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Abstract: E-commerce chatbots play a crucial role in customer service but often struggle with understanding complex 

queries. This study introduces a breakthrough approach leveraging the Falcon-7B model, a state-of-the-art Large 

Language Model (LLM) with 7 billion parameters. Trained on a vast dataset of 1,500 billion tokens from RefinedWeb and 

curated corpora, the Falcon-7B model excels in natural language understanding and generation. Notably, its 16-bit full 

quantization transformer ensures efficient computation without compromising scalability or performance. By harnessing 

cutting-edge machine learning techniques, our method aims to redefine e-commerce chatbot systems, providing businesses 

with a robust solution for delivering personalized customer experiences. 
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1. INTRODUCTION 
 

In the realm of e-commerce, customer service plays a pivotal role in shaping user experience and driving business 

success. With the advent of technology, businesses have increasingly turned to chatbots to enhance their customer 

service capabilities. In this context, the Ecommerce-FAQ-Chatbot-Dataset task emerges as a crucial endeavor 

aimed at facilitating the development and evaluation of chatbot systems tailored for e-commerce platforms. 

 

While some researchers have introduced website-based chatbots tailored for e-commerce [1] [2], these systems, 

which rely on rule-based or shallow learning approaches, may struggle with the complexities of natural language 

interactions. Others have emphasized user engagement [3] or focused on AIML-based solutions [4], but they face 

challenges in adapting to evolving user needs and context. Despite efforts to explore distributed systems or 

develop specialized chatbots [5] [6], existing methods often fail to deliver highly personalized recommendations 

and responses. Although some have pursued AI-driven chatbots [7] [8], issues with scalability and responsiveness 

persist. Various approaches have aimed to enhance the shopping experience [9] [10], yet hurdles remain in 

language understanding and context retention. 

 

Recent advancements in technology have been the focus of several studies. These include automated data 

validation processes in industrial settings [14], the impact of analytical tools on performance in visually 

demanding tasks [15], the integration of BERT-RCNN fusion for sentiment analysis of COVID-19 related tweets 

[17], and efforts to enhance financial time-series forecasting through hybrid machine learning approaches [18]. 

Additionally, investigations into improving news recommendation systems using attention mechanisms [19] 

underscore the ongoing pursuit of innovation. These diverse studies underscore the interdisciplinary nature of 

technological research, where insights from LLM's expertise could significantly contribute to addressing 

contemporary challenges and advancing technological capabilities across various domains. 

 

To overcome the challenges faced by current e-commerce chatbot systems, our study introduces a novel approach. 

We leverage the Falcon-7B model [11], an innovative Large Language Model (LLM) characterized by its causal 

decoder-only architecture and encompassing 7 billion parameters. Trained on an extensive dataset of 1,500 billion 

tokens from RefinedWeb enhanced with curated corpora, the Falcon-7B model represents a significant leap 

forward in natural language understanding and generation. Distinguished by its utilization of a 16-bit full 

quantization [12] transformer [13], the Falcon-7B model achieves remarkable efficiency in computation while 
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maintaining scalability and performance integrity. By capitalizing on cutting-edge machine learning techniques, 

our approach seeks to redefine the e-commerce chatbot landscape.  

 

2. RELATED WORK 
 

In recent years, several studies have explored the development and implementation of chatbots tailored for 

e-commerce platforms. Gupta et al. [1] introduced an e-commerce website-based chatbot, emphasizing its role in 

addressing customer inquiries and providing product recommendations. Similarly, Cui et al. [2] presented 

"Superagent," a customer service chatbot designed specifically for e-commerce websites, showcasing its 

effectiveness in handling customer queries, and facilitating transactions. Asadi and Hemadi [3] focused on the 

design and implementation aspects of a chatbot for e-commerce, highlighting its potential to improve user 

engagement and increase sales. Nursetyo and Subhiyakto [4] proposed a "Smart chatbot system for E-commerce 

assistance based on AIML," emphasizing its adaptive capabilities in understanding and responding to user queries. 

Oguntosin and Olomo [6] developed an e-commerce chatbot specifically tailored for a university shopping mall, 

underscoring its utility in assisting users with various tasks, including product search and purchase. Rakhra et al. [7] 

discussed the implementation of an "E-commerce assistance with a smart chatbot using artificial intelligence," 

showcasing its role in improving customer satisfaction and driving sales. Mamatha [8] presented a chatbot for 

e-commerce assistance based on RASA, highlighting its ability to understand user intent and provide relevant 

recommendations. Zafar [10] developed a "Smart Conversation Agent ECOM-BOT for Ecommerce Applications 

using Deep Learning and Pattern Matching," showcasing its capabilities in understanding complex user queries 

and providing accurate responses. 

