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Abstract 

Currently, there is a tendency to increase the volume of documents containing 
complex text structures. Professional text proofreaders provide their services to 
correct errors in the text for not a small amount of money. A very large number 

of people every day around the world, who are closely connected with science or 

education. write a large volume of articles and, accordingly, each and all of them 
Should be written without errors and in the correct version. In order to automate 

this process, it was necessary to develop an algorithm based on the methods 

of analysis and correction of the input text. For high-quality text synthesis, it 

iS necessary to use machine learning technologies that require deep knowledge 
and understanding in this area. Among the many machine learning algorithms 

Hunspell algorithm seems to be one of the best to solve this issue. The essence 

of this algorithm is to bring all the words contained in the text to the original 

format. Thus, this work is based on multilevel segmentation of errors of Kazakh- 

language text from the Internet or by manual user input. It is worth noting 

that due to technological progress, the main source of linguistic research is social 

networks, which is a critical problem due to the dubious fidelity of texts. The 

Main purpose of this work was the formation and development of a spell-checking 

algorithm for the Kazakh language based on the existing Hunspell algorithin for 

English. As a result, the Hunspell algorithm was studied, where the methods of 

extracting the base of the word, as well as the ways of aggregation of the normal 

for alyzed. The essence of this algorithm lies in the inherent rule for 
M were analyzed. , ne 

Tt 

) hese rules are contained in the dictionary detecti i tvpos ina word. Thes 
cting errors and typ 

and its dependence on the algori 7 

rule " oe the more errors the algorithm detects and the more accurate it 
S there are, 

is. In addition, the forms and categories of Kazakh words and their differences 

_ a an algorithm was created to 

thm is directly proportional. Thus, the more 

i As a result, 
from Enelish words were also considered. As a Tes it, | 

Check ¢] lling of Kazakh words based on the existing Hunspell algorithm. The 

ck the spelling 0 

Signifi -< work seems to be that the correct spelling of words, sentences 

fo vance of this ty which is key im the development of modern civilization. 

ms @ literate sociely: languages, processing, Hunspell algo- 

Keywords: Kazakh language, natural 

ng . correction 
thin, text processing. text



Aygatia 

Moatingik MaTepliaJiaH JIOTUKaJIbIK HETi3eJIFeH 2KOHe 63eKTI cypakTapJbl Ky- 

Py, COHJali-aK olapAbI TeKcepy Oilim OepyyiH KenTereH caslalapbIH a KeH Ta- 

PaIFaH, COHBIMeCH KaTap MaHDbI3AbI *KYMbIC OombIN Tabbiiazbl. 

Opbip oKy *ytiecingwe Oaranay Manbisgpl. Baratay xxyiteci OKYLIbLIapAbIH 

e3tirinen 6i1iM amyarbl KeMIUJIKTepiH AHbIKTAN, OaPIbIH OKVa TaMyblHa Ke- 

MekTecegi. CypaKTapibl KOJIMe€H KypacTbIpy 2KaHe O/lapObl TeKcepy Kel KYIU 

*KyMcaliTplH Macesle, OFTKeHi OJ] MeTIHHIH Y3aK Y3iHAiiepin oKkyybl, Tasyayzbl, 

Tycinygi 2xeHe ecke Tycipyai Taran eregi. Horuoxecinge apromarranabippiiran 

Garanay »yliecinin Herisri MaKcaTbI OKy peCyPCTapbIHaH aBTOMATTHI Type CypaKTa] 

Kypy Ooupin Tabbliabl. 

>Kaxpiita 3epTTey dJeMiHJe TLIZiK Mosesbaey Mace.lenepinix OipHeme Typixe, 

acipece perrisikke 6o.2Kayra HerisqesIreH OpPTYP.i CypakTap reHepamusmay xylt- 

enepi ycprubitabi. Jlere#Men, MyHuaii *KYlieneplih KenWwisiri nattmananyuprra 

BIHFalicbI3; COHbIMeH KaTap cypakTap MeTIHepseH eMec, Keke colisIeMyepjeH 2Ka- 

Calayibl. 

By Maka.iajja MeH 6epimreH MeTIHZIK MaTepHasI Heri3iHgze cCypakTapabI Ky- 

py ywin NLP rexHosoriastapbli (saMaHayH Tauri TiTi eH-ey) KomZanaTblH 

KOJLaHOaHbl, aBTOMATTH! MoTinre Heri3qesreH TecT »KacaymbiHp! (TestGen) 2xoHe 

OcbI cypaKTapra aBTOMATTbI TeKCepy »*«yleciH ycbIHaMbIH. TestGen cypaKTapJbl 

. i HaaJIAHVIUbIFA bIHFAalJIbI eT 1 H 2Kacay »KoHe TecTiIey OPeKETTEPIH Mal AaTany 6 ¥ yun Rouen 

2KaHa MyMKiWJIKTepAl 6ipikTipezl. _ | 

Tyitin ce3gep: cyPas KoIO, TAOHFU Tigi eHZey, Sinim 6epy, TecT apKbWJIb! 

Oaranay, TimgiK MOAe/Ib



AHHOTalia 

Tenepauua JIOTIYeCKIi OOOCHOBaHHBIX Ii pe-I€BaHTHBIX BOTIPOCOB H3 TEKCTOBOTO 

MaTepiia.la, a TaK2Ke UX IPOBePKa ABJIAeCTCA OOBINHbIM, HO 2KH3HEHHO BaxKHbIM 

aeticrsuem 4a MHOrUX cep oOpa3zoBaHHa. 

OueHKa uMeeT pelllaiollee 3HaueHIie B suo6olt ciicTemMe oOyueHus. CucTema 

ONeHHBAHUA MOXKET BbIABHTb Mpobeb! B CAaMOOOYYeHHH yyaLixcs 1 MOMOYb MM 

pasBuBaTbea B mpouecce o6yyenua. PyyHaa reHepaliia BOMpocoB BMeCcTe C Tix 

MpopepKolt TpeOyeT OO/IbLUMX YCHJIHI, MOCKOJIbKYy Tpe6yeT uTeHua, pas0opa, mo- 

HHMaHHA MW 3anOMMHaHiA IJIMHHbIX OTPbIBKOB Texcta. B pesyIbTaTe OCHOBHadA 

HeJIb ABTOMATH3HpOBaHHolt CHCTEMbI OLLEHNBAaHHA COCTOHT B TOM, YTOObI ABTOMA- 

TH¥eCKH reHepHpOBaTb BOMpocel 13 yueOHbIX PeCyPCos. 

B nocnenuee BpeMA B HCCieAOBaTesIbCKOM Mupe ObIJIN MpeWO%KeHb! pasJi14- 

Hble CHCTeMbI PeHeEpallI BOIPOCOB, OCHOBAHHbIe Ha HECKOJIDKMX THMTaXx 3aa4 A3bI- 

o6CHHO H& MPOHOSHPOBaHHH OT MOCMeJOBaTe/IbHOCTH 
KOBOrO MOeJIMpOBaHHA, oc 

paTeIbHocTu. O2HaKo 6O/IbUIMHCTBO TaKHX CHCT€M HeyOOHDI JIA M0.1b- 

CbI CO3al0TCA 113 OTJCJIbBHBIX CTPOK, a H€ TCKCTOB. 

TOMaTHUeCKy!O TeHepallWio TeECTOB Ha OCHOBE 

K Tloc.1eqO 

30BaTeA; TaK2Ke BOMPO 

B sroii crarpe 4 Upesiaraio aB 

enna (TestGen), MpriorkeHie, KoTOpoe licliombsyeT CoBpeMeH- 

Hbie TexHo.1orult OOpaSoTKH eCTeCTBeHHOTO a3pika (NLP) og co3qaHua BormpocoB 

Horo TeKCTOBOTO MaTepHaJla M aBTOMATHYeCKO!l CHCTeMBI 

MaTepliata AJA AT 

Ha OcHOBe MpesOCcTaBse 

ocos. TestGen coveTaeT B ceOe MHOXKeCTBO HOBbIX PYHK- 

OWeHKH VIA STIX BONP 

pocoB M AelicTBua 10 TeCTHpoBaHito yOOHBIMI 

lui, urobpr cyelaTb cosmaHie BOII 

ASIA TlOIb30BaTeJIA. 

reHepaliia BOIMpocos, oOpaboTka eCTeCTBeHHOrO AB3bIKa, 

Karouespie CJIOBa: 

o6pazopaHiie, OWeHKA, q3bIKOBaA MOACJIb
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Nomenclature 

LM Language model 

NER named entity recognizer 

NLG Natural Language Generation 

NLU Natural Language Understanding 

QG Question Generation 

SQuAD Stanford Question Answering Dataset 

UniLM Unified Language Model 

VQG visual question generation



1. Introduction 

1.1 Motivation 

In the past, people have generally depended on their capacity to ask insightful 

questions in order to evaluate a user’s level of understanding regarding a specific 

body of information (a comprehension, an article, etc.). Nevertheless, coming up 
’ 

with questions one at @ time is a challenging task to undertake. What kinds of 

solutions are there for dealing with this issue? Automated question generating 

(QG) systems might be useful in this regard because they teach users how to 

effectively construct 

tomate that process. 

questions in big quantities. In the course of this study, my 

The difficulty of automatically generating 
Objective is to au 

ething that particularly piques my 

factual questions from specific texts is som 

Curiosity. 

Natural language understanding and generation are necessary in question cre- 

ation(1]. As detailed above, this is particularly applicable to a system that uses 

NLU to analyze raw text as input, and then uses NLG to translate the interme- 

o English language queries [2]. NLG, according to Mc- 

thoughts into words [3]. A QG system has se veral 

telligent teaching systems, automated reading 

diate representations int 

Donald, is the act of putting 

uses, including FAQ generating, in 

nd virtual assistants /chatbo
ts. 

varied interpretations of questions highlight the signifi- 

the goal of automatically generating them. 

questions will be discussed, and the relevance of 

comprehension, @ 

These intricate and 

cance of questions and, by extension, 

Later on in this dissertation, 

will be underlined. 

years, all increase 

m 

hes are predicated on 

end neural network designs have 

ing. On the other 
questions 

d number of end-to- 

tasks including question answer 

syntactic and semantic analysis, 
In recent 

been constructed to perfor 

hand, conventional approac
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Figure 1.1: Overview of UniLM pre-training [4] 

created qualities. In order to obtain more precise findings, end-to- 

ork methodologies are utilized. On the other hand, conventional 

p than their modern equivalents. 

The SQuAD - Stanford Question Answering Dataset “Is used in this study. 

SQuAD takes into account queries that were asked by individuals on Wikipedia 

articles. The solution to each question can be found in the corresponding article 

on Wikipedia that has been linked. SQuAD has around one hundred thousand 

girs that are dispersed among five hundred or more articles. 

ts a question generating system that makes use of both 

tion to both of those systems. The abbreviation for 

"Unified Language Model" is "UniLM". There are three main kinds of unsu- 

“ee odeling goals for UNILM, which has been pre-trained on 

Pervised langue t. Because of the preliminary training done using lan- 

ns ot ne “of natural language processing applications have made 

eof advancing technology (LM). Overview of UniLM pre- 

in addition to 

end neural netw 

methods are simpler to gras 

question-answer P 

This study presen | 

SQuAd and UniLM in addi 

enormous amou 

guage models, a wid 

enormous 
strides in term 

own in Figure 1.1 
. ith the intention of coming up 

f UniLM carried 
training is sh out experiments w 

Researchers 0



with answer-aware questions. They sought to devise a question that, depending on 
the sequence of events and the amount of time that was provided for responding 
to it, would evoke a particular response from the participants. For purposes 
of evaluation, the SQuAD dataset is utilized. In the following chapter, a more 
in-depth discussion of the SQuAD dataset is going to be presented. In order 
to preserve the development set, the testing and training sets from the initial 
data collection were split apart. After the data has been divided, the trials are 
conducted using the development-test split that has been turned upside down. 

