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A chatbot is a computer program designed for the chat interaction
between robots and humans automatically using natural language
techniques. This program is developed to be a virtual assistant which
lures the human into the thought that they are talking to a real person.
In this paper, we develop a chatbot system for the admission process of
Da Lat university that allows the staff to answer questions immediately
and automatically from users anytime. The important feature of any
chatbot is to understand the user’s questions and to respond with
appropriate answers. Our approach builds a chatbot application that
adapts to the university's needs. We apply some BERT-based
representation language models to predict the answer from the input
question. The experimental results show that the salti/bert-base-
multilingual-cased-finetuned-squad is a suitable model for our chatbot
application since its F1 and EM scores for dev_set are remarkably high,
accounting for 88.6% and 79.6%, respectively. For the intent
classification, we achieve the accuracies of 99.9% and 100% for the
validate accuracy and the test accuracy.
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Tuyén sinh dai hoc
Mb hinh biéu di&n ngén ngit

Chatbot l1a ung dung duogc xay dung nham tuong tac véi con ngudi mot
cach ty dong bang cach sir dung cac ky thuat ngén ngit tu nhién.
Chuong trinh nay déng vai trd nhu mét trg 1y do, tro chuyén véi con
nguoi va khién ho nghi ring ho dang n6i chuyén véi mot ngudi that.
Trong bai bao nay, chung toi s& phat trién mot hé théng chatbot hd trg
quy trinh tuyén sinh dai hoc, tw dong tra 15i ngay lap tic tat ca cac cau
hoi tir nguoi dung bét cir lic nio, ngay ca ngoai gio hanh chinh. Tinh
ning quan trong ciia Mot ung dung chatbot 1a hiéu cau hoi cia nguoi
ding va dwa ra cdu tra 1oi thich hop. Vi vdy, chung t6i dé xuat phuong
phap xay dung ng dung chatbot pht hgp véi nhu cau cia truong dai
hoc. Chung t6i ap dung mot s6 md hinh biéu dién ngon ngir dua trén
BERT dé dy doan céu tra loi tir cau hoi dau vao. Thir nghiém cho thay
salti/ bert-base-multilingual-cased-finetuned-team 1a mé hinh phu hop
cho &ng dung chatbot ctia chung t6i vi diém F1 va EM trén tap dir liéu
thir nghiém cao dang ké, lan luot chiém 88,6% va 79,6%. Déi véi chirc
nang phan 16p y dinh, ching t6i dat dugc 99,9% va 100% trén tap dix
liéu thir nghiém va tap dit liéu kiém tra.
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1. Introduction

Thanks to the advance in natural language processing and machine learning techniques, the
usage of intelligent chatbots has become more and more popular in many organizations in recent
years. The key benefit of using chatbots is to offer the ability to be active 24/7 and respond to
user requests automatically and immediately. Chatbots also help to diminish the dependence on
manpower in today’s world of automation. In addition, chatbots may bring out higher work
performance than humans when dealing with multiple conversations coincidentally. Nowadays,
due to the speedy development of advanced technologies, more intelligent systems have appeared
using complex knowledge-based models or artificial intelligence (Al) algorithms to understand
the questions and give expected responses [1], [2]. Because chatbots bring a lot of benefits to an
organization, we want to develop an intelligent virtual assistant chatbot for the admission process
of Da Lat university by making use of some pre-trained BERT models, which can be finetuned
with just one additional output layer to create state-of-the-art models for a wide range of NLP
tasks, including question answering.

1.1. Motivation

These days, when the competition of attracting new students between universities is becoming
more and more intense, thus the task of university admission consulting becomes one of the most
important tasks. Therefore, if a university utilizes its chatbot application as a virtual assistant to
give university admission information to interested people instantly, the number of enrolled
students may be increased. However, although modern chatbots utilize the power of artificial
intelligence to understand and respond to users’ complex questions, the current state-0f-the-art
systems are still a long way from being able to have coherent, contextual, and natural
conversations with humans [1]. BERT is proved to be conceptually simple and empirically
powerful because it obtains new state-of-the-art results on eleven natural language processing
tasks [3] so we decide to make use of a the pre-trained BERT model from huggingface.co to
build our intelligent chatbot.

