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ABSTRACT. Jacob is a voice chatbot application that provides information related to the
Informatics Joint Degree program at Universitas Multimedia Nusantara. Jacob is cur-
rently designed to be able to do question answering and text mining online in real time for
the English language. This study aims to find the best model for question answering and
text mining for the Indonesian language and integrated with Jacob as proof of concept.
The pre-trained models of IndoBERT-lite and RoBERTu are studied and implemented as
a web service. The work includes pre-training and fine-tuning the two models with TyDi
QA and Indonesian-translated SQuAD datasets. The goal is to find a model that gives
answers in the Indonesian language with the highest accuracy and F-score value. The
test and evaluation results indicate that the indobert-lite-squad outperforms the rest for
Indonesian question answering and text mining applications.

Keywords: Fine-tuning, IndoBERT-lite, Indonesian language, Question answering,
RoBERTa, SQuAD, Text mining, TyDi QA

1. Introduction. Chatbots are designed to recognize user input using pattern match-
ing and to access information from the database to provide an appropriate response [1].
Chatbots are often used to assist human work in conveying information, i.e., in virtual
learning systems, customer service, etc. The knowledge of the chatbots depends on the
information stored in advance for the chatbot to use. Limitations on the availability of
the information confine the knowledge of the chatbots. This can be solved by utilizing
information from the Internet online. The web has become a large knowledge repository
that provides various information in various forms such as text, audio, graphics, video,
and multimedia [2]. The information is unlimited and can be accessed, stored, and updat-
ed by users worldwide. However, when searching for information online on the Internet,
the process is not straightforward. There are several links containing related information
that appear. In those links, there is much information in the form of unstructured text
that is not easily used directly by chatbots [3].

Jacob chatbot application is chosen as the target application for the proposed approach.
Jacob was developed in 2018 with basic conversational (question-answer) capability in
English on specific knowledge: joint degree program at Universitas Multimedia Nusan-
tara (UMN) [4]. The language used on the application is English, and the conversational
features provided by Jacob for the Indonesian language are not available. This is due to
the limited Indonesian language machine learning and text mining models, including In-
donesian datasets, compared to English. Multilingual chatbots are also important topics,
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as suggested in [5,6]. In addition, Jacob suffers from the restricted information stored
related to the targeted knowledge only. The source code and application are also fully
accessible for this work. This makes Jacob an ideal chatbot application to be the target
application in this study.

Related work on this topic is a study by Wilie et al. [7], which is a benchmark “In-
doNLU”. IndoNLU is the first benchmark for the process of training, evaluation, and
Indonesian natural language understanding on machine learning with 12 different tasks.
Benchmarks are designed to meet machine understanding of Indonesian’s formal and infor-
mal languages. IndoNLU also introduced the Indonesian language BERT neural network
architecture, named IndoBERT, and the ALBERT architecture, named IndoBERT-lite.
The results showed that the pre-trained IndoBERT and IndoBERT-lite models had the
highest F-score values compared to other pre-trained models [7]. Besides IndoBERT-lite,
another neural network architecture is an extension of the BERT architecture with the
name RoBERTa. RoBERTa, introduced by Liu et al. [8], is an acronym for the “Robustly
Optimized BERT Pretraining Approach”, which can even better and even exceed the per-
formance of the post-BERT method. In the study conducted, the results showed that the
RoBERTa architecture had the highest F-score with 94.6% in the SQuAD v1.1 dataset
and 89.4% in the SQUAD v2.0 compared to the others in the BERT architecture [9] and
XLNet [10].

This study’s main contribution is finding the best model for Indonesian language
question answering and text mining applications. The selected pre-trained models are
IndoBERT-lite and RoBERTa, fine-tuned using the Indonesian-translated SQuAD 2.0
dataset and TyDi QA to produce output in the form of answers to user questions. The
target application chosen in this study is the Jacob voice chatbot, and the implementation
of the models is carried out as web services using the Python 3.6 programming language
and the web framework Flask Python 1.0.2. The IndoBERT pre-trained model was not
chosen due to the large number of parameters used, and it is impossible to fine-tune
it with the existing system specifications. This study uses a pre-trained IndoBERT-lite
model that had been fine-tuned using SQuAD translated in Indonesian. The fine-tuned
IndoBERT-lite model can be found at the huggingface repository. The fine-tuning is car-
ried out using the pre-trained RoBERTa model found at huggingface repository. Testing
is carried out using a white box testing approach to see the accuracy and F-score values
from the implementation of IndoBERT-lite and RoBERTa.

The rest of this paper is divided into four sections. Section 2 presents literature related
to this study. Section 3 presents the methods, and Section 4 presents the results and
analysis. Finally, Section 5 discusses and concludes the work conferred in this paper.

2. Preliminaries.

2.1. Jacob. Jacob is a voice-based chatbot application used by the marketing staff of
Universitas Multimedia Nusantara to provide information related to the Joint Degree
Informatics study program. The information provided includes costs, curriculum, courses,
facilities, and careers based on Jacob’s knowledge base [4]. Jacob works by receiving input
in the form of sound captured using a microphone and providing output in the form of
sound with the help of loudspeakers. Input and output on the Jacob are in English. Jacob
is developed on a web base using the Wit.ai platform and uses a MySQL database. The
Jacob voice chatbot application has five modules implemented in the Jacob feature: the
main module, Cleveree, Vision, Lip-Syncing, and Adaptive Learning.