5]. 
A sequence-to-sequence problem is used to describe the task of question devel- 

opment. First, the paragraph and the response are combined in the first section, 

followed by a new question that has been generated. With batch size set to 32 and 

masking probability at 0, the learning rate is set to 2e-5 as the developers fine- 

tune UNILM on the training set for 10 epochs. 0.1 is the smoothing rate for the 

labeling. Training hasn’t changed the remaining hyper-parameters in any way. By 

selecting a passage segment that contains the answer, the input is reduced to 464 

tokens throughout the decoding process. Given an input sequence x = 21...2|z| 

, for each token, UNILM generates a contextualized vector representation. 

Figure 1.1 shows how pre-training improves the shared Transformer [6] net- 

Work’s performance on a variety of unsupervised language modeling tasks, in- 

cluding single directional language model (LM), bi-directional LM, and seq-to-seq 

LM. To control who has access to the expected context of a word token, creators 

attention masks. In other words, the token’s contextualized 
use a variety of self- ; toke 

representation is computed based on how much information it should focus on 
nta 

Via masking. It is possible to fine-tune UNILM using task-specific data once it 

has been pretrained. All LM targets have the same set of model parameters (i.e., 

bidirectional LM, unidirectional LM, and sequence-to-sequence LM). The authors 

asks in order to manage the access to con- 
devi saty of self-attention m : 

Lovt t . h a An analogy may be drawn between a right-left LM and the 

Xt for each word. 

left-y; . eft right one. routting-edge Natural Language Processing (N LP) technology, 

With the help QA system on SQuAD that generates and evaluates 
this article aims to construct a : : 

S article aims 
| . ; 

ding on input text content. Here 1s a Figure 1.2 showing how the 

eens oe hahism works. It’s a way of expressing the logic of the 

g mechani: question generatin
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Figure 1.2: Structure of question generator and assessment 

ch is then processed to generate the 

To begin, the user inputs the text, whi 
be accomplished by utilizing 

e. Tokenization of sentences will 

This stage is essential since only a sentence can 

be processed in order to form a question, and text cannot be handled in this 

Manner. The SpaCy library will be utilized in order to obtain the sentence’s 

. to extract the Named Entity (NE). At 
possesses the method 

ure, the potential solutions to the query that will be formed 

tokens for the phras 

nltk libraries for tokenization. 

Subject because it 

Some point in the fut 

will be named entities. 
| | - 

nd important step is to create a set of candidate questions consisting 

d a response. These sets are termed candidates. A string with 

is what UniLM expects as its input. 
and Answer>’ 

hrase that was gleaned through the process 

The seco 

of a sentence an 

the format ‘Context >[SEP] 

A S x 
. 1 

f 
( ' 

; ‘ : ; 

vsontes i" ot y San : ned e 
j 

° nal 

of sentence tokenizZ 100, and an Answer 1S 4 

n. a model generates questions after proce 

7 

° 

stences and replies taken from an input tex 

ntity. 

ssing an input consisting 

In conclusio t. In this particular 

of an array of set 
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scenario, the questions are saved in an output file, and later on, as an added 

functionality, they will be used in the evaluation to compare the user’s answer 

against the given answer by 

The Levenshtein distance is a method that determines how closely related two 

are contrasted with one another. The closer the relationship 

making use of the Levenshtein distance. 

words are when they 

between the two things is, the shorter the distance between them, as measured by 

the number that is returned. When we look up “helo" in the dictionary alongside 

other words, we find that "hello" is the most likely candidate for the correct 

answer. According to what was stated in the paragraph before this one, the 

Levenshtein distance was applied in order to evaluate the responses. 

Following are the examples of a paragraph and questions that would be gen- 

erated from a question generation system: 

“The Second World War - also referred as the World War II - 

ace in period of 1939 to 1949 and was referred 

d the Axis were constituted by the 

Paragraph 1: 

a worldwide conflict that took pl 

to as the Second World War. The Allies an 

of the world’s nations, including all of the world’s major 

overwhelming majority 

powers.” 

© Question 1: What does WWII stand for? 

e Question 2: How long did World War I last? 

e Question 3: What were the two opposing military alliances? 

n of Kievan Rus’ by the Mongols in the 13th century 

y of Kyiv, which had been founded in 1240. Near the end 

ity of Bulgar tribes dispersed and were replaced by 

d control of a significant portion of the region.” 

Paragraph 2: “The invasio 

largely obliterated the cit 

of the century, the vast major 

Khazars, who eventually acquire 

‘7 1: What was destroyed by the Mongols? 

9 By whom the land was inhabited, during the Iron Age? 

; re, 

3. Who migrated in different directions: 

e infected with COVID-19 when they breathe in 

d minute airborne particles that are carrying 

emic in Wuhan, the infection and 

e Question 

“People becom 

droplets an 

ly stages of the epid 

Paragraph 3: 

polluted air that contains 

the virus. During the ear 

11



the sickness were often called to as "coronavirus" as well as "Wuhan coronavirus," 

with the disease also being referred to as "Wuhan pneumonia" at times. People 

can continue to spread the virus for approximately 20 days after they stop showing 

symptoms, during which time they are still considered contagious.” 

e Question 1: How COVID-19 transmits? 

e Question 2: For how many days people remain contagious? 

e Question 3: Where the initial outbreak took place? 

1.2 Aims and Objectives 

This work aims to develop a question generation system that, given a piece of 

input text, is capable of producing a number of factual questions based on ma- 

terial obtained from an external source (which might be any source of factual 

information). After a user has picked and updated these questions, they can then 

5 or as part of a test to determine whether or not 

d the material contained in the content. 

ly concentrated on reading nonfiction 

use them in practice training 

students have reviewed and remembere 

My efforts to generate questions are primari 

literature because they present facts rather than opinions. It would be interesting 

and illuminating to create questions relating to personal writings and anecdotes, 

but these subjects will be covered in the future. Instead of modeling more specific 

lexical and syntactic elements of investigations and the demonstration of actual 

facts, I built a general-purpose system for producing factual inquiries that leaves 

out information that is specific to the subject being investigated. The following 

. : . jectives: 
are the research’s primary object! 

e Use an UniLM model for question generation, 

e Prepare input using Named Entity Recognition (NER); 

e Use Levenshtein distance for test assessment, 

© Build a web server using Django 

12



1.3. Thesis Outline 

The " he "Introduction" chapter is the first one that is presented in the book. Thi 
| : | . This 

is the one that you are reading right now. It gives a feeling of how the work 

was . . 
: 

a i 
. 

performed while also providing an overview of the goals and objectives of 

the project. In the chapter titled 2. I discuss various publications, projects 

and research that I believe to be interesting. Related publications do address 

approaches for the creation of questions; however, rather than examining explicitly 

language model based techniques, it will delve more deeply into the many sorts 

ll do an analysis for the dataset, during which | 

of generation. In addition, Iw 

will cover multiple language models. In the following subsection, we will delve 

even further into the structure of the dataset that was developed by academics 

at Stanford University. The answer to the predicament is detailed in the chapter 

referred to as 3. To put it another way, how exactly the question is going to be 

what sort of technological foundations it will have. In addition to 

ation will be stated. It will be shown 

4 including the web server, back end, 

formed, and 

teria for a successful compil 

hapter 

ful work effort necessitates the utilization of 

d to produce a stable platform in both the 

d does play an essential 

that, the cri 

how to implement everything in © 

and front end processes. A success 

at are designe 

d of the system. The front-en 

which results in the creation of a 
contemporary practices th 

front end and the back en 

part in the interaction with the application, 

convenient testing tool. The outcomes of the implementation are presented in 

Chapter 5 as well as future plans for the work. The results will demonstrate the 

capabilities that a user CaP expect to obtain from the final product, which is the 

functional constituent of the test and the question generator. In the last part of 

ch is called the Conclusion chapter, we summarize all that has been 

k by evaluating and analyzing each stage. 
the study, whi 

discussed thus far jn the wor 

13



2. Literature review 

The review of the relevant literature for the question creation exercise consists of 

four main sections. 

There have been some preliminary attempts made toward the generation of 

questions in this area. In the first chapter, we will go back to the early studies 

that were done in the 1970s. At that time, researchers were only able to construct 

wh-questions from single sentences and other studies. 

The second part of this section is made up of related works that have been 

organized according to the method of investigation used.There are three different 

approaches that can be taken when generating questions: the objective approach, 

the subjective approach, and the visual approach. 

The SQuAD dataset will be discussed in the third section of this article. There 

will be a description of other specifics, such as annotations, analyses of datasets, 

gories of answers. In addition, the factors indicated behind the 
Samples, and cate 

number of different language 
choice of this dataset would be accounted for in a 

models. 

In this final portion, the language models GPT-3, BERT, and UniLM will be 

the primary topics of discussion. 

21. First attempts in the field of question gener- 

ation 
nswers is challenging. Since Wolfe 

automated questions and a 

in 1976, generating Wh-questions 

et al. [7] revealed their AUTOQUE
ST system 1 

: 

ces has been a challenge for researchers. After this, a large 

ere utilized, including those based on pattern 

extremely reliant on rules 

The development of 

from single senten 

huinber of citation- 

Matching and linear regre 

based models w' 

ssion. This kind of system 18 

14



or question templates, necessitates significant language comprehension, and is not 

sufficiently exhaustive [8]. The most recent advancements in neural machine trans- 
lation have made it possible for deep neural networks to learn implicit rules from 

data [9]. The use of sequence-to-sequence learning as a method for automating 

the production of interview questions has gained popularity in recent years. 

2.2. Related works by question generation tech- 

niques 

There are two major classes of questions that can be split up into the objective 

and subjective categories, respectively. This objective question does not present 

students with a choice between two alternatives; rather, it asks them to suggest 

either a single phrase or a string of words that can be used to solve the issue that 

Is being discussed. 

The majority of the questi 

true-false, matching, and el] in the blank categories. On the other hand, the sub- 

nt’s question necessitates an explanation that enables the 

ons on school exams are from the multiple-choice, 

jective nature of a stude 

student to develop and compose their own response. Both short-answer questions 

swer questions are examples of the subjective forms of queries that 
and long-an 

nd, a good classroom test should 
are asked the most frequently. On the other ha 

d objective questions. 

have an equal number of subjective an 

1 question creation in this section, 
On the other hand, we will discuss visua 

which is a form of question generation. Because technology is getting better, 

more and more people are using computer vision to make questions. 

2.2.1 Objective question generation 2 

According to the findings of the literature review, the majorit : 

ue developing objective types of inquiries. In their experi- 

foc ‘+ attention on 
2 : 

ee 
ked participants only questions that were either multiple- 

h research done on topics with no clear 

y of researchers 

ments, the researchers a5 

d. There isn’t muc 

choice or closed-ende 

ed the clue inside an open-cloze question. alswers. 
suppli 

; 

eda ; i (2009) [10 ; 
Pino and Eskenazl (2009) hal letters of a word that was missing provid 

They observed that the initial couple 
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hint about the term that was missing. Their objective was to adjust the amount of 

letters in the suggestion in order to pose questions of varying degrees of difficulty 

in order to make it easier for kids to expand their vocabulary. 

Das and Majumder (2017) [11] proposed a way for generating open-ended 

questions to assess learners’ knowledge. These questions were made by an au- 

tomated system that makes only fill-in-the-blank options for factual open-cloze 

questions. First, the algorithm pulls a group of useful phrases out of the input 

corpus. Focusing on part-of-speech tags as well as other requirements, the phrases 

are considered to be informative. Then, questions are made by leaving out the an- 

swer keys, which are chosen by looking for phrases inside these sentences that are 

specific to the domain. An open-cloze question’s unbound choice set commonly 

confuses test-takers. On the other hand, open-cloze questions need students to 

have more information in order to be more effective than cloze questions. Finally, 

in order to reduce the number of possible answers and make grading simpler, Das 

and Majumder have provided answer suggestions for candidates. 

Coniam (1997)[12] proposed an approach that is one of the oldest strategies 

for the generation of cloze test items. It was through the use of word frequencies 

that he analyzed the corpus in its many stages of development, like in order to 

collect the keys to test items, produce te 

then determine which test items were good and which were poor. In order to 

design test items, he began by matching the parts-of-speech and word frequency 

ith a word class that contained a word frequency that 

st item alternates, create cloze test items, 

of every given test key w 

was comparable. 

