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ABSTRACT

In today’s rapidly evolving landscape of Artificial Intelligence, large
language models (LLMs) have emerged as a vibrant research topic.
LLMs find applications in various fields and contribute significantly.
Despite their powerful language capabilities, similar to pre-trained
language models (PLMs), LLMs still face challenges in remembering
events, incorporating new information, and addressing domain-
specific issues or hallucinations. To overcome these limitations,
researchers have proposed Retrieval-Augmented Generation (RAG)
techniques, some others have proposed the integration of LLMs
with Knowledge Graphs (KGs) to provide factual context, thereby
improving performance and delivering more accurate feedback to
user queries.

Education plays a crucial role in human development and progress.

With the technology transformation, traditional education is being
replaced by digital or blended education. Therefore, educational
data in the digital environment is increasing day by day. Data
in higher education institutions are diverse, comprising various
sources such as unstructured/structured text, relational databases,
web/app-based API access, etc. Constructing a Knowledge Graph
from these cross-data sources is not a simple task. This article
proposes a method for automatically constructing a Knowledge
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Graph from multiple data sources and discusses some initial appli-
cations (experimental trials) of KG in conjunction with LLMs for
question-answering tasks.

CCS CONCEPTS

« Computing methodologies — Information extraction; On-
tology engineering; « Information systems — Ontologies; Ques-
tion answering; Clustering and classification.

KEYWORDS

Open Intent Discovery, Knowledge Graph, Large language model,
Education, Question-Answering System

ACM Reference Format:

Tuan Bui, Oanh Tran, Phuong Nguyen, Bao Ho, Long Nguyen, Thang Bui,
and Tho Quan. 2024. Cross-Data Knowledge Graph Construction for LLM-
enabled Educational Question-Answering System: A Case Study at HC-
MUT. In The 1st ACM Workshop on AI-Powered QA Systems for Multimedia
(AIQAM °24), June 10, 2024, Phuket, Thailand. , 8 pages. https://doi.org/10.
1145/3643479.3662055

1 INTRODUCTION

Recent studies on artificial intelligence and question answering
systems, as highlighted in the comprehensive overview article of
AIQAM’24 [18], carry significant implications. These findings offer
new insights into Question-Answering Systems, particularly those
powered by Al especially in the realm of multimedia. A Large Lan-
guage Model (LLM) is a language model trained on a considerably
large size corpus. Nowadays, LLMs attract much attention from
various communities due to their capacity to accomplish versatile
language generation and comprehension. Notable LLM models re-
ported to the public include OpenAI’s GPT [24], Google’s BART
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[15]. To achieve a broad spectrum of general knowledge [23] and
refine their language ability [30], state-of-the-art LLMs nowadays
are trained on a massive corpus of textual data. However, an LLM’s
completion might contain "hallucinations" [11] because of limited
access to information that is as up-to-date, proprietary, or domain-
specific as humans. To address this issue and other limitations,
some hybrid models have shown prominent results by combin-
ing parametric memory with non-parametric memory [13]. Since
their knowledge bases can be directly revised and expanded, and
retrieved knowledge can be inspected and interpreted. This tech-
nique, which received a lot of traction after the publication of the
famous Facebook research paper [16], is well-known and coined as
Retrieval-Augmented Generation (RAG).

However, in most real-world domains such as education, the
data/information often originate from various departments and
faculties within an institution, resulting in diverse data sources
with different natures such as structured text, unstructured text,
databases, images, or access through API mechanisms from ex-
isting web/app-based systems. For instance, at Ho Chi Minh City
University of Technology (HCMUT)!, unstructured data originate
from legal documents, frequently asked questions (FAQs) from stu-
dent support systems BKSI? (Help Desk System), news from the
website, data from databases, and information retrieved from API-
enabled systems like teaching management systems LMS®. Due
to the cross-data nature, Knowledge Graphs (KGs) [9] serve as a
suitable non-parametric memory formalism for knowledge repre-
sentation in the educational environment, allowing the effective
deployment of a RAG system in this context. However, constructing
a Knowledge Graph from multiple data sources, not specifically
designed to be interoperable, is not a trivial task, in particular when
one needs to deal with open intents commonly arising during casual
conversations between students and the university staffs. Hence,
to the best of our knowledge, there has not been a best-practice
application of RAG from KG for LLMs in practical scenarios.