Jacob’s main module works by receiving voice input from the user. The input is con-
verted into text using the Web Speech API library in the form of Speech Recognition,
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and Jacob sends the data to Wit.ai. Wit.ai is a natural language understanding (NLU)
cloud platform developed by Facebook with a focus on finding meaning or meaning in a
sentence [11]. Wit.ai works with concepts to model the behavior of chatbots in recognizing
several possible conversations that are used. On the Wit.ai Platform, the text obtained is
processed by determining the context of the sentence according to user input in the form
of intents and entities. The Wit.ai platform returns the result in the form of JSON data.
Then, from the results obtained, the data are matched with the database to produce a
response corresponding to user input. After successful matching, Jacob responds to the
form of a response received back in the form of text to the user. The text in the form
of the answer is processed through the Web Speech API with Speech Synthesis, which
converts text into sound [4].

2.1.1. Cleveree module. The Cleveree module has a function to perform automatic sum-
marization and paraphrasing of answers on the Jacob voice chatbot using the Flask frame-
work in the Python programming language. This module is developed as a web service for
Jacob’s voice chatbot application. The automatic summarization feature automatically
summarizes the input the user provides to Jacob, and the summary is stored in the data-
base. The paraphrasing feature in the answers increases the variety of answers in Jacob’s
voice chatbot application [12].

2.1.2. Vision module. The Vision module has a function to create a facial recognition
feature on Jacob’s chatbot so that Jacob can recognize the user. This module is developed
using the Flask framework in Python. Jacob recognizes three types of users: regular users,
admins, and super admins. If Jacob recognizes the face of the user, the user is categorized
as an admin or super admin who can add new knowledge to Jacob. The difference is that
super admins have additional privileges to add new admins. Meanwhile, if Jacob does not
recognize the user’s face, the user is categorized as a regular user and can only conduct a
question-and-answer interaction with Jacob’s chatbot [13].

2.1.3. Lip-Syncing module. This module has a function to build a virtual chatbot char-
acter Jacob so that Jacob has a lip-sync feature where the mouth of the virtual character
Jacob can adjust to the output generated. This module is developed using the C# and
Unity programming languages as a platform for bringing up Jacob’s virtual character. Ja-
cob’s virtual character is developed as a desktop application connected to the web-based
Jacob voice chatbot using a bridge. The bridge is created using the PHP programming
language. With the bridge, the answers obtained through the web-based Jacob appli-
cation can be sent to the desktop-based Jacob application with the help of the JSON
Encode method [14].

2.1.4. Adaptive Learning module. The Adaptive Learning module is a module that func-
tions to help Jacob’s chatbot have the ability to do English text mining online. After
doing text mining, this module provides the most appropriate answers to the questions
given by the user from the information obtained. This module is built as a web service
using the ALBERT (A Lite BERT) neural network architecture, developed using Python
[15].

2.2. IndoBERT-lite. IndoBERT-lite is one of the pre-trained model variants introduced
by IndoNLU [7]. IndoBERT-lite is built based on the ALBERT architecture, which con-
tinues the BERT model by applying a factorization and weight sharing system to reduce
the use of parameters and time [16]. In the training model process, the IndoBERT-lite
architecture uses the Indo4B dataset, containing about 4 billion words with 250 million
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Indonesian sentences. IndoBERT-lite architecture is tested with other neural network ar-
chitectures to complete 12 downstream tasks divided into four categories: single-sentence
classification, single-sentence sequence-tagging, sentence-pair-classification, and sentence-
pair sequence labeling. The results show that the IndoBERT-lite architecture performs
well in classification and sequence labeling tasks. Although not as good as the IndoBERT
significant architecture, IndoBERTgAsg, XLM-Rparar, and XLM-Rgasg, which are the
top three with good performance, the performance of the IndoBERT-lite significant ar-
chitecture is equivalent to the XLM-Rpage architecture with 16 times the number of
parameters less. The comparison of IndoBERT and other models is given in Figure 1.

Emb. Hidden FFN Language Pre-train

Model #Params #Layers #Heads Size Size Size Type Emb. Type
Scratch 15.1M 6 10 300 300 3072 Mono -

fastText-cc-id 15.1M 6 10 300 300 3072 Mono Word Emb.
fastText-indo4b 15.1M 6 10 300 300 3072 Mono Word Emb.
IndoBERT-litegssg 11.7M 12 12 128 768 3072 Mono Contextual
IndoBERTgAsE 124.5M 12 12 768 768 3072 Mono Contextual
IndoBERT-lite; ArGE 17.7M 24 16 128 1024 4096 Mono Contextual
IndoBERT | ARrGE 335.2M 24 16 1024 1024 4096 Mono Contextual
mBERT 167.4M 12 12 768 768 3072 Multi Contextual
XLM-Rgase 278.TM 12 12 768 768 3072 Multi Contextual
XLM-RARGE 561.0M 24 16 1024 1024 4096 Multi Contextual
XLM-MLM] ArRGE 573.2M 16 16 1280 1280 5120 Multi Contextual