Chen et al. (2006) [13] 
partially automated for gen- 

created a program that is 

lizing NLP methods. In this work, Natural 

erating grammatical test items by utl 
7 

make grammar test questions. Sentences 

ssing tools are used to 

ed into grammatical exams based on carefully 

est writing knowledge as test patterns, collect- 

s to translate 

Language Proce 

acquired from the web are turn 

establi “ns. Encoding t . 
ablished patter Web, and applying generation processe 

part of the strategy. Sentences are translated into 

t runtime: multiple 

ns to discover actual phrases 

d into grammatr-based 

ing real sentences from the 

S ects are all . . 
entences into obje choice and mistake de- 

two sorts of TOEFL-styl
e questions a 7 | 

tection, Their method entailed handcrafting P@ er 

hich were then transforme 

istr 
the internet, W 

memnauations A ding to their trial results, the strategy generated 77 percent 

or exam questions. Acc 
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relevant inquiries. 

Cloze test items from online news articles were created by Hoshino and Naka- 

gawa in 2007 [14] using a semi-automated technique. Students had to supply the 

missing words from a passage that was used in a test item missing one or more of 

them. The grammar and vocabulary distractions produced by their method were 

the outcomes of their strategy. It was found that their system was responsible for 

producing 80 percent of the problems worthy of testing. 

Using a biology textbook, Agarwal and Mannem (2011) [15] showed how to 

produce gap-fill questions. The number of pronouns and nouns in a phrase, ab- 

breviation or superlatives, and sentence length were all factors in the creation of 

the questions. These features were taken into consideration as the questions were 

being drafted. Fill-in-the-blank questions are comprised of one right answer and 

three incorrect alternatives. By first blanking out the keys in the sentences and 

then detecting the distractor phrases, the algorithm finds instructive sentences 

to use as the basis for gap-fill questions. No external resources are required for 

this strategy, which uses syntactic and lexical properties. In terms of how these 

ere weighted or blended, they didn’t go into great depth. 

ce questions from a language textbook may be generated using 

a& semi-automated method, according to Mitkov et al. (2006) [16]. Their NLP 

techniques included a wide range of approaches. In addition to traditional NLP 

techniques such as shallow parsing, automatic word extraction, sentence modifi- 

cation. and semantic distance calculation, the system uses corpora and ontologies 

dition to creating questions and multiple-choice dis- 

deas, it provides the user with an easy-to-use 

characteristics w 

Multiple-choi 

as language resources. In ad 
) 

. 

tractors based on the text's core ! 

interface to alter the test items. 

- creati Itiple- 
An automated method fo1 creating mu 

7 

has been developed by Bhatia et al (2013)(17]. In work, theyprovide a way for 

generating multiple choice examination questions with Wikipedia. Using existing 

rating n - 
; oo. 

online : tions, they provide a strategy for potential phrase selection in 

I est ’ 
. 

i" ne . vl 4 from the prese at questions, the sentences are picked based 

Is study. Inrerre 
I 

dition, Bhatia et al. provide a novel way for constructing 

In eee 5. To produce high named entity distractors, they 
e . 

wh 
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eters out 
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world is where they do their research. 

choice questions based on Wikipedia 

On a pattern. 
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i 
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to the same attribute values. The 5] 

17



A group of evaluators uses a set of criteria to judge the questions and the things 

that distract from them. Based on what the investigation found, the method is 

pretty accurate. 

Nominated Entity Recognition and Syntactic Structure Similarity were uti- 

lized to choose MCQ production phrases by Majumder and Saha (2015) [18]. 

Topic modeling as well as parse tree - structured similarity were used to find infor- 

mational terms for inquiries. Based on subject and the named-entity, a gazetteer 

list was utilized to choose keywords and distractors. 

2.2.2 Subjective question generation 

In the literature, there are just a few studies that concentrate on the generation 

of subjective questions. 

It was hypothesized by Deena et al. (2020) [19] that an NLP and Bloom’s 

taxonomy-based question generation system might dynamically generate subjec- 

tive questions while lowering memory consumption. First, a named entity rec- © 

ognizer is used to make questions with distractor sets. Additionally, Blooms 

based natural language processing is used to construct the Subjective 

questions (NLP). The goal of the proposed mechanism is to come up with ques- 

tions on the fly, which helps people remember more ideas. 

The fundamental problem of subjective evaluation is proper scoring. An ed- 

; Lge gs - ocearch focus is thus on automated subjective- 
ucational institution’s current research f : ' J 

It saves time and energy In the education system by 

ns. Evaluation of ob jective-type answers is simple and 

only needs a binary system to figure out where the choice is best. However, due 

to its complexity subjective response evaluation does not produce appropriate 

4 ) . . . 

results. Next, we'll look at several research on subjective answer evaluation and 

. Next, 

methodology. 

Leacock and et 

Interacts with text s 

material are assessed using C- | 

g, it utilizes predicat 
s) 

S 

With the manual review of human graders, 

taxonomy- 

answer assessment [20]. 

Cutting down on evaluatio 

rater response grading system that 

c. in 2003 [21] presented a C- 

uestions with topic-based 

emantic information. Short answer q 

rater, an automated scoring method. In addition 
er, a 

e argument structure, pronoun reference, 

to stri natchin ; 
tring ma ysis, and synonym to give credit to a short answer. Several 

analysis, morphological ; 
rater. 

studies have made use of the C- / 

i 
ecuracy. 

their method attained 84 percent ace 
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| Bin et al. (2008) [22] used the text classification model and the KNN classifi 

is used to grade essays automatically. Each essay was expressed using the Ve . 

Space Model. Essay qualities were represented by TF-IDF weights for wrt 

phrases and arguments. It was found that the cosine similarity strategy was vused 

to create essay scores, and it was shown to have an average accuracy of 76 percent 

using various feature selection approaches, such as TF-IDF, information gain, and 
] 

word frequency (IG). 
Using three alternative approaches - Probabilistic and Latent Semantic Anal- 

ysis and Dirichlet Allocation - Kakkonen with colleges in 2008 [23] suggested a 
io 

essay grading system that makes a comparison of learning materials to teacher- 

graded essays. Before grading, it uses learning materials and a limited number of 

teacher-graded essays to calibrate the scoring process.In AEA, they ran several 

studies with LDA, LSA and PLSA for document comparisons. As part of their 

evaluation of the approaches, they looked at how they may be used in practice 

g. K-NN grading methods were shown to be inferior to learning 

resources used as training data for the evaluation model, according to these re- 

sults. Furthermore, they discovered that utilizing LSA produced somewhat more 

accurate grading than PLSA and LDA. They also discovered that the division of 

the learning items in the training data is critical. It is preferable to split learning 

information into sentences rather than paragraphs. 

Using the M-BLEU short for Bilingual Evaluation Understudy algorithm, 

authors in 2011 [24] provided a system for analyzing stu- 

Noorbehbahani with co- 
ses, they modify the BLEU algorithm 

dents’ text responses. For free text respon 

and name the new technique modified BLEU. A library of reference answers com- 

piled by academics or other specialists is needed to perform an evaluation. There 

are a variety of citations available for each question. Using the M-BLEU ap- 

produced then used to assess student responses; 

proach, a score of similarity is 

the most comparable reference response ‘s found. When compared to existing 

s the closest resemblance to 

evaluation approaches, the suggested methodology ha 

human expert assessments like latent semantic analysis and co-occurrence of the 

for essay gradin 

nokrat et al. (2012) [25] designed an 

dent’s answer, they employed a cen- 

d the model 

n-gram. 

For assessing the § 

evaluation approach. 

tralized file system that comp 

tudent’s reaction, D 

For analyzing 4 stu 

rised both the reference material an 
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solution for each question. When the needed selected pattern of every right re 

sponse agreed with the model-answer, a positive confidence factor was awarded 

The efficiency of their system was found to be 70 percent. 

Islam and Hoque (2010) [26] introduced a generalized latent semantic analysis- 

based computerized essay grading system (GLSA). One of the most pressing issues 

in educational technology right now is AEG (Automated Essay Grading). A 

method so called Latent Semantic Analysis, LSA is used in automated essay 

grading. Singular Value Decomposition (SVD) is used for decompose the matrix 

of the word that LSA develops. The current AEG structure, which is generally 

based on LSA, does not meet the performance standards necessary to mimic a 

human grader. Instead of a word-by-by-word matrix, they developed a system 

based on Generalized Latent Semantic Analysis. They used a detailed depiction of 

the system’s performance to examine it and illustrate its efficiency. Their system 

e current system in terms of performance. 

brief responses was described by Ramachan- 

at was released in the year 2015 [27]. Word 

lysis on the students’ best replies to the 

outperforms th 

An original method for evaluating 

dran and colleagues in @ publication th 

ordering graphs were used to do an ana 

handicraft rubrics. 

Content-based short responses were graded by Sakaguchi et al. (2015) [28] 

f sources. The responses were put through a 

n from a variety © 

lighted particular characteristics before being examined. After 

based technique, ‘t was discovered that the answer quality 

d many characteristics in common with one another. 

ed better despite having less data points. It 

distant future, response assessment 

utilizing informatio 

procedure that high 

utilizing the reference 

and the scoring systems share 

During training, their model perform 

is now abundantly evident that in the not-too- 

might make use of @ kind of NLP that 1s predicated on deep learning. 

A potential future for response assessment may be seen in the development of 

based NLP. NLP’s general representation of sentiment allows Abdi 

) (29] to be used in numerous scenarios.Accordin
g to recent 

e vectors that integrate a statistical knowledge component, 

fter rules, in addition to word embedding, 

ffective method for enhancing sentiment analysis. They 

ho base their learning on a more limited set of attributes 

hey apply. According to the research that has been 

deep learning- 

and colleagues (2019 

findings, using featul 

linguistic information, and sentiment shi 
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petitors Ww 
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done, tl , the neural model is superior to other well-known methods in terms of it 
: its 

effectiveness. 

2.2.3 Visual question generation 

To produce image-based questions, the area of computer vision has recently added 

question creation. To train machine learning algorithms to generate several ques 

tions from a single picture, the most recent solutions have relied on labor and 

time-intensive human annotations. According to Zhu et al. (2016) [30], citing , cit 

ere manually generated, including when and where 
Zhu, seven wh-type inquiries w 

They used object-level grounding to create a semantic relationship between writ- 

ten descriptions and picture areas. It allows for a new form of QA utilizing visual 

replies in addition to the traditionally utilized textual responses. These visual 

QA tasks are examined in a realistic context using various 7W multiple-choice 

QA pairs. On the QA tasks, they also eva 

As a last resort, they p 

for TW quality assurance tasks. People 

luate human performance and a wide 

range of baseline models. 
ropose using an LSTM model 

es positional awareness 

also considered using criteria to produce automated visual questions. 

An image caption may be transformed into an effective inquiry by deleting 

and reformatting the caption phrase as a question, ac- 

cording to a study by Yuet al. (2015) [31]. A novel dataset of 360,001 condensed 

descriptions in natural language for 10,738 pictures is also presented. Automated 

templates for filling in the blanks are used to create the Visual Madlibs dataset, 

which aims to record detailed descriptions of individuals and objects in the scene, 

including their appearances, movements, and interactions. For two innovative de- 

Scription generating tasks — focused description production and multiple-choice 

r for images — they perform several assessments on the Visual 

it might be used. Deep learning algorithms 

that incorporat 

content words (answers) 

question-and-answe 

Madlibs dataset and demonstrate how 

have shown promis 
s area of research so far. 

ing outcomes in thi 
would transform 

Furthermore, Ren ¢t al. (2015) [32] presented a rule that 

to specific types of questions. Concerns about how models 

em concerning image- 
aised by some. The probl 

lved using new models and datasets (QA). 

embeddings instead of object 

Picture captions 12 

might affect question variety were t 

answering 
is being 8° 

I] as visual semantic based question 
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The use of ne sw 
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is being considered by some. By a factor of 1.8, their method surpasses the 

only other strategy based on results from an existing image QA dataset. Thev 
also offer a technique for generating questions based on generally available image 

descriptions. They were able to build a dataset that was many orders of magnitude 

bigger and more evenly distributed by using their technique. This new dataset 

also contains a collection of first results. 