In this paper, we aim to pioneer a KG-based RAG approach for an
Educational Question-Answering system. We propose a framework
for the cross-data knowledge graph construction in the educational
domain, which is currently implemented at HCMUT and leverages
the Vietnamese language. This framework is applied as a pilot in
a Language Model (LLM)-based system. Our contributions are of
three-fold: (i) We introduce the technique of intental entity discov-
ery for unstructured text in Vietnamese FAQ conversations; (ii) we
present the embedding-based cross-data for relation discovery on
education KG construction; and (iii) we conduct real-world experi-
ments, specifically, LLM-enabled KG-based Question-Answering at
HCMUT using RAG with the constructed educational KG.

2 RELATED WORK

2.1 Open Intent Discovery

The task of Open Intent Discovery [3] presents several challenges
and difficulties in the field of Natural Language Understanding and
dialogue systems. One significant challenge is the inherent ambi-
guity and variability in user expressions. Unlike traditional intent

!https://hemut.edu.vn
https://mybk.hcmut.edu.vn/bksi/public/vi/
3https://lms.hemut.edu.vn/
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recognition, where a predefined set of categories is used for classifi-
cation, open intent discovery involves identifying user intents that
may not have been encountered during the training phase. This
introduces a level of uncertainty and unpredictability, as users can
express their intents in diverse and unanticipated ways. Another
challenge is the lack of sufficient labeled data for training models in
an open-world setting. Creating labeled datasets for every potential
intent becomes impractical, especially when dealing with a wide
range of domains and applications. This scarcity of annotated exam-
ples for novel intents makes it challenging for models to generalize
effectively and accurately identify open intents. In recent years,
there has been an increased interest in determining user intent
from both written and spoken language, with a focus on modeling
and comprehending interactions. Recent studies, such as a method
employing a bidirectional LSTM and CRF for detecting user in-
tent efficiently [27], an unsupervised two-stage approach aimed
at discovering intents and generating meaningful intent labels au-
tomatically from unlabeled utterances [28], and a method mining
unlabeled utterance data to uncover common intents [17]. These
studies collectively highlight the significance of robust approaches
for understanding user intent, paving the way for enhanced dia-
logue systems and virtual assistants. Open intents has been studied
in fields such as Customer Care in businesses [17] and Healthcare
facilities[20]; however, in the realm of education, particularly in
Student Care, it remains relatively unexplored.

2.2 Knowledge Graph in Education Domain

Knowledge Graphs (KGs) have evolved as an effective way to rep-
resent knowledge. KGs present a structured and integrated rep-
resentation of concepts, relationships, and attributes within a do-
main. There have been many studies on Educational KGs such
as knowledge graph for mathematics [4], ontology modeling uni-
versity teaching programs and student profiles (EducOnto) [10],
knowledge schema for university teaching [25], and knowledge
graphs to identify labor market needs (education and employment)
[5]. Notably, research on KGs for the Vietnamese educational area
is sparse. Huong and Phuc [26] introduced a framework for extract-
ing triples (subject-predicate-object relationships) from Vietnamese.
However, their technique has limitations in handling complex sen-
tences and is applied to the travel area.

2.3 KG-augmented LLMs

One major hurdle for LLMs is their occasional struggle with factual
accuracy and hallucinations. This is where KGs come in. KGs offer
a structured representation of knowledge, encoding entities and
their relationships in a machine-readable format. KG-augmented
LLMs aim to bridge this gap by leveraging the strengths of both
approaches. If the generated information from LLMs aligns with the
"ground truth" represented by the KGs, it can be considered factually
accurate and non-hallucinatory. This enhancing method involves
refining the inference process of LLMs [1], optimizing learning
mechanisms [14], and establishing a result validation mechanism
[12]. Significant progress has been made through these studies,
highlighting the importance of continuous innovation and support-
ing the advancement of more advanced KG-augmented LLMs.