FIGURE 1. Baseline model results with the best configuration on bench-
mark [7]

2.3. RoBERTa. The robustly optimized BERT approach (RoBERTa) is an extension
of the BERT architecture that has been developed with a total dataset of 160GB in the
form of English-language corpora so that it can match or exceed the performance of all
post-BERT methods [8]. RoBERTa is built based on the study on BERT pre-training
replication [9] by measuring hyperparameters’ impact, and the training data size used.
RoBERTa has two pre-trained models: RoOBERTaLARGE and RoBERTaBASE [§].

2.3.1. Dynamic masking. The RoBERTa architecture uses the concept of dynamic mask-
ing, where a masking pattern is generated every time a sequence is added to the model.
This concept performs better than static masking when pre-training for steps and large
datasets.

2.3.2. Removing Next Sentence Prediction (NSP). Next Sentence Prediction (NSP) is a
binary classification loss for predicting whether two segments follow each other in the
text. NSP is designed to improve the performance of downstream tasks such as Natural
Language Inference [17] which requires reasoning about the relationship between pairs of
sentences. In the study by Liu et al. [8], it is found that using only one sentence can
reduce the performance of the downstream task. Thus, the RoBERTa architecture uses
complete sentences without using NSP loss.

2.3.3. Training with large batches. A training process with many mini-batches can im-
prove speed optimization and end-task performance when the learning rate is increased
appropriately [18]. The RoBERTa architecture increases the batch size from 256 sequences
on the BERT architecture [9] to 8,000 sequences.
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2.3.4. Byte-level Byte-Pair Encoding (BPE). Byte-Pair Encoding (BPE) is a combination
of character-level and word-level that allows for handling large vocabulary commonly used
[19]. BPE relies on a pre-tokenizer that splits the training data into words. The RoBERTa
architecture implements BPE using bytes [20] rather than Unicode characters as the basis
for subword units. Using bytes, it is possible to learn subword vocabulary up to 50,000
units in size and still be able to encode text input without introducing unknown tokens.

In a study by Liu et al. [8], trials are conducted on the architecture of RoBERTa,
BERTArcE, and XLNetparag. Researchers conducted training on the RoBERTa archi-
tecture with the same hyperparameter settings following the large BERT architecture
(24-layer, 1024-hidden, 16-heads, 355M parameters). When controlling the training data
process, the results show that the RoOBERTa architecture has a higher F-score than the
BERTArge and XLNetparge architectures. The comparison of the three architectures
is given in Figure 2.

SQuAD

(v1.1/2.0) MNLI-m SST-2

Model data  bsz steps

RoBERTa
with BOOKS + WIKI 16GB 8K 100K 93.6/87.3 89.0 95.3
+ additional data (§3.2) 160GB 8K 100K 94.0/87.7 89.3 95.6

+ pretrain longer 160GB 8K 300K 94.4/88.7 90.0 96.1

+ pretrain even longer 160GB 8K 500K 94.6/89.4 90.2 96.4
BERTLARGE

with BOOKS + WIKI 13GB 256 1M 90.9/81.8 86.6 93.7

with BOOKS + WIKI 13GB 256 1M  94.0/87.8 88.4 944

+ additional data 126GB 2K 500K 94.5/88.8 89.8 95.6

FIGURE 2. Results of pre-trained data using three architectures [8]

2.4. SQuAD. Stanford Question Answering Dataset (SQuAD) is a reading comprehen-
sion dataset containing more than 100,000 questions in English published in several
Wikipedia articles, where there are answers to each question in the article [21]. The
dataset is collected through 3 stages:

e Passage curation. The passage curation stage aims to get the top 10,000 articles on
the English Wikipedia and make a random sample of 536 articles;

e Question-answer collection. The question-answer collection stage aims to collect
questions and answers made by crowd workers. Each crowd worker is assigned to
make as many as five questions from the results of the articles obtained at the passage
curation stage;

e Additional answer collection. The additional answer collection stage aims to get an
indication of human performance in the dataset by adding at least two answers to
each question.

SQuAD has 2 versions: SQuAD v1.1 and SQuUAD v2.0 [22]. Version 1.1 of SQuUAD has
a weakness where the answer to the question is only based on the paragraph content, so
it ignores the question outside the paragraph content. In SQuAD v2.0, development is
carried out by increasing the amount of data. The dataset contains an amalgamation of
SQuAD v1.1 with an additional 50,000 unanswerable questions created by crowd workers
to be similar to the answerable questions.
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Muis and Purwarianti [23] researched sequence-to-sequence learning to build an Indone-
sian automatic question generator (AQG). The researchers built the SQuAD v2.0 dataset
in Indonesian. Researchers use the dataset as knowledge to conduct training on the sys-
tem so that machines can understand Indonesian. The dataset is built using the Google
Translate API v2 to translate the SQuAD v2.0 dataset from English to Indonesian. The
translation results are 536 articles with 161,550 question-answer pairs.