One picture may be used to generate a large number of visually-based inquiries, 

as proposed by Zhang and colleagues (2017) [33]. If you’re interested in learning 

more about the topic of visual question generation, here’s a primer: For the same 

visual input, there is no automated technique to generate appropriate questions 

of various kinds. They propose an approach that automatically generates visually 

based questions of a variety of types. With the use of a deep caption model, 

they sample the most probable question types and sequentially generate questions 

based on this data. They observed that their model outperformed the strongest 

baseline in terms of accuracy and variety by a substantial margin using two real- 

world datasets. 

Many questions were 

by Mostafazadeh et al. (2016) [34]. | 

Question Generation (VQG), when provided an image, the system is tasked with 

asking a genuine and interesting inquiry. They present three datasets that cover 

centric to event-centric, with far more abstract 

@ range of pictures from object- 

They train and 

generated for each image in the initial dataset gathered 

They offer a new activity called Visual 

evaluate multiple generating and retrieval 
traini ial . i - ee ae ith VQG. The evaluation findings demonstrate that, while such 

els to ae 

models ask fair questions for a wide range of images, there is still a significant gap els ask oer oo veh as formance, motivating additional research into integrating images 
2 n per , ; . . win numa  onse knowledge and pragmatics. Their suggested goal presents a 

4 common 
hich they believe will increase interest in 

fresh challenge to the community, W 
; ; isi d language. 
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eae ° ap architecture given by Johnson et al. (2016) [35], the sup 
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Q: How many cubic objects are there? Q? Predict final image. Q: There is a box with multiple items 
A: three Ar [se and only one item has a different cole 

: A: false 
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Q: The person opening -----? — Q: How many balloons are there? Q: How many animals are there? 
A: door At two A: two 

Figure 2.1: Various datasets for visual question generation and answering. [35] 

inside a single, effective forward pass without the need for external region rec- 

ommendations. Three different types of neural networks create the architecture’s 

label sequences: convolutional, dense localization, and linguistic recurrent neural 

networks. To put their network to the test, they employed the Visual Genome 

dataset, that contains 94,000 pictures and 4,100,000 region-based descriptions. 

Compared to existing state-of-the-art approaches, they perform faster and more 

accurately in both the creation and retrieval contexts. A Figure 2.1 shows varia- 

tions of questions regarding to image contents. 

d LSTM networks were utilized by Jain et al. 
Variational auto-encoders an 

3 

(2017) [36] to construct several different queries from a single picture. Images 

taken from the real world were essential to the vast majority of these questions 

and the responses to them. They show that a single input photo can result in an 

extremely large number of different questions being asked by their algorithm. 

2.3 Related datasets 

atural language processing 

form of question and answer pairs derived from the Stanford 

ataset (SQuAD). 

ame, SQuAD focuses on answering questions. A model’s 
] b 

on skills are tested in this thesis work. As a rule, it’s 

(NLP) are presented with a signifi- 
Techniques for 1 

cant obstacle in the 

‘Question Answering D 

In keeping with its 9 

reading and comprehens! 
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In meteorology, precipitation is any product 

of the condensation of atmospheric water vapor 

that falls under gravity. The main forms of pre- 

cipitation include drizzle, rain, sleet, snow, grau- 

pel and hail... Precipitation forms as smaller 

droplets coalesce via collision with other rain 

drops or ice crystals within a cloud. Short, in- 

tense periods of rain in scattered locations are 

called “showers’ . 

What causes precipitation to fall? 

gravity 

What is another main form of precipitation be- 

sides drizzle, rain, snow, sleet and hail? 

graupel 

Where do water droplets collide with ice crystals 

to form precipitation? 

within a cloud 

uestions and answers from the SQUAD dataset for a 
Figure 2.2: Examples of 4 

: : nal developers, Rajpurkar et al. [37], are given image 

passage. The dataset’s origi 

credit. 

a really straightforward procedure. in Figure 2.2 is an example provided by the 

dataset’s developers. 

The creation of SQuAD 

es were chosen by SQuAD’s creators. Their search 

phs, all carefully filtered to exclude those that 

they broke the dataset 
The top 10 000 Wikipedia entri 

yielded 23 215 different paragra 

t. When it came t 

rcent of each articl 

o training and testing, 
Wi 7 

ere too shor e, 10 percent of each article, and 10 percent 

down into 80 pe 

each of each article. 

Annotating SQuaAD 
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e most crucial aspect of constructing a 

nteers handled th 
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roven track record of generating high- Mechanical Turk volu 

paragraph was chosen, workers were dataset: annotating It. 
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asked to develop and ans 
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wer five questions 
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concerning its content. A text box 
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comments that responded to it. In order to ensure that the employees’ inquiries 

were submitted in their own words, the SQUAD architects blocked the copy-paste 

option. 

Dataset analysis 

Understanding the qualities of a dataset is a critical component of creating a 

strong one. To do this, the designers investigated three areas: response categories 

reasoning needed, and syntactic divergence. 

Regarding the answer responses, each response was catalogued according to 

one of the following categories: "date," "other numeric," "person," "location," 

"other entity," "common noun phrase," "adjective phrase, 

" There were 19.8 percent of replies that included dates and 

ed nouns, and 31.8 percent that included nouns 

" "verb phrase," or 

"clause," or "other. 

numbers, 32.6 percent that includ 

and noun-noun pairs. 

The developers choose a. selection of questions at random from the development 

set, and then manually segmented the problems into the several logical domains 

that were necessary for the resolution of those issues. For instance, the term 

"syntactic variety" indicates that the question is nearly rephrased and that the 

answer can be uncovered by rearranging the words in the query. Original table 

each group is displayed in Figure 2.3. 

The degree to which a response phrase differed syntactically from a query 

was one of the factors that was considered when evaluating the difficulty of a 

question. To put it another way, they came up with a system for counting the 

number of adjustments that must be made in order to translate a query into an 

answer, The primary research may be found at this link, however the finding that 

the sample contained @ large variety of syntactic variance is the most relevant 

mp 

takeaway. Figure 9.3 shows the many types of 

With all categories and percentages for 

reasoning that are required. 

Benefits of SQuAD 

A task such as question answerl 

different datasets that are available. 

set 1 t. 

has a few key distinctions that set it apat 

ry large orga 
SQUAD is a very 

In the first ° ficient to enable complicated models 

that measure reading C° 

ng can obviously make use of any number of 

When compared to other datasets, SQuAD 

nization. The other datasets 

mprehension 
are insu 
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Reasoning Description Example Percentage 

Major correspondences between Q: What is the Rankine cycle sometimes called? 33.3% 

the question and the answer sen- Sentence: The Rankine cycle is sometimes re- 

ferred to as a practical Carnot cycle. 

Lexical variation 

(synonymy) 
tence are synonyms. 

Major correspondences between Q: Which governing bodies have veto power? 9.1% 

Sen.: The European Parliament and the Council of 

the European Union have powers of amendment 

and veto during the legislative process. 

Lexical variation 

(world knowledge) the question and the answer scn- 

tence require world knowledge to 

resolve. 

After the question is paraphrased Q: What Shakespeare scholar is currently on the 64.1% 

into declarative form, its syntac- faculty? 

tic dependency structure does not Sen: Current faculty include the anthropol- 

match that of the answer sentence ogist Marshall Sahlins, ..., Shakespeare scholar 

Syntactic variation 

even after local modifications. David Bevington. 

Multiple sentence There is anaphora, or higher-level Q: What collection does the V&A Theatre & Per- 13.6% 

reasoning fusion of multiple sentences is re- formance galleries hold? 

quired. Sen: The V&A Theatre & Performance gal- 

leries opened in March 2009. ... They 

hold the UK’s biggest national collection of 

material about live performance. 

Ambiguous We don't agree with the crowd- Q: What is the main goal of criminal punishment? 6.1% 

. 
Sen.: Achieving crime control via incapacitation 

workers’ answer, OF the question 

does not have a unique answer. and deterrence is a major goal of criminal punish- 

ment. 

ning needed to solve a question is represented by an 

Figure 2.3: Each kind of reaso 
t set. The dataset’s original developers, Rajpurkar 

example from the development § 

et al. [37], are given mage credit. 
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be used to evaluate not just how well NLP models comprehend language but also 

how well they function in general, anyone who is interested in doing so can make 

use of it. 

2.4 Language models 

The process of gleaning information from a myriad of sources has seen significant 

development over the course of the past decade. Since the term Natural Language 

Processing has replaced Text Mining as the name of this field of study, there has 

been a significant shift in the approach that is used. One of the key drivers of this 

transition was the emergence of language models as a foundation for numerous 

applications that were aimed at extracting important insights from raw text. 

Probability distributions over words and word sequences are all that are re- 

quired to create a language model. When a language model is put to use in the 

actual world, it may be able to predict the chance that a particular string of words 

" In this particular instance, the word "validity" does not refer to the 

es the impression that it is comparable to how peo- 

), which is how the language model acquires 

is "valid. 

correct use of gramunar. It giv 

ple speak (or, more specifically, write 
: 

its knowledge. This is a very important point to keep in mind: a language model, 

like other machine learning models and especially deep neural networks, is not 

magical. Rather, it is "simply" a tool that allows for the incorporation of a large 

amount of information in @ condensed fashion that can be reused in situations 
nt of i 

where there is no training data. | | | | 

learning model, each piece of incoming data is weighted differently 
Pp ear ’ In a dee 

Applied to NL 
b r. {6}. 

; aoe to an are a type of data transformation that is designed to 

Ized. s, for e ? 
language. This type of input is re- 

handle sequential data input, such as natural languag ; yP ° ° 

ired fi tions such as translation and text summarization. Transformers, 

quired for operat! ; P d. may not necessarily process the data in the same sequence as 

P the other han’ processing. On the other hand, attention processes 
T + es to . . . RNNs do when it con} he flow of information that is being considered. If 

. int in t 

offer context for any PP" e, the transforms do not need 
. re sentenc 

so any ay of a natural languags : 

the data is in the 9m ith the beginning of the phrase until after the phrase has 
ves Ww , ‘ 

d. Instead, it creates a context that clarifies the mean- 

ocessed. ad, 

P and computer vision, it is commonly uti- 

to concern themsel 

been completely Pt 
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ing of each indivi ord i 
slows for “este pt * in us phrase. Because of this characteristic, whicl 

AN Ne cannot achieve thi i than RNNs, shorter training times are schievable 

not he CPT models d 7 evel of parallelism. The transformer concept is used “: 

ve: veloped by OpenAI and the BERT models d eo 

ddition to this, they make use of a system that they call nan °y 
ion 

in order to r hi 1 

at any particular time. 

2.4.1 GPT-3 

The GPT-3 is an autoregressive lang 

generates writing that has sentience. 

OpenAl’s GPT-n series’ third generation 

co by the company. [38] One hundred seventy-five billion pa 

the largest training corpus, Common Crawl, for the 

3. This is made feasible in part by a language model’s 

semi-supervised training technique, which allows a text to be used as a traini inin 

moved. The extraordinary capacity of GPT-3 stems 

ll content that has emerged on the internet in re 

uage model that, via the use of deep learning oO) 

language forecasting model was cre- 

ated in San Francis 

rameters were learned on 

complete version of GPT- 

example with certain words re 

from its ability to read almost @ 

present the majori 

ocessing (NLP) trend toward pre-trained lan- cent y . 
ities 1 

t years, and to re ty of the complexities inherent in natural 

language. The natural language Pl 

ntations is shown by GPT- 

y 2020.[39] 
guage represe 

3, which came out in May 2020 but was 

still in beta testing as of Jul 

There are both benefits and downsides to using GPT-3’s high-quality writing 

which may be difficult to identify whether or not it was produced by a human. 31 

OpenAI scientists and deve d to the first publication on GPT-3 

published on May 28; 9020. As a result of their 

research into the potential dangers of GPT-3. 

crucial AI systems ever built," said Australian professo 

GPT-3.[40] 

Nobody else has ac 

which was disclosed 0? 

public API that is still aval 

According 
to a2 article publis 

ting origina 

lopers contribute 

findings, they recommended more 

"One of the most intriguing and 

r David Chalmers about 

usively licensed" GPT-3 model 
Microsoft’s 

"excl 

ble by means of a 
9020 as being accessl 

lable to all users. 

hed in April 2 

tent with the same fl 

022 by the New York Times, GPT-3 

uency as a human.|[41| 

1 con 

is capable of wil 
28



2.4.2 BERT 

As a pre-training method, Google dev idirecti 

tions from Transformers also own : PORT fe tnsomente oh ctn . 

learning strategy. BERT was created by Jacob Devlin and his Go ee maenine 
: oogle colleagues, 

and it was launched in 2018 under their leadership [42]. A year later, towards the 

end of the year 2020, Google made the announcement that it has started imple- 

menting BERT into its search engine for the vast majority of English-language 

queries. Over the course of the past year, BERT has been used to publish more 

than 150 different research publications. 

