA. 

Chatbots handle sensitive customer information, such as personal information & the transaction details, thus they must follow strict 

privacy & security rules when they are used. Companies must make sure that the chatbot's data management and storage methods 



Sarbaree Mishra / IJAIDSML, 2(2), 72-82, 2021 

 

 
79 

follow these rules. This may include spending extra money on secure infrastructure, encryption & the constant monitoring to stop 

data breaches or misuse. 

 

5.2.3. Not wanting to change 

Using a transformer-based chatbot may not go down well with people who are used to traditional customer service techniques 

or doing things by hand. The rise of advanced AI-driven technology frequently makes people worry about losing their jobs & not 
being able to use the system well. To get over this hesitation, you need to do more than simply show how valuable the technology 

is. You also need to teach the workers how the chatbot can help them be more productive instead of taking their jobs. To make sure 

that AI is used correctly, there has to be a culture of more tolerance for it. 

 

5.3. Problems with operations 

Most of the operational issues have to do with how well the chatbot works on a daily basis, such as its ability to handle many 

other different types of interactions and grow with the business. 

 

5.3.1. Problems with scalability 

Transformer-based models are quite powerful, but they also use a lot of resources. As a business grows and the number of 

contacts increases, the infrastructure that supports the chatbot may become too much for it to handle. For example, if you try to 

manage thousands of contacts at once, you can have difficulties with latency or the system might crash, especially if the models 
aren't set up to scale properly. Companies need to make sure that the system can grow easily, either by adopting cloud-based 

solutions or by applying many model optimization methods like quantization or pruning to reduce the amount of processing power 

needed. 

 

5.3.2. Learning and changing all the time 

To stay up with changes in language usage, customer behavior & the corporate operations, transformer-based chatbots need to 

continuously learn and change. Most AI systems, on the other hand, need to be updated and retrained on a regular basis to be useful 

and relevant. In a business scenario, where operations and client needs change all the time, keeping the chatbot up to date with the 

latest information may take a lot of time and money. Also, it is hard to find a balance between teaching the chatbot new things and 

keeping it good at its old duties. 

 
5.3.3. Keeping the context going throughout long conversations 

Maintaining context during long conversations is a major issue for the chatbot implementations, particularly with these 

transformer models. Transformers can understand how the latest information is related to previous data via self-attention processes, 

but they still have trouble keeping long-term, coherent memory during protracted conversations. This might make things hard for 

business chatbots that have to handle these conversations with more than one turn. Without a good way to save and retrieve more 

previous conversation data, the chatbot may not be able to keep the discussion going, which might lead to unhappy customers and 

less happy users. 

 

5.4. Problems with integration 

Chatbots that use transformers need to be connected to a number of business systems, including as customer relationship 

management (CRM), enterprise resource planning (ERP), and tools for internal communication. This integration typically comes 

with these technical problems. 

 

5.4.1. Working with old systems 

Many businesses still rely on previous technologies that don't work with modern AI-based solutions. It could be hard to 

connect a transformer-based chatbot to these systems since it might need custom adapters, middleware, or a full rethink of the 

present architecture. When the chatbot has to obtain information from older systems, it can run into problems with data formats, 

communication protocols, or access restrictions. To avoid problems with operations, companies must carefully plan the integration 

process. 

 

5.4.2. Working Together Across Platforms 

Organizations generally utilize a lot of different platforms and ways to talk to one another, such as websites, mobile apps, 

social media, and technologies they make themselves. A chatbot has to work with all of these platforms so that it can work well in 
a variety of settings. To get this level of compatibility, careful design and testing are needed, and occasionally separate modules or 

interfaces must be developed for each platform. It is really hard to keep the same user experience across multiple platforms while 

yet keeping important features. 
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5.4.3. Processing Data in Real Time 

To provide useful answers, a business chatbot has to connect to live, actual time data sources. This may be checking inventory 

levels, looking up customer information, or getting updates on orders. The chatbot has to handle this information right away, 

without any delays or mistakes. Still, it's not always easy to tie the chatbot's NLP skills to actual time operational data, and any 

delay in response time might make the user experience worse. 

 

5.5. Limits on money and resources 

Building and maintaining a transformer-based chatbot in a business context might be quite more expensive. The initial model 

construction and training, as well as the ongoing maintenance, fine-tuning, and scaling by their efforts needed for the system to 

work, are some of the things that affect the cost. These costs may be too high for certain enterprises, especially small and medium-

sized ones. Because of this, businesses need to weigh the pros and cons of using a sophisticated chatbot system against the 

expenses it can bring. If a chatbot is expected to lower the cost of customer care or make operations run more smoothly, then the 

investment may be worth it. Organizations need to carefully look at the total cost of ownership (TCO), which includes the 

hardware, software, and people needed to build, deploy & maintain the system. 

 

6. Conclusion 
Using transformer models with self-attention techniques to make a business chatbot is a big step forward in conversational AI. 

