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ABSTRACT

Automatic Question-Answer generation is a challenging task in natural language
processing. A system developed is capable of automatically generating questions and
answers from history related text content in Tamil language input by user. The system
processes the input text using various NLP techniques and generates questions and
answers. The system has four modules namely, Preprocessing module, Rule-based
module, Named Entity Recognition (NER) module, Question Answer
Generator(QAG) module. Regex patterns and gazetteers are used in rule-based module
and machine learning approach is used for NER module. NER module uses
Conditional Random Fields (CRF) classifier built with features suitable for the domain
and language. Dataset is collected from history textbooks and 23k word tokens are
tagged using 10B2 format. Novel entity tag set specific to history domain are tagged.
NLP techniques such as Sentence tokenization, POS tagging, Stemming, Unicode
conversion uses existing python libraries. Features suitable for the domain and
language selected are experimented with multiple combination. POS tag, stem word,
gazetteer and clue words are features that contributes more for the performance. The
best feature combination produced micro averaged Precision, Recall, F1-score of
87.9%, 67.1% and 76.1% respectively and accuracy of 89.6% on the test dataset. The
NER module produced a better results despite the domain & language related
challenges. Questions are formed using grammatical and defined rules from the named
entities identified from rule-based and NER module. An affix stripping algorithm
implemented to find the inflection suffix. A history text from Wikipedia is evaluated
by 16 native Tamil speakers under categories such as undergraduates, graduates and
experts. According to the evaluation results, 62.22% of total generated questions are
grammatically correct and meaningful questions. Questions generated from Rule-
based module produces better results compared to NER module.

Keywords: question and answer generation, tamil, NER, CRF, history, domain specific
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CHAPTER 1

INTRODUCTION

Automatic Question and Answer Generation(AQG) is a challenging task in Natural
Language Processing(NLP) and its usage is growing day by day. Question-Answer
generating system from a given text can help the students to learn more efficiently and
evaluate themselves. As preparing examination paper is another daunting task for
teachers and lecturers, they also can get benefited from this system.

1.1 Research Context

Education has become a vital requirement in the current world and exams are used as
a common measure of educational achievements and knowledge. Exams are
considered important all around the world and in all levels of study from elementary
education to postgraduate studies. This will elevate the learning process and help the
students to evaluate themselves and enhance their knowledge in different domains.
Earlier days students go through the learning materials provided by schools or books
published. But nowadays E-learning is widely used in many countries and life of
students has become much easier. This enables them to improve their knowledge and
learning on their own by accessing materials from internet.

Practicing more questions will make students more prepared for the competitive exams
and improve their knowledge in answering questions in examinations. Currently there
are several systems and online applications available with question banks in different
domain with marking schemes. There are few applications available to generate
questions with answers from a given input document or text in English. There are
researches carried on in generating exam papers with marking scheme for course
materials for different languages and domain.

1.2 Problem

There are plenty of question banks available in English for different domains that are
accessible via internet. There are several systems available for providing question and
answer generation in English language for course materials in different countries.
Many more researches are carried out frequently to generate different type of questions
and increase the accuracy levels of correctness of questions and answer generation.
There are also few Al platforms available in the internet to generate question and
answers when user provides a text input or text or pdf document.

Question Answering system and Question and Answer generation system are two
different researches where the first finds the answer from given text when a question



is provided, while the second generates possible questions and answers both from a
given text. There are more researches conducted in Question Answering system
compared to Question and Answer generation in Tamil. While there are number of
researches conducted on developing various NLP tools in Tamil, only very few
libraries and tools are publicly available. There are very few researches carried out in
generating question and answers in Tamil using the available or developed toolkits.
Therefore students studying in Tamil medium have less access for digital materials in
Tamil and question banks in internet. This research will help to generate automatic
questions and answers from a given text input or document and help them in carrying
out their studies easily.

1.3 Motivation

The motivation of this research is to enable the Tamil medium students to learn more
efficiently by accessing the question and answers generated by the system and evaluate
themselves comparing their answers with the generated answer. In this way it will help
them to practice more questions and get prepared for quizzes and examinations. This
will also help the examiners to prepare exam papers for class level assessment,
preparing quizzes and exam papers.

1.4 Aim and Objectives

Aim - Develop a web based Question and Answer generating system that can generate
factoid WH questions from a given history related text in Tamil language. The system
accepts input in text or file format and outputs the generated questions and answers in
text as well as in downloadable text file format.