2.5. Typologically Diverse Languages Question Answering (TyDi QA). TyDi
QA is a question answering dataset that has 11 diverse languages with 204,000 question-
answers pairs [24]. The languages spoken include Arabic, Bengali, Finnish (Finno-Ugric),
Japanese, Indonesian, English, Kiswahili, Korean, Russian, Telugu, and Thai. Sources of
data in the TyDi QA dataset are collected from Wikipedia articles through 3 procedures
[24]:

e Question elicitation. Question elicitation is the stage where human annotators are
given instructions consisting of the first 100 characters of each Wikipedia article.
Then they are asked to write questions for which answers are available and those are
not provided in the guide;

e Article retrieval. Article retrieval is the stage to perform a search on Google search by
entering questions from human annotators. Searches are made on Wikipedia articles
with adjusted language setting restrictions. Then choose the top article from the
search performed;

e Answer labeling. Answer labeling is the last stage to choose the best passage answer
from the question/article pair. The best passage answer is determined from the
presence or absence of an appropriate answer from the paragraph of the article.

TyDi QA dataset has two tasks: primary tasks and secondary tasks [24].

e Primary Task

o Passage Selection Task (SelectP). Provide a list of passages in the article, then
return one of the index passages that answer the question or return “NULL” if
there is no passage that answers the question.

o Minimal Answer Span Task (MinSpan). Provide the full text of an article, and
then return one of the starting and ending byte indexes of the minimal span that
answers the question, “YES” or “NO” if the question requires a yes/no answer,
and “NULL” if it is not possible to produce an answer on the question.

e Secondary Task

o Golden Passage Task (GoldP). Provide passage containing answers, predicting a

single contiguous span of words that answer the question.

3. Methods.

3.1. Requirement analysis. Based on the results of the analysis of the Jacob voice
chatbot application that previous researchers have built, it is known that

e The language used as input and output on Jacob’s chatbot application is English;

e The Jacob voice chatbot application uses one app by using English on the Wit.ai
platform to get the value of the intent and entities of a sentence;

e Searching for information online is done using the help of Google Custom Search
Engine API, which has English settings so that the documents obtained for the text
mining process are based on English;

e Prediction of answers from information obtained online is made using the pre-trained
ALBERT model with the help of the Transformers library in the Python program-
ming language;
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e Jacob’s chatbot application is built using the PHP programming language with the
Laravel framework and also uses the Python programming language for web services
using the Flask framework;

e The table in the Jacob database contains only a table to store responses to be given
in English.

The addition and expansion of the Jacob chatbot and web service implementation to

be carried out in this study are as follows.

e Add the Indonesian language as the new language to make Jacob bilingual. This is
achieved by providing the Indonesian language as an option for the user.

e Add a new app on the Wit.ai platform for the Indonesian language feature to allow
Jacob to receive intents and entities in Indonesian.

e Add Google Custom Search Engine API with Indonesian language setting for search-
ing Indonesian text documents in the text mining process.

e Use the fine-tuned IndoBERT-lite and RoBERTa models with the help of the Trans-
formers and Simpletransformers libraries in the Python programming language to
predict answers from the results obtained under reasonable time delay.

e Add a new table to the Jacob database to store responses in Indonesian language.

3.2. Design. Based on the analysis described in the previous subchapter, the web service
and chatbot application design in the Indonesian language are carried out. In this study,
the models used to get the answers for Jacob’s users are pre-trained and fine-tuned for
the Indonesian language. This process aims to find the best model for the application.
The best fine-tuned model is implemented on the web service and integrated with the
Jacob voice chatbot application to test and evaluate the approach proposed in this study.
Accuracy and F-score are the performance metrics chosen in this study. The development
process used in this study is presented in Figure 3. In previous studies and related works,
the research on Indonesian-based machine learning models is focused on the technical
aspect of the models’ algorithm and dataset.

Perform
pre-training process

. Perform -
Perform Implement fine-tuned

o Accuracy and >
fine-tuning process . model on web service
F-Score calculation

Implement web
service into Jacob

F1GURE 3. Development process

The pre-training is done to get a pre-trained RoBERTa model for the Indonesian lan-
guage. The dataset used for the pre-training process is the Indo4B dataset. Based on the
Indo4B dataset, a tokenizer is made to obtain a list of vocabularies and word pairs in
the Indonesian language, which is required in the training process for the model. The
training dataset is created from the tokenizer. The produced model is used for masking
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but cannot yet deliver Question Answering (QA) capability. The fine-tuning process of
this model is carried out using the QA dataset.

The contribution of this study that expands previous work on Jacob web services lies
in how the pre-trained model works to provide predictive answers to the user in the In-
donesian language. The web service works begin with the Jacob voice chatbot application
sending input in the form of questions from the user to the web service with a POST re-
quest. The web service receives questions from users and uses them as keywords to search
for information online. The search results are obtained in several documents containing
information related to user questions. Jacob receives the data and processes the data.
After processing, Jacob sends the data back via a POST request. The web service receives
the data that Jacob has processed. The web service uses the data through a pre-trained
model applied to predicting answers according to user questions. The predicted answers
from the pre-trained model are stored in JSON form and sent to Jacob.