3 TOWARDS CROSS-DATA KNOWLEDGE
GRAPH CONSTRUCTION FOR
LLM-ENABLED EDUCATIONAL
QUESTION-ANSWERING SYSTEM

In this section, we delve into the methodological approach em-
ployed in our research to extract valuable insights from a multi-
source educational data environment for KG construction, served
as the foundation of an LLM-enabled educational QA system. We
begin by discussing the nature of the data sources in the university
environment of HCMUT and how they contribute to a comprehen-
sive understanding of the educational ecosystem. We then introduce
the E-OED Framework (Educational Open Entity Discovery) , a ro-
bust methodology designed to explore intents using unsupervised
learning methods. This framework is particularly adept at han-
dling challenges such as overlapping entities, open intents, and
data fusion from multiple sources. Lastly, we present our method
for Relation Discovery, allowing us to explore relationships among
different types of entities and construct a KG representing the edu-
cation domain.

3.1 Multi-source educational data at HCMUT

In the dynamic landscape of a university environment like HCMUT,
data streams from a myriad of sources, forming a complex multi-
source ecosystem. This diverse and interconnected web of entities
provides a comprehensive picture of the university ecosystem, en-
abling a deeper understanding of user needs, educational processes,
and the overall university environment. includes the following data
sources.

Figure 1 presents a cross-data environment at HCMUT, which
includes the following data sources.

University Resources

FAQ & HelpDesk System Portals / Websites LMS Other systems

\

Intention entity Academic entity f Policy / Document ;
Educational Open Entity Discovery

| HCMUT LLM-based Virtual Assistant |

Fig. 1: Multi-source educational data at HCMUT

e FAQ and Help Desk System: In HCMUT, there is an online
interactive system allowing students to raise their concerns
arising during their study and feedback received from aca-
demic staff. Knowledge extractable from this source includes
open intents, events, student issues, university services, the
software system of the university.

o Academic Portals/Websites: These are all the websites that
HCMUT updates frequently for academic news, university
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policies/regulations, and course information. Knowledge ex-
tractable from this source includes guidance documents, de-
tailed curricula, and program descriptions offered by HC-
MUT, along with other entities such as organizations (uni-
versity, faculty, department), locations (address number, city,
district), and person names (students, lecturers, staffs).

o Learning Management System (LMS) and other supporting sys-
tems: These systems help students keep track of their course-
work throughout the school year. Knowledge extractable
from this source includes courses, keywords, discipline ter-
minology, discipline theory, books, documents, journals, and
course participants (students, lecturers, teaching assistants).

3.2 The E-OED Framework

Academic affairs office
@ &

Tuition pohcy kl Grade complaint
— J
—l
Subject information
Course withdrawal policy
urse registration schedul

Fig. 2: Entity type in education domain

Transcript inquiry
- Course deferral

@’

Figure 2 depicts the intricate task of extracting relationships
within the educational domain and exploring intents. For instance,
a certain Student may have his Student status, which is managed by
Academic affairs office. This student also belongs to a certain Faculty
and is enrolling in various instances of Class. The student can also
leverage some academic service when necessary such as Course
drop or Transcript inquiry. The graph showcases the complexity
of mapping intents to academic entities, illustrating the nuanced
connections that exist within this domain. This complexity under-
scores the necessity for robust methodologies to accurately decipher
and analyze such relationships. The most challenging task towards
such a KG construction is perhaps educational open entity discovery.
These challenges include handling overlapping entities, exploring
open intents (which lack extensive research compared to classified
intents), and fusing data from multiple sources. Moreover, the Viet-
namese language presents additional hurdles due to its status as a
low-resource language. Furthermore, within educational environ-
ments, the intent of conversations are dynamic rather than fixed,
and opened rather than limited. Consequently, the identification of
open entities is crucial in the educational sphere. The E-OED Frame-
work (Educational Open Entity Discovery), represented by Figure 3,
aims to discover intents from FAQ data. This framework includes
three processing modules known as Data Preprocessing, Semantic
Clustering, and Automatic Cluster Labeling, each of which plays a
crucial role in the intent discovery process.



