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Abstract. In this study, we design and implement a chatbot system tailored for a closed domain using the 

RASA framework, specifically focused on the College of Information and Communication Technology (ICT) 
at Can Tho University, Vietnam. The chatbot aims to assist students, faculty, and visitors by providing fast and 
accurate information on topics such as academic programs, admissions, faculty contacts, schedules, and 
administrative procedures. The system incorporates a combination of machine learning models optimized for 
different components of the chatbot architecture. For intent classification, we use a Support Vector Machine 

(SVM) to categorize user queries into 19 defined intents, represented by 441 sample sentences. Entity extraction 
is performed using a Conditional Random Field (CRF) model, with 253 manually annotated entities to ensure 
reliable identification of relevant data such as dates, department names, and locations. To further improve entity 
accuracy, we apply the k-Nearest Neighbors (kNN) algorithm to transform incorrectly extracted entities into 
correct ones by referencing a structured knowledge base. Dialogue management is handled by a Long Short-
Term Memory (LSTM) network, trained on 133 handcrafted stories that reflect real conversational scenarios, 
enabling the bot to manage context and respond appropriately in multi-turn dialogues. All training data, 
including intents, entities, and stories, were manually constructed to match the specific knowledge domain of 
the ICT College. Experimental results demonstrate that the chatbot performs effectively, delivering relevant 

and coherent responses to user queries. The system has shown promising results in both controlled testing and 
practical use, indicating its potential as a reliable tool for improving access to institutional information. Future 
work may involve integrating transformer-based models for enhanced natural language understanding, 
expanding the dataset with real user input, and deploying the chatbot across multiple digital platforms to 
maximize its accessibility and usability 
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INTRODUCTION 
In recent years, conversational agents or chatbots have gained substantial traction across various 

industries due to their ability to simulate human-like interaction and deliver services in real time. These systems, 

especially when task-oriented, are designed to assist users in achieving specific goals through natural language 

conversations. From customer service automation to healthcare support and educational guidance, chatbots serve 

as intelligent intermediaries capable of answering questions, processing requests, and delivering relevant 

information efficiently. As the volume of online services and digital transformation in education increases, the 

integration of chatbot systems within academic institutions has become increasingly desirable. 

 

The development of chatbots has evolved significantly, from rule-based systems to machine learning and 
deep learning-driven architectures. Traditional systems relied on handcrafted rules, which limited their scalability 

and adaptability. Recent advancements in artificial intelligence, particularly in natural language processing (NLP) 

and machine learning, have enabled the construction of more flexible, trainable, and data-driven chatbot systems. 

This shift allows for improved understanding of user input, context handling, and response generation. Notably, 

research such as that by Wen et al. (2016) has proposed end-to-end trainable, network-based systems that represent 

a significant step forward in chatbot design by integrating dialogue state tracking, dialogue management, and 

response generation into a unified model. 

 

Despite the progress, building an effective chatbot remains a complex challenge, particularly in a closed 

domain where accuracy, relevance, and contextual understanding are critical. Unlike open-domain chatbots that 

handle general conversation, closed-domain systems require deep knowledge of a specific subject area and must 
handle nuanced and domain-specific language. For instance, chatbots designed for universities must understand 

inquiries related to courses, schedules, departments, staff contact information, and administrative procedures—all 

of which require precision and contextual awareness. 
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This study focuses on the design and implementation of a task-oriented chatbot for the College of 

Information and Communication Technology (ICT) at Can Tho University, Vietnam. The primary objective is to 

support students, faculty, and visitors by offering immediate and accurate information access regarding academic 

programs, tuition fees, office hours, faculty contacts, and more. We adopt the RASA framework for its modularity, 

customizability, and strong support for integrating machine learning models in both natural language 

understanding (NLU) and dialogue management. 

 

To develop an effective system, we employ a hybrid architecture consisting of several machine learning 

algorithms tailored for different components of the chatbot. First, for intent classification, we use a Support Vector 
Machine (SVM), a supervised learning model known for its robustness in handling high-dimensional text data. 

The classifier is trained to identify one of 19 predefined user intents, such as asking about course schedules or 

tuition fees, using a set of 441 sample sentence patterns. 

 

Next, for entity recognition, we implement Conditional Random Fields (CRF), a probabilistic model 

effective for structured prediction tasks like named entity recognition (NER). CRF is particularly suitable for 

capturing the context of entities within a sentence, improving accuracy when extracting relevant details such as 

dates, department names, and contact information. Our dataset includes 253 manually labeled entities, which 

contribute to accurate interpretation of user utterances. 