1.2. Literature Survey
1.2.1. Chatbot

Chatbot technology is not a new topic. It was started in 1966 when the first chatbot program
named ELIZA was published. Hussain et al. [1] proposed that chatbot programs could be
classified based on their Interaction Mode such as Text-based or Voice/Speech-based, Chatbot
Application such as Task-Oriented or Non- Task-Oriented, Rule-based or Al, and Domain-
specific or Open-Domain. There are also multiple techniques employed for building a chatbot
program including Parsing, Pattern Matching, AIML, Chatscript, Ontologies, and Markov Chain
Model. In addition, Artificial Neural Networks Models such as Recurrent Neural Networks
(RNNs), Sequence to Sequence Neural Model, and Long Short-Term Memory Networks
(LSTMs) are the latest advances in machine learning which have made it possible to develop
more intelligent chatbots. As a result, many chatbot applications for the educational domain have
also employed a variety of techniques which are mentioned above. First, Artificial Intelligence
Markup Language (AIML) and Latent Semantic Analysis (LSA) are utilized to design a chatbot,
which provides an efficient and accurate answer for any query based on the dataset of FAQs [4]
Second, Pattern matching, Artificial intelligence, and machine learning are also the best choices
for an automatic response giving system which will give a reply to the student’s questions [5].
Third, in [6], the authors have presented a design of a textual communication application namely
chatbot in the educational domain which had an average F-score of 0.870. They used an
ensemble learning approach known as random forest or random decision forest. In the domain of
Vietnamese chatbot, Nguyen and Truong [7] proposed a solution to build a semi-automatic
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consultancy system (a semi-automatic question-answering system) using VVnTokenizer for word
separation and stop word removing and the SVM model for question classification. Moreover,
Bao [8] proposed a model for building a question-answering system using the seq2seq model and
LSTM in his master thesis. Besides, Thuy [9] proposed a chatbot application that answered
automatically all questions about the services supported by Vietnam Airlines. The author utilized
BoW and TF-IDF (Term Frequency — Inverse Document Frequency) to create word vectors, used
a multi-class SVM algorithm for classification, and got a precision of about 87.5%. Finally, the
authors in [10] presented a healthcare-supporting chatbot that utilized the DIET model for
classifying the user’s intents, and achieved a precision score of 95%.

1.2.2. Embeddings: Word2Vec, Skip-gram, GloVe

As we know the machine learning models cannot process text so we need to figure out a way
to convert these textual data into numerical data. Word embeddings are a form of word
representation that bridges the human understanding of language to that of a machine. They have
learned representations of text in an n-dimensional space where words that have the same
meaning have a similar representation. Word2vec and GloVe are the two most popular
algorithms for word embeddings that bring out the semantic similarity of words. However,
Word2vec and Glove are different because Word2vec embeddings are based on training a
shallow feedforward neural network while GloVe embeddings are learned based on matrix
factorization techniques. Word2vec is a method to efficiently create word embeddings by using a
two-layer neural network. This simple neural network was developed in [11] and [12] as a
response to make the neural-network-based training of the embedding more efficient and since
then has become the de facto standard for developing pre-trained word embedding. Word2vec is
not a single algorithm but a combination of two techniques — CBOW (Continuous bag of words)
and Skip-gram model [11]. Skip-gram model is an efficient method for learning high-quality
vector representations of words from large amounts of unstructured text data. The Skip-gram
architecture is similar to CBOW, but instead of predicting the current word based on the context,
it tries to maximize the classification of a word based on another word in the same sentence.
GloVe stands for Global Vectors because the global corpus statistics are captured directly by the
model. The result by Pennington, Socher, and Manning [13] shows that GloVe is a new global
log-bilinear regression model for the unsupervised learning of word representations that
outperforms other models on word analogy, word similarity, and named entity recognition tasks.

