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Abstract - This paper presents an Artificial Intelligence—driven
chatbot for university admission consultation using Large Language
Models (LLMs). The system integrates semantic retrieval with
Retrieval-Augmented Generation (RAG) and employs a hybrid
strategy that combines vector similarity and keyword matching to
provide accurate and context-aware answers. The chatbot was trained
on admission FAQs, official documents, and consultation records
from Dong A University, ensuring relevance to real user needs.
Implementation leverages efficient prompt construction and memory
management to support interactive and personalized responses.
Experimental results show improved retrieval precision and practical
benefits in reducing staff workload and offering consistent support to
prospective students. Current limitations include the use of a single-
university dataset and a technical evaluation focused on retrieval
metrics. Future work will expand to multi-institution data, user
studies, and multilingual or voice-enabled interaction to enhance
generalizability and real-world impact.

Key words - Chatbot; Large Language Model; Al in Education;
Natural Language Processing; Admission Counseling; Question-
Answering.

1. Introduction

The emergence of Large Language Models (LLMs) has
significantly enhanced Artificial Intelligence (Al)
chatbots’ conversational capabilities, enabling them to
engage in more human-like interactions. Advancements in
data availability and computational techniques have further
improved the performance of LLM-based chatbots, leading
to their widespread adoption across various industries.
These systems are now capable of comprehending and
generating human language with unprecedented contextual
relevance and accuracy, while managing extensive streams
of information Bharathi Mohan et al. [1]. Consequently,
LLM-powered chatbots have become essential tools in
sectors such as education Abedi et al. [2], economy Steve
et al. [3], research Macdonald et al. [4], and healthcare
Sallam [5].

Despite their immense potential, the increasing use of
LLM-based chatbots presents several challenges that
demand thorough investigation. The rapid pace of
development in this field has led to a substantial body of
research, which can be overwhelming for scholars and
practitioners.

Tém tit - Bai béo tap trung vao viée xdy dung chatbot tu vin
tuyén sinh thong minh duya trén M6 hinh Ngén ngit Lén, nhim
néng cao kha nang cung cip thong tin va ngit canh cho thi sinh.
Hé théng dugc xdy dung theo hudng tao sinh tang cuong két hop
giita truy xuét ngir nghia va tim kiém theo do tuong dong véc-to.
Nghién ctru da khai thac dit liéu tu van tuyen sinh thuc té tur
Trudng Pai hoc Péng A, bao gdbm bd ciu hoi thudng gip, thong
tin tuyén sinh va lich sir tu van. Nho vy, chatbot thé hién kha
nang ng dung thuc tién, gitip cai thién d6 chinh xéc trong truy
xudt thong tin va giam dang ké khéi luong cong viée cua ngudi
tu vén. Han ché chinh ctia nghién ctru 12 dit liéu chi giéi han ¢
mot truong dai hoc va ti€u chi danh gia chi ding & céc chi sb k¥
thuat. Tuong lai, nghién ciru s& m& rong sang nhidu co s& gido
duc va bd sung danh gia tir ngudi dung, dé ting tinh tdng quat
ciing nhu gia tri tng dung cta hé thng.

Tiur khoa — M6 hinh ngdn ngit 16n; Al trong gido duc; Xu 1y ngdn
ngit tw nhién; Tu van tuyén sinh; hoi - dap.

Recent advancements in Natural Language Processing
(NLP) and deep learning have significantly improved
chatbot efficiency. Transformer-based models such as
BERT and GPT facilitate superior language understanding
and response generation. Retrieval-Augmented Generation
(RAG) further refines chatbot performance by
incorporating external knowledge sources. Previous
studies have highlighted the effectiveness of fine-tuned
language models in domain-specific applications,
particularly in educational chatbots.

Vietnamese, as a tonal language with distinct syntactic
and semantic features, requires specialized approaches for
effective NLP. PhoBERT, a transformer-based model
tailored for Vietnamese, has demonstrated exceptional
performance in tasks such as part-of-speech tagging,
dependency parsing, named-entity recognition, and natural
language inference Nguyen and Nguyen [6], Duc et al. [7].

