
564 

IJFANS INTERNATIONAL JOURNAL OF FOOD AND NUTRITIONAL SCIENCES 

ISSN PRINT 2319 1775 Online 2320 7876 

Research paper © 2012 IJFANS. All Rights Reserved, UGC CARE Listed ( Group -I) Journal Volume 10, Iss 6, 2021 

       

 

 

Smart Price Negotiator: An Integrated NLP and Reinforcement Learning-

Based Chatbot for E-Commerce Applications 

Dr. Manish Rana, Dr. Pandharinath  Ghonge , Dr. Sunny Sall 

Associate Professor, Department of Computer Engineering, Thakur College of Engineering and 

Technology, Mumbai, India 

Associate Professor, Department of Electronics and Telecommunication Engineering, St. John College of 

Engineering and Management, Palghar, India 

Assistant Professor, Department of Computer Engineering, St. John College of Engineering and 

Management, Palghar, India 

manishrana23@gmail.com, sunnys@sjcem.edu.in, pandharinathg@sjcem.edu.in 

 

Abstract 

The evolution of e-commerce has heightened the need for intelligent, real-time negotiation systems that 

enhance user experience and streamline transactional workflows. This paper presents Smart Price 

Negotiator, a novel chatbot that automates price negotiation using a hybrid framework combining 

Natural Language Processing (NLP) and Reinforcement Learning (RL). Designed to mimic human 

bargaining behavior, the chatbot interprets user inputs, identifies negotiation intent, and dynamically 

generates optimized responses to reach mutually agreeable outcomes. 

The system is trained using real-world negotiation dialogues collected from e-commerce platforms and 

employs advanced text preprocessing, intent detection, and slot-filling mechanisms. The reinforcement 

learning agent is optimized through interaction with simulated users, learning negotiation strategies that 

adapt to various buyer behaviors and product contexts. Evaluations demonstrate that the proposed model 

significantly improves negotiation efficiency, response accuracy, and customer satisfaction compared to 

traditional rule-based or manual negotiation methods. 

Furthermore, the chatbot architecture is scalable, user-centric, and capable of integrating with modern e-

commerce systems. Future work will explore ethical considerations, emotional intelligence integration, 

and multilingual support to broaden applicability across global markets. 

This research underscores the transformative potential of intelligent chatbots in digital commerce, 

offering a practical solution for adaptive, automated, and personalized price negotiation. 

Keywords:  Natural Language Processing (NLP), Reinforcement Learning,  Price Negotiation Chatbot,  

E-Commerce Automation, Human-Computer Interaction 

1. INTRODUCTION 

In recent years, the rise of e-commerce has transformed the way consumers and businesses interact, 

creating a demand for seamless, intelligent, and user-friendly communication interfaces. One critical yet 

often overlooked aspect of online shopping is price negotiation, a practice traditionally reliant on human  
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interaction and now increasingly expected to be automated. As online marketplaces grow more 

competitive, providing customers with flexible pricing options can be a key differentiator. However, 

manual negotiation is time-consuming and inconsistent, creating a need for intelligent systems capable 

of replicating human-like bargaining behavior. 

To address this challenge, we propose the development of a smart price negotiation chatbot that 

leverages the power of Natural Language Processing (NLP) and Reinforcement Learning (RL). This 

chatbot automates the process of negotiating prices with users in real-time, offering dynamic responses 

based on user intent, contextual cues, and learned negotiation strategies. By combining linguistic 

understanding with strategic decision-making, the system aims to create a more engaging and mutually 

beneficial negotiation experience for buyers and sellers alike. 

Unlike rule-based systems, which rely on static scripts and lack adaptability, our approach enables the 

chatbot to learn and evolve through interactions. The reinforcement learning agent receives feedback in 

the form of rewards and penalties based on negotiation outcomes, continuously improving its strategy. 

Additionally, the integration of NLP techniques such as intent classification, sentiment analysis, and 

entity recognition allows for more accurate interpretation of user queries and offers. 

This work not only contributes to the advancement of intelligent agents in the domain of e-commerce 

but also opens new avenues for personalized and scalable negotiation systems. The proposed chatbot 

holds potential for deployment across a wide range of platforms, including retail websites, customer 

service applications, and business-to-business (B2B) negotiation portals, enhancing both user 

satisfaction and operational efficiency. 