3.3. Implementation. The implementation work is carried out in Google Colaboratory
(Colab). The specifications of the Google Colab used are as follows.

e Graphical Processing Units (GPU):
0 12.69GB RAM
o 68.40GB Disk Space
o NVIDIA Tesla K80
e Tensor Processing Unit (TPU):
o 25GB RAM
o 128GB Disk Space
o NVIDIA P100

The pre-trained ROBERTA model is implemented by conducting the pre-trained model
process, the model fine-tuning process, and the application of the pre-trained RoOBERTA
model on the web service.

3.3.1. Pre-trained model. The process begins with training the tokenizer using the assis-
tance from ByteLevel BPETokenizer and the Indo4B dataset. The results of the tokenizer
obtained are in the form of two files, namely the vocab.json and merges.txt files. The
vocab.json file contains a collection of Indonesian vocabulary, while the merges.txt file
contains the dataset’s most frequently used byte pairs. The time needed to carry out the
tokenizer training process on the Indo4B dataset is 2 hours 25 minutes. The configura-
tion carried out follows the hyperparameters on the RoBERTa-based architecture. These
include the vocab_size of 52,000, the max position of 514, attention heads of 12, a hidden
layer of 6, and other configurations in the RobertaForMaskedLM library. The DataCol-
latorForLanguageModeling library organizes the obtained training datasets into batches
as a dictionary of tensors. The process is carried out using the help of a trainer with a
batch size configuration of 16 per device.

3.3.2. Fine-tuned model. The fine-tuning process uses a pre-trained model obtained from
the pre-training process and the QA dataset. The QA dataset used is the Indonesian
SQuAD dataset and the TyDi QA dataset. The fine-tuning process is carried out using
assistance from the Simpletransformers library and the FARM (Framework for Adapt-
ing Representation Models) library. The FARM library is used to fine-tune the SQuAD
dataset, while the Simpletransformers library is used to fine-tune the TyDi QA dataset.

Fine-tuning begins with data processing by creating a tokenizer from the pre-trained
model. After getting the tokenizer, create a data processor using the SQuAD dataset. The
data processor converts the dataset from raw text to the Pytorch dataset. The next step
is to fine-tune the model. The fine-tuning process is carried out using hyperparameter
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settings such as the batch size of 16, the learning rate of 1e-5, the epoch of 2, and other
settings in the library.

The hyperparDataSilo loads datasets in the train, test, and valid tests. The fine-tuning
process is carried out with the help of a trainer. The data preprocessing process is initially
carried out by fine-tuning the model using the TyDi QA dataset and the help of the
Simpletransformers library. Data preprocessing is carried out to ensure that the dataset
used in the fine-tuning process is a dataset that only uses Indonesian. The number of
epochs used is five in the configuration, and the batch size is 16.

3.4. Testing and evaluation. Tests are carried out to see the accuracy and F-score
values generated from the pre-training and fine-tuning carried out and to see the testing of
the implementation of the IndoBERT-lite and RoBERTa pre-trained models in predicting
the answers to user questions. The test scenarios carried out in this study are as follows.

1) Testing the pre-trained model to get the pre-trained RoOBERTa model for Indonesian
language using the Indo4B dataset.

2) Testing the fine-tuned model to get the fine-tuned RoBERTa model that can perform
question-answering in Indonesian language. Tests are carried out using the Indonesian
SQuAD and the TyDi QA datasets.

3) Tests on the fine-tuned model obtained through the fine-tuning process in providing
predictive answers from the information obtained online. The tests also used 5 fine-
tuned models, namely indobert-lite-squad, Roberta-1.5gb-tydiqa, Roberta-3gb-tydiqa,
Roberta-1.5gb-squad, and Roberta-3gb-squad. The five fine-tuned models are tested

to predict the answers to the 15 questions shown in Table 1.

TABLE 1. List of questions for the testing

No. Question in Indonesian Translation in English
1 Apa itu text mining? What is text mining?
2 Apa itu machine learning? What is machine learning?
3 Siapa CEO dari perusahaan Google saat ~ Who is the CEO of the current Google
mni? company?
4 Siapa pendiri Kompas Gramedia? Who is the founder of Kompas Gramedia?
5  Dimana tempat tinggal saya? Where do I live?
6  Dimana alamat Universitas Multimedia What is the address for Multimedia Nu-
Nusantara? santara University?
7 Tanggal berapa Kompas Gramedia berdiri? What date was Kompas Gramedia estab-
lished?
8  Berapa harga saham Bitcoin saat ini? What is the current Bitcoin price?
9  Kapan universitas multimedia didirikan?  When was the multimedia university
founded?
10  Kapan saya lulus dari universitas multime- When will I graduate from Nusantara
dia nusantara? Multimedia University?
11 Mengapa diperlukan adanya Artificial In- Why is Artificial Intelligence needed?
telligence?
12 Mengapa harga saham turun? Why did the stock price drop?
13 Bagaimana keadaan cuaca saat ini? How is the weather right now?
14  Berapa jam lamanya penerbangan dari How many hours is the flight from Jakarta
Jakarta ke Melbourne? to Melbourne?
15 Bagaimana saya dapat lulus? How can I graduate?
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Based on the test results obtained, an evaluation of the pre-trained models and fine-
tuned models is carried out, and an evaluation of the tests of the fine-tuned models is
used.