The increasing complexity of university admissions
underscores the need for advanced technologies to enhance
both efficiency and user experience Yigci [8]. Traditional
methods often struggle to deliver timely and accurate
information to the growing number of prospective students
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and their families. Al, particularly LLMs, offers a
promising solution to this challenge. By leveraging Al,
institutions can develop chatbots capable of providing
precise, context-aware, and immediate responses, thereby
streamlining the admissions process Element451 [9].

Building upon the flowchart and foundational
framework introduced in our previous work [10], this study
advances the development of LLM-based admission
chatbots with several key extensions. While [10] focused
primarily on LLM selection and large-scale dataset
behavior using data from The University of Danang -
University of Science and Technology (UD-DUT), our
current work applies the approach to a localized dataset
from Dong A University, emphasizing embedding
diversity, deployment-oriented engineering, and domain-
specific adaptation.

Specifically, we integrate new-generation LLMs - Grok,
Gemini, and LLaMA 3 - and conduct a comprehensive
comparison of embedding models (MiniLM, gte-
multilingual, bge-m3, nomic) to evaluate their effectiveness
in Vietnamese-language admission counseling. In addition,
tailored prompt engineering and memory optimization
techniques are introduced to improve retrieval precision,
scalability, and user experience. These enhancements not
only extend the original concept but also provide a practical
framework for deploying Al-driven chatbots in real-world
admission processes.

2. Mathematical Problem Formulation

The chatbot system integrates semantic retrieval and
natural language generation to optimize university
admission consultations. Below, we formalize the problem.
2.1. Problem Setup

Let:

Q be the set of all possible user queries, where each
q € Q is a natural language string (e.g., “what are the
admission deadlines?”).

D ={d;,d,,...,dy} be the corpus of N admission-
related documents (e.g., FAQs, policies), where each d; is
a text string.

fembei: T — R¥ be the embedding function mapping
text strings in T =DUQ to k-dimensional vectors,
where k (e.g., 384 or 768) is the dimensionality of the
chosen embedding model (e.g., nomic-embed-text-v1.5)

V = {v1,v2,...,vN } be the vector representations
of documents, where v; =Jembed(dy.

V= fembea(q) be the vector representation of query
q €Q.
2.2. Objective

The objective is twofold: (1) retrieve the top-K most
relevant documents from D for a given query g, and (2)
generate an accurate response based on those documents.

- Retrieval: Define a similarity function S : RF x
R¥ - [—1,1] (e.g., cosine similarity) to measure
relevance between v; and v;. The retrieved subset
Rq €D contains the K documents with the highest

individual similarity scores:
R, ={d; € D|v;isthetop K by S(v,, v;)} €))
Equation (1) retrieves the top-K documents that are
most relevant to the user query based on similarity scores.

This ensures that the chatbot focuses on the most
informative sources.

- Prompt Construction: Define P:Q X 20 -
S(vg,vi) S as a function mapping a query and retrieved
documents to a prompt string s € S, where S is the set of
valid input strings for the LLM. For:

P(q,R,;) = "Query:" + q + "Context" + (R,) (2)
Equation (2) formalizes the process of building a

prompt by combining the user query with the retrieved
documents. This step prepares the context for the LLM.

- Response Generation: The LLM Fj S - A
generates a response dg = Fp 1y (P (q, qu)), where A is the
set of possible answers.

- Optimization: Maximize the expected accuracy of
the response relative to a ground truth ag € A:

rjglqa};( Eg4~g[Accuracy(dy, ag)] 3)

where Accuracy(dg, a;) is a metric (e.g., BLEU score,
exact match, or MRR@k), and the expectation is over a
distribution of queries.

Equation (3) defines the optimization goal, which is to
maximize the accuracy of generated responses when
compared to ground truth answers.

2.3. Constraints
The system must satisfy the following constraints:
- Token Limit: The prompt’s token count must satisfy:

token_count (P(q,Rq)) < Thax “)

where Tp,q, (.., 8192) is the LLM’s maximum context
window, and token count is defined by the LLM’s
tokenizer.

Equation (4) specifies the token limit constraint to
ensure the prompt length does not exceed the maximum
input size of the LLM.

- Computational Constraints:

+ Embedding time: time(fembea(x)) < T seconds per
inputx € T

+ GPU memory usage: memory (fombed, Frrp) < B GB.
2.4. Hybrid Retrieval Scoring

To enhance retrieval, we use a hybrid scoring approach:

- Define normalized similarity functions:

Svector (vq, vi) € [—1,1]: Cosine similarity between
embeddings.