Objectives

e Analysis
o Analyze on the domain and language related challenges.
o Analyze existing systems & researches and their limitations.
o Find suitable existing libraries & tools that can be used for NLP
techniques.
e Tag a dataset from tamil history documents & publish to be used by future
researches.
¢ Build a Named Entity Recognition(NER) module using the tagged dataset.
o Define gazetteer lists of named entities.
e Build an end-to-end QA generation web application that accepts text or file as
input and output Questions & Answers in text or file format.
e System Evaluation
o Evaluate the questions on grammatical & semantical correctness.
o Analyze the limitations and improvements to be done for future work.



1.5 Statement of Contribution

A web-based application for Automatic Question and Answer Generation(QAG) is
developed as a first attempt for history domain in Tamil language. The system is
intended to help the students studying in Tamil medium to learn more efficiently and
evaluate themselves for history subject. It also benefits the examiners in preparing
quizzes and exam papers using the system.

The system accepts a text or file related to history domain in Tamil language as an
input for the system. The uploaded file content is displayed in a text area, so that the
user can edit the content before generating questions. It processes the text paragraph
sentence by sentence and generates possible WH questions with answers. The system
generates simple factoid questions, but it is not capable of generating complex
questions like open or discussion questions. The questions & answers generated are
displayed as text and can be downloaded as a text file.

The system uses both a Rule-based module as well as Named Entity Recognizer (NER)
module for generating questions. Regex patterns and gazetteers are used for the
implementation of rule based module. Gazetteer list is defined for few named entities
like country, city, kingdom, popular kings, leaders, and so on. NER is built using
machine learning technologies as a first attempt for history domain in Tamil language.
The dataset used for the NER module was manually tagged from Tamil medium Grade
10 & 11 history textbooks as there are no dataset publicly available for history domain
in Tamil. The tagged dataset will be published to be used by future researches. NER
module developed can also be used for future researches.

The questions generated from the final system is evaluated on the grammatical and
semantical correctness using crowdsourcing review from a number of category of
people including experts. The system performs well in producing more meaningful
questions despite the domain and language related challenges.



CHAPTER 2

LITERATURE REVIEW

This chapter discusses about the application publicly available in internet for QA
generation and the related work carried out for the QA generation in Tamil and other
languages using various NLP approaches. There are very few research available for
QA generation in Tamil and few researches carried out for other low resource
languages. Evaluation techniques used by different researches for QA generation
systems are also reviewed. Named Entity recognition (NER) is an important module
in the developed system. Hence, this section also discusses the researches carried out
for NER in Tamil and other languages and surveys or studies for different NER
approaches also discussed.

2.1 Applications and Libraries for QA generation

Quillionz is the first Al-powered platform for automatically generate questions from
the textual content in English. The system generates different types of questions like
short descriptive & multiple choice questions and output in text, word or pdf
documents and flash cards format. The system gives possible keywords from text and
user can select keywords to generate questions. The system also identifies lengthy,
subjective, incomplete sentences and pronoun replacements from the given text. It
allows the user to edit the suggestions based on the suggestions. PrepAl is a test
generation Al platform that generates various question types such as multiple
choice, fill-in-the-blank, descriptive, true or false and statement based. It accepts
inputs in the form of Pdf and word documents, video URLSs, video files. Also offers
a feature of scraping content directly from Wikipedia. Lumos learning & Questo are
few other Al platforms available in internet for QA generation. Questgen is an open
source NLP library for Question generation algorithms. It is built using the state-of-art
NLP techniques. The library is capable of generating MCQs, Yes/No questions, FAQs,
paraphrasing a question and Question Answering in English Language.

2.2 Automatic QA generation in Tamil

Vignesh N and S.Sowmya [25] proposed a system to automatically generate questions
in Tamil from a given input text. Words in the sentence are tagged with Noun, Verb,
Time, Noun descriptor and Verb descriptor tags. Verb tags have sub tags gender and
tense. Initially all words are marked as noun tags. Gender, tense, Noun descriptor and
verb descriptor are tagged based on case markers. Words for time marker are defined.
After tagging, the question word is replaced in the place of descriptor tags using some
defined rules. All possible questions are generated from a sentence for different tags



identified and the questions are optimized by allocating different points to each tags
based on precedence.

2.3 Automatic QA generation in other languages

Automatic QA generators are developed using 3 approaches: syntax based, semantic
based and template based. Syntax based approaches focus on the syntax such as POS,
NER, syntactic tree, etc. Semantic based approaches focus on a deeper level and
mostly uses a knowledge source like taxonomies, Ontologies, etc. Template based
approaches use templates that define structure of question using fixed text and
placeholders.[57] Rules, templates or statistical methods are used for question
construction. Rules are used to select suitable question type and to construct questions.
Statistical methods learns question transformation from training data. Recently neural
techniques are used to generate questions.