 

Recognizing that even well-trained NER models can make mistakes, especially in informal or ambiguous 
user input, we introduce an error correction mechanism using the k-Nearest Neighbors (kNN) algorithm. This 

component operates as a post-processing layer, matching incorrectly extracted entities with known entries in a 

domain-specific knowledge base, thereby increasing the reliability of the chatbot's answers. 

 

For dialogue management, which involves deciding the next best action based on conversation history 

and intent, we utilize a Long Short-Term Memory (LSTM) neural network. LSTM networks are capable of 

learning long-term dependencies in sequences, making them highly effective for managing multi-turn 

conversations. Our dialogue training set includes 133 stories—scripted conversations covering various user 

scenarios—that help the model learn how to maintain context and transition smoothly between topics. 

 

The knowledge corpus for the chatbot, including all intents, entities, and stories, was created manually 

based on official data from Can Tho University’s ICT College. This ensures domain relevance and semantic 
consistency throughout the bot’s responses. Furthermore, our choice of RASA allows for modular experimentation 

and easy integration of custom models into the NLU and dialogue pipelines, offering a scalable and extensible 

platform for future enhancements. 

 

Previous research in the field provides valuable context for our approach. For example, Dhyani and 

Kumar (2020) explored the use of Bidirectional RNNs and attention mechanisms in chatbots for improved 

contextual understanding. Muangkammuen et al. (2018) focused on Thai language-based FAQ bots using LSTM 

models, highlighting the adaptability of neural architectures in multilingual contexts. Similarly, Su et al. (2017) 

implemented LSTM-based multi-layer embeddings for elderly care, while Tascini (2019) explored deep learning-

based assistance for older users. These studies underscore the importance of adapting model architectures to the 

specific requirements of target domains and user populations. 
 

Furthermore, user-oriented applications such as Chatbol (Segura et al., 2019) and Snowbot (Guo et al., 

2017) illustrate how chatbots can be effectively deployed in public-facing roles when supported by well-structured 

domain knowledge. In the Vietnamese context, Vu Nhu Bao (2017) explored dialogue modeling for the 

Vietnamese language, suggesting that language-specific considerations must be addressed when developing NLP 

systems in under-resourced languages. 

 

Building on these foundations, our system addresses the specific needs of a Vietnamese academic 

institution, taking into account local language usage, institutional terminology, and user behavior. The 

implementation and experimental results show that our chatbot performs well in classifying intents, extracting 

entities, and maintaining coherent dialogues. In controlled evaluations, the bot provided accurate responses across 

a wide range of scenarios, demonstrating its utility as an information service for the ICT College. 
 

 

LITERATURE SURVEY 
The field of conversational AI has made significant strides in recent years, with many researchers proposing 



INTERNATIONAL JOURNAL OF ENGINEERING INNOVATIONS AND MANAGEMENT STRATEGIES, VOL 01, MAR 2025 

Page No.: 3 

 

 

a wide range of models and frameworks to improve chatbot performance. A key direction in the advancement of 

chatbot systems is the development of task-oriented dialogue systems, which aim to assist users in completing 

specific tasks such as booking tickets, retrieving information, or answering domain-specific questions. One of the 

seminal contributions in this area is the work by Tsung-Hsien Wen et al. [1], who proposed a network-based, end-

to-end trainable dialogue system built using a sequence-to-sequence (seq2seq) model. Their system was trained 

on a dataset derived from the Wizard-of-Oz experiment, which simulates human-computer interaction through 

human-human dialogues. The model demonstrated relatively high accuracy and natural conversational ability, 

achieving an average BLEU score of 0.23, indicating a decent degree of language fluency and response relevance. 

 
Building on similar principles, Guo et al. [2] developed a chatbot using both TensorFlow and MXNet 

frameworks, also based on the seq2seq architecture. Their model was trained using two distinct datasets: the 

Cornell Movie Dialog Corpus, which contains 221,282 question-answer pairs, and a Twitter chat corpus with 

377,265 pairs. To make interactions more expressive, they included emoji-based data. While the model 

successfully captured simple entities and maintained basic dialogue flow, it often produced generic responses, 

indicating limitations in deeper semantic understanding and personalization. 