Both the BERTBASE and the BERTLARGE come equipped with 12 encoders 

with self-attention heads that can look in either direction. Both of these models 

which together contain more than 3,300 million words, are trained using unla- 

beled data obtained from BooksCorpus and English Wikipedia. Configurable 

self-attention heads along with encoder layers make BERT an ideal transformer 

language model. [6] 

The first task was to model the language (BERT was trained to predict 15 

percent of words from context), 

follow next (next sentence prediction) 

able to determine, based on the first sentence, whether or not a particular future 

sentence was likely. As @ direct result of the training method, BERT is able to 

acquire contextual embeddings for individual words. After the computationally 

intensive pretraining phase is complete, BERT may then be fine-tuned using more 

limited datasets for specific tasks. [42] 

and the second task was to forecast what would 

_ Because it was trained to do so, BERT was 

2.4.3 UniLM 

re has been substantial development in natural language pro- 

NLP. Th 

achine learning algorithms how to correctly 

aving the algorithms predict words based on the 

d. Systems such as Google’s BERT, which are 

e left and right of word context to 

job of natural language generation 

h systems draw on both the left 

In recent years, the 

6 

y known as e use of language model pretraining is one 

cessing, common! 
"teaches" m 

of them. This technique 

comprehend text depictions by h 

n which they are foun 

I 
raw! 

h th 

bidirection
al in nature (drawing Ob bot 

), are not well-suited to the 

ification. This is b 

Situations 1 

make predictions ecause suc 

Without major mod 
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and right of word context to make predictions. 

That is why Microsoft Research scientists researched an alternate technique 

known as UniLM [4], natural language creation may be fine-tuned using this tool 

The model is able to successfully complete sequence-to- also for interpretation. 

d bidirectional prediction jobs on standard bench- sequence, unidirectional, an 

marks. It performs better than BERT, getting the greatest possible results on a 

sampling of abstract summarization, generative question answering, and language 

creation data sets. This shows that it is superior to BERT. 

At the center of UniLM’s multi-layer network are Transformer AI models that 

have been pre-trained on enormous volumes of text and optimized for language 

veloped specifically for language modeling. For 
modeling. These models were de 

the benefit of those who aren’t aware, & transformer is a group of neurons (or 

functions) that are connected to one another and whose signals are exchanged 

and the weights of their connections are varied based on the data that is being 

input. To put it another way, that’s how modern AI systems learn to forecast, 

but Transformers pay closer attention to the relationship between each and every 

t and virtually every input factor. In other words, the relative 

pot as the situation develops. 

rchers, the pretrained UniLM is analogous 

output elemen 

significance of each is decided on the s 

According to the findings of the resea 

to BERT in the sense that it might be adjusted to accommodate a variety of jobs 

with extra task-specific layers if required). However, in contrast 

to the self-attention masks used by BERT, the independent self-attention masks 

that are used by UniLM allow it to be set to collect context for a variety of 

language models. Pre-training is standardized across all Transformer networks, 

allowing for the parameters to be shared among them (previous training data). 

the text representations that are learned will be more applicable 

Overfitting, which occurs when a program models 

a result of this approach to 

that come later ( 

Because of this, 

to a wider variety of contexts. 

' ‘s mitigated as 

training information 
t0° accurately, 1s mitiga 

he researchers employed the free 
every single task. 

les to teach UniLM’s vocab- rs of the study, t 

Accordin 
a 

iki artic 

Software BookCorP™ ane Enel ae 
6 words. On summarizin 

esources had a total of 28,996 words. 
g 

Wary. Together, these . (Gigaword), question generation 

. . cactive sumuna 

(CNN / DailyMail), abstrac and generative question an- 

(SQuAD), generative question answerilg (CoQA), 
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swering (DSTC7) natural language output data sets. [Summarizing] refers to the 
process of taking a large amount of text and breaking it down into its component 

parts. [4] 

The team plans to investigate the limitations of their existing method by using 

text corpora on a "web-scale." They also want to look at the prospect of extending 

UniLM so that it can support multilingual projects. 
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3. Research method 

In this section, the methods of performing the question generation will be 

; 

pre- 

sented. In previous chapter, we have discussed several possible approaches selected e 

in the past. Especially, the language models that have been popular recently in 

the field of question generation. 

First and foremost, it was created b 

models, as well as presenting the factual outperformance such as applicability of 

bidirectional, left-to-right, seq-to-seq language models. 

Additionally, multiple uses like abstractive summarization, question gener- 

ation and etc. There is pre-trained model on SQuéAD for question generation 

akes the UniLM the most applicable and unique to do a choice 

ased on performances of other language 

projects, which m 

on. 
hosen to be the model to base on in creating io) 

Therefore, the UniLM has been c 

ration and assessment. 

a system of automatic test gene 

3.1 Question generation 

trained fine-tuned model launch, output saving, and out- 

the question generating process. It would be logical 

t assessment separately. Thus, test assessment part 

ison of the entered. text with the answers 

Input preparation, Pt& 

put display are all steps in 

to separate the part of the tes 

wer entering, compar 

method. 

format, and an output file containing 

ate service, the model is run on a Flask, 

any future development of 

consists of test ans 

distance accurracy 
using Levenshtein 

An input file mm 

Produced questions is returne 

framework for Py 

the application. 
Implementing

 t 

t, it stores t. 

receiving a piece of tex 

ig required in a Ce 

d. As asepat 

thon, to accommodate 

he UniLM model is the only thing it can do. Upon 
& micro web 

txt file in a certain format and then 
his in a 
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runs ra 
a 0 

| 

ll SE 1G . 3 as k mic i 
aTF 

[ 

J ] 

fa e : ; 
test ass assessinent part 

3.1.1 Flask micro-service 

The flask micr 
dies use ate has been used to exe 

ame ; : wa Sa oe mvthen ws UniLM model as stated 

Or libraries are _ | : escribed as a micro-framework 
mentation of the Flask li- 

validation i o_o It does not include a eeu 
no specialized tools 

Flask slfroare : = features that third-party libraries m o iii 
form 

the Beam eue oe that may be added to Flask as if oh, aa However, 

tication. nd Form validation and upload handling pay oS Doh ita 

framework . " ier framework-related 
utility extensions ate i aRTHS abet 

Leman me by two different applications: Pinterest ee 
The Flask 

sult of Python’s vast variety of capabilities, flask i asian 
s, flask is frequently used 

ll as other rel r related fields su Ich as nat ‘ tural in I Machine 
. 

lang thine learning techniques as we 

sage 
+. q 

> processing 
J] at? . . 

Web re ssing (NLP). That's being said, to make an int 

) representati 
oe 

. an integratio 

ation of an application and language model several | n between 
veral librari 

fis - 
; 

raries hav 

llowing: 0s, subprocess, Flask from flasl lave 

x, request b een 4 Z 

used. List of libraries are 

froy n flask. j 1 flask, jsonfy from flask. 

la Us saat ‘ 

Flask side code implementation can be found in Appendix A 

3. 2 Input preparation 

text; answer provid 

quired for input into UniLM models. SpaC 
‘ pally 

he development of the system to be abl > able to 

es the appropriate response to 
Cy INtext j 

ext is the response’s C0! 

| this format Is re |] 
"© question, anc 

lized throughout t 
ibr 
. ary has been uti 

tain th 
n the desired outcome. 

Natur atural Language Processing, shortly 

Pyt ython and Cython module. Based on cu 

used in eve products. 

call be made easile ine 
L 

, x 
aS] 4 i 5 y 

\ l iE ta r using SpaCy, 

tting-edge research, it was built from 

ry¢ lay 

Cc tokenize
d an 

] network models for t or text tage 

ie tagging
, 

le py 
Sround up to be 
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. 

AVIOTE 
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rained 
¢ 

; 

than 60 language may b 
d trained on top of SpaCy’s ex- 

ines. Advance Mie: hg pre-trained pipel 
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P ane: named entity 

ay multi-task learning with p 

wave ae 
trainin 

, SpaCy is free to use and d 

. a Entity Recognition 

bo wean of information ¢ 

ntify and categorize name 

. a for example people 

' s or time express! 

ere’s a table with @ 

allows you to obtai 

he 
Ips you to obtain more rea 

we eliminate 
any 

h as selecting P To begin, 

] 
. . 

ous heuristics wer us 

5 a 
. . 

: 

> and avoiding selectin 

th Ne . 

questions was somew 

NER label 
Desa NER List 

PERSON 
peste 

P 
e 

FAC 

Nations 
or religi 

. 
gious or oliti 

GPE 
ompanies, institutions, 

agenci names 

LOC 
i state, contry 

cles 

PRODUC 
Mountain 

ran 
. 

T 

ges, water bod 

EVENT 
Food, vehicles, objects and th and others 

WORKOFART 
War, sports, battle names ues 

LAW 
Book, song etc. titles 

LANGUAGE
 Law named documents 

DATE 
Language names 

TIME 
Date, period of dates 

PERCENT 
Time not proceeding the day 

MONEY 
Percentage along with sign 

QUANTIT 
Monetary, 

units 

OR =~ Y Weight, distance and otl 

DINAL 

her measuremen
t 

CARDIN 
Ordinal numbers 

s 

LVARDINAL 
__I Numerals 

Table 3.1: Table of NERs 

identification, 
and text classification. 

This soluti on | 

re-trained 
transformers 

like BERT. as i in- 

? 
we 

as 

g system. MIT-licensed commercial open-source soft soit- 

istribute. 

) has been used to choose a response As . 

the goal of named-entity recognition is 

ual data into pre-define 

(NER 
xtraction, 

d entities asserted in text 

? 

ons’ names or locations or medical 

s or organizati 

, financial values or percentages, etc ? . 

e Table 3.1).SpaCy 

’s name 

ntities 0 
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NER labels displayed (se 

i] of the SpaCy ies, and having those named entities 

listic InPU 

phrases tha 

as answers. The quality of ed, suc 

domly select the quantity g stopwo 
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s 

anced. Then we ran 
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required , and for each phr 

to provide a more co . ase, we use a few of preceding s 

mplete pi 
enten 

plete picture. Following is the piece of “ as background 

of code of reali realizati on: 

k. . “ 

sen i [sent for sent in sentences 
Sentences = 

Sentences = 

if le on(nitk.t .tokenize.wo word tokenize ( _ sent)) > 5] 

hamedents = nts = S {en_ core web sm. load ()(sent ) 

r j 

$ n 

Zip (ser arenas namedents) if len(ne ents ) | 

ates — random.sample(candidates 

mi n(10, len(candidates ))) 

3.3 : Using Levenstein distance for test answer S as- 

distance. The Levenshtein distance w. as Th er e are several methods for id 

m for determining the difference 
t 
oe we ok at today 1s Levenshtsin 

between ' o the test evaluation. Ag an algorith 

arious sequences I have used the Levenshtein distance. Two words are 

" if the amount of single-character alterations 

Said ¢ ‘o have a "Levenshtein distance 
g known. Vladimir Levenshtein, a Soviet 

heed 
; 
d to transform one to another 1 

Mat _ 

_ematician 
who studied 

this distan 

t is also possible to refer to Levenshtein 
distanc 

it mi Igh 

I 

I t also refel to a large! gi ou 
easures 

[43]. n many 
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e string align™ 
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two _mo
aifcan

el as possible.
 The Levens 

exts on a 100-poi
nt scale usiD 

free fuzzy WuzZZ 

It 
t was suggested that the 

method be use 

Mj 

. 
. . 