Most of the researches that uses neural techniques follow the sequence-to-sequence
framework. Du et al. [58] proposed the first sentence level sequence tagging model
using neural techniques. The encoder uses a BiLSTM and an attention mechanism to
help decoder focus on most relevant parts of the sentence and a decoder using LSTM
to generate question. QG model with this sentence selection model achieved state-of-
art paragraph-level guestion generation performance on the SQUAD data set.
Seq2Seq models struggle to utilize relevant contexts avoiding irrelevant
information[69]. Zhao et al. [60] proposes a maxout pointer mechanism with gated
self-attention encoder to address the problems of processing long text in previous
sequence neural models and achieved a new state-of-art results for the SQUAD
dataset. Kim et al. [61] proposed a novel answer-seperated seg2seq architecture with
2 encoders separately for paragraph and answer and answer-seperated decoder. A
keyword-net used to obtain the key information from answer. Contextual feature of
paragraph from attention mechanism and keyword feature from keyword-net is used
by decoder to generate a question. Yuan et al. [59] developed a Tibetan QG system
using a Tibetan QG dataset constructed through crowdsourcing. An attention
mechanism used to obtain answer-aware paragraph representation during paragraph
encoding and copy mechanism to avoid generating unknown or rare words during
decoding.

Fabbri et al. [62] proposed a template-based model that uses a retrieval based approach
to obtain a sentence from the corpus identical to the current context. A pretrained
BERT model was fine-tuned on the data created with question for all context & answer
pairs and was evaluated on the SQUAD dataset. Teshani et al.[30] developed a QA
Generator for Sinhala using a semantic relationship identifier that defines 8 patterns
for Sinhala sentence with the basic subject, object, and verb with pronouns, adjectives,
adverbs.

Serban et al.[63] developed a novel neural network architecture for mapping
knowledge base into questions. Model is trained with triple: subject, relationship and



object. A template based model was presented with same dataset to compare with
neural model and it outperformed the template based model. Sathish et al. [64]
proposed an automatic Question Answer pair generator using a knowledge graph. A
set of keywords from entities and relationship stored as subject, a predicate and object
triple in knowledge graph. A sequence to sequence model using RNN is built using
subset of keywords as sequence. Geetanjali et al.[65] developed a QA generator by
mapping Abstract Meaning representation (AMR) to question-answer meaning
representation (QMR). AMR is a semantic representation of a whole sentence and
templates are defined for the relations in AMR. Templates are transformed to suitable
questions.

Deepali et.al [31] developed a rule based question generation for Marathi text
summarization. POS tagging applied and nouns are further classified as person and
location using NER tools. Affix stripping algorithms are used for rule based stemming.
Holy Lovenia et.al [28] presented a rule-based automatic QA system for reading
comprehension. Sentence selection done using text summarization method Text rank
and Latent Semantic Analysis (LSA). The gap selection is done using constituent
parsing and Named Entity Recognition. NER was experimented with CRF and Bi-
LSTM CRF on generic tags. CRF outperformed deep learning model. The fill in the
blank question answer pair is converted to WH questions by converting the sentence
to interrogative form. The question word is determined by the named entity type of its
answer. Dhaval et.al. [32] developed a rule based QA generation system to generate
simple and complex type of questions. Sentence selection is done by feature extraction
such as number of nouns and pronouns, length, etc. To generate simple questions,
Named Entity Recognizer is used. Complex questions are formed by identifying
discourse connective words such as because, since, as a result, etc.

2.4 Evaluation of QA generation system

The most common evaluation approach is expert evaluation. The second most common
approach is comparing machine generated questions with human authored
questions[57]. BLEU[58, 59, 61, 63, 64], METEOR[58, 61,63] and ROUGE[59,61]
are some popular metrics that compute the n-gram similarity between the reference
sentence and the generated sentence[66] and used by most of the neural QA generator
models.

Jouault et al.[38] have evaluated the semantic ambiguity and fluency of question
generated from 12 students and also the coverage of questions generated by expert
from the same text is also evaluated. Mazidi et al.[36] and Mazidi et al.[39] has
evaluated the question acceptability using 3 point scale and 5 point scale respectively
using crowdsourcing review evaluation method. Zhang et al.[40] has evaluated the
semantic ambiguity of questions generated using 5 point scale review from 12
students. Huang and He[37] has evaluated the system for question acceptability using
binary scale from 4 experts and also difficulty and discrimination is evaluated by



conducting mock exam for students from the generated questions. Flor & Riordan[45]
has evaluated the semantical and grammatical correctness with 5 point scale review
from 2 experts. Blst™ ak & Rozinajov “ a[44] has evaluated the system on question
acceptability, semantic and grammatical correctness using more than one evaluation
methods: Comparison with another generator and Comparison with human authored
questions.