4. Results and Analysis. Tests on pre-training are carried out in several experiments
using variations in the size of different training data and changing the hyperparameter
configuration to train the model. The results of the pre-training process carried out can
be seen in Table 2.

TABLE 2. RoBERTa pre-training results

Dataset  Vocab Max Learning  Weight Adam
Dataset . . .
size size steps rate decay epsilon
Wikipedia 500MB 52,000 72,500 le-12 0.01 le-6
wiki 363MB 50,265 48,504 5e-5 0.01 le-6
conllu_all_uncased.txt 6GB 52,000 7,727,763 le-12 0.01 le-6
Wikipedia_conlu ) sp 59 160 195000 le-5 0.01 le-6
+ opensubtitles
Batch  Hidden Attention Training
Dataset size layer heads Epoch duration Accuracy
e 1 8h28mins
Wikipedia 16 6 12 1 (finished) 0.041
wiki 16 12 12 1 29mins 0.032
3h28mins
conllu_all_uncased.txt 16 6 12 1 —
(loss)
Wikipedia_conlu .
+ opensubtitles 16 6 12 1 9h32mins —

In Table 2, it can be seen that pre-training using a dataset of 500MB in size, the
learning rate of le-12 has an accuracy value of 0.0408898 with the duration of the pre-
training process as 8 hours 28 minutes, and has a max step of 72,500. In a 363MB dataset,
a learning rate of 5e-5 has an accuracy value of 0.0322657 with a duration of 29 minutes
for the pre-training process and has a max step of 48,504. In the pre-training process using
a 6GB dataset and a learning rate of le-12, the pre-training process has a max step of
0.0408898 with a duration of 8 hours and 28 minutes for the pre-training process and has
a max step of 72,500. In a 363MB dataset, a learning rate of 5e-5 has an accuracy value of
0.0322657 with a duration of 29 minutes for the pre-training process and has a max step
of 48,504. In the pre-training process that uses a dataset of 6GB and a learning rate of
le-12, the pre-training process has a max step of 7,727,763 but stops with a duration of 3
hours because the number of disks used exceeds the disk capacity used for the pre-training
process. Meanwhile, in the pre-training process using a 1.5GB dataset and a learning rate
of le-5, the pre-training process has a max step of 125,000. However, it stops with a
duration of 9 hours because the session used in the pre-training process approached the
timeout set by Google Colab.

Based on the test results obtained in the pre-training process, it can be seen that the pre-
trained model using a dataset below 1.5GB is successfully carried out, but the resulting
accuracy is minimal. The model that uses the Wikipedia dataset with 500MB has an
accuracy value of 0.041. While the pre-trained model using the Wikipedia dataset with a
size of 363MB has an accuracy value of 0.032. This affects the performance resulting from
the fine-tuning process using the pre-trained model, where the fine-tuned model has poor
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performance when answering the question. In addition, it can be seen that the RoBERTa
architecture has better performance if the dataset used in the pre-training has a larger
size. The RoBERTa architecture uses a dataset size of 160GB. Thus, testing cannot be
carried out using a dataset with a larger size due to the limitations of the Google Colab
specification used.

Testing the fine-tuned model process using two datasets, namely the SQuAD and TyDi
QA datasets. The results of the fine-tuning process for the RoBERTa model with the
SQuAD dataset can be seen in Table 3.

TABLE 3. RoBERTa fine-tuning results with SQuAD

Dataset Model Learning  Weight ~Batch Epoch
rate decay size
trz?r?;z(tie d cahya/Roberta-base-indonesian-1.5G le-5 0.01 16 1
tr:r?;lazi(tied wllwo/indo-roberta-small (3.1GB) le-5 0.01 16 1
Trial Phase 1
Dataset Model EM 1 T
Squad . '
translated cahya/Roberta-base-indonesian-1.5G  0.545 0.594 2h26m43s
Squad )
transalted wllwo/indo-roberta-small (3.1GB) 0.456 0.467 1h23m46s
Trial Phase 2
Dataset Model EM Pl Tine
Squad . '
translated cahya/Roberta-base-indonesian-1.5G  0.540 0.585 1h21m20s
Squad )
translated wllwo/indo-roberta-small (3.1GB) 0.474 0.479 1h18m6s
Trial Phase 3
Dataset Model EM Pl Tine
Squad ' .
translated cahya/Roberta-base-indonesian-1.5G  0.542 0.590 4h31m43s
Squad )
translated wllwo/indo-roberta-small (3.1GB) 0.471 0.477 1h18m13s

Table 3 shows the results of the tests carried out on two RoBERTa models. Testing is
done by fine-tuning the model 3 times. The hyperparameters used are learning rate of
le-5, weight decay of 0.01, batch size of 16, and epoch of 1 time, which values are obtained
from the fine-tuning process. This fine-tuning configuration is set up based on the work
of RoBERTa and customized accordingly to suit the implementation resources available
for this study.