2. LITERATURE SURVEY 

The evolution of chatbots has significantly advanced with the integration of Natural Language 

Processing (NLP) and Machine Learning (ML) techniques, enabling more natural and meaningful 

conversations with users. In particular, chatbots in e-commerce are increasingly being used for customer 

support, query handling, and recommendation systems. However, the domain of automated price 

negotiation remains relatively unexplored. Traditional chatbots, though efficient in handling structured 

conversations, often lack the capability to dynamically bargain, which is crucial in negotiation scenarios 

(Jurafsky & Martin, 2020) [1]. 

Several studies have attempted to build negotiation agents using data-driven techniques. One notable 

work is the application of reinforcement learning for game-playing agents, such as AlphaZero, which 

demonstrated how learning through self-play can yield expert-level strategies in complex domains 

(Silver et al., 2018) [2]. This technique has inspired researchers to apply similar strategies to negotiation 

tasks, where the chatbot learns to optimize its bargaining behavior through continuous interaction with 

simulated or real users. 

Dialogue-based negotiation systems, such as those trained on the Ubuntu Dialogue Corpus, have shown 

the feasibility of using end-to-end models for managing contextual conversations (Lowe et al., 2017) 

[3]. These systems often use deep learning frameworks to process sequential dialogue and generate  
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appropriate responses. While these models are proficient in general-purpose conversations, price 

negotiation requires incorporating goal-oriented strategies, emotional intelligence, and dynamic offer 

generation, which are not typically emphasized in generic dialogue systems. 

Another critical aspect highlighted in the literature is the importance of user modeling and 

personalization in negotiation systems. Customized negotiation strategies based on user profiles, 

preferences, and past interactions have been shown to improve conversion rates and customer 

satisfaction (Zhang et al., 2021). The integration of analytics and sentiment analysis further enhances a 

chatbot’s ability to tailor offers and responses based on the user’s emotional tone and buying behavior, 

which is crucial for successful negotiation outcomes. 

Furthermore, ethical considerations have emerged as a key research direction in the deployment of 

intelligent negotiation agents. Studies emphasize the need for transparency in pricing algorithms and the 

protection of customer data. The risk of manipulation through dynamic pricing strategies has also 

prompted researchers to advocate for responsible AI deployment in commercial settings (Floridi et al., 

2018). Ensuring fairness and explainability in negotiation decisions is essential for building trust 

between users and AI systems. 

In summary, while existing literature provides a strong foundation in chatbot design, reinforcement 

learning, and user interaction, there is a significant research gap in the development of intelligent price 

negotiation agents that integrate advanced NLP with adaptive learning strategies. This study aims to 

bridge this gap by proposing a hybrid chatbot architecture that learns effective negotiation tactics while 

maintaining a natural and personalized interaction style. 

3. COMPARISON STUDY 

Table: Comparative Analysis of Related Studies in Automated Negotiation Systems 

Study/Method 
Negotiation 

Type 
Model Used Strengths Limitations 

Jurafsky & Martin 

(2020) [1] 
General 

Dialogue 
NLP-based rule 

and ML hybrid 

Strong linguistic 

foundation; supports intent 

recognition 

Lacks dynamic adaptability 

for negotiation contexts 

Silver et al. (2018) 

[2] 
Strategic Game 

Negotiation 

Reinforcement 

Learning 

(AlphaZero) 

Learns optimal strategies 

via self-play; adaptable to 

complex decision-making 

Not designed for natural 

language-based negotiation 

or user interaction 

Lowe et al. (2017) 

[3] 
Dialogue 

Management 
Seq2Seq + RNN 

(Ubuntu Corpus) 
Context-aware responses; 

scalable architecture 

Focuses on technical 

support; not goal-driven for 

negotiation tasks 

Zhang et al. 

(2021) 
Personalized 

Negotiation 
User Modeling + 

NLP 

Personalized responses 

improve engagement and 

conversion 

Requires extensive user 

data; privacy concerns 

Floridi et al. 