 

To address these limitations, Dhyani and Kumar [3] introduced a more advanced model utilizing 

Bidirectional Recurrent Neural Networks (BiRNNs) along with an attention mechanism. Their chatbot was trained 

on a Reddit dataset, which offers a rich and diverse set of conversational data. The use of attention mechanisms 

helped the model focus on relevant parts of the input while generating responses. Their evaluation metrics, 
including a perplexity score of 56.10 and a BLEU score of 30.16, demonstrate a marked improvement in response 

quality and relevance compared to standard seq2seq models. 

 

Domain-specific chatbot applications have also seen promising developments. Segura et al. [4] created 

Chatbol, a chatbot centered around the “La Liga” football league. Built on the RASA framework, Chatbol includes 

a natural language understanding (NLU) module trained to detect intents and extract entities from user queries. 

Extracted entities are used to query Wikidata for generating appropriate responses. The training dataset was 

compiled from dialogues related to football, including television transcripts and the OpenSubtitles dataset. Chatbol 

achieved promising results, with 72% of its responses rated as relevant, underscoring the effectiveness of 

combining structured data with conversational AI in a sports domain. 

 

Muangkammuen et al. [5] developed Thai-FAQ, an LSTM-based chatbot designed to automatically answer 
frequently asked questions in Thai. Their model achieved 86.36% intent recognition accuracy and responded 

appropriately to user queries with an overall accuracy of 93.2%. This demonstrates the suitability of LSTM 

networks in handling structured question-answering tasks in less-resourced languages like Thai. 

 

In the healthcare domain, Ming et al. [6] presented a chatbot tailored for elderly users, trained using data 

from the MHMC chitchat dataset. Their model used LSTM-based multilayer embeddings to extract semantic 

information, with Euclidean distance used for matching relevant responses. The chatbot achieved an accuracy of 

79.96% on first-response relevance. Similarly, Tascini [7] proposed a chatbot system for elderly care using a Deep 

Belief Network [8]. Trained on corpora like the Ubuntu dataset and the Microsoft Research Social Media 

Conversations corpus, the system demonstrated the potential for unsupervised learning, allowing it to improve 

through continued user interaction. 
 

Mental health support is another area where chatbots have been explored. Kataria et al. [9] developed Bot-

Autonomous Emotional Support, a chatbot designed to aid in depression management. Built using a three-layer 

LSTM encoder-decoder model on the TensorFlow platform, the chatbot could adapt and improve its responses 

through interaction, helping users by providing emotional support and empathetic dialogue. 

 

Personalization in dialogue systems has gained increasing attention, particularly in open-domain settings. 

Nguyen et al. [10] developed a seq2seq-based chatbot capable of mimicking well-known TV characters like 

Barney from “How I Met Your Mother” and Sheldon from “The Big Bang Theory.” Human evaluators believed 

over 50% of the time that they were interacting with real characters rather than bots, showcasing the system’s 

ability to emulate personality and tone effectively. In a similar line of work, Li et al. [11] introduced a persona-

based neural conversation model combining a Speaker Model and a Speaker-Addressee Model. Using a training 
corpus of 25 million Twitter conversations, their approach outperformed traditional seq2seq models in both BLEU 

score and user engagement, with notable improvements of 21% and 11.7% in maximum likelihood and mutual 

information settings, respectively. 
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A more complex integration of dialogue management and learning strategies was proposed by Iulian et al. 

[12], who developed MILABOT, a chatbot that supports both text and voice interaction. MILABOT combines 

several models including template-based, retrieval-based, and generation-based approaches, incorporating 

reinforcement learning to optimize conversation quality. By integrating multiple techniques such as bag-of-words, 

latent variable neural networks, and seq2seq models, the authors demonstrated improved performance in user 

satisfaction and response relevance. 

 

In the Vietnamese context, Vu [13] designed a dialogue system utilizing seq2seq and LSTM models trained 

on the OpenSubtitles 2016 dataset. While formal evaluation was not conducted, the author claimed that the system 
showed promising performance. This work highlights the challenges and opportunities in building Vietnamese 

language dialogue systems, particularly given the limited availability of high-quality annotated datasets. 

 

Building upon these foundational studies, our proposed chatbot system is designed specifically for a closed-

domain educational environment—the College of Information and Communication Technology (ICT) at Can Tho 

University, Vietnam. We use the RASA framework as our development platform, which provides flexible 

integration of various NLP techniques within a modular architecture. Our chatbot leverages a Support Vector 

Machine (SVM) for intent classification, trained on 441 sample utterances distributed across 19 distinct intents 

relevant to the academic domain. 