Skeywora (@, d;) € [0,1]: Normalized keyword overlap
(e.g., Jaccard similarity on tokenized text).

- Hybrid score:

Shyb-rid (q,d;) = a.Spector (Uq: Ui) (5)
+ (1 - O()-Skeyword (qrdi)
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where o € [0, 1] is optimized via cross-validation on a
labeled dataset to maximize retrieval precision (e.g., P@3).

Equation (5) introduces a hybrid score that combines
cosine similarity (semantic meaning) and keyword overlap.
This balances contextual relevance with exact keyword
matching.

- Retrieval is updated as:

g=1d; € (6)
D | v; is among the top K by Syypria (9, d;)}
Equation (6) updates the retrieval process using the
hybrid score, leading to improved precision and recall in
admission queries.

Figure 1 illustrates the retrieval and prompt
construction process described in Equations (1) — (6). The
user query is first embedded and compared against stored
document vectors. A hybrid scoring function combines
semantic similarity with keyword overlap to identify the
top-K relevant documents. These documents are then
merged with the query to form the final prompt, which is
passed to the LLM for response generation.
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‘ User Query ]* Embedding JQ (Vector + Keyword) m)| Hybrid Scoring ‘
\ ] ———
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Prompt Construction ‘ﬁ‘ Retrieval Jﬁ‘ Top-K ‘

Figure 1. [llustration of retrieval and
prompt construction process

3. Proposed Chatbot System

The proposed system aims to develop an Al-powered
chatbot leveraging Large Language Models (LLMs) to
optimize the university admissions consultation process.
The architecture is designed to provide users with prompt,
accurate, and user-friendly information regarding
admissions. The system’s workflow is divided into two
primary stages, shown in Figure 2.
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Figure 2. System workflow of the proposed chatbot [10]
Stage 1: System Preparation and Data Processing

1. Data Collection and Scenario Creation: Gather
admissions-related data from Dong A University’s official

website and generate potential question scenarios based on
real-life admissions situations, such as those from the
university’s 2024 Facebook admissions page.

2. Data Preprocessing: Clean and standardize the
collected data, labeling it according to specific categories
or topics. This step includes expanding common
abbreviations to enhance the chatbot’s response accuracy.

3. Data Segmentation: Divide lengthy data samples
into shorter segments to align with the processing

4. Data Embedding: Transform the preprocessed data
into vector representations using embedding models,
ensuring semantically similar data points are positioned
closely within the vector space

5. Vector Storage and Retrieval Evaluation:

- Vector Storage: Store the embedded vectors in a
vector database to optimize subsequent information
retrieval processes.

- Retrieval Evaluation: Assess the retrieval
performance using various algorithms to ensure efficient
and accurate query responses.

Stage 2: Chatbot Deployment and User Interaction

1. Vector Storage and Retrieval Evaluation: When a
user inputs a query, the system embeds the input into a

vector format compatible with the stored data
representations
2. Information  Retrieval: ~ Utilize a Retrieval-

Augmented Generation (RAG) system to compare the
user’s query vector against the database, identifying the
most relevant information.

3. Prompt Generation and Agent Management:

- Prompt Generation: Create optimized prompts to guide
the LLM in understanding the user’s context and intent.

- Agent Management: Implement an agent management
system to route user requests to the appropriate processing
modules, including the LLM.

4. Agent Execution: Direct the processed query to the
suitable agent for response generation.
5. Response Generation:

- For In-Scope Queries: The LLM generates responses
based on retrieved information and conversation history,
which are then displayed to the user.

- For Out-of-Scope Queries: The system formulates
appropriate responses, guiding users to contact admissions
staff for further assistance.

User Feedback and Data Logging: Collect user
interactions and feedback to refine the chatbot’s
performance and maintain context continuity in
conversations.

User Information Extraction and Personalization:
Automatically extract user preferences and interests using
the LLM to tailor responses and suggest relevant topics,
enhancing user engagement and satisfaction.

This structured approach integrates modern Al
techniques with a systematic workflow, ensuring the
chatbot operates efficiently, meets user needs effectively,
and remains scalable for future expansions or integrations.
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4. Implementation Details

The chatbot is built using Python and TensorFlow,
supplemented by Hugging Face Transformers and FastAPI
for backend services. FAISS optimizes nearest-neighbor
searches in the embedding layer. Apache Airflow manages
data ingestion and model updates.