In the first stage, the pre-trained cahya/Roberta-based-Indonesian-1.5G model resulted
in an exact match value of 0.545, F1 (F-score) of 0.594, and a training duration of 2 hours
26 minutes. While the pre-trained model wllwo/indo-roberta-small has the results in the
form of an exact match value of 0.456, F1 of 0.467, and a training duration of 1 hour 23
minutes. In the second stage, the pre-trained cahya/Roberta-base-indonesian-1.5G model
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resulted in an exact match value of 0.540, F1 of 0.585, and a training duration of 1 hour
21 minutes. While the pre-trained model wllwo/indo-roberta-small has the results in the
form of an exact match value of 0.474, F1 of 0.479, and a training duration of 1 hour 18
minutes. In the third stage, the pre-trained cahya/Roberta-base-indonesian-1.5G model
resulted in an exact match value of 0.542, F1 of 0.590, and a training duration of 4 hours
31 minutes. While the pre-trained model wllwo/indo-roberta-small has the results in the
form of an exact match value of 0.471, F1 of 0.477, and a training duration of 1 hour 18
minutes.

The TyDi QA dataset has been designed so that only Indonesian articles are used
through preprocessing. The results of the fine-tuning process on the RoBERTa model
with the TyDi QA dataset can be seen in Table 4.

TABLE 4. RoBERTa fine-tuning results with TyDi QA

Dataset Model Learning B%tCh Epoch
rate size
TyDi QA cahya/Roberta-base-indonesian-1.5G le-5 16 5
TyDi QA wllwo/indo-roberta-small (3.1GB) le-5 16 5
Trial Phase 1

Dataset Model Correct Incorrect Similar Time
TyDi QA cahya/Roberta-base-indonesian-1.5G 153 99 313 17m6s
TyDi QA wllwo/indo-roberta-small (3.1GB) 112 163 290  9mbs
Dataset Model Trial Phase 2

Correct Incorrect Similar Time
TyDi QA cahya/Roberta-base-indonesian-1.5G 154 96 315 20m10s
TyDi QA wllwo/indo-roberta-small (3.1GB) 112 156 297  9ml5s

Trial Phase 3

Dataset Model Correct Incorrect Similar Time
TyDi QA cahya/Roberta-base-indonesian-1.5G 156 97 312 16m49s
TyDi QA wllwo/indo-roberta-small (3.1GB) 112 155 298  9ml3s

Table 4 shows the results of the tests carried out by fine-tuning the model 3 times. The
hyperparameters used are learning rate of le-5, batch size of 16, and epochs of 5 times.
The test results obtained are correct, incorrect, and similar values. Correct is the number
of predicted answers that match the correct answer. Similar is the number of predicted
answers which are a substring of the correct answers. Incorrect is the number of predicted
answers with no correct and similar criteria.

In the first phase, the pre-trained model of cahya/Roberta-base-indonesian-1.5G re-
sulted in 153 correct, 99 incorrect, and 313 similar answers with 17 minutes of training
duration. While the pre-trained model wllwo/indo-roberta-small has 112 correct, 163
incorrect, and 290 similar answers with 9 minutes training duration. In the second phase,
the pre-trained model cahya/Roberta-base-indonesian-1.5G resulted in 154 correct, 96 in-
correct, and 315 similar answers with 20 minutes training duration. While the pre-trained
model wllwo/indo-roberta-small resulted in 112 correct, 156 incorrect, and 297 simi-
lar answers with 9 minutes training duration. In the third phase, the pre-trained model
cahya/Roberta-base-indonesian-1.5G resulted in 156 correct, 97 incorrect, and 312 similar
answers with 16 minutes of training duration. At the same time, the pre-trained model
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wllwo/indo-roberta-small resulted in 112 correct, 155 incorrect, and 298 similar answers
with 9 minutes of training duration.

Based on the results of the tests carried out in the fine-tuning process, it can be
seen in the SQuAD dataset that the Indonesian translation of the fine-tuned model
has Exact Match (EM) and F-score values. The pre-trained model of cahya/Roberta-
base-indonesian-1.5G has an average EM value of 0.542 and an F-score of 0.589. The
pre-trained model wllwo/indo-roberta-small has an average EM value of 0.467 and an
F-score of 0.474. In the TyDi QA dataset, the results of fine-tuning the model obtained
are correct, incorrect, and similar values. The pre-trained model cahya/Roberta-base-
indonesian-1.5G has an average correct value of 154, incorrect of 97, and similar of 313.
In contrast, the pre-trained model wllwo/indo-roberta-small has an average correct val-
ue of 112, incorrect of 158, and similar of 295. The performance generated from each
fine-tuned model has quite good results, which can be used in the question answering
system.