2.5 Surveys on QA generation

Kurdi et al.[57] conducted a survey by reviewing 93 papers related to automatic
Question & Answer generation. The study was done for different dimensions like
question generation approaches, evaluation, knowledge sources used, different
domain, language, question types generated and answer format. The template based
approach was the most common method used in researches reviewed. As templates are
developed by analyzing set of questions manually or with domain experts, more cost
and effort needed. Hence automatically constructing templates is suggested for future
works. SQUAD and NewsQA are reading comprehension dataset used by researches.
SQUAD consists of question-answer pairs derived from Wikipedia articles on
paragraph level whereas NEWSQA contains wh question-answer pairs from CNN
news articles. Different evaluation criteria like grammatical correctness, fluency,
semantic ambiguity, freeness from errors, distractor readability, educational
usefulness, domain relevance, difficulty, discrimination, and cognitive level are used
in various researches.

Liangming et al.[69] conducted a survey on latest Neural Question Generation (NQG)
systems analyzing dataset, question generation methodology and evaluation methods.
QAG researches was reviewed on 3 aspects such as learning paradigm, its input
modalities and cognitive level to provide insights on how neural QAG connects to
conventional QAG. Traditional QAG architectures are limiting due to the limited to
rules & templates used. But neural models motivate an end-to end architectures. Most
of the recent NQG systems adopt Seq2Seq framework. SQUAD, NewsQA are shallow
cognitive level datasets, MS MARCO, RACE are medium cognitive level datasets and
LearningQ, NarrativeQA are deep cognitive level datasets used in NQG researches.
Copying mechanism, Linguistic features and policy gradient are common techniques
used. Finally three emerging trends in NQG is summarized under 3 aspects such as
multi-task learning, wider input modalities and deep question generation.

2.6 NER in Tamil

Kathiravan et al. [27] proposed a methodology for developing a NER system for Tamil
social media posts using different Deep Learning Architectures like Gated Recurrent
Unit (GRU), Long Short Term Memory (LSTM) and Recurrent Neural Networks
(RNN). As RNN cannot efficiently work with very long sequences LSTM and GRU
is suggested. Feature extraction done under 3 categories like REGEX, Morphological



Analysis and Content feature extraction. Feature selection done on the features
extracted using TF/IDF to find the importance of a word in a given text input.
Dimensionality Reduction is done using Singular Value Decomposition (SVD).
Hariharan et al. [26] developed a NER system using LSTM and fastText word
embedding using a dataset collected from Tamil Wikipedia and FIRE-18. The
performance is compared with GloVe word embedding and LSTM with fastText
embedding outperformed LSTM with GloVe.

Vijaykrishna & Sobha [1] presents a CRF based Tamil NER for tourism domain using
a corpus with 106 nested tag set in 3 hierarchical levels. The test data is tagged with
each CRF models built for 3 hierarchical levels separately and outputs from 3 models
are merged to get a final output. The system obtained an F1-score of 80.44% as tagging
is done only when the context of the present word is similar to the context of the named
entities or if the root word is already learned from the training corpus. Malarkodi et
al.[2] developed a generic NER system for Tamil language using the CRF and SVM
algorithms and performance is compared. After doing an error analysis, some heuristic
rules were applied to improve the results. The final system achieved an F1-Score of
70.68% and CRF outperformed SVM. Malarkodi & Sobha [6] developed a fine-
grained NER for Tamil using CRF with a dataset of 200k tokens from FIRE 2013 and
Cross Lingual Information Access (CLIA) project. POS, chunk information, POS
Patterns Preceding and Following NE and few other lexical features are used as
features. Extended system generated by eliminating the error driven features and post
processing rules were applied to further improve the system. The baseline system
achieved an F1-score of 65.07% while extended system achieved 83.68%.

Pranavan et al.[5] developed a NER system in Tamil using MIRA algorithm with a
dataset collected from Tamil BBC news and a comparison of performance between
MIRA and CRF algorithms is also presented. NE tags are limited to few generic tags.
A rule based Morphological Analyzer built using a database of noun & verb stems
created from the Tamil WordNet using a web crawler. Features like POS, surefire
rules, stem word, gazetteers, orthographic features are used. MIRA algorithm obtained
an Fl-score of 81.38% while CRF algorithm obtained 79.13% for the same set of
features. MIRA classifier out-performs CRF. Srinivasan & Subalalitha [7],
implemented a NER system using Naive Bayes, a probabilistic classifier that assumes
each feature is independent. Training data is collected from Fire corpus. Features are
grouped under 3 types such as REGEX, Morphological and Context Features. A
bootstrapping approach uses a seed set containing the identified features and NEs and
it has contributed in the increase of feature. The system achieved an F-measure of
83.54%.