4.1. System Architecture

The chatbot is integrated into a web-based platform
utilizing the Chainlit framework. The core components
consist of:

- User Interface: An interactive chat-based interface
guiding users through structured interactions.

- Backend Processing: Query interpretation, response
formulation, and knowledge retrieval.

- Database Management: Efficient storage and
retrieval of vector embeddings via Milvus.

- API Integration: Real-time updates and information
synchronization.

4.2. Embedding Model Selection

Selecting an effective embedding model is essential for
optimizing retrieval quality, latency, and resource
efficiency in chatbot systems. Comparing multiple
candidates enables a holistic understanding of their trade-
offs and ensures that the chosen solution aligns with the
specific requirements of real-time, domain-specific
applications.

In our study, we evaluated four embedding models for
semantic retrieval: all-MiniLM-L6-v2, gte-multilingual-
base, bge-m3, and nomic-embed-text-v1.5. Their
performance was assessed using Top-K accuracy,
embedding time, memory usage, and other efficiency
metrics (Table 1).

Table 1. Comparison and Performance Evaluation of
Proposed Embedding Models

Sentence- Alibaba-NLP nomic-ai/

transformer/ gte- BAAY/ nomic-

Model Name all-MiniLM- multilingual- bge-m3  embed-
L6-v2 base text-vl.5

Average Embedding 0.005 0.010 0021 0012
Time per Question (s)
Average Question 14.681 166.484 9734 14.681
Length
Average Embedding 0.013 0.056 0024 0.014
Time per Sentence (s)
Average Sentence 380.149 1744195 373787  398.149
Length
GPU Memory Usage
(GB) 0.109 1.466 2.725 0.656
Number of Parameters 22,713,216 305,368,320 567,754,76.136,731,64:
Context Length 256 8,192 8,192 8,192
Embedding Dimension 384 768 1,024 1,024
Top 10 Accuracy 0.468 0.872 0.851 0.574
Top 5 Accuracy 0.351 0.840 0.798 0.436
Top 3 Accuracy 0.234 0.755 0.787 0.351
Top 1 Accuracy 0.096 0.500 0.521 0.213

Among them, nomic-embed-text-vl.5 was selected as
the primary embedding model. It provides high retrieval
precision, balanced embedding dimensions, efficient
processing time, and moderate resource requirements.
These characteristics make it well-suited for real-time

chatbot applications with limited hardware resources.

In Table 1, we compare the performance of various free
LLMs in a RAG context. The Top-K Accuracy metric
indicates the percentage of correct answers appearing
within the Top-K results (e.g., top 1, 3, 5, or 10). Higher
values signify better model performance in ranking
relevant results for a given query.

After a comprehensive analysis, we selected the nomic-
ai/nomic-embed-text-vl.5 model as our primary
embedding model for the following reasons:

High Top-K Accuracy: This model demonstrates
superior retrieval precision, ensuring that relevant
information is effectively surfaced during query
processing.

Optimal Embedding Dimensions: With a balanced
vector size, it captures essential semantic features without
imposing excessive computational demands.

Efficient Embedding Time: The model offers rapid
embedding capabilities, which are crucial for applications
requiring swift data processing, such as real-time chatbots
and question-answering systems.

Extended Context Handling: It supports a context
length of up to approximately 8,000 tokens, making it
adept at managing lengthy and complex textual inputs.

Resource Efficiency: The model maintains a favorable
balance between performance and GPU memory
consumption, facilitating deployment on systems with
limited hardware resources.

Low Latency and Batch Processing: Its quick encoding
capabilities enhance the processing of large datasets,
optimizing scenarios that demand prompt responses and
efficient batch operations.

Cost-Effective Trial: The availability of a free trial with
a generous token allowance makes it an accessible choice
for small to medium-scale projects, allowing for thorough
testing and validation.

These attributes collectively make nomic-ai/nomic-
embed-text-v1.5 a compelling choice for embedding tasks
within our RAG framework, aligning with our objectives
of accuracy, efficiency, and scalability.