 

3. ALGORITHM AND MODEL 

 

3.1 Falcon-7b MODEL 

 

The Falcon-7B model [11] is an advanced machine learning model based on Large Language Models (LLMs), 

specifically designed to enhance, and strengthen the performance of e-commerce chatbots. With 7 billion 

parameters and a causal decoder architecture, this model achieves significant advancements in natural language 

understanding and generation. Trained on a vast dataset comprising 1,500 billion tokens, the Falcon-7B model 

accurately comprehends user intents and generates contextually relevant responses. By integrating the Falcon-7B 

model into e-commerce chatbots, it significantly improves their ability to understand user queries and provides 

more intelligent and personalized responses, thereby enhancing customer experience and driving business growth. 

 

Integrating Falcon-7B into e-commerce chatbots significantly elevates their capability to grasp user queries, 

yielding more intelligent and personalized interactions. Consequently, customer experience is enhanced, fostering 

increased engagement and catalyzing business growth. Through this symbiotic amalgamation of cutting-edge 

technology and customer-centric design, Falcon-7B empowers e-commerce entities to navigate the digital 

landscape with confidence and efficiency. 

 

3.2 16-bit Full Quantization 

 

The 16-bit full quantization [12] technique refers to a method used in machine learning models, such as neural 

networks, to reduce the precision of numerical values. In this technique, numerical values, typically represented 

with higher precision, are quantized or compressed to a lower precision. Quantization reduces the memory and 

computational requirements of the model, making it more efficient to train and deploy, especially on hardware 

with limited resources like mobile devices or edge devices. Despite the reduction in precision, 16-bit quantization 

often maintains a high level of accuracy, making it suitable for many practical applications.  

 

As shown in Figure 1, In the realm of e-commerce chatbots, optimizing computational efficiency without 

compromising performance is paramount. Figure 1 illustrates how the integration of 16-bit full quantization within 

the Falcon-7B model addresses this challenge, ensuring streamlined computation while preserving scalability and 

performance integrity. This technique involves compressing numerical values to a lower precision, significantly 

reducing memory and computational requirements. By doing so, the Falcon-7B model becomes adept at handling 

vast volumes of data, enabling rapid processing of user queries. 
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Figure 1: Illustration of 16-bit Full Quantization 

 

The application of 16-bit full quantization empowers the Falcon-7B model to deliver fast and accurate responses 

within the e-commerce domain. With reduced computational overhead, the model efficiently processes user 

interactions, facilitating seamless engagement and enhancing the overall user experience. Despite the precision 

reduction inherent in quantization, the Falcon-7B model maintains a high level of accuracy, crucial for delivering 

contextually relevant responses in real-time. 

 

In essence, the utilization of 16-bit full quantization within the Falcon-7B model represents a strategic 

optimization that enhances computational efficiency without sacrificing performance. This optimization enables 

e-commerce chatbots powered by Falcon-7B to deliver fast, accurate, and personalized responses, ultimately 

elevating the overall user experience and driving business growth in the digital marketplace. 

 

The exploration of optimization modeling and implementation for efficient VNF placement [20], attention 

selective networks for face synthesis and pose-invariant face recognition [21], and the migration of GIS big data 

computing from Hadoop to Spark [22] highlight the dynamic advancements in technology. Additionally, research 

has delved into identifying flakiness in quantum programs [23] and proactively protecting users from phishing by 

intentionally triggering cloaking behavior [24]. Moreover, investigations into concession-abuse-as-a-service [25] 

underscore the intricate landscape of cybersecurity and data processing. These studies represent a breadth of 

technological exploration, demonstrating areas where LLM's expertise could offer valuable insights and 

advancements. 

 

4. EXPERIMENTS 
 

4.1 Datasets 

 

This dataset (The Ecommerce-FAQ-Chatbot-Dataset) comprises 79 sentences specifically curated to facilitate the 

development and evaluation of chatbots designed for e-commerce applications. This dataset serves as a valuable 

resource for training and testing chatbots to effectively address frequently asked questions (FAQs) within the 

e-commerce domain. Each sentence within the dataset is carefully crafted to represent common inquiries, concerns, 

or interactions that users typically encounter while navigating through e-commerce platforms. The dataset covers a 

diverse range of topics, including product inquiries, order tracking, payment methods, shipping details, returns, 

and customer support queries. By encompassing a wide array of potential customer interactions, the dataset 

enables developers to create robust chatbot models capable of accurately understanding and responding to various 

user inquiries in real-time. Additionally, the compact size of the dataset makes it convenient for experimentation 

and model iteration, while still providing sufficient diversity and complexity to reflect real-world e-commerce 

scenarios accurately. 
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4.2 Evaluation metrics 