Input | Data Preprocessing
FAQ Data
Sentence tokenization
Unique sentence acquisition

Short sentence removal
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Semantic Clustering

Sentence Embedding (SimCSE)
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|
|
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|
|
|
|
|
| POS and Dependency Tagging

Rule-based tag extraction

N e e e —

Output
Extracted Intentions i

Fig. 3: Educational Open Entity Discovery Framework

Open Entity Discovery Framework

Data Preprocessing In this step, we split paragraphs to a list
of single sentences, filtering out the noise, etc. This initial filtering
helps us focus on the meat of the text.

Semantic Clustering To obtain sentence embedding, we em-
ploy SimCSE [6] as our chosen embedding model. The model we use
adheres to the SImCSE framework and has been developed utilizing
the renowned pre-trained PhoBERT [21] base. Before applying the
embeddings to the clustering algorithm, it is essential to conduct
dimension reduction methods. This precautionary step is taken to
address the "curse of dimensionality," which can adversely impact
the accuracy of clustering algorithms by influencing distance met-
rics and introducing unintended noise. We opt for UMAP over PCA
and LDA. After implementing dimensionality reduction, we opt for
HDBSCAN [19] as our clustering algorithm.

Automatic Cluster Labeling The final step in this process in-
volves the automatic labeling of the clusters. To accomplish this
task, our initial approach entails employing the word-segmentation
tool for sentence segmentation within each cluster. Subsequently,
the segmented sentences undergo analysis using the PhoNLP [22]
to execute both POS tagging and dependency tagging. Following
the extraction of tags by the PhoNLP, a rule-based approach is im-
plemented. Further refinement is achieved by identifying the most
frequently occurring tokens within each subset, which are then
designated as our cluster labels. Figure 4 presents a compilation of
some of the discovered intents from the FAQ dataset as the results
of Semantic Clustering and Cluster Labelling processes. Involving
courses and class groups, there exists a multitude of inquiries rang-
ing from course enrollment, class transfers, and capacity expansions,
to timetable matters. Investigating the intents and associated enti-
ties can aid in providing good responses or initiating subsequent
actions.

3.3 Embedding-based method for Relation
Discovery

In the context of Relation Discovery between Intents and other

entities, we adopt an Embedding-based approach. Due to resource

and time constraints, we initially experimented with two major

types of entities: intent and policy. To accommodate a large amount

of diverse data with varying lengths, we employ two-stage retriever.
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study consultation subject schedule  exam postponement

grade adjustment

grade review ¢ study plan
study materials
grade inquiry

study schedule check
grade checking

timetable check
make-up exam arrangement

overlapping schedule
course registration deadline

class opening
class size increase course registration L
class change support subject registration

course withdrawal
class transfer support

. course drop  class registration
new class opening

lass additi t ) -
class addition suppor course withdrawal registration

Fig. 4: List of some discovered intents

We use Sentence-BERT to embed intent entities and policy enti-
ties. Once the embeddings are generated, we map different types
of entities by measuring similarity or proximity between entity
embeddings in multidimensional space.

After getting mapping between entities using embedding, we use
tf_idf to rerank and give higher scores to policies that have similar
keywords with the intents. [8], we identify implicit connections
between entities. This analysis enables us to uncover meaningful
associations and dependencies that might not be readily apparent
from raw data alone. Figure 5 illustrates the approach of using
Embedding-based methods for relation discovery. Based on the
discovered relationships, we construct a KG representing the educa-
tion domain. Each entity type is depicted as a node in the graph, and
relationships between entities are depicted as edges. The KG offers
a structured representation of the semantic landscape within the
education domain, facilitating efficient traversal, query processing,
and inference tasks.

f———— !