2.7 NER in other Languages

Deep Learning is the current state of the art in NER systems. Norah et al.[70]
developed a Classical Arabic NER by fine tuning a pre-trained BERT contextual
language model. The BERT model representations are used as input for the two deep
learning models, Bidirectional Long Short-Term Memory (BiLSTM) and Bidirectional
Gated Recurrent Unit (BiGRU) for further sequence modelling. The output of
BILSTM/BIGRU models is passed to a CRF layer. BERT-BiGRU-CRF model
achieved an F-measure of 94.76% on the CANERCorpus and it outperformed other
models. Archana et al.[71] proposed a novel bilingual Hindi-Punjabi NER using
BiGRU and Convolutional Neural Networks(CNN) with enhanced embeddings.
FastText word embeddings concatenated with minimal feature embeddings (POS, word
prefix, suffix and word length embeddings) to form Enhanced Word
Embeddings(EWE). Bi-GRU and CNN model using EWE improves the performance
of NER system and the system achieved an F-score of 91.64%, 93.60%, 93.22%
respectively for Hindi, Punjabi and bilingual Hindi-Punjabi. Nazmiye et al.[72]
developed a NER on tweets during earthquake disaster to help provide an event location
detection & disaster management. LSTM, BILSTM & GRU were experimented with
GloVe word embeddings.

Azeez & Surangika[8] has presented a CRF based fine grained NER system for Sinhala
language. NE annotated Sinhala corpus of 70k word tokens with 24 NE tag set divided
into 114 nested tags is used. Novel entity tag set like Law, Designation, Product, Event,
Work of Art, Facility, Subject, Theory, Language, etc. are used and annotated using
markup based annotation scheme. A novel technique is used to improve the gazetteer
list by adding inflected words based on 4 case markers such as Nominative, Accusative,
Dative and Genitive. Final system produced an F1-score of 84.8% with 5-cross
validation. Jinadi & Ruvan[4] presents a NER system in Sinhala language using CRF
and Maximum Entropy(ME) models. Context word features and suffix are used in both
models. Too much information about the surrounding words did not present good
results. System achieved F-measure of 78.95% for CRF and 63.06% for ME. CRF
outperformed ME model. Maithilee L. Patawar & M. A. Potey[10] has presented a
novel approach for implementing NER for tweets in English and Marathi by combining
CRF with KNN classifier to implement a semi supervised algorithm due to lack of
tagged training dataset. Normalization process replace ill formed words, misspelled
words and abbreviated words with correct words with the help of dictionary and
gazetteer. Confidence value for each word is obtained from KNN classifier and used in
assigning label and deciding the NE class. NER system for Marathi tweets obtained an
F-measure of 50.8%.



2.8 NER for history domain

Baptiste et al. [23] experimented 3 models with BERT, CharBERT and LSTM-CRF.
CharBERT performs better when the data is noisy and requires less data to learn
comparatively. Schweter et al. [24] experimented different word and sub word
embeddings with transformer-based language models based on BiLSTM-CRF for
historical German with tag set of person, location, organization, product and time. Best
performance achieved with FastText embeddings trained on German Wikipedia in
combination with a large German Bert language model with an F1-score of 65% on
strict setting. Nissim et al. [18] experimented using maximum entropy tagger for
recognizing location names. It achieved a good F-Score of 94.2% by performing a
binary classification into location non-location. Neudecker et al. [20] trained a
Stanford CRF model on newspaper material in French, German and Dutch with
additional gazetteers. The 4-fold cross validation was performed and F-scores
achieved in 70-80% range for Dutch and French. Ruokolainen et al. [21] trained
Stanford CRF on manually corrected OCRed Finnish historical newspapers focusing
Location and Person named entities. A large gazetteers with inflected forms are used
to improve the performance. The system achieved an F-scores of 87% for location and
80% for person on a test set taken from the same manually corrected OCR, and of 78%
and 71% on non-corrected OCR. Kim et al. [22] trained two Stanford NER models
using CoNLL-03 data and articles from Trove archive. The model trained on domain
data yielded an F-score of 73%, 72% and 37% respectively for Person, Location and
Organization entities. Passaro et al. [19] adapted an Italian NER system developed
using the Stanford NER to extract entities related to World War | & |1 texts through
automatic creation of a new NE-annotated corpus. Military organizations, Ships and
Airplanes were included in addition to traditional entity types. Locations were
identified with a good F1 score while other entities achieved a very low F1 score.