1.2.3. BERT

BERT (Bidirectional Encoder Representations from Transformers) was published by Google
in 2018 and has recently achieved great performance in a wide range of NLP tasks, including
question answering and language inference. BERT is proved to be conceptually simple and
empirically powerful because it obtains new state-of-the-art results on eleven natural language
processing tasks [3]. The difference between BERT and other previous language representation
models is that it is designed to pre-train deep bidirectional representations from the unlabeled text
by jointly conditioning on both left and right context in all layers then the pre-trained BERT
model can be finetuned with just one additional output layer to create state-of-the-art models for
a wide range of NLP tasks, such as question answering and language inference, without
substantial task-specific architecture modifications [3]. In detail, BERT is first pre-trained using
two unsupervised tasks including Masked LM and Next Sentence Prediction (NSP). After that, a
pre-trained BERT model can be finetuned to model many downstream tasks whether they involve
single text or text pairs.

The model is trained on unlabeled data over different pre-training tasks in pre-training steps.
In contrast, in finetuning steps, the BERT model is first initialized with the pre-trained
parameters, and all of the parameters are fine-tuned using labeled data from the downstream
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tasks. These two steps are presented in Figure 1 by running an example of question-answering.
The BERT model architecture is a multi-layer bidirectional transformer encoder, and it is
discussed in detail in [3].

ﬁp Mask LM Mask LM \ /@ /@@AD Start/End Spax
&~ @

B o
I BERT
(E- EIEDE- 6
Masked Sentence A * Masked Sentence B Question ‘ Paragraph
\ Unlabeled Sentence A and B Pair / Question Answer Pair
Pre-training Fine-Tuning

Figure 1. Overall pre-training and fine-tuning procedures for BERT [3]

To make BERT handle different downstream tasks, a “sequence” is used as the input token
sequence to BERT, which may be a single sentence or two sentences packed together. The input
representation of each token is the sum of tokens, segments, and position embeddings. A
visualization of this construction can be seen in Figure 2. The reading comprehension question
answering system aims to answer questions given passage or document. For this reason, each
input question and paragraph must be represented as a single packed sequence (question with A
segmentation embeddings and paragraph with B segmentation embeddings).

Input ([usl] ( my 1 {dog} ( is ][cute” [SEP] ” he W likes V play 1 ( ##ing w [SEP] 1

Token E

Embeddlngs E[CLS] Emy Edog EIS Ecute E[SEP] Ehe likes Eplay E"ing E[SEP]
+ + + + + + + + + + +

Segment

Embeddlngs EA EA EA EA EA EA EB EB EB EB EB
+ + -+ -+ -+ -+ + + + -+ +*

Position

Embeddings EO El E2 E3 E4 ES EG E? ES E9 ElD

Figure 2. BERT input representation [3]

Due to the (BERT) has recently achieved state-of-the-art performance in question answering
tasks, in this paper, we will pick up some pre-trained BERT models from huggingface.co, which
can support multilingual, including Vietnamese to find which models are suitable for our chatbot
application.

1.3. Our approach

To have an appropriate dataset for all pre-trained BERT-based models, three main steps have
been taken which are data collection, data preprocessing, and data standardization. Firstly, and
most importantly, the dataset of question-and-answer pairs about university admission must be
collected. We have collected about 800 questions and their corresponding answers. In the
following step, we apply some techniques for normalizing and standardizing those questions such
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as cleaning data, adding Vietnamese accents, finding and replacing all the abbreviations with
normal form words, and removing stop words. After this step, we prepared around 800 pairs of
questions and answers for our experiment. This preprocessing step can be considered as a fine-
tune to enhance the learning performance. Next, we utilize word embedding algorithms to
automatically create the contexts for all pairs of questions and answers. Besides pairs of question
and answer, the paragraphs or the contexts that contain the information for the answer to each
question are also provided as input. We create the contexts from the university’s brochure or by
joining several answers which have similar semantic meanings. To find this group of these
answers we utilize embedding algorithms such as Word2vec or GloVe.