! Entity Enrich
Entity | |
Intent Input | | Output
E Embeddi - . .
[ ooy / , ity Relaionships
|
|

Similarity Measuring | |
J

Relation Discovery Module

Fig. 5: Embedding-based Relation Discovery Module

4 EXPERIMENTS
4.1 Datasets

The experimental datasets consist of three different datasets Bank-
ing77_eng, Banking77_vni,and FAQ_HCMUT _vni presented in Table
1. Banking77_en [2] is an English dataset that contains 77 cus-
tomer intents from over 10,000 questions in the banking domain.
Banking77_vni is a Vietnamese dataset that is an auto-translation
(Google Translate) of the Banking77_eng dataset. FAQ_HCMUT _vni
is a Vietnamese dataset that contains over 200,000 frequently asked
questions (FAQs) collected from the HelpDesk system of the HC-
MUT. The Banking77_eng and Banking77_vni datasets are used to

evaluate the performance of the our framework. While FAQ HCMUT _vni

dataset is used to demonstrate the result of the OED framework.
To investigate the impact of different embeddings on clustering
performance, our framework utilizes Vietnamese SimCSE for Viet-
namese datasets, while the original BERTopic employs a sentence-
transformers model (all-miniLM-L6 variant).



4.2 Discovered Educational Open Intents

Table 1 illustrates the outcomes of our experimentation in discov-
ering intents across the specified datasets. To validate the OED
Framework, we executed the BERTopic framework on two datasets,
Banking77_eng and Banking77_vni. The clustering results in Cases
1 and 2 demonstrate the superior performance of the BERTopic
framework with the English dataset, where 73 intents were identi-
fied, closely aligning with the 77 predetermined categories. How-
ever, in the Banking77_vni dataset, the count of identified intents
notably decreased to 65. In Case 3, the OED Framework exhibited
better performance with the Banking77_vni dataset compared to
the BERTopic framework for the Vietnamese language, yielding 76
extracted intents. Subsequently, we applied the OED Framework to
the HCMUT_FAQ _vni dataset (Case 4), resulting in a total of 284
clusters with significant noised clusters, and duplicated clusters.
Despite this, approximately 372 intents were derived from these
clusters, although a substantial number of intents remain undiscov-
ered. As previously mentioned, Figure 4 illustrates some remarkable
open intents discovered by our approach.

Table 1: Open intent discovery result

Case Framework Dataset Cluster’s No Extracted intent
1 BERTopic Banking77_eng 157 73
2 BERTopic Banking77_vni 147 65
3 OED Framework Banking77_vni 257 76
4 OED Framework HCMUT_FAQ vni 284 372

4.3 Embedding-based method for Relation
Discovery Result

The embedding-based approach for relation discovery has yielded
promising results in exploring relationships between entities, partic-
ularly in the education domain. Table 2 show the result of Embedding-
based approach, in this experiment, there are 243 intent entities and
237 policy entities. Following our approach, and after several trials,
we’ve settled on a threshold of 0.32. A total of 613 relationships
between entity pairs (intent and policy) have been identified. Out
of these, 53 intent entities do not have any associations with pol-
icy entities. For instance, the intent "download form" is broad and
lacks specific entity references. Additionally, among these 53 intent
entities without relationships, 22 intents are overlooked, indicating
they indeed have connections with policies but were not detected.
For example, "Cancel course" and "Withdraw course" are linked to
the Withdrawal Policy.