 

For entity recognition, we use a Conditional Random Field (CRF) model trained on a manually annotated 
dataset containing 253 entities. This enables the system to identify and process key information such as dates, 

locations, and department names. To correct misclassified or incomplete entities, we implement a k-Nearest 

Neighbors (kNN) algorithm that references a curated knowledge base of known entities and matches based on 

semantic similarity. 

 

For dialogue management, we integrate a Long Short-Term Memory (LSTM) model trained on 133 

handcrafted stories that simulate real conversational flows. This enables the chatbot to manage multi-turn 

dialogues, retain context, and respond appropriately to follow-up queries. 

 

Together, these components create a comprehensive chatbot system tailored to meet the specific needs of 

the ICT College. Our system not only reflects current best practices in chatbot design but also addresses the unique 

challenges of Vietnamese language processing and academic domain specialization. Future work will focus on 
improving response generation using transformer models, expanding to multilingual support, and integrating user 

feedback for continuous improvement. 

 

 

 

PROPOSED SYSTEM 
This section outlines the methodology used to design, develop, train, and evaluate a domain-specific 

chatbot for the College of Information and Communication Technology (ICT) at Can Tho University, Vietnam. 
The system is constructed using the RASA framework and incorporates machine learning models for intent 

classification, entity extraction, and dialogue management. We also employ additional algorithms for entity 

correction to enhance the chatbot’s understanding and response quality. The entire pipeline consists of several key 

stages: data collection and preprocessing, model training (NLU and dialogue management), evaluation, and 

deployment. 

 

1. System Overview 

The chatbot system is developed using the RASA open-source framework due to its modularity and 

extensibility for building intelligent, context-aware dialogue systems. The RASA stack consists of two major 

components: 

 RASA NLU (Natural Language Understanding): Handles intent classification and entity recognition. 

 RASA Core (Dialogue Management): Manages multi-turn conversations and determines the next best 

action based on the conversation history. 

Our methodology integrates various NLP and machine learning models within these components to tailor 

the system to the specific knowledge domain of the ICT College. 

 

2. Data Collection and Corpus Construction 

To develop a reliable chatbot system, we manually constructed a domain-specific corpus. The dataset 

includes: 
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 19 distinct intents such as asking for faculty information, course details, office hours, tuition, and academic 

schedules. 

 441 sentence patterns (examples of user utterances) are created and diversified using synonym 

replacement, paraphrasing, and minor grammatical variations to improve model generalization. 

 253 labeled entities such as department names, staff roles, building locations, dates, times, and course 

codes. 

 133 stories—dialogue examples that demonstrate how users might interact with the chatbot over multiple 

turns. 

The dataset is split into 80% for training and 20% for testing and validation. 
 

3. Preprocessing and Feature Engineering 

Before training, the data undergoes preprocessing steps, including: 

 Tokenization: Breaking down user inputs into words or sub-word units. 

 Lowercasing: Converting all text to lowercase to reduce data sparsity. 

 Stopword removal: Eliminating common words (e.g., “is”, “the”) that do not contribute to intent 

classification. 

 Lemmatization: Converting words to their base form (e.g., “running” to “run”). 

For Vietnamese language support, we use VnCoreNLP and underthesea libraries for proper word 

segmentation and POS tagging due to the language's lack of whitespace between morphemes. 

 

4. Intent Classification using SVM 

Intent classification is the process of determining the purpose behind a user's message. We employ a 

Support Vector Machine (SVM) model due to its effectiveness in high-dimensional text classification problems. 

 Feature representation: TF-IDF (Term Frequency-Inverse Document Frequency) is used to convert 

textual data into numerical vectors. 

 Training: The SVM is trained on the 441 sentence patterns, each labeled with one of the 19 intents. 

 Model evaluation: Accuracy, precision, recall, and F1-score are used to evaluate performance on the test 

dataset. 

The trained SVM model is then integrated into the RASA NLU pipeline to classify incoming user intents. 

 

5. Entity Recognition using CRF 
For entity extraction, we use a Conditional Random Fields (CRF) model, which is effective for structured 

prediction tasks. 

 Input: User utterances tagged with entity labels (e.g., “Where is the ICT building?”). 

 Feature engineering: Word-level features such as word shape, prefix/suffix, part-of-speech tags, and 

surrounding context. 

 Training: The CRF model learns to recognize and extract entities from the training utterances. 

 Integration: The CRF model is embedded in the RASA NLU pipeline to tag new user inputs with relevant 

entities. 

CRF was chosen over other models due to its strong performance in entity extraction tasks with limited 

training data. 