4.3. Performing Retrieval Methods

After embedding the data and storing it in a
vector database, we employed various retrieval models to
assess the effectiveness of the embeddings, data quality,
and retrieval accuracy prior to integration with LLM.
An effective retrieval method ensures high-quality
answers. In this project, we utilized three retrieval
methods: vector retrieval, keyword retrieval, and hybrid
retrieval.

Vector Retrieval: This method wuses vector
embeddings to represent information objects (such as
documents, questions, or answers). It’s a common
technique in modern information retrieval systems,
especially when combined with deep learning models.
Vector retrieval captures the semantic meaning of queries
and documents, allowing for more nuanced matching
beyond exact keyword overlaps.
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Keyword Retrieval: A more traditional approach where
user queries are matched with keywords in the database.
This method often employs string search techniques, such
as exact keyword matching or variations within the text.
While straightforward, it may miss semantically relevant
information that doesn’t share the same keywords.

Hybrid Retrieval: This approach combines both vector
and keyword retrieval methods to leverage the strengths of
each, thereby improving the quality and efficiency of
search results. By integrating semantic understanding from
vector retrieval with the precision of keyword matching,
hybrid retrieval aims to provide more comprehensive and
accurate results.

To evaluate the effectiveness of our retrieval methods,
we employed three key metrics: Precision at 3 (P@3),
Recall at 3 (Recall@3), and Mean Reciprocal Rank at 3
(MRR@3). P@3 measures the proportion of relevant items
among the top three retrieved results, indicating the
system’s ability to present pertinent information promptly.
Recall@3 assesses the system’s capability to retrieve all
relevant documents within the top three results, reflecting
its comprehensiveness. MRR@3 evaluates how quickly
the system returns the first correct answer within the top
three results, focusing on the rank position of the initial
relevant result.

Table 2. Performance Comparison of Retrieval Methods

Model P@3 Recall@3 MRR@3
Keyword 0.197 0.590 0.477
Hybrid 0.213 0.640 0.440

In our performance comparison in Table 2, the hybrid
retrieval method outperformed both vector and keyword
retrieval approaches across all evaluated metrics. This
suggests that combining semantic embeddings with
traditional keyword matching provides a more
comprehensive retrieval strategy, effectively capturing
relevant information and ranking it appropriately.
Consequently, the hybrid approach was selected for
integration into our system to optimize retrieval
performance.

4.4. Implementation of the Chatbot Agent System

In the university admissions chatbot system, the agent
is pivotal in facilitating user interactions, processing
information, querying data, and delivering responses. It
communicates with the LLM by preparing prompts-
comprising questions, messages, or requests-and sending
them to the LLM to receive appropriate replies. This
section outlines the agent’s components and the
implementation strategy for each.

The prompt is crafted based on the design illustrated in
Figure 2 of the proposed methodology. It guides the LLM
in responding to user inquiries, with the quality of the
chatbot’s replies heavily dependent on the constructed
prompt. Once search results from the database are retrieved
and ranked according to the user’s query, they are utilized
to create a prompt for the model. This prompt combines the
user’s question with information from the search results,
providing a clear and accurate context for the LLM. The
process involves: reminding the LLM of its identity and

role (e.g., informing it that it is UDAChat with the task of
providing users with essential information), supplying a
contextual summary, presenting the user’s question,
identifying relevant retrieval and rerank results, and
offering necessary instructions and notes to ensure
effective responses.

4.5. Implementation of Chatbot Memory Management

In developing our university admissions chatbot, we
integrated MemGPT, an advanced memory management
system designed to enhance long-term context handling
and response accuracy. MemGPT Packer et al. [11] enables
the chatbot to summarize and store crucial information
from previous interactions, allowing it to maintain context
within token limits and recall important details from past
conversations. This capability is particularly beneficial for
providing personalized and effective assistance in complex
scenarios like admissions counseling.

The primary advantage of MemGPT lies in its
combination of accuracy, contextual continuity, and user
adaptability. By managing different memory tiers,
MemGPT allows the chatbot to effectively provide extended
context within the limited context window of large language
models. This approach ensures that the chatbot delivers
precise and contextually relevant responses, enhancing both
performance and user satisfaction.