Table 2: Relation discovery result

Entity pair [Intent, Policy]
No of entities [243, 237]
Discovered relationships 613
Non-associative intents 53
Overlooked intents 22

4.4 KG-augmented LLMs Approach in
Educational Context

To address the "KG-augmented LLMs" aspect of the research and
its application in the education domain at HCMUT, we conduct a
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general pipeline of the question-answering system following the
Figure 6 (a). The process of answering user questions involves feed-
ing the question into our institution’s LLM, URA, which generates
a structured query in the form of Neo4j’s Cypher language, as our
KG database is built on Neo4j. This query searches a KG database
handcrafted using intent discovery’s result to retrieve matching
sub-graphs and relevant triples. Next, the triples are converted
into a natural language format and combined with the original
user question to create a final prompt for the LLM. The prompt
guides the LLM in generating a coherent and accurate answer as
demonstrated in Figure 6 (b).

Retriever

Knowledge Graph
User Question |:> KG - Retnevdl <:I
Utterance

Large Language Model

Rele» ant Knowledge |:> m |:>M

) KG-augmented LLMs Approach

HCMUT  Cuse tro chuyén

sx
Chat mai
New conservation
I want to withdraw from the course “Strength of Materials” due to my health issue. However,
the deadline has already passed. Can the AAO approve my withdrawal at this point?
3 Rat mén hoc
< ®  Khong, trudng hop ciia ban khong dugc phong dao tao cho rit mon.
Course withdrawal
Ly do:
Ban da qua han dang ky rit mon.
Mac dii ban c6 Iy do sifc khde, nhung Quy ché Rit mén hoc khong dé cap dén
trudng hop dugc phép rit mon qua han vi ly do sic khoe.
No, the AAO cannot grant withdrawal approval for your case.

Reasons:

+ The deadline has passed.

« Although you mentioned suffering from a health problem, this situation is not addressed
in the course withdrawal regulation.

(b) Demonstration of course withdrawal case

Fig. 6: KG-augmented LLMs Approach and Demonstration
of course withdrawal case

4.5 Discussion

The section above outlines the outcomes of our research efforts
focused on three key areas: Discovering open-intents, Developing
an embedding-based technique for Relation Discovery, and Imple-
menting KG-augmented LLMs approach.

First, discovering open-intents through unsupervised approach
shows promising results, but applying it to Vietnamese encounters
various difficulties due to the language’s specific characteristics.
There is a considerable amount of overlapping and repetitive clus-
ters due to the inadequate performance of NLP toolkits for Viet-
namese. Named Entity (NE) within sentences further interferes with
the clustering process. Due to the subpar clustering step, automatic
labeling is also affected accordingly. Applying Hyponym-approach
to these NERs represents a potential approach for optimizing clus-
tering.

Second, the Embedding-based method for Relation Discovery
has shown promising results in identifying relationships between
entities. However, further research is needed to explore the differ-
ent types of relations that can be discovered using this method.
Additionally, there is a need to develop more robust and accurate
methods for relation extraction and classification.



Finally, the KG-augmented LLMs approach is initially imple-
mented by using off-the-shelf tools from Neo4]J. The KG-retrieval
engine extracts triplets. The advantages of this method are that the
information is condensed and accurate, and the triplets also repre-
sent relations to help the LLM answer questions better. However,
the triplets retrieval engine only extracts relevant triples and does
not have a ranking mechanism to help eliminate redundant triples.

5 CONCLUSION

In this article, we introduce an approach to open intent discovery
using unsupervised learning methods. To the best of our knowledge,
this is the first paper to use this approach for open intent discovery
in Vietnamese. The results are evaluated on three datasets: Bank-
inf77_eng, Banking77_vni, and HCMUT_FAQ_vni. Additionally,
we perform preliminary experiments on discovering relationships
between intents and other entities to build a KG for the education
domain. We also conduct some experiments on applying the KG to
LLM.
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A APPENDIX
A.1 E-OED Framework Analysis

This appendix provides further details on the implementation of
the E-OED framework. We discuss key design choices, such as
hyperparameter selection and embedding models, along with the
insights gained from related experiments.