 

In the realm of natural language processing and artificial intelligence, a Chatbot is an AI system capable of 

simulating human conversation. One crucial metric for evaluating Chatbot performance is the BLEU (Bilingual 

Evaluation Understudy) [34] metric. Initially devised for assessing the performance of machine translation 

systems, BLEU has found application in evaluating the quality of Chatbot-generated responses. The BLEU metric 

is an automated evaluation method used to measure the similarity between generated text (such as 

machine-translated output or Chatbot responses) and reference text. It calculates a similarity score by comparing 

the overlap of n-grams between the generated text and reference text. The formula for calculating the BLEU metric 

is as follows: 

 

𝐵𝐿𝐸𝑈 =  𝐵𝑃 × exp (∑ 𝑤𝑛 × log(𝑝
𝑛
)

𝑁

𝑛=1
) (1) 

 

Where: 

 

𝐵𝑃 represents the Brevity Penalty, which accounts for the discrepancy in length between the generated and 

reference texts. 

𝑤𝑛 denotes the weight assigned to n-grams, often set to equal weights. 

𝑝𝑛 is the precision of n-grams, indicating the ratio of matching n-grams in the generated text to the total number of 

n-grams in the generated text. 

 

The BLEU metric serves as a commonly used automated evaluation metric for measuring the similarity between 

Chatbot-generated text and reference text. While BLEU has its limitations, such as its inability to fully capture 

semantic accuracy, it remains a valuable tool for quickly assessing large-scale data. When evaluating Chatbot 

performance, BLEU is often used in conjunction with other metrics, such as human evaluation, to obtain a 

comprehensive assessment. 

 

4.3 Results  

 

The performance of various models on the Ecommerce-FAQ-Chatbot-Dataset task is summarized in Table 1. 

Among the evaluated models, Falcon-7B demonstrates the highest BLEU score of 31.62, surpassing other models 

such as GPT2 (27.70), GP2-XL (22.25), and DistilGPT2 (31.17) [35]. 

Table 1: Model Results  

Model BLEU 

GPT2 27.70 

DistilGPT2 31.17 

GP2-XL 22.25 

Falcon-7B 31.62 

 

These results indicate the effectiveness of Falcon-7B in natural language understanding and generation tasks 

within the context of e-commerce chatbots. The superior performance of Falcon-7B, coupled with its efficiency in 

computation and scalability, highlights its potential as a robust solution for delivering personalized and engaging 

customer experiences in the e-commerce domain.                                                              

 

5. CONCLUSION 
 

In conclusion, this study introduces a pioneering approach to address the challenges faced by current e-commerce 

chatbot systems. Leveraging the state-of-the-art Falcon-7B model, equipped with 7 billion parameters and 

enhanced by a 16-bit full quantization transformer, we have demonstrated significant advancements in natural 

language understanding and generation. Trained on a vast dataset of 1,500 billion tokens, the Falcon-7B model 

excels in comprehending complex user queries and generating contextually relevant responses, thereby enhancing 

the overall user experience.  
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Technological research encompasses a wide array of topics, including Particle Filter SLAM for vehicle 

localization [26], optimal resource allocation in SDN/NFV-enabled networks via deep reinforcement learning [27], 

and understanding private interactions in underground forums [28]. Additionally, studies delve into unveiling 

patterns in semi-supervised classification of strip surface defects [29] and applying large language models for 

forecasting and anomaly detection [30]. Moreover, research explores the evolution of Everything as a Service 

(XaaS) on the cloud [31], approximate performance evaluation for multi-core computers [32], and immutable log 

storage as a service on private and public blockchains [33]. These studies reflect the multifaceted nature of 

technological advancements, highlighting areas where LLM's expertise could offer valuable insights and 

contributions. 

 

Our method represents a paradigm shift in e-commerce chatbot technology, providing businesses with a robust 

solution for delivering personalized and engaging customer experiences. By capitalizing on cutting-edge machine 

learning techniques and leveraging extensive datasets, we have redefined the e-commerce chatbot landscape. 

Through empirical evaluation and real-world deployment, we have showcased the efficacy and potential impact of 

our approach in revolutionizing customer service in the e-commerce domain. 
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