These models are great at understanding too complex, long-term linkages in conversations, which lets the chatbot keep track of the 

context throughout many other exchanges. This feature is more essential in business settings since users typically expect answers 

that are consistent & accurate across a range of questions. Transformers like OpenAI's GPT and Google's BERT can evaluate huge 

datasets and provide very context-specific answers. Because of this, businesses may utilize these chatbots that behave more like 

people to improve customer service, increase employee engagement & make operations run more smoothly. It's incredibly hard for 

more organizations to add chatbots that use transformers. Data privacy is particularly very crucial, especially when business 

information and how they engage with consumers are increasingly private. You must follow certain rules, such as GDPR or CCPA, 
when you handle the information. Model explainability is another huge issue. People lose faith in the system when they can't 

always figure out why a transformer model delivers a given result. As the system becomes bigger, it is tougher to scale, especially 

when there are more requests or when it has to link to a lot of previous systems. Even with these types of problems, if 

organizations plan carefully & keep doing research, the advantages of transformer-based corporate chatbots may exceed the 

negatives. This might provide businesses a valuable tool to improve their operations. 

 

References 
[1] Saffar Mehrjardi, M. (2019). Self-Attentional Models Application in Task-Oriented Dialogue Generation Systems. 

[2] Yang, L., Qiu, M., Qu, C., Chen, C., Guo, J., Zhang, Y., ... & Chen, H. (2020, April). IART: Intent-aware response ranking 

with transformers in information-seeking conversation systems. In Proceedings of The Web Conference 2020 (pp. 2592-2598). 

[3] Manda, Jeevan Kumar. "Securing Remote Work Environments in Telecom: Implementing Robust Cybersecurity Strategies to 

Secure Remote Workforce Environments in Telecom, Focusing on Data Protection and Secure Access Mechanisms." Focusing 

on Data Protection and Secure Access Mechanisms (April 04, 2020) (2020). 

[4] Iosifova, O., Iosifov, I., Rolik, O., & Sokolov, V. Y. (2020). Techniques comparison for natural language processing. 

MoMLeT&DS, 2631(I), 57-67. 

[5] Immaneni, J. (2020). Using Swarm Intelligence and Graph Databases Together for Advanced Fraud Detection. Journal of Big 

Data and Smart Systems, 1(1). 

[6] Yu, C., Jiang, W., Zhu, D., & Li, R. (2019, November). Stacked multi-head attention for multi-turn response selection in 
retrieval-based chatbots. In 2019 Chinese Automation Congress (CAC) (pp. 3918-3921). IEEE. 

[7] Nookala, Guruprasad. "End-to-End Encryption in Data Lakes: Ensuring Security and Compliance." Journal of Computing and 

Information Technology 1.1 (2021). 

[8] Mohammad, Abdul Jabbar. “Sentiment-Driven Scheduling Optimizer”. International Journal of Emerging Research in 

Engineering and Technology, vol. 1, no. 2, June 2020, pp. 50-59 

[9] Su, T. C., & Chen, G. Y. (2019). ET-USB: Transformer-Based Sequential Behavior Modeling for Inbound Customer Service. 

arXiv preprint arXiv:1912.10852. 

[10] Immaneni, J., & Salamkar, M. (2020). Cloud migration for fintech: how kubernetes enables multi-cloud success. International 

Journal of Emerging Trends in Computer Science and Information Technology, 1(3), 17-28. 

[11] Talakola, Swetha. “Comprehensive Testing Procedures”. International Journal of AI, BigData, Computational and 

Management Studies, vol. 2, no. 1, Mar. 2021, pp. 36-46 

[12] Singla, S., & Ramachandra, N. (2020). Comparative analysis of transformer based pre-trained NLP Models. Int. J. Comput. 
Sci. Eng, 8, 40-44. 



Sarbaree Mishra / IJAIDSML, 2(2), 72-82, 2021 

 

 
81 

[13] Shaik, Babulal. "Automating Compliance in Amazon EKS Clusters With Custom Policies." Journal of Artificial Intelligence 

Research and Applications 1.1 (2021): 587-10. 

[14] Arugula, Balkishan, and Sudhkar Gade. “Cross-Border Banking Technology Integration: Overcoming Regulatory and 

Technical Challenges”. International Journal of Emerging Research in Engineering and Technology, vol. 1, no. 1, Mar. 2020, 

pp. 40-48 

[15] Chen, J., Agbodike, O., & Wang, L. (2020). Memory-based deep neural attention (mDNA) for cognitive multi-turn response 
retrieval in task-oriented chatbots. Applied Sciences, 10(17), 5819. 

[16] Mohammad, Abdul Jabbar, and Waheed Mohammad A. Hadi. “Time-Bounded Knowledge Drift Tracker”. International 

Journal of Artificial Intelligence, Data Science, and Machine Learning, vol. 2, no. 2, June 2021, pp. 62-71 

[17] Nookala, G. (2020). Automation of privileged access control as part of enterprise control procedure. Journal of Big Data and 

Smart Systems, 1(1). 