The contribution of the paper is to propose the process of data collection, data preprocessing,
and data standardization. Besides, we also examined several popular pre-trained BERT-based
language models for Vietnamese QA systems to find the most suitable model for our application.
Except for this section, the overall structure of the paper is as follows. Section 2 and Section 3
describe our approach and experiment. Section 4 describes the concluding remarks and future
scope of the research.

2. Proposed Methodology

In this paper, we use a method with two phases. In the first phase, we performed some steps in
Figure 3 to train data for the chatbot such as data preparation, data preprocessing, creating a
context for a question, and training with BERT models in Figure 3. In the second phase, we use
the model in the first phase to predict an answer to a question in Figure 4.

2.1. Training phase
2.1.1. Data preparation

Data labeling is an essential step in building an automated chatbot application, in which we
could present a question-answering system. We initially collected about 250 conversations from
Da Lat university's fan page. After filtering and selecting, we had around 260 admission-related
pairs of questions and answers from this source. We have also applied some steps to add
Vietnamese accents and find and replace all the abbreviations with normal form words.

In addition, we have collected admission information from our university’s brochure.
Thereafter, we preprocessed the crawled data, converted it to structured data, and then create
about 850 pairs of questions and answers. In addition, questions are classified into 27 intents. Our
experimental dataset contains around 800 pairs of unique questions and answers.

Chatbot Model — Training phase Q: Question, I: Intent, A: Answer, C: Context
Cf:)n\I'ersa‘rions of Embedding
admissions consultant
from Dalat University’s Word2vec Skipgram GloVe
fan page

I }

Data Database
—»
preprocessing Create contexts —{(QI c A)]——( Training H ‘

Data preparation

h 4

(QLA)

. Admilssion Model use in

information from prediction |« Evalvation l¢———
brochure phase

Figure 3. The model in the training phase
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Figure 4 illustrates an example for our corpus, including four main components: question,
intent, context, and answer. The intent is labeled by an integer number from 0 to 26, so we do
have 27 intents at this moment. In the future, we will have more intents to cover more plentiful
data of all questions and answers.

{

nign.
"question": "Cho em héi thé&m, td hop xét tuydn cila nganh CNTT 13 giz2",
"intent": ,

"context": "Nganh dao tao k§ su Céng ngh& Théng tin cé 3 chuyé&n nganh:

Mang may tinh, K¢ thuit phin mém va Khoa hec di ligdu. Td hop xét tuyédn
cla nganh Cédng ngh& Théng tin 13 R00, AO01, Al2, D9O.",

"answers": "A0Q, AO01l, Al2, DSO"

}

Figure 4. An example data

From a given question as in the example above, we may have more than one answer. This
depends on how we build the corpus and the order of the answers.

2.1.2. Data preprocessing

We applied several steps of preprocessing to the dataset to improve the quality of the data
before training the models. We added the context for all the questions and answers of the dataset
used for all BERT-based training models. Moreover, we used a stop-words list from [14],
ViTokenizer, and ViPosTagger [15] for word separation and POS tagging.

2.1.3. Creating contexts

BERT is a language representation model which has attracted lots of attention due to its
great performance in a wide range of NLP tasks, especially in machine reading comprehension
and question-answering tasks [3], [16]. The input token to BERT includes questions and
paragraphs or the context which contain the answer. These contexts can play an important role
in increasing the EM and F1 rates because the context contains lots of useful information
needed for answering all user’s questions that the system is not trained. Two methods are
applied for creating these contexts. First, we use the information supported in the university’s
brochure for all related questions. Second, for questions asked for numeric data, we can join
several answers which have similar information by employing some embedding algorithms
such as Skip, Word2vec, or GloVe. To create word representations using these algorithms, we
utilized a dataset consisting of 6.1 GB of text from 1.8 million articles collected through the
Vietnamese news portal at http://www.baomoi.com. The text is first normalized to lower case
and all special characters are removed except these common symbols: commas, semicolons,
colons, full stops, and percentage signs.