. 

ight have issues such 8 jncorrec 
sing articles, or typos. It's up 

ot they want to 
but because the answer was 

held r ponsible 

ce in 1965, gave it its name. 

e as edit distance. However 

htein distance 

y library. 

d since precise matches 

for including them. When 

n distance does have a 

Blea 
two hed from the text, ¢ 

Strings of equal length ar© compar



significant impact. Levenshtein distance is a reasonably straightforward concept 

to comprehend. The following piece-wise formula may be used to represent the 

Levenshtein distance: 

( |a| : if |b] = 0, 
|b} if |a| = 0, 

lev (tail(a), tail(b)) if a[0] = 6/0] 

lev(a,b) = § lev (tail(a), 6) 

1+min ¢ lev (a, tail(b)) otherwise, 

[ lev ( tail(a), tail(b)) 

Where a and b are the two input strings, and |a| and |b] are the lengths of 

their respective strings. Except for the initial letter, the tail of a string an or b 

corresponds to all of the characters in the string. It specifies the character in a 

and b at the Oth element where it denotes a0] and b(0]. 

Because it typically takes three modifications to turn one i 

Levenshtein distance among "kitty" as well as "sitting," for instance, is three. 

kitten to sitten (using "s" instead of "k") 

using "i" instead of "e") 

nto the other, the 

sitten to sittin ( 

sittin to sitting (added Wot), 

An "edit" is described as the addition of a character, the removal of a charac- 

ter, or the replacement of a character. 
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4. Implementation 

In this chapter, the implementation of the Test-Gen application will be presented 

First of all, the environment setup will be shown. To accomplish the setup ' 

was necessary to follow the recommendations of uploading the UniLM model, such 

e docker under Linux system, Ubuntu 20.04 was used to be. specific. 

he web server. As a web server the Django web 

ter of fact, it is python-based, which makes it 

as using th 

The second section describes t 

framework was chosen. As 2 mat 

perfect for the implementation. Additionally, the directory structure makes the 

work done more organized. 

The third section will show the front-end side of the application. Overall, the 

review of the functionalities will be presented along with the pages screenshots. 

4.1 Environment setup 

on Linux. It is possible to build, 

d even in the cloud using Docker, 

"Docker" may refer to either the 

st executed using docker 

rvers an UniLM code is be 

run, and administer containers across se 

platform for software development. 

which is @ 

instructions and a daemon or indeed the Dockerfile file format, depending on 

context. x installation, LAMP stack configura- 

It used to take a server purchase, Linu 

tion, and program execut 

second server in case your § 

due to overwhelming 
traffic. 

Container technology 
may 

e world of LXC and Docker, a builder is a tool or combinatio
n 

d to generate the con 

b application. By putting in place a 

ion to launch a we 
t would not crash 

oftware got popular, you ensured 1 

be divided into three categories: 

e Builder - In th tainers themselves. 

of tools that is use 

37



; a ; , 
Engine - the software that runs on a container. Docker’s docker command 

and dockerd daemon are at the heart of this issue. 

e Orchestration - a system that is used to manage numerous containers such 

as Kubernetes and OKD. 

The Docker engine can be beneficial to lone engineers that want a lightweight 

clean environment for testing but do not require complicated orchestration. 

As a result, Docker was the ideal solution for running the project. The fol- 

lowing command was required to execute the Docker: 

alias=‘whoami | cut —d’.’ —f2 a 

docker run —it —7Tm __runtime=nvidia —ipc=host 

—privileged —v /home/${ alias }:/home/${ alias } 

pytorch /pytorch :1.1.0—cudal0.0—cudnn7.5~ 
devel bash 

The initialization 0 

Finally, the following command was use 
f the docker can be found in Appendix B 

d to install the UniLM repository as 

a package in the docker: 

mkdir ~/code; ed ~/code 

git clone https://github.co
m/m1 

cd ~/code/unilm /unilm—v1/ste 

r —editable 

crosoft /unilm. git 

pip install —use 

4.2 Web server 

ibility of a web server is to p 

a website’s content by storing, processing, and transmitting web pages to them. 

Django was the framework of choice for the development 
of the web server. SQlite 

zed as the database engine for this project. It 1s a library written in the 

that implements 2 high- 

et of features. SQLite is pre- 

well as being pac 

Relational Database Management 

dentials together with the ques- 

ontent, preparing input, and 

rovide users with access to 

The primary respons 

reliability, minimal, fast, self- 

installed on virtually all 

ked with innumerable 

was utili 

C programming 
language 

contained, and complete § 

personal computers and mobile phones, as | 

other apps that are utilized on @ daily basis. 

System (RDBMS), which keeps all of the user cre 

nd answels. The entire process of evaluating ¢ 

5 is handled by the web server. 
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4.2.1 Django server 

This advanced Python web application framework, known as Django, s 

last development and a minimalistic, practical aesthetic. rxperienced fev veer 

built it to take care of the tedious aspects associated with web sevelor vent 

enabling you to concentrate on creating an app rather than inventing whe when 

Because it’s open source, you don’t have to pay a dime for it 

e various sections of the web application using a directory 
from scratch. 

Django organizes th 

structure. It creates a project and an app folder for this purpose. 

Making a suitable project and arranging it aids in keeping the project DRY 

and clean. Django uses the filename you supply when 
(Don’t Repeat Yourself) 

e for a Django project. It contains all the files you 
creating a directory structur 

need to get your web applications up and running. 

The final structure of the app proposed in this thesis work is shown in Figure 

Ail 

Project is the name I have given to my project while typing 

o —admin startproject (project_name ). 
djang 

t is BACKEND. It contains configuration files of the project. 

In my case 1 

Project has several files as well as the App. 

1. init.py As you can see in the image below, this is an empty file. By including 

this file, the Python interpreter 1s ‘nformed that the specified folder is a package 

and so becomes @ Python project. 

9. settings.py The Django project's configuration is stored here. 

All the applications and middleware applications are added to settings.py, the 

most important fle. This is where Django stores all of its settings. Changing the 

value of this variable will force your software to behave in a certain way. 

Sqlite3 is the database of choice by default. We may change this database 

depending on the web application. Several pre-installed applications and middle- 

ware are also included. 

3. urls.py There are a lot of endpoints in URL, which refers for universal 

resource location. URLs (websites, images, and so on) are given to you as & 

the internet. Django will be told by this file to 

means of locating re 

given we 
input this URL. 

d the journey through 

sources on 

psite or image if they 

send users to the 
ion once you've finishe 

4. wsgl.PY Host your applicat 
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BACKEND fe seeeeeeeeeeee PROJECT 

y 

TEST-GEN = Faeccccencenacce APP 

-—»> _init.py —- 

-—» admin.py 

+—> apps.py 

+> models.py Huss | 

L—}> views.py 

+—»> urls.py 

L—» tests.py 

fo\c nn oe FLASK APP 

. qg model in 

Dockertile 

L—»>  app.py 

File structure of the question generation application on Django server 
Figure 4.1: 

development to production Instead of using Django’s web server, you'll be using 

b servers and applications, WSGI is an 
the WSGI server. When it comes to we 

on which stand as Web Server Gateway Interface. 

leware for the host you want to use, and you're done. 

ddleware that solves all integration and communi- 

abbreviati 

Simply import the midd 

Every server has @ Django mi 

cation issues with Django. 

5. asgi-py ASGI performs compara 

a few more options. ASGI is an abbreviation fo 

Interface. It has now taken the place of its predecessor, WSGI. | 

To make things clearer, the structure of the files is depicted in Figure 4.2 

TEST-GEN is the name of the program, and it contains application files. The 

‘on file descriptions with enumeration: 

the same purpose as the init.py file in the Django 

ble tasks to WSGI, however it comes with 

r Asynchronous Server Gateway 

following are the applicat 

1. init-_py This file serves 
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~ backend 

> __pycache__ 

@ __init_.py 

@ asgi.py 

© settings.py 

© urls.py 

* WSQi.py 

¥ templates /registration 

> test_gen 

= db.sqlite3 

j@ manage.py 

Figure 4.2: Project configuration files 

project structure. It is an empty file that does not require any changes. It just 

indicates that the app directory is a package. 

2. admin.py The Admin.py file is used to register Django models in Django 

administration. Django’s admin panel makes use of it to show the Django model. 

This body part is primarily responsible for three key roles: 

a. Identification of the model 

d. Setting up a Superuser 

c. Accessing and utilizing the web application 

I defined the admin.py file in the following manner: 

from django.contrib import admin 

from .models import Question, Test 

admin. site. register ( Question ) 

admin. site. register (Test ) 

ps.py is a file that allows the user to include the application 
3. apps.py AP 

setup for their app. 
eee 

-s to customize the characteristics of their applica- 
The apps.py file allows users 

ti However customizing the properties is an uncommon job that a user does 
ion. : 

because the default setup is usually sufficient to operate with. 

4. models.py Using the Python script Models.py, web application models may 

- | of classes. Most people agree that the App filesystem 

be represented in the form 

would be incomplete without it. 

Models define the database’s structure. 

ture, the linkages between data sources, an 
ure, t 

Describes in detail the actual architec- 

d the constraints on attribute values. 
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Model.py is shown in following Figure 4.3 

from django.db import models 

from django.contrib.auth.models import User 

class Test(models.Model): 

name = models.CharField(max_length=50) 

author = models.ForeignKey(User, on_delete=models. CASCADE) 

def __str__(self): 

return self.name 

class Question(models.Mode1) : 

= models .CharField(max_length=2@@) 

models. CharField(max_length=2@@) 

(Test, on_delete=models . CASCADE) 

question 

answer = 

test = models. ForeignKey 

def _str_(self): 

return self.question 

Figure 4.3: 

re an important part of the Django app framework. Django 

5. views.py Views a 
h using views, which are a graphical user 

web applications may be interacted wit 

interface. There are classes for each of the views. 

Django Rest Framework uses the Serializer concept to build a variety of views. 

List Views using Class-Based Filters or CustomFiltering are some examples. In 

this project, 1 have created following list of views: 

index, profile, 
all_tests, add_test, 

take test ; generate_test 
; 

y Urls.py functions 1 

test view, 

assess_test. 

n the same way as urls.py in the project file 

o connect the user’s URL request to the sites it 

le, will have an empty route and will display 

in the 4.3 section that 

6. urls.p 
: 

structure. The major goal is t 

o. The home pase for examp 

pages will be documented refers t 

o under the app files. It is 
the index page: All ex 

follows. Actually, it Ww! 

created manually. 

isting 

ll not be created by Djang 
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| 7. tests.py Tests.py enables users to create test code for their web apps. It 

is used to validate the app’s functionality. I did not write tests for this project 

because they are typically more beneficial in more sophisticated programs rather 

than compact ones like this one. 

Flask App is named QG in this file structure. It has question generation model 

UniLM that was installed using Dockerfile in previous 4.1 section. Also, the flask 

implementation of the model, previously explained in 3.1.1 subsection. 

4.3 Front-end 

While Django may be used to create APIs, its primary aim is to serve as a 

framework for building entire websites. Django’s primary ability is to render 

HTML, and it leverages Jinja2, hereinafter referred to as Jinja, templates to 

enable developing flexible, reusable webpages simple. Django comes with built-in 

r Jinja templating. Jinja templating is an HTML extension that lets 
support fo 

as well as expressions with comparable 
you incorporate data with a double bracket 

syntax 

{% expression %} 

In this section I will demonstrate essential parts of front-end side of the web 

e template, review of functions, functional 
application with Django: web page bas 

pages representation. 

4.3.1 Jinja template 

3 to configure the HTML page. A text file is all it takes to create 

ual format may be created with Jinja (HTML, CSV, 

o special extension is required for a Jinja template. 
I use Jinja tag 

a Jinja template. Every text 

XML, LaTeX and others). N 3 7 

Types like btml xml, and any other extensions will do. 