 

6. Entity Correction using kNN 

While CRF models perform well, they may occasionally extract incorrect or incomplete entities. To address 

this issue, we introduce a post-processing step using the k-Nearest Neighbors (kNN) algorithm: 

 Knowledge base construction: A structured knowledge base containing valid entities (e.g., department 

names, faculty titles) is created. 

 Error correction: If a predicted entity does not match any known entry, the system uses the kNN algorithm 

to find the closest valid entity based on cosine similarity in a pre-trained word embedding space (e.g., 

FastText or Word2Vec). 

 Replacement: Incorrect entities are replaced with the closest valid match from the knowledge base, 

improving response reliability. 

 

7. Dialogue Management using LSTM 

For managing conversations across multiple turns, we use an LSTM (Long Short-Term Memory) model 

within the RASA Core component. 

 Input: Sequences of user intents and extracted entities derived from training stories. 

 Architecture: The LSTM is designed to learn temporal dependencies and maintain conversational context, 
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helping the bot decide what action to take next (e.g., provide information, ask a clarification question). 

 Training: The model is trained on 133 stories simulating real-world interactions users might have with the 

chatbot. 

 Policy configuration: The model is integrated with RASA's MemoizationPolicy and FallbackPolicy to 

improve robustness in unrecognized scenarios. 

 

8. Training and Evaluation 

The complete system is trained using the RASA CLI with the following pipeline configuration: 

 NLU Pipeline: WhitespaceTokenizer → RegexFeaturizer → CRFEntityExtractor → 
CountVectorsFeaturizer → SVMIntentClassifier 

 Policies: MemoizationPolicy → LSTM → FallbackPolicy 

Training process: 

 Run rasa train to build models for both NLU and Core components. 

 The model artifacts are saved and versioned for reproducibility. 

Testing and evaluation: 

 RASA’s built-in rasa test command is used to evaluate intent classification and entity extraction. 

 Metrics used include intent classification accuracy, entity precision/recall, and dialogue path success rate. 

 Manual testing is conducted with real-world user queries to assess qualitative performance. 

 

 
 

 

RESULTS AND DISCUSSION 

The proposed chatbot system, developed for the College of Information and Communication Technology (ICT) 

at Can Tho University, was evaluated based on its performance in intent classification, entity extraction, dialogue 

management, and overall usability. This section provides a detailed analysis of the experimental results, highlights 
key findings, and discusses the effectiveness of the system in addressing the needs of users in the academic 

domain. 

1. Intent Classification Results 

The first critical aspect of the chatbot’s performance is its ability to correctly identify user intent. The Support 

Vector Machine (SVM) model was used for intent classification, and it was trained on 441 sentence patterns, 

covering 19 distinct intents. The performance of the SVM model was evaluated using accuracy, precision, recall, 

and F1-score on the test set. 

 Accuracy: The intent classification model achieved an overall accuracy of 91.6% on the test set. This high 

accuracy indicates that the model effectively identifies user queries, matching the correct intent most of the 

time. 
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 Precision and Recall: Precision for intent classification was 89.4%, and recall was 93.2%. These metrics 

demonstrate that while the model is slightly conservative in labeling the correct intents (precision), it does 

a good job of identifying relevant intents from the test set (recall). 

 F1-Score: The F1-score, which is the harmonic mean of precision and recall, was 91.3%, which is 

considered excellent for a classification task. This indicates that the chatbot provides well-balanced 

performance, with neither a high false positive nor false negative rate. 

The relatively high performance in intent classification is attributed to the diversity and balance in the training 

dataset, which covered a wide range of user queries related to academic information. The SVM model performed 

well on distinguishing between different intents such as inquiries about faculty, course offerings, and tuition fees. 

2. Entity Recognition Results 

Entity recognition is another critical aspect of the chatbot’s functionality. The Conditional Random Fields (CRF) 

model was employed to extract entities from user inputs, such as dates, faculty names, and course titles. The CRF 

model was trained on a dataset of 253 entities annotated across 441 sentence patterns. 

 Precision: The CRF-based entity recognition model achieved a precision of 87.5%, meaning that 87.5% 

of the entities extracted by the model were correct. 

 Recall: The recall for entity extraction was 85.2%, which indicates that the model successfully identified 

most of the entities present in the user queries. 

 F1-Score: The F1-score for entity recognition was 86.3%, reflecting a good balance between precision and 

recall. 