This section will also discuss three core modules in E-OED frame-
works known as Data Preprocessing, Semantic Clustering and Auto-
matic Cluster Labeling

The result achieved by different design choices is represented in
detail at 4

A.1.1 Data Preprocessing. Due to Vietnamese being a predom-
inantly analytic language with a large number of monosyllabic
morphemes (meaningful units), words are often formed by combin-
ing these morphemes. This can present challenges for the original
BERTopic framework, which relies on c¢TF-IDF (class-based TF-
IDF)[7] for topic modeling. To address this, we implemented an
additional preprocessing step that leverages a word segmentation
model to combine sub-word units into complete words. These newly
formed words are then joined using an underscore character ("_").
(e.g., subject-"mén hoc" becomes "mén_hoc", course-"khéa hoc"
becomes "khoa_hoc").

Furthermore, to comply with dataset privacy policies, we imple-
mented a text anonymization tool to censor any personally identi-
fiable information (PII) within the sentences. Details regarding the
specific objects censored and the corresponding replacement terms
are presented in Table 3

Table 3: Data censored tool

Objects Method Term Replace
Person Name NER (BERT) [full_name]
Student ID Regex (7 number format) [student_id]
Phone number Regex (10 number format) [phone_number]
Email Regex (ordinary email with @) [email]

A.1.2  Semantic Clustering. Our model consists of three primary
components:

o Sentence Embedding: extracts vector representations of sen-
tences.

e Dimension Reduction: addresses the "curse of dimensional-
ity" by compressing these embeddings into a lower-dimensional
space, improving computational efficiency.

o Sentence-density clustering: groups sentences based on their
reduced-dimensional representations.

Our model’s performance is highly sensitive to the chosen hyper-
parameters. We explored various options for each module:
Sentence Embedding:

e BERTopic Base Model (MiniLM-L6): A 6-layer Microsoft MiniLM
[29] fine-tuned on a 1 billion sentence pair dataset.

o Supervised Vietnamese SimCSE: Fine-tuned from the PhoBERT
model.

Dimension Reduction (UMAP):

o Number of neighbors: 20, Number of components: 4
o Number of neighbors: 15, Number of components: 9
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Sentence-Density Clustering (HDBSCAN):

o Minimum Cluster Size: 15
o Minimum Cluster Size: 20

We evaluated different combinations of these hyperparameters to
identify the optimal configuration for our task.

A.1.3  Automatic Cluster Labeling. This section details the process
for extracting descriptive labels for our identified clusters. We first
select the seven most representative sentences for each cluster.
These sentences are chosen based on their similarity to keywords
generated using cTF-IDF.

Within this approach, a key hyperparameter is the range of word
lengths considered for keyword extraction. We experiment with
two settings: a range of 5-7 words and a range of 4-11 words. The
first setting targets terms with lengths between 5 and 7 words,
while the second allows for terms between 4 and 11 words.

Following keyword extraction, the chosen sentences are pro-
cessed using the PhoNLP model to obtain Part-of-Speech (PoS)
and dependency tags. We then leverage these tags in conjunction
with pre-defined rules (detailed in the Algorithm 1) to generate
descriptive labels for each cluster.

Algorithm 1 Tag extraction algorithms

1: function EXTRACTSENTENCEELEMENTS(category_docs)
2 Initialize list of labels
3 for each sentence in category_docs do
4: Clean the sentence by stripping whitespace
5: Get the annotation result from PhoNLP
6: Extract the part-of-speech (POS) and dependency (DEP) information
7 Initialize lists for verbs, direct objects, verb modifiers, and other list
8 Initialize variables for root position, direct object positions, verb modifier position, and
Ppreposition position
#Extract all related positions

9: Create a set to store the relevant positions

10: for each token in the sentence do

11: if the token is the root of the sentence then

12: Add its position to the set

13: while the length of the position set is changing do

14: for each token in the document do

15: if the token’s dependency is related to the root or other relevant positions
then