Ww template is shown, the template’s variables and/or expressions are 

hen a 

h d with the proper values, and tags are used to manage the template’s 

changed Wl 

logic. The template syntax in Django an 

Compressed yersion of the complete web 

through using modified Jinja template is show 

d Python has a huge impact. 

page that displays webpages by url 

n below. I’ll go into the nitty-gritty 

later on: 
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<!DOCTYPE html> 

<html lang="en"> 

<head> 

{% block title %}<title >Test Gen</title >{% endblock %} 

<meta charset="utf—8"> 

<meta name="viewport" content="width=device—wi
dth 

2 

initial -scale=l"> 

{% load static %} 

<link rel="stylesheet" 

href="{% static ‘ess/styles.css’ 7o}"> 

</head> 

<body> 

<div class= 

<div class="row"> 

<div class="col—sm—2"> 

{% block sidebar 7%} 

"sidebar—nav'>
 

henticated %} 

profile’ %}"> 

"container—fluid"
> 

<ul class= 

{% if user.is_aut 

clixa href="{% url 

My profile </a></li> 

<li><a href="{% url 

Logout </a></li> 

{% else %} 

<li><a href="{% url 

Login</a></li > 

‘logout ’ %}"> 

‘login’ %}"> 

eli><xa href 

New Test </a></li> 

</ul> 

{% endblock %} 
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</div> 

ediv class="col—sm—10 ">{% block content %} 

{% endblock %}</div> 

</div> 

</div> 

</body> 

</html> 

ade use of Bootstrap classes for the CSS part. When the size of the 

e or viewport increases, the fluid grid architecture that is included in Boot- 

umns to provide an optimal layout that is responsive 

with powerful mixins and predefined classes for easy 

defined classes for simple layout options. 

9 and col-sm-10 classes. When utilizing 

ntial to use containers because they 

I have m 

devic 

strap expands up to 12 col 

and mobile-first. It comes 

layout options, and it also contains pre 

As an example, I made use of the col-sm- 

Bootstrap’s default grid system, you are esse 

are the most fundamental layou ment. In addition, when I need a container 
t ele 

that is full width and fills the entire viewport, I use the container-fluid property. 

Review of functions 

riety of the components that went into the making of the 

described. To begin, the structure is fairly 

nderstandable. It was chosen to integrate 

he complexity and make it easier to 

rtant component of any website 

4.3.2 

Up until this point, 

question generator 

complicated while 

the navigation bar in O 

understand. 
The navigation ba 

that covers 2 lot of ground. For instance, 

the total number of users would i:mmediatel 

would be complete chaos within the application if t 

In addition the order of the menu items indicates the priority of the actions. 

? 

The connections 
that are most important are shown first. During the process 

of scouting potential locations for the navigation bar, it was discovered that the 

position in the uppe! left corner is the one that draws the most attention. This is 

an intriguing discovely: Having considered all of the findings, I have come to the 

would penefit from 
n the upper left 

conclusio
n that the site 

er, with many Pas? 

a va 

TestGen have been 

while being very ¥ 

rder to simplify + 

r is the most impo 

if Amazo 

y decrease. Basically because there 

here wasn’t any navigation. 

n were to eliminate their menu, 

having navigation i 

corn 
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The next step for users is to complete a number of different tasks. Text entry, 

created test questions, taking the exam, getting results, and viewing all 
viewing 

nts that are included on the list 
previously generated tests are some of the eleme 

of functions that are made available to users. The user is obligated to fill up 

material and then click the submit button after they are 
the form with the raw 

hat were developed will be 
fnished. As a direct result of this, the list of questions t 

displayed. At the very bottom of the list of questions, th 

"take test." Clicking on that option will allow you to evaluate the questions that 

have been proposed. Following the click, the page with the quiz will open. On 

this page, representations of all of the questions that have blank fields can be 

found. It should go without saying that the blank fields are where you should put 

the answer fields is completely optional. On 

answers. By the way; filling out 

5 that were generated in the past gathered and were 

ere will be a box labeled 

your 

a separate page, the quizze 

exhibited. 

ion bar has been added to the left side of the screen in order to 

A navigat 
; 7 , 

improve the overall experience for users, a8 was mentioned earlier. It will present 

ctivities that are available to them throughout the web 

the users with the many ® 

page. The following is @ list 0 

Tests, New Test. 

f navigation options: My profile, Logout, Home, All 

xt material entering 
4.3.3 Te 

44, "Add a test" page 1s shown. This page features navigation on the 

m Ms - 4 ; top, a pase title, descriptions, two fields, and a button. There is a 

left sie ee Test mmediately following the page’s title. It is anticipated 

"Test name" i 

| 

"tahe text will be typed into this particular box. The sample title 

eo 
d. This is @ figurative example. This indicates that the 

b tter of the test will be related to Ukraine. The following field, which is 

subject ma 
] text material, is labeled "Source material raw text," and it 

for adding the oe 
vious field. After that, there is a button labeled 

ing the pre 
' 

J follow 
been completed, the next step is to click the 

st takes some time, which ultimately 

The results will be illustrated in the 

field labeled 

that the titl 

"Ukraine" has been type 

results in the gener 

following section. 

46



Q © 127.0.0.1:8000/test_gen/add_test/ 

My profile Add a test 

Logout 
Home Please provide test name and source material below: 

All tests Test name: 

New Test 
Ukraine | 
Source material raw text: 

| The establishment of the Kievan Rus' remains obscure and uncertain; there are at 

least three versions depending on interpretations of the chronicles.[41] In general | 

ithe state included much of present-day Ukraine, Belarus and Russia.[42] According | 

ito the Primary Chronicle the Rus‘ elite and rulers initially consisted of Varangians 

ifrom Scandinavia.[43] In 882, the pagan Prince Oleg (Oleh) conquered Kyiv from 

lAskold and Dir and proclaimed it as the capital of the Rus'.[44] However, it also 

believed that the East Slavic tribes along the southern parts of the Dnieper River 

were already in the process of forming a state independently.[45] 

During the 10th and 11th centuries, Kievan Rus’ became the largest and most 

powerful state in Europe. [46] The Varangians later assimilated into the Slavic 

Yaroslav the Wise (1019-1054), Kievan Rus 

lopment and military power.[42] The state soon fragmented as the relative 
devel 

powers rose again. After a final resurgence under the rule of 
importance of regional 

‘sen 

Figure 4.4: The process of adding test title and material 

4.3.4 Generated questions 

trates the outcome of the add a test page, that is the processed text 

waterial, This page, in vere of the visual aspect, is very similar to the previous 

add test page in that +t includes the navbar and a headline that corresponds to 

the page called "Test page," but there are some changes as other elements on 

this page. The list of questions that were generates can be Hume on the test 

page. The list with the heading "My tests," along with the questions presented 

in bullet point format. There is a button labeled "Take the test" located at the 

n of the questions. 

mies 
he text is placed through the stages of 

nce to the back processes, t 

nclude sentence tokenization, candidates retrieval - context 

nput preparation, model launch, and the generation 

er in which they are asked. As a result, the 

y can be used in further activities 

Figure 4.5 illus 

In refere 

pment, which 1 

air extraction, ! 

by shufiling the ord 

he database so that the 

develo 

and answer P 

of ten questions 

results are entered into t : 

as outlined in the assessment 
section. 
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My profile 
Test page 

Logout 

Home 
My tests: 

All tests 

New Test 
¢ Question: What is the name of the group that Is responsible for the creation of the new world ? 

* Question: How many times did the state split ? 

« Question: What is the name of the name of the group that is responsibte for the creation of the group ? 

* Question: What was destroyed by the Mongols ? 

« Question: What city became the most important city of the Rus ? 

« Question: What is the definition of a" person"? 

» Question: What is the name of the name of the group that is responsible for the creation of the group ? 

« Question: What is the name of the Golden Age of Kiev ? 

« Question: What is the name of the Rus ? 

* Question: What is the name of the name of the group that is responsible for the creation of the group ? 

Figure 4.5: The process of adding test title and material 

4.3.5 Assessment page 

Figure 4.6. This page provides the greatest 

t of coverage for the data that the user has entered. The visual component 

scheme as the preceding pages. A user-friendly 

ite should have @ framework that is consistent throughout. As a result, the 

o be too overpowering. It is also important, in my view, 

for there to be no tension associated with the new look of the page when taking the 

quiz. Instead, the individual becomes accustomed to the colors and organization, 

which allows them to focus their attention more intently on the assessment. 

In this articular ‘Jlustration, the figure that serves a5 an example, the title 

. ° nes that the name of the test will serve as the title of the 

the material in a large bold type immediately directs the 

the direction of the subject, which in turn directs their 

ociated with the subject. As one can plainly 

uestions. The 

The assessment page 1s shown in 

amoun 

s the same organizational 
wor 

follow 

webs 

website does not appeat t 

of the page; determi 

test. That is, presenting 

person taking the test in 

tions and filling out the fields 

ici -. the test by reading the ques 

user can participate 
in 

ted following the questions. If the user does not know the answers 

that are ter them, they are not required to be filled out. As a result, 

or doeg not wa to en 
i. 

m ge the information by acquiring the answers to the 

this makes it eas y to easily revi 
‘ ” 

e accesse 

d. The page showing the test results can 

at were P



My profile 

Logout 

Home 
All tests 

New Test 

My profile 

Logout 

Home 

All tests 

New Test 

QD @ 127.0.0.1:8000/te: 

Ukraine 
Answer the following questions: 

How many times did the state split ? 

(40 
What is the name of the group that is responsible for the creation of the new world ? 

[Some wrong name j 

What is the name of the name of the group that is responsible for the creation of the group ? up 2 

| 
What was destroyed by the Mongols ? 

| Kievan Rus i 

What city became the most important city of the Rus ? 

[ ] 
What is the definition of a" person " ? 

[scythia | 

What is the name of the name of the group that is responsible for the creation of the group ? 

1240 | 
e Golden Age of Kiev ? What is the name of th 

| 
j 

What Is the name of the Rus ? 

| j 
What is the name of the name of the group that is responsible for the creation of the group ? —— 

[ submit] 

6: The process of adding test title and material Figure 4. 

Test results page 

Result 

Your Result is: 4 out of 10 

w many times did the state split ? 
« Question: Ho! 

Your Answer: 40 

Correct Answer: 40 

Verdict: True 

at is the name of the group that is responsible for the creation of the new world ? 
» Question: Wh 

Your Answer: Some wrong name 

Correct Answer: Kievan Rus' 

Verdict: False 

ni: What is the name of the name of the group that is responsible for the creation of the group ? 
» Questio 

Your Answer: 

Correct Answer: Kiev 

Verdict: False 

+» Question: What was destroyed by the Mongols ? 

Your Answer: Kievan Rus 

Correct Answer: Kievan Rus’ 

¢ Verdict: True 

Figure 4.7: The process of adding test title and material 
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The "Result" page is accessible from the "Antecedent test assessment" page once 

the necessary tasks have been completed and the "Submit" button has been 

clicked. This page has a format that is more traditional. The image for the 

results page can be found in Figure 4.7. After the title, the description of the 

content is written as "Your Result is: 4 out of 10." This particular case example 

‘5 used to illustrate how the description of the content is written. This brings 

up the last and most important issue. For the sake of clarity, this diagram only 

includes four of the ten questions that were asked. However, there are also six 

of the remaining questions that are available. There is an examination of the 

answers provided for each of the ten questions. The questions are followed by 

the answers "Your Answer," "Correct Answer," and "Verdict." Since I consider 

each of the fields to be self-explanatory, I believe that the best course of action 

would be to explain the "Verdict" value. The user’s response is compared to the 

right response, and the results of that comparison are used to populate this field. 

The Levenshtein score was utilized for the calculation. Therefore, determining 

whether the value is "True" or "False." 