4.6. Large Language Models Utilized

The rapid development of Large Language Models
(LLMs) has significantly improved their accuracy,
contextual understanding, and multilingual capabilities.
Modern LLMs extend beyond text generation to support
semantic search, reasoning, and dialogue systems, making
them essential for chatbot applications. This study employs
three representative models - LLaMA 3, Gemini 1.5, and
Grok - each offering distinct advantages.

LLaMA 3 (Meta) is a high-performance model with up
to 128k token context, trained on over 15 trillion tokens. It
delivers strong comprehension, reduced hallucination, and
seamless integration with chatbot frameworks.

Gemini 1.5 (Google) emphasizes contextual reasoning
and multilingual support, achieving high efficiency in
dialogue generation and translation tasks.

Grok (xAl) is optimized for concise, real-time content

generation and lightweight conversational tasks,
complementing the capabilities of larger models.
The selection of multiple LLMs for chatbot

development aims to maximize the free resources these
models offer, such as computational resources and limited
query allowances. Additionally, distributing user requests
across these models can reduce processing time, thereby
enhancing response efficiency and decreasing the chatbot’s
latency.

with

5. User Interface Chainlit

Framework

Development

In this project, we employed the Chainlit framework to
build an intuitive and responsive user interface for the
chatbot. As an open-source Python toolkit for rapid
conversational Al development Contributors [12], Chainlit
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enabled efficient interface creation while allowing us to
focus on system design, deployment, and optimization -
ultimately ensuring a seamless user experience for
admission inquiries at Dong A University.

Figures 3 showcase the deployed chatbot interface,
highlighting its interactive elements and user-centric
design.

Théng tin tuyén sinh cua trudng Pai hoc Béng A

Minh da xem qua ndi dung trich xuat!

Theo théng tin trich xuat, thong tin tuyén sinh cua trudng Dai hoc Béng A nam 2024 nhu
sau:

« Phudng thuc tuyén sinh: Xét tuyén dya trén két qua thi THPT Quéc gia, xét tuyén dya
trén két qua hoc ba THPT, xét tuyén thang va uu tién xét tuyén.

« Thdi glan xét tuyén: TU ngay 01/07/2024 dén ngay 31/12/2024.

« Hinh thifc ndp hé sd: Nop ho sd tric tuyén trén website cua trudng hoac nop hé so
tryc tiép tai truong.

« Yéu cdu tuyén sinh: Biém trung binh céng cua cac mén hoc trong té hgp xét tuyén
phai dat tu 6.0 trg Ién; diém thi THPT Quéc gia phai dat ti 15 diém trd én.

Ban c6 thdc méc gi khac vé théng tin tuyén sinh cua truéng Pai hoc Dong A nam 2024
khong? Minh c6 thé gilp ban véi cac théng tin vé cac phudng thic tuyén sinh, yéu cau
tuyén sinh,...

[

Built with €» Chainlit

Figure 3. Chatbot Interface Example 1

These illustrations demonstrate the practical
application of Chainlit in creating an effective chatbot
interface tailored for university admissions inquiries.

In this project, we utilized the Chainlit framework to
develop the user interface (UI) for our admissions chatbot.
Chainlit is an open-source Python package that enables
rapid construction of ChatGPT-like applications, offering
a range of Ul components, customization options, and
seamless integration capabilities. This approach allowed us
to focus more on designing, implementing, and optimizing
the chatbot system efficiently. Below are illustrative
images showcasing the deployment of the Dong A
University admissions chatbot using LLMs.

6. Conclusion

This research highlights the potential of Al-powered
chatbots in university admission consultations. The
proposed chatbot improves accessibility, streamlines
information delivery, and enhances user engagement.
Future iterations will prioritize multilingual support and
voice-based functionalities to further optimize the user
experience.

To further improve our system, we plan to implement
several key enhancements. Firstly, we aim to expand
support for multiple languages, including Vietnamese and
English, to cater to a broader user base. Secondly,
integrating speech recognition and synthesis will facilitate
voice-based interactions, enhancing accessibility for users

who prefer or require auditory engagement. Additionally,
we intend to refine response personalization by analyzing
query histories, thereby providing more tailored assistance.
Lastly, implementing advanced graph-based data
structures will enhance our knowledge retrieval
capabilities, leading to more accurate and contextually
relevant responses.

Future work will incorporate data from multiple
institutions, unstructured sources such as emails and social
media, and conduct real-world evaluations with students.
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