16: Add its position to the set

17: if the length of the set doesn’t change then

18: Break the loop

#Extract the sentence elements

19: for each token in the document do

20: if the token’s dependency is 'root’ then

21: Add it to the verbs and consecutive lists

22: if the token’s dependency is prp’ and its position is in the set then

23: Add it to the direct objects lists

24: if the token’s dependency is dob’ then

25: Add it to the direct objects list

26: if the token’s dependency is 'vmod’ and its position is related to the root, preposition,
or verb modifier positions then

27: Add it to the verb modifiers list

28: if the token’s dependency is 'nmod’ and its position is related to a direct object
position then

29: Add it to the other list

30: if the token’s position or its dependency’s position is in the set and the dependency
is in a predefined list then

31: Add the token to the other list

32: Extract the most frequent tokens in each list.

33: Add the tokens into list of labels

34: return list of labels

In order to reduce noises on newly extracted tags, we then take
the most frequently occurring tokens within each subset, which
are then designated as our cluster labels. For better cluster labels,
LLMs can be used.



A.1.4  Result and Insights. There are 5 experiments with different
design selection in total:
(1) Experiment 1:
e Dataset: Banking77_eng
o Number of Neighbors: 20
o Number of Components: 4
e Minimum Cluster Size: 20
o cTF-IDF Range: [5-7]
(2) Experiment 2:
e Dataset: Banking77_vni
(a) Experiment 2.1:
o Number of Neighbors: 20
e Number of Components: 4
e Minimum Cluster Size: 20
o CTF-IDF Range: [5-7]
(b) Experiment 2.2:
e Number of Neighbors: 15
o Number of Components: 9
e Minimum Cluster Size: 15
o cTF-IDF Range: [4-11]
(3) Experiment 3:
e Dataset: Banking77_vni
e Language Model: SimCSE (instead of MiniLM)
(a) Experiment 3.1
e Number of Neighbors: 20
e Number of Topics: 4
e Minimum Cluster Size: 20
e cTF-IDF Range: [5-7]
(b) Experiment 3.2
o Number of Neighbors: 15
Number of Components: 9
Minimum Cluster Size: 15
cTF-IDF Range: [4-11]

Table 4: Design selection result

Experiment  Intentions Discovered
Experiment 1 73
Experiment 2.1 65
Experiment 2.2 74
Experiment 3.1 71
Experiment 3.2 76

Our experiments revealed several key insights. Firstly, the origi-
nal embedding model, despite not being trained on Vietnamese data,
achieved reasonable performance on our banking77_vni dataset.
This suggests potential transferability due to structural similari-
ties across languages. However, fine-tuning a dedicated embedding
model specifically for Vietnamese could likely yield further im-
provements. Evaluating the quality of the embedding model can
be achieved by analyzing the representative sentences within each
cluster. Greater semantic similarity within clusters signifies a more
effective model.

Secondly, a higher number of components in UMAP increases
focus on local attributes, leading to greater separation and poten-
tially clearer visualizations. However, it’s crucial to be mindful of
the "curse of dimensionality” when employing this approach.
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Finally, the framework is sensitive to hyperparameter selection.
Due to the presence of numerous hyperparameters requiring tuning,
careful consideration should be given when applying this method
to your specific domain or FAQ dataset.



	Abstract
	1 Introduction
	2 Related Work
	2.1 Open Intent Discovery
	2.2 Knowledge Graph in Education Domain
	2.3 KG-augmented LLMs

	3 Towards Cross-Data Knowledge Graph Construction for LLM-enabled Educational Question-Answering System
	3.1 Multi-source educational data at HCMUT
	3.2 The E-OED Framework
	3.3 Embedding-based method for Relation Discovery

	4 Experiments
	4.1 Datasets
	4.2 Discovered Educational Open Intents
	4.3 Embedding-based method for Relation Discovery Result
	4.4 KG-augmented LLMs Approach in Educational Context
	4.5 Discussion

	5 Conclusion
	Acknowledgments
	References
	A Appendix
	A.1 E-OED Framework Analysis