2.1.4. Training model

In this section, we choose some pre-trained BERT models from huggingface.co, which can
support multilingual, including English and Vietnamese. Unfortunately, all models designed only
for the Vietnamese language such as PhoBERT [17] do not produce the results we expect.
Therefore, in this section we keep only models which have the highest scores of F1 and EM in
the experiment as follows:

e Modell: salti/bert-base-multilingual-cased-finetuned-squad;
e Model2: mrm8488/bert-tiny-5-finetuned-squadv?;
e Model3: deepset/xIm-roberta-large-squad2;

e Model4: bert-large-uncased-whole-word-masking-finetuned-squad.
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Except Model 3 with 256 tokens, other models support the maximum question length up to 512
tokens. Meanwhile, the maximum answer length of all models is 64 tokens. These lengths are good
enough to capture short pairs of question-answer in our dataset, without doing content truncation.
All models are based on BERT architecture, which originally trained on 2 objects: Masked
Language Modeling (MLM) and Next Sentence Prediction (NSP). We apply transfer learning from
these pre-trained models, extracting embeddings to represent our inputs for the training.

2.2. Prediction phase

Due to the escalation of the corpus, more questions may be created in the future; we outline
the prediction phase in Figure 5, also be an optional plan. We will consider using this phase
whether depends on the scale of our corpus. In this phase, from a given question, at first, we
predict its intents or categories. Then, the guestion will be matched with other questions in the
corpus which have the same intents before choosing the most similar question (or candidate
question) or proper context to get the correct answer. Also, in this way, we downsize the time of
searching the similar questions and help to improve the performance in general. In scientific eyes,
this can be viewed as an attention mechanism where we only focus on the problem that we
believe to have the highest probability to get answers.

Chatbot Model — Prediction phase

Embedding

Question Word2vec Skipgram GloVe

h 4

Y

Classification of Matching -

Fal:=o Create Context ——»  Prediction
=vel matchi> = Thrashald

Y

Intent of question

intent

[rue 3

h 4

Answer

Answer

Figure 5. The model in the prediction phase

We use some word embeddings (Word2vec, Skipgram, GloVe) to calculate the similarity
between that given question and those in the same intents. We set a threshold (i.e. 0.9) to allow
the system to know whether to choose a direct answer from a similar question. If this fails, the
model will switch to find the proper context in the corpus-based on several information retrieval
techniques and reply to the BERT models to produce the answer.

3. Experiments

Table 1. The scores of F1 and EM over 4 models and 3 methods of catching semantic similarity

Models None Skip-gram GloVe Word2Vec
F1(%) EM (%) F1(%) EM (%) F1(%) EM (%) F1(%) EM (%)
Model 1  53.48 45.43 85.20 79.60 85.90 79.60 88.60 79.60

Model 2 53.19 21.44 82.30 78.00 82.80 78.00 85.50 78.00
Model 3 34.63 28.60 79.10 40.80 79.10 40.80 79.10 44.20
Model 4  20.80 17.97 53.30 50.30 52.80 50.30 54.30 50.30

We randomly split our dataset of 800 questions into 2 sets (dev_set and train_set) with a
proportion of 2:8. Then, we use dev_set for the testing process. To improve the performance, for
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each question, we use some techniques such as Skip-gram, GloVe, and Word2vec to capture in
our dataset all contexts which have the highest semantic similarity to that question (Table 1). In
this way, we widen the chance to retrieve the answers to an input question.