2.9 Surveys or Studies on NER

Jing Li et al.[16] conducted survey on existing deep learning NER systems and
summarized based on 3 aspects such as distributed representations for input, context
encoder and tag decoder. Neural networks like CNN, RNN are used for context
encoder to capture the context dependencies. CRF, RNN, pointer networks, etc. are
used by Tag decoders to predict tags in input sequence. Input representations plays a
main role in the success of NER system. Three types of distributed representations
such as word-level, character-level, and hybrid representations are used in researches
reviewed. Most common word level embedding used are Google Word2Vec, fastText,
GloVe, and SENNA. CNN & RNN based models are widely used for character-level
representation extraction. LSTM and GRU are two conventional choices of the basic
units for RNN models. BiLSTM-CRF is the most common architecture used for NER
using deep learning. Transformer encoder is better than LSTM when pretrained corpus
is huge. The output of previous step is needs as the input of current for RNN and
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pointer network decoders which is a major disadvantage. CRF is most commonly used
as tag decoder as it capture label transition dependencies effectively when adopting
non-contextualized embeddings such as Word2vec and GloVe. Training models from
scratch using RNN and fine-tuning contextualized language models is a better option
when the data is huge. Adopting transfer strategies is a better option when data is
limited. Fine-tuning general-purpose contextualized language models with domain
specific data could be a better way for domain specific NERs.

Malarkodi and Sobha [9] have performed a deeper study on features used for NER for
various languages under the types of Indo-Aryan, Dravidian and European languages.
POS patterns around the named entities is used as linguistic features. CRF technique
is used to implement the NER system. POS for context window of size 3 is analyzed
for named entities and most frequent grammatical and typographical feature that
occurred for the three types of languages are identified. The grammatical patterns
observed in Dravidian languages are named entity preceding and following Relative
Participle verbs or common nouns, named entities occurring after verb or
postpositions, verb succeed the named entities and postpositions, adjectives or adverbs
following the named entities. The typological patterns observed are named entities at
the beginning of the sentence or end of the sentence, Punctuations following named
entities and named entities occurring after punctuation. The linguistic feature produced
F-measure of 81.58% for Tamil.
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CHAPTER 3

BACKGROUND

This chapter discusses about the analysis done on the domain and language related
challenges in Question and Answer generation and Named Entity Recognition (NER)
with examples, different NER approaches and its pros and cons, different libraries
available for Tamil NLP which can be used in the system and the issues or limitations
of those libraries and finally the feature sets that can be used in machine learning for
NER. The content of this section is obtained from analyzing various resources from
internet, summarized from the related work discussed in previous chapter and also
from experimenting different libraries to choose the suitable ones to use in the system.

3.1 Challenges

There are domain related as well as language related challenges when building this
Question and Answering system.

3.1.1 Domain related challenges

e Polysemic
Single word referring to different named entities.
E.g. Word German can refer country or language. Understanding the word
context is important to identify the correct named entity.
e Nested Entities
When a single word is considered, it belongs to one named entity type. But it
can actually belong to another named entity when considered as multi word.
E.g. Gxiwer uemL g6 (German force)
‘German’ is a country, the whole word ‘German force’ indicates a troop.
e Context drift
A country can occur with many prepositions in history context.
E.g. ezyweflwme (By Germany)
¢ Naming conventions
E.g. Names of Kings - 4 gy1b euruf wedresredr (King Louis 1V)

3.1.2 Language related challenges

e Free word order
The positions of subject, verb and object will not affect the meaning of the
sentence. Identification of named entities becomes difficult in such cases.
E.g., In below sentences subject and object are interchanged. But still it

provides the same meaning ‘Kuwait was captured by Iraq’.
FIT&H&R 6T Gemall &R TIl&SLILL L
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Gemall. FITeHReTme HesHRTtless UL L gl

e Sentences without subject, object or verb
It is possible to form a sentence without having subject, object or verb in Tamil
language. This generate meaningless questions and the number of features that
can be extracted for named entity recognition also reduces.