(2018) [5] 
Ethical AI in 

Negotiation 
Policy Framework 

(non-ML) 
Emphasizes transparency 

and fairness 
Theoretical; lacks 

implementation guidance 

Proposed Work 

(This Paper) 
E-commerce 

Price Bargaining 

NLP + 

Reinforcement 

Learning 

Real-time, adaptive 

negotiation; integrates 

sentiment and user 

Needs further testing on 

multilingual and culturally 

varied datasets 
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Study/Method 
Negotiation 

Type 
Model Used Strengths Limitations 

behavior 

 

4. Methodology 

The proposed price negotiation chatbot system integrates Natural Language Processing (NLP) and 

Reinforcement Learning (RL) to enable real-time, intelligent bargaining with users in e-commerce 

environments. The NLP component is responsible for processing user input by performing tasks such as 

intent recognition, slot filling, and sentiment analysis using models like BERT. This helps the system 

identify key negotiation elements such as product type, proposed price, and user tone. The processed 

data is then passed to a reinforcement learning agent, which selects optimal negotiation actions—such as 

counter-offers, agreement, or rejection—based on past interactions and a predefined reward mechanism 

that prioritizes customer satisfaction and deal closure. 

The RL agent is trained through a simulation environment where it interacts with synthetic users 

mimicking real-world negotiation behavior. Positive outcomes, such as successful deals or satisfied 

responses, are rewarded, while failed negotiations or negative sentiment lead to penalties. The chatbot 

continuously learns and improves its strategy through this feedback loop. For evaluation, the system is 

tested using a held-out set of real negotiation dialogues and deployed in a controlled e-commerce 

environment. Key performance metrics include negotiation success rate, average response time, user 

satisfaction score, and overall sales conversion improvements. 

Purpose 

The primary purpose of this research is to develop an intelligent, adaptive price negotiation chatbot 

that enhances buyer-seller interactions in e-commerce platforms by automating the negotiation 

process using advanced Natural Language Processing (NLP) and Reinforcement Learning (RL) 

techniques. By enabling real-time, personalized, and data-driven bargaining, the chatbot aims to 

improve user satisfaction, reduce negotiation time, and increase sales conversions while ensuring 

ethical, transparent, and user-centric interactions. 

 

Scope 

 

The scope of this research encompasses the design, development, and evaluation of a price 

negotiation chatbot capable of operating within e-commerce environments. It includes the 

integration of Natural Language Processing (NLP) for understanding user intents and extracting key 

negotiation parameters, along with Reinforcement Learning (RL) for dynamically formulating 

negotiation strategies. The system is trained and tested using real and simulated negotiation 

dialogues to ensure adaptability across various product categories and pricing scenarios. This study 

is limited to text-based interactions in English and focuses primarily on one-on-one negotiations  

 

between the chatbot and individual users. Future scope includes expanding to multi-lingual support, 
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integrating voice interfaces, addressing cultural nuances in negotiation, and ensuring compliance 

with privacy and ethical standards. 

 

Overall Summary 

 

This research presents a comprehensive approach to automating price negotiations in e-commerce using 

an intelligent chatbot that combines Natural Language Processing (NLP) and Reinforcement Learning 

(RL). The system is designed to interpret user inputs, understand negotiation contexts, and respond 

strategically to reach mutually beneficial outcomes. A detailed literature review highlights the growing 

significance of intelligent agents in commerce and identifies existing gaps in negotiation-specific 

applications. The methodology integrates intent recognition, slot filling, and adaptive learning through 

simulated environments to train the chatbot for effective price bargaining. Evaluation results indicate 

improved negotiation success, user satisfaction, and conversion rates compared to traditional manual 

methods. Ethical considerations such as data privacy, user fairness, and transparency are embedded 

throughout the system design. Overall, this work demonstrates the potential of intelligent negotiation 

systems to revolutionize customer interactions and streamline transactional processes in online 

marketplaces, laying the groundwork for future enhancements in multi-lingual, voice-enabled, and 

culturally adaptive negotiation bots. 

 

5.  Data Collection and Preprocessing 

Data Collection: A dataset of negotiation dialogues was collected from various e-commerce platforms. 

This included user-buyer interactions, price offers, counteroffers, queries, and agreement outcomes. 

Pre processing Steps: 

• Text Cleaning: Removal of irrelevant content and standardizing text. 

• Tokenization: Segmenting text into words and phrases. 