The real question, the user’s response to that question, the actually correct 

answer, and the verdict are all displayed on the result page, therefore it is clear 

that this page provides @ good deal of information. The Levenshtein distance is 

used to describe the verdict after comparing the response given by the user with 

the correct response. 
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5. Results and future work © 

In.this chapter, the work that was done for the thesis is finished so that findings 

may be made, and any kind of drawbacks are considered in order to develop on 

outline for future work. When the results are finalized, the work that has been 

es clearer as consequence of the analysis and weighing of the pros 

judgments made throughout the process of doing 

t will be possible to both address any deficiencies 

are of additional potential afforded 

done becom 

disadvantages of individual 
and 

research. In subsequent works, i 

that have been identified and make users aw 

by the system. 

demonstrate the program’s final results after it has 

r container that hosts the Django web service contains 

nterpreter written in Flask. In a 
This part will 

been completed. T 

service imple 

he Docke 

mentation of th 

the structure of the bene 

he location where the Flask service 

Firstly, the model is the Unified Language mo 

SQuAD dataset. Because of the high level of complexity 
ex 

h as Flask and Docker have been implemented. SQuAD 

he database that performs exceptionally well. 

moothly. Additionally, it is a well- 

of data, the higher the level of 

elected dataset contains such 

propriate. During the course 

ed to decode data, make 

e model i 

ath processes of the Django application was 

is located was demonstrated. 

del which was pre-trained on 

hibited by the model, 

a micro- 

previous step, 

described, and t 

to be t 

ection went really s 

that the greater the amount 

sa result, the fact that the s 

4 makes it the most ap 
unt of dat 

e pre-trained
 model was us 
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Second, since the pre-trained model requires more than 1 gigabit of RAM, it 

was decided to run it on docker. This decision was made because it was essential 

for the performance of the model. Container logic is the foundation of Docker. In 

relation to the memory, the SQlight3 was utilized as the database management 

system for this project. SQlight3 is written in the C programming language, 

also known as the low level language, which makes it easier for computers to 

read. It allows for very rapid execution of the processes that are run by the 

database. Django was able to function properly with both the settings and the 

database. This file of the configuration deals with the programs that are used by 

the middleware. 

As a final step, although certainly not the least important one, the front-end 

side was also developed on Django by utilizing the components structure. The 

HTML was configured with the help of Jinja2, which I used. To put it another 

way, Jinja made it possible to give the Django project a livelier appearance. 

Components are small bits that make up a larger whole. It is very helpful to 

split a complicated undertaking into these smaller sections. Therefore, numerous 

n realized as the home page, and each of these pages renders the 

fundamental functionality, which is text uploading. In addition to that, there is 

t number of pages. The following pages are produced: an 

presents the text that is uploaded; a page for generated 

a page for test results after evaluation; and also, 

hered and memorized. The "my tests" page is 

pages have bee 

routing in front of a grea 

initial index page that re 7 

questions; 2 page for test taking; 

duced are gat 
the tests that are pro 

an find all of the tests you have memorized. 
where you C | the system is quite intuitive and easy to comprehend for users. 

In general, the 
d product is 4 platform that runs on the web. Users have access to the 

The finished proau 

following features and functions: 
| 

at will be used to make questions 

+ Put up readings th 

Iuation and results for whichever test that is made 
ua 

e Automatic eva 

he questions in context 

e Putting t 

rough web page 

e Ability to navigate th 

| material, or to use in any alternative purposes 

ona ; 
° Revise educatt 

. -eated by the user 
e View tests Cl 59



5.2 Future work 

In this section, the limitations and drawbacks of the analyzed thesis are stated 

; 

e 

and the solutions that match to those constraints and drawbacks are present F e 

and outlined. 

e of the limited amount of time available, 

(i.e. experiments using actual data are 
Becaus a wide variety of adjustments, 

tests, and experiments have been delayed 

ng days to complete a single run.). In the future 

ems in further detail, offer fresh ideas for people 

ly investigate various topics out of simple 

they are more popularly known, is the 

typically very expensive, taki 

I plan to examine certain syst 

t ways, or simp 

ams as 

de that is exhaustively thorough and covers 

of an application. This methodology is standard practice in the field 

se this was an individual project, working together on 

However, keeping in mind that working in teams is an 

was described in this article 

to test out in differen 

interest. Working in groups; or te 

most efficient way to construct co 

every facet 

of programming. Becau 

it was not the solution. 

option for the future, the question generator that 

might be escalated in teams. 

The usage of the UniLM model launching and the preparation of the environ- 

ment have taken uP the most of the attention in this thesis. Specifics such input 

tion and test evaluation have been left out because they fall outside the 

To argue 
jon was neglected in favor of 

ld be an exaggeratio 

element. 

ntioned issues could be put to the test: 

prepara 

purview of the thesis. 

the primary focus wou 

out the negatives associated with this 

aforeme 

that input preparat 

n. In any case, it is important to point 

to select the responses, random selection was ap- 

aring the input. Using models that 

om different text sections is one ap- 

gh NER was used 

h the task of prep 

tial sentences fr 
t essen 

be used to solve this challenge. 

inates the difficulties brought on by typos 

culties with numerical 

e Althou 

plied to accomplis 

extract the mos 

roach that can 

ein distance elim 

bring UP certain diff 

" ig just half as large as "2 million," 

score. Also, to us, the numbers 

Pp 

The Levensht 

d the same, but their similarity score is rather low.



These errors must to be taken into consideration when doing a thorough 

review of the evaluation section. 

e work for the thesis is predominately of a 
In addition, considering that th 

he efficiency and effectiveness of the 

scientific nature, I have focused more on t 

adow of a doubt that design has a big influence both on 

system. There is no sh 

d on the engagement of the user. Because of this, 

the experience of the user an 

in my opinion, the additional focus that is required to construct a design that is 

hen we talk about convenient design, we are referring to 

convenient is necessary. W 

ons, which paints the picture of a positive 

the process of browsing among applicati 

user experience. 

The thesis, a5 @ whole, has achieved all of the goals that it set out to accom- 

plish. 
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6. Conclusion 

In foundational subjects like history and biology, amongst others, stud 
? , Stu ent: ¥ 

ompose a great number of essential term writing tasks The p “vase 
; 7 ; urpose 

ignments is to force students to go through the 

content, and their weight in the overall grade is typically quite low—only about 5 

se there are hundreds of students each year, the instruc- 

7 fcant amount of time checking the students’ work. This 

medied by the proposed technique, which entails the automation of 

e it and the transformation of key-term obligations 

he same purpose: to examine the level of compre- 

o review the content. In 

required to c 

of these particular kinds of ass 

percent. However, becau 

tors have to spend a signi 

problem is re 

edure that came befor 

ve t 

hieved by requiring them t 

ing generation based on reading material (TestGen) was 

gram that uses cutting-edge Natural Language Pro- 

create questions based on the text you give it and 

an automated system for judging how well those questions are answered. 

The baselines for this research were developed in Chapter 2. which also pro- 

mination of the background information regarding the 

vided a comprehens
ive exa 

guage models. The overall comprehensi
on of 

associated 
works, dataset, and lan 

-an subject has been significantly aided by the studies that 

ducted by Vasvani et al. [6], Dong 

the proc 

examinations 
that ser 

have ac 
into 

hension the students 

this work, automated test 

cessing (NLP) technology +o 

the research con 

and Rajpurkar 
et al. [37]. 

t al. [6] presented the Transforme
rs as the basis of 

_ [6], the Transformer is the 

ased on attention, with multi- 

first sequence placing the recurrent layers that are frequently employed 

logies. The Transformer was developed by the group of 

5o



Transformer has the potential to be trained significantly more quickly than model 
models 

containing convolutional layers. 

The work of the UniLM developers [4] served as the foundation for the system 

engine. A pre-training model that is optimized for a variety of LM goals and | a 

contains parameters that are shared was proposed by Dong et al. [4]. UNILM 

etter than the best models across all five NLG datasets 

was responsible for the creation of the dataset that was 

stion Answering Dataset, which 

performs much b 

Rajpurkar et al. [37] 

utilized. SQuAD stands for the Stanford Que 

kar and colleagues [37]. This large dataset is comprised 

nses regarding Wikipedia articles that were provided by 

blic. They found that their logistic regression model 

F1, which had an accuracy of 86.8 percent. 

amount of room for improvement. 

ed for this thesis was covered in Chapter 

was given by Rajpur 

of questions and respo 

members of the general pu 

did not perform as well as the human 

This implies that there is a significant 

The research approach that was us 

3. This chapter included the model configuration, input preparation, flask service 

that was used to support the language model, and the test assessment method- 

he UniLM was selected as a language model for a number of different 

f its function as & Transformer, it is noticeably more 

d the highest rates of accuracy [4]. Second, it has 

training with the SQuAD dataset. Lastly, the uti- 

plicated. The Levenstein distance will serve 

ologies. T 

5. To begin, in terms 0 
reason 

nstrate 
effective and has demo 

already had some preliminary 

lization of it is quite easy and uncom 

as the evaluation method for the responses that are given. When contrasted with 

matches, which may-contain errors such as typos, prepositions, or articles, 

d above was recommended. 
| 

¢ the thesis work is covered in Chapter 4. Docker was 

ing the environment in this chapter. It is fairly 

lightweight and the orchestration does not need to be overly complicated. It was 

on Linux, namely the Ubuntu 90.04 edition. Docker was 

hout the uploading process of the UniLM model. The 

er detail later on in this chapter. Because 

I decided to use Djang 

luding this one, Django is the option that 

em to join the microservices that 

tem is built all the way through, 

exact 

the strategy describe 

The implementation 
0 

utilized in the process of establish 

lly executed 

hroug 

as covered in great 

d built on Python, 

t eireumsta
nces, inc 

as used as the central syst 

_ So, the sys 

utili 

web-servel 
side W o as my framework 

_ In mos 

56



including the back-end, the front-end, and the database. 

The results and the future work are presented in Chapter 5. As was already 

said, the project is done in its entirety and has a number of different functions. 

The fact that the thesis work is presented in the form of a web application 

makes it feasible to "feel" the work. Users have the ability to input the mass of 

text material that has to be processed, obtain questions that are generated and 

save them in csv format, then take an evaluation and obtain the findings. As a 

direct consequence of this, it is safe to claim that it is incredibly user-friendly and 

simple to use. 

I have no doubt in my min 

from the thesis work that was completed, whi 

for generating test questions and answers for a given text. A review of the 

the book is something that will be beneficial not only 

for the students. In addition, there are applications, 

ly asked questions and a great deal more. 

d that the educational system personnel will benefit 

ch consisted of the construction of a 

system 

materials that were read in 

for the instructors but also 

such as the generation of common 
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A. Appendix A ~ 

import os, subprocess 

from flask import Flask 

from flask import request 

from flask import jsonify 

app = Elask(__name__) 

def generate(): 

myeny = os.environ.copy
() 

seen ['PYTORCH_PRE
TRAINED_BERT_

CACHE] = ' /bart-cased-
pretrained cach -cache' 

subprocess .call([ ‘python 

“ aeatpponiim-va/s
re/biuniia/ decode sed2s59- 08 

1_-bert_model
', 'bert-large-c

ased', 

+_-new_segmen
t_ids’, '.-mode', ‘S2S', 

+_-input_file
’, ‘ /data/answers

_flask.txt’, 

1_-model_reco
ver_path’, ‘ /data/qg_mod

el.bin’, 

+_-max_seq_le
ngth’, '512', ‘~-max_tgt_le

ngth', "43" 

+.-patch_size's
 '46', ‘--beam_size’, 

‘1’, 
> 

'a', 

+-qutput_file', 
‘sdata/questions

_flask.txt'], 
env=myenv) 

‘-Length_penal
ty’'» 

def hello_world(
) 

data = mejuest .get_sson(fo
rcectrue) 

contexts 
= datal ‘context ] 

answers 
= datat ans

wers] 

with rs F(-fdata/an
swers_ F

lask O% 'w') as f: 

for Cc, 4 in zip(context
s, answers): 

f write(c + * [SEP] »,adt ‘\n') 

enerate() 

questions 
= None 

a, 

with S008 (yaaa /questions 
ask OS , rt) as f: 

questi 
= ¢.readlines

() 

turn jeonify {questions 
questions}) 

Figure A.1: Code representation 
of Flask usage 
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B. Appendix B- 

.bashre 

apt—get update 

apt—get install —y vim wget ssh 

PWD_DIR=$ (pwd) 

cd $(mktemp —d) 

git clone —4 https: // github .com/NVIDIA/ape
x. 1 

cd apex 
rd 1603407 bf49c7fc3da74fce

b6ab6c7b47fece2e
ls 

git reset —ha 

setup - PY install ——user —cuda_ext —-cpp_ext 

python 

ed $PWD_DIR 

pip ‘nstall —uset tensorboardX 
six 

numpy tqdm path. py ‘pandas scikit —learn Imdb 

pyarrow py—l24framed 
methodtools 

py—rouge Pyrouse nltk 

python —¢ "import nltk; nltk . download (’punkt’)" 

pip install —é 
_eval . git#egg=nlg—eval 
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