¢ No capitalization
In Tamil there is no capitalization which makes it complicated in identifying
the NEs.

e Agglutination
In Tamil, Words may contain different morphemes as the suffix of word. Tamil
language is highly inflected and provide rich linguistic and statistical features.
This makes the named entity recognition more complicated.
E.g. e Camallanse g cemer. (I am going to temple)
‘to temple’ comes as single word ‘GsmelaugH @’ in Tamil with suffix ‘@'

e Name or spell variations
E.g. Garwer, Gxrwefl Qgrwef, Ggiwer - All these words indicate country
Germany

e Ambiguity
E.g. The words ‘Haig’ (name of a person) and ‘Hague’ (name of city) both are
written in same way in Tamil which make it difficult to identify the correct NE
when appear in a sentence.
L &emeiu Gama — Douglas Haig
Gamé& masrLh — Hague city

e Lack of Resources
Standard corpora, gazetteer, NLP tools or libraries are rare or not available in
Tamil. Even though quite a number of researchers are conducted for Tamil
NLP tools very few are publicly available to use.

3.2 Named Entity Recognition approaches

Named Entity Recognition can be implemented using Rule based approach, Machine
learning approach, Hybrid approach or Deep learning approach. Deep Learning is
considered to be state of the art in NER systems.

3.2.1 Rule based approach

Rule based approaches are based on set of rules defined by language or domain experts
to classify named entities. Rule based approaches may contain syntactic lexical
patterns (e.g. POS tags, lemmatization of words), domain specific gazetteer etc.[16]

Pros: Works well when lexicon is exhaustive.[16] Suitable for domain specific
systems.
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Cons: Developing and maintaining gazetteers and rules is difficult and costly. Cannot
be transferred to other domains due to domain specific rules & gazetteers.[16]

3.2.2 Machine learning approach

Machine learning approaches are based on statistical models to make predictions.
These models requires large amount of annotated training data to be more effective
which is work intensive and costly. Manually annotating data needs an extensive
knowledge in the specific domain or language. There are subcategories of machine
learning approaches as follows.

Unsupervised Learning

Unsupervised learning approaches learn patterns from unlabeled data using the
machine learning algorithms.

Example: Clustering technique groups unlabeled data based on context similarity,
corpus statistics like inverse document frequency and shallow syntactic knowledge
like noun phrase chunking and so on.

Supervised Learning

Supervised learning approaches build predictive models based on the labelled data.
Features are designed using morphological features, word-level features, context
features, etc. to represent training data set. Machine learning algorithms are used to
learn a model and identify patterns from untrained data.

The following are few widely used supervised learning approaches.

e Support Vector Machines: A data classification algorithm used to group data
into two categories.

Pros: Works best when the data set is small[15]. SVM supports Kernel
functions, hence it learns various feature combinations with less computational
complexity.[68]

Cons: Does not perform well for large data set. It does not work well when the
target classes are overlapping. State-to-state and feature-to-feature
dependencies are not considered. [68]

e Hidden Markov Models: A statistical model that assumes features are
independent to each other even though it considers future observations around
entities for pattern learning. It identifies and learns the pattern using a sequence
modeling algorithm.
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Pros: Raw sequence data can be used for learning directly. Future observations
are taken into account.[68]

Cons: There is no dependency between the words in input sentence. Due to the
joint probability definition, many parameters has to be evaluated. Hence it
requires a large data set for training.[68] HMM is not considered as a best
technique for entity recognition when considering the performance aspect.

e Maximum Entropy models: A sequence modelling algorithm is used which
consider the dependencies between neighboring states and the sequence and it
does not assume that features are independent of each other and nor does it take
future observations into account in pattern learning.

Pros: can incorporate many features easily.

Cons: Label bias cause a model to completely ignore the current observation
when predicting the next label. [68] MEMM is not considered as a best
technique for entity recognition when considering the performance aspect.

e Conditional Random Fields: A discriminative sequence model which assumes
that features are dependent on each other and it also considers the future
observations in pattern learning.

Pros: CRF can accommodate any context information as it does not have strict
independence assumptions. Feature design is flexible.[68] CRF provides
solution to the label bias problem [68] as it computes the conditional
probability of global optimal output nodes.

Cons: CRF does high computations when training data.[68] When newer data
becomes available, it becomes very difficult to retrain the model. CRF is not
considered as a best technique for entity recognition when considering the
performance aspect.

Semi supervised Learning

A model is trained initially on a set of labeled data and true labels. And then predictions
are done on a separate unlabeled dataset. Improved models are created iteratively using
predictions of previously generated models.

3.2.3 Hybrid Approach

Hybrid approach is a combination of Rule based and Machine Learning approach to
achieve high accuracy. This approach does not need a large set of training data. Rule
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based approach leads for accurate analysis by the guidance of human expertise and
machine learning helps that analysis scale with ease.