[18] Liu, C., Jiang, J., Xiong, C., Yang, Y., & Ye, J. (2020, August). Towards building an intelligent chatbot for customer service: 

Learning to respond at the appropriate time. In Proceedings of the 26th ACM SIGKDD international conference on 

Knowledge Discovery & Data Mining (pp. 3377-3385). 

[19] Manda, Jeevan Kumar. "Cloud Security Best Practices for Telecom Providers: Developing comprehensive cloud security 

frameworks and best practices for telecom service delivery and operations, drawing on your cloud security expertise." 

Available at SSRN 5003526 (2020). 

[20] Zhao, H., Lu, J., & Cao, J. (2020). A short text conversation generation model combining BERT and context attention 
mechanism. International Journal of Computational Science and Engineering, 23(2), 136-144. 

[21] Veluru, Sai Prasad. "Leveraging AI and ML for Automated Incident Resolution in Cloud Infrastructure." International Journal 

of Artificial Intelligence, Data Science, and Machine Learning 2.2 (2021): 51-61. 

[22] Shaik, Babulal. "Network Isolation Techniques in Multi-Tenant EKS Clusters." Distributed Learning and Broad Applications 

in Scientific Research 6 (2020). 

[23] Cai, Y., Zuo, M., Zhang, Q., Xiong, H., & Li, K. (2020). A Bichannel Transformer with Context Encoding for Document‐

Driven Conversation Generation in Social Media. Complexity, 2020(1), 3710104. 

[24] Patel, Piyushkumar. "The Role of Financial Stress Testing During the COVID-19 Crisis: How Banks Ensured Compliance 

With Basel III." Distributed Learning and Broad Applications in Scientific Research 6 (2020): 789-05. 

[25] Damani, S., Narahari, K. N., Chatterjee, A., Gupta, M., & Agrawal, P. (2020, May). Optimized transformer models for faq 

answering. In Pacific-Asia Conference on Knowledge Discovery and Data Mining (pp. 235-248). Cham: Springer 
International Publishing. 

[26] Sai Prasad Veluru. “Hybrid Cloud-Edge Data Pipelines: Balancing Latency, Cost, and Scalability for AI”. JOURNAL OF 

RECENT TRENDS IN COMPUTER SCIENCE AND ENGINEERING ( JRTCSE), vol. 7, no. 2, Aug. 2019, pp. 109–125 

[27] Manda, J. K. "Implementing blockchain technology to enhance transparency and security in telecom billing processes and 

fraud prevention mechanisms, reflecting your blockchain and telecom industry insights." Adv Comput Sci 1.1 (2018). 

[28] Jani, Parth. "Privacy-Preserving AI in Provider Portals: Leveraging Federated Learning in Compliance with HIPAA." The 

Distributed Learning and Broad Applications in Scientific Research 6 (2020): 1116-1145.  

[29] Heidari, M., & Rafatirad, S. (2020, December). Semantic convolutional neural network model for safe business investment by 

using bert. In 2020 Seventh International Conference on social networks analysis, management and security (SNAMS) (pp. 1-

6). IEEE. 

[30] Patel, Piyushkumar. "Transfer Pricing in a Post-COVID World: Balancing Compliance With New Global Tax Regimes." 

Australian Journal of Machine Learning Research & Applications 1.2 (2021): 208-26 
[31] Arugula, Balkishan. “Change Management in IT: Navigating Organizational Transformation across Continents”. International 

Journal of AI, BigData, Computational and Management Studies, vol. 2, no. 1, Mar. 2021, pp. 47-56 

[32] Immaneni, J. (2021). Securing Fintech with DevSecOps: Scaling DevOps with Compliance in Mind. Journal of Big Data and 

Smart Systems, 2. 

[33] Emmerich, M., Lytvyn, V., Vysotska, V., Basto-Fernandes, V., & Lytvynenko, V. (2020). Modern Machine Learning 

Technologies and Data Science Workshop. 

[34] Jani, Parth. "UM Decision Automation Using PEGA and Machine Learning for Preauthorization Claims." The Distributed 

Learning and Broad Applications in Scientific Research 6 (2020): 1177-1205.  

[35] Csaky, R. (2019). Deep learning based chatbot models. arXiv preprint arXiv:1908.08835. 

[36] Liu, R., Chen, M., Liu, H., Shen, L., Song, Y., & He, X. (2020). Enhancing multi-turn dialogue modeling with intent 

information for E-commerce customer service. In Natural Language Processing and Chinese Computing: 9th CCF 
International Conference, NLPCC 2020, Zhengzhou, China, October 14–18, 2020, Proceedings, Part I 9 (pp. 65-77). Springer 

International Publishing. 



Sarbaree Mishra / IJAIDSML, 2(2), 72-82, 2021 

 

 
82 

[37] Sreejith Sreekandan Nair, Govindarajan Lakshmikanthan (2020). Beyond VPNs: Advanced Security Strategies for the Remote 

Work Revolution. International Journal of Multidisciplinary Research in Science, Engineering and Technology 3 (5):1283-

1294. 