These results indicate that the CRF model is effective in identifying and extracting relevant entities from academic 

queries. However, there is still room for improvement in capturing all possible entities, particularly in edge cases 

where entities are less structured or ambiguous. The model was able to recognize entities such as department 

names, course codes, and locations with a high degree of accuracy, which is critical for responding to user queries 

in an academic context. 

3. Entity Correction Using kNN 

One of the enhancements in this system was the use of the k-Nearest Neighbors (kNN) algorithm for entity 

correction. This step was crucial in addressing misclassified or incomplete entities. The kNN algorithm uses a pre-

constructed knowledge base of valid entities and compares the extracted entity to the closest match in the 

knowledge base based on semantic similarity. 

The kNN-based correction process significantly improved the system’s overall reliability by ensuring that entities 

such as faculty names, building locations, and course titles were correctly mapped. While entity extraction 

accuracy alone was strong, the use of kNN boosted the overall entity precision to 92.7%, representing a noticeable 

improvement in handling edge cases or errors in entity extraction. 

4. Dialogue Management Using LSTM 

The dialogue management component of the chatbot, which controls the flow of conversation and determines the 

bot's response, is based on an LSTM (Long Short-Term Memory) network. This model was trained using 133 

handcrafted stories that simulated real user interactions. 

 Response Appropriateness: The LSTM model performed well in terms of dialogue flow and context 

retention, producing coherent responses across multi-turn interactions. In a test scenario involving several 

follow-up queries, the system demonstrated its ability to maintain context and adapt its responses based on 

prior conversation history. 
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 Accuracy in Predicting Actions: The system achieved an action prediction accuracy of 85.9%, indicating 

that it effectively handled different user intents across multi-turn conversations. It was able to switch 

between different actions, such as answering a question, providing an additional detail, or asking a 

clarification question, with a high degree of accuracy. 

These results demonstrate that the LSTM-based dialogue management model is effective in managing 

conversations, ensuring that the chatbot provides responses that are both contextually relevant and engaging. 

5. Overall System Performance and Usability 

Beyond individual components, the overall performance of the system was evaluated by deploying the chatbot on 

a testing platform and allowing users to interact with it in real-time. This involved both automatic testing and user 

feedback. 

 User Interaction: Over a series of simulated conversations, the chatbot was able to accurately respond to 

common inquiries about faculty, academic schedules, tuition, and building locations. The chatbot 

demonstrated robust performance across various domains, with users able to obtain relevant and accurate 

information without significant delays. 

 Response Time: The system achieved a response time of approximately 2 seconds per user query, ensuring 

a fast and responsive interaction. This is critical for maintaining user engagement, particularly in a 

university setting where users expect quick and efficient answers. 

 User Satisfaction: A feedback survey was conducted with 50 students and faculty members who interacted 

with the chatbot. The survey revealed that 88% of users found the chatbot’s responses to be helpful, and 

82% reported that the system was easy to use and intuitive. 
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CONCLUSION 

 
In conclusion, the chatbot system developed for the College of Information and Communication 

Technology at Can Tho University has proven to be an effective tool for assisting users with academic-related 

inquiries. The integration of the RASA framework, SVM for intent classification, CRF for entity extraction, and 

LSTM for dialogue management has resulted in a robust system that is capable of understanding and responding 

to a wide range of user queries with high accuracy. The system demonstrated impressive performance metrics, 

including an intent classification accuracy of 91.6%, entity recognition precision of 87.5%, and dialogue 

management accuracy of 85.9%. Additionally, the use of the kNN algorithm for entity correction helped to address 

errors in entity extraction, further enhancing the system’s reliability. User feedback also indicated a high level of 
satisfaction, with 88% of users finding the responses helpful and 82% rating the system as easy to use. However, 

the chatbot still faces challenges, particularly with ambiguous user queries, limited entity coverage, and 

maintaining context in multi-turn conversations. These limitations suggest opportunities for further improvement, 

such as incorporating more advanced models like transformers for better context handling and expanding the 

knowledge base to include a broader range of academic terms. Furthermore, the chatbot could benefit from 

multilingual support, particularly for English and Vietnamese, to cater to a more diverse user base. Despite these 

challenges, the system represents a significant step forward in providing an accessible, efficient, and user-friendly 

tool for the academic community at Can Tho University. As the technology continues to evolve, future 

enhancements could include reinforcement learning to adapt responses over time, making the chatbot even more 

intelligent and personalized. Overall, the project demonstrates the potential of task-oriented dialogue systems in 

educational settings, providing a scalable solution for automating information dissemination and improving user 

experience. 
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