• Intent Labeling: Categorizing messages (e.g., offer, query, agreement). 

• Slot Filling: Extracting key information such as product, price, quantity, etc. 

These steps created a structured dataset suitable for training intelligent dialogue models. 

6. Model Architecture 
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Fig.1: Mathematical and Logical Architecture 

 

 

 

 

 

• Fig.2: Logical Architecture Diagram 

The architecture of the chatbot integrates NLP with reinforcement learning components. The system 

comprises the following modules: 

• Input Layer: Receives user input in text or voice format. 

• NLP Module: Processes the input to extract user intent and relevant slots. 

• Reinforcement Learning Agent: Learns optimal negotiation strategies through iterative 

dialogue with users or simulated agents. 

• Response Generator: Produces the appropriate response based on strategy and context. 
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Fig.3: Mathematical Architecture 

 

 

Fig.4: Cosine Similarity Matching (for semantic similarity) 

7. Training and Evaluation 

Model Training: The RL agent is trained through interaction with a simulated negotiation environment. 

Rewards and penalties are used to encourage successful outcomes. 

Hyperparameter Tuning: Parameters such as learning rate, exploration rate, and discount factor are 

fine-tuned to maximize negotiation efficiency. 

Validation & Testing: 

• Validated on a test set of negotiation dialogues. 

• Evaluated on: 

o Negotiation Success Rate 

o User Satisfaction 

o Response Quality 
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Fig.5: BERT model utilized for NLP intent classification. 

 

Fig.6: Accuracy metrics during model evaluation. 

Real-World Testing: The chatbot was tested on actual e-commerce platforms, demonstrating its 

effectiveness in practical scenarios. 

8.  Results and Discussion 

The chatbot showed strong performance across various metrics: 

• High negotiation success rate 

• Improved user satisfaction 

• Efficient response generation 

Challenges remain in managing dynamic pricing and complex user inputs, which require further 

enhancement of the model’s adaptability. 

Comparison with Traditional Approaches: 

• Outperformed manual methods in terms of response time, deal closure, and customer experience. 
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Real-World Feasibility: 

• Practical for integration into online retail and service platforms. 

• Capable of handling diverse negotiation scenarios. 

 

• Fig.7: Frontend implementation showing real-time interaction. 
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9.  Future Scope 

• Integration with voice interfaces and multilingual support. 

• Enhanced personalization using user profile and purchase history. 

• Ethical frameworks to handle bias, transparency, and data privacy. 

• Compliance with GDPR and other regional data regulations. 

• Incorporating emotional intelligence to better mimic human negotiation behavior. 

 

10. Conclusion 

This research demonstrates that an integrated NLP and reinforcement learning-based chatbot can 

revolutionize price negotiations in e-commerce. The proposed system offers a scalable, adaptive, and 

intelligent interface for automating negotiations, ultimately benefiting both consumers and businesses. 

The chatbot represents a significant leap in user-centric AI applications, promoting accessible, ethical, 

and efficient digital commerce experiences. 

11. Reference 

1. Jurafsky, D., & Martin, J. H. (2020). Speech and Language Processing (3rd ed.). Pearson. 

2. Silver, D., Hubert, T., Schrittwieser, J., Antonoglou, I., Lai, M., Guez, A., ... & Hassabis, D. 

(2018). A general reinforcement learning algorithm that masters chess, shogi, and Go through 

self-play. Science, 362(6419), 1140–1144 

3. Lowe, R., Pow, N., Serban, I. V., Charlin, L., Liu, C., & Pineau, J. (2017). Training end-to-end 

dialogue systems with the Ubuntu Dialogue Corpus. Proceedings of the 15th Conference of the 

European Chapter of the Association for Computational Linguistics (EACL). 

4. Zhang, Y., Yang, D., & Lin, C. (2021). Personalized dialogue generation with diversified user 

preferences. Proceedings of the AAAI Conference on Artificial Intelligence, 35(16), 14508–

14516. 

5. Floridi, L., Cowls, J., Beltrametti, M., Chatila, R., Chazerand, P., Dignum, V., ... & Schafer, B. 

(2018). AI4People—An ethical framework for a good AI society: Opportunities, risks, 

principles, and recommendations. Minds and Machines, 28(4), 689–707. 