Based on the two results obtained, there is an anomaly where the pre-trained mod-
el wllwo-indo-roberta-small should have higher accuracy, F-score, and correct value
than the pre-trained model cahya-roberta-base-Indonesian-1.5G. This is because the pre-
trained model wllwo-indo-roberta-small uses a dataset of 3GB. This can be caused by
a system where the use of hyperparameters set in the pre-trained model cahya/Roberta-
base-indonesian-1.5G is greater than the hyperparameters set during the pre-trained mod-
el process in the pre-trained model wllwo-indo-roberta-small.

The final evaluation measures the accuracy and F-score obtained from the five fine-
tuned models when predicting answers. Table 5 shows the confusion matrix results from
the tests carried out on 15 questions. The graph regarding the accuracy and F-score values
from the five pre-trained models tested for answer prediction can be seen in Figure 4.

TABLE 5. Confusion matrix results

Model TP TN FP FN
indobert-lite-squad 12 0 0
Roberta-1.5gb-tydiqga 10 2
Roberta-3gb-tydiqa 5 2
Roberta-1.5gb-squad 7 0
Roberta-3gb-squad 6 0

2
7
3
6

W W = = W

Based on the results, the five fine-tuned models have an average F-score value above
0.5 or 50%. In Figure 4, it can be seen that the fine-tuned models indobert-lite-squad and
Roberta-1.5gb-tydiqa are two fine-tuned models with the highest accuracy and F-score
values. In contrast, the fine-tuned models of Roberta-3gb-tydiga, Roberta-1.5gb-squad,
and Roberta-3gb-squad have average accuracy values below 50%. This proves that in the
tests carried out, the three fine-tuned models that have average accuracy below 50% in
several cases are not accurate in providing answer predictions.

The fine-tuned Roberta-1.5gb-tydiga, which has an average accuracy value of 80% and
an average F-score of 87%, has weaknesses, which sometimes can give wrong answers or no
answers be given. However, this fine-tuned model has advantages for cases such as answers
that are not available on the results of the information obtained — expected to be compared
to the fine-tuned indobert-lite-squad model. The fine-tuned indobert-lite-squad model,
this fine-tuned model has advantages when compared to the fine-tuned Roberta-1.5gb-
squad model, where this fine-tuned model rarely gives the user wrong answers. However,
the weakness is that the fine-tuned model still provides answers when the answers to user
questions are not found in the information obtained.



1732 B. RICHARDSON AND A. WICAKSANA

Average fine-tuned model accuracy and F-score

1 I Accuracy
I F-score

indobert- roberta-1.5 roberta- roberta-1.5 roberta-
lite-squad  gb-tydiqa 3gb-tydiga gb-squad 3gb-squad

FIGURE 4. The average accuracy and F-score results of the fine-tuned models

The results found in this study show that the highest performing model is the fine-tuned
indobert-lite-squad among the rest. This model yields an average peak accuracy of 80%
and an F-score of 89%. The accuracy achieved in this study is higher compared to the
previous study, with an average peak accuracy of 76.2% in [25]. The fine-tuned RoBERTa
model of this study delivers an average F-score of 87%, which differs by —2.8% compared
to the previous study using the SQuAD 2.0 dataset in [8]. However, that work is done
using the English dataset.

5. Conclusions. This study successfully demonstrates the development of the Indone-
sian language Question Answering (QA) module integrated with Jacob’s voice chatbot
application. This is achieved by combining and expanding previous works on language
processing, text mining, and question answering for the Indonesian language. The fine-
tuned models that are applied to the Jacob are indobert-lite-squad and Roberta-1.5gb-
tydiga. The two models are chosen for Jacob based on the average accuracy and F-score
values obtained from the testing and evaluation results.

1) Pre-trained RoBERTa model with Wikipedia dataset sizes 500MB and 363MB is not
continued to the fine-tuning process due to the low accuracy of 0.041 and 0.032, re-
spectively.

2) Pre-trained model cahya/Roberta-base-indonesian-1.5G is the best pre-trained model
for fine-tuning the Indonesian SQuAD dataset with an average exact match value of
0.54 and an F-score of 0.59.

3) Pre-trained model cahya/Roberta-base-indonesian-1.5G is the best pre-trained model
for fine-tuning the TyDi QA dataset with an average correct value of 154, the incorrect
value of 97, and similar of 313.

4) Fine-tuned model Roberta-1.5gb-tydiga is the best solution compared with other fine-
tuned RoBERTa models in predicting answers with an accuracy value of 0.8 and an
F-score of 0.87.

5) Fine-tuned indobert-lite-squad model is the best solution of all fine-tuned models used
in predicting answers, with an accuracy value of 0.8 and an F-score of 0.89.

This study comes with a shortage of limited computer resources (CPU and RAM) for
the computation of the models. Based on this shortage, the suggested future directions
are as the following.
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Exploration with the RoBERTa hyperparameters and training data with dataset size
exceeding 10GB. This is to maximize the performance of the model.

Research to obtain a fine-tuned model that can perform question answering in Indone-
sian language using larger models, i.e., IndoBERT large and RoBERTa large.
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