Table 1 presents F1 and EM scores over four models combining four methods, which are three
different word embedding methods (Skip-gram, GloVe, and Word2vec) to capture semantic
similarity in the sentence-level and one method without using any word embeddings called None.
Obviously, the performance is low when we do not apply any word embedding methods over
four models, in result as the highest F1 and EM scores of None are only 53.48% and 45.43%. In
other words, the word embedding methods outperform method None where the highest delta
differences of F1 and EM between these methods are 44.47% and 56.56%.

Word2vec shows a slightly better performance compared to Skip-gram and GloVe while Skip-
gram and GloVe do not indicate so much difference. Modell + Word2vec obtains the highest
scores for F1 and EM, 88.6% and 79.6% while the lowest F1 score is 20.80% and the lowest EM
score is 17.97%. All of the lowest scores belong to method None. In some combinations
(methods + models), the big gaps between F1 and EM scores may infer that there is a problem
from the model or from the way that we build the dataset.

300 A 288
. val
250 -
225 223
208
200 -
150
112 112 112
100 4 94
50 4
0.
18 28 16 19 27 15 14 22

question label

Figure 6. The number of questions by intents (labels)
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0.975

0.950 A

0.925 A

0.900 -

0.875

0.850 -

—— ftrain_acc

0.825 1
val_acc

2 4 6 8 10
epochs
Figure 7. The train accuracy and validation accuracy in 10 epochs
We also extend our work on the intent classification, which has various methods. However,

since the BERT models (bert-base-cased) outperform other methods in the experiment, we only
apply this method to our intent classification. After using some techniques to map terms in
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questions to Wikidata and use their aliases to form new sentences, we increase our corpus from
800 to 1374 questions, then use them to train over 8 intents showed in Figure 6. Also, the figure
points out the imbalanced problem happening in our corpus. Fortunately, BERT models can deal
well with this problem.

In the training process, we divide the corpus into 3 parts: training, testing and validating sets
with the ratio of 8:1:1. After 10 epochs in Figure 7, we gain the best model with a training
accuracy of 100%, validation accuracy of 99.9%. The accuracy values are extremely high
because we work with a small corpus and a small number of intents, but this also reflects the
prominent performance of BERT models that we found in a similar work by Jin et al. [18]. The
testing accuracy is 100% when we choose the best model from epoch 8 which the validation
accuracy gains the highest value.

4. Conclusion

In this paper, we have proposed a method for building a dataset in a chatbot application,
which has three basic steps, including data collecting, data preprocessing, and context building.
In the collecting data step, we have collected around 800 pairs of questions and answer in the
university’s admission domains from nearly 260 conversations and our university’s brochure. In
preprocessing data, we have applied several techniques for the Vietnamese dataset such as adding
Vietnamese accents, finding and replacing all the abbreviations with normal form words,
removing stop words, using ViTokenizer and ViTagger for word separation, and POS tagging.
Thereafter, we use embedding techniques such as Skip-gram, Word2vec, or GloVe to search for
similar contexts for enlarging the chance to find the appropriate answers in the models. The
experimental results show that these embeddings could improve significantly the F1 and EM
scores of the BERT-based models. After obtaining the dataset, we applied some available pre-
trained multilingual BERT-based models from huggingface.co to our dataset and realize that
salti/bert-base-multilingual-cased-finetuned-squad model is the most suitable model among four
models examined because it achieved the F1 score of 88.6% and EM score of 79.6%. We also do
our extra work on intent classification and realize that the BERT models outperform other
methods with the validation accuracy and train accuracy are 99.9% and 100%. In future work, we
intend to fine-tune these pre-trained BERT representations with additional architectures to apply
to specific tasks. Furthermore, we also develop the corpus size by using oversampling and under
sampling methods to control the corpus distribution by intents; as well as organizing our corpus
under knowledge graphs to easier manage and integrate it to other research.
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