3.2.4 Deep Learning

Deep Learning is based on Artificial Neural Networks which constantly receive
learning algorithms and data to improve the efficiency of training.

Pros of Deep Learning (DL) compared to Machine Learning (ML) technique

e ML models create features manually or with domain expertise, which could
introduce bias, whereas DL models automatically learn useful representations
and underlying factors from raw data.[16]

e DL based models generates non-linear mappings from input to output &
capable to learn complex features from data through non-linear
transformation.[16]

Pros of Machine Learning (ML) techniques compared to Deep Learning (DL)

e ML model can be built using a small data set while DI requires large
dataset to perform better.[73]

o Computational cost is high. [73]

3.3 Feature set

The following features are summarized from literature review on Named Entity
Recognition which is discussed in previous chapter.

e Root of words
e Bigram of Named Entity label - linear chain CRF is formed by binding the
consecutive named entity tags
e Contextual length (window size)
e Roots of noun and verbs extracted from morphological analysis
e Surefire rules
o Title prefix - If a word is prefixed with Mr., Mrs., Prof., Dr. , then it
indicates a person named entity.
e Set of preceding and proceeding words: Organization named entity may
start or end with words department, organization, etc.
e Length of word
e Context word features
e First word — Check if the word is the first word of the sentence.
e The NE tags of the previous words - dynamic feature
e Word suffix: A predefined suffix list for each named entity
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e Word prefix

e Part Of Speech (POS) tag of the word.

e Patterns — named entities like date, time, percentage, money, etc. follows a
pattern.

e Word and POS tag combined - Current word combined with POS of previous
two words and next two words.

e Dictionary of Named Entities — Checking if a stem word present in dictionary.

e Capitalization - Checks if a word starts with upper case. This is not applicable
for Tamil language as no capitalization exist.

e Gazetteer Lists: List of Organization Suffix, Person Prefix, Action verb,
Frequent word, Function words, Designation words, Person name, Location
name, Organization name, Month name, Weekdays are used.

3.4 Named Entity Annotation Schema

10: Simplest annotation scheme where each word from the dataset is assigned using
either | tag or O tag. | tag is used for named entities and O tag is for other non-entity
words. It is difficult to interpret if the tag belongs to same entity when consecutive
entities of same type occurs.

I0B: Assigns B tag to the beginning of a named entity, | tag for the remaining
consecutive chunks of the named entity and O tag for other non-entity words. There
are two formats in 10B.

e |OBI1- B tag is only used to separate two adjacent entities of the same
type.

e |OB2 — All entities begin with B tag.

IOE: Assigns | tag for beginning or inside and E tag for the end of the named entity
and O tag for other non-entity words. This has 2 formats.

e |OE1- E tag is used to tag the last word of a multi word named entity
immediately preceding another named entity of the same named entity
type.

e |OE2 — All entities ends with E tag.

IOBES: Assigns B tag for the beginning, | tag for inside, E tag for the end of the multi
word named entity, O tag for other non-entity words and S tag to label single word
entities.

BI: Similar to I0B. In addition, it labels the beginning of non-entity words with the
tag B-O and the others as I-O.

IE: Similar to IOE. In addition, it labels the end of non-entity words with the tag E-O
and the others as I-O.

BIES: Similar to IOBES. Additionally it uses B-O to tag the beginning of non-entity
word, 1-O to tag the inside of non-entity words and S-O for single non-entity words.
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3.5 Analysis on NLP libraries

There are very few libraries available as open source for Tamil NLP techniques such
as POS tagging, Morphological analysis, Stemming, Tamil text font-based Encode to
Unicode Converter and other techniques. Three popular NLP libraries which supports
many Indo-Aryan and Dravidian languages are iINLTK, Indic NLP Library and
StanfordNLP. But there are few other libraries available in Tamil which gives good
outcomes. Some of the libraries experimented and its limitations are discussed below
in order to choose a better one for the NLP techniques used in the project.

3.5.1 Automatic Input Encoding & Conversion to Unicode

OpenTamil is an Open Source Tamil NLP Library for Python 3. Several NLP
techniques are supported by this library such as transliterate, Tamil morse, Tamil
stemmer, spell checker, and so on. Conversion from various encodings is also
supported by this library. e.g. TSCII to Unicode etc.

The available modules of txt2unicode are below.

1. unicode2encode - This module converts Unicode text into other encodes.
2. encode2unicode — This module converts text into Unicode string. The
following Tamil fonts can be converted to Unicode suing this module.

1. Anjal 13. Tam
2. Bamini 11T
% Bocrl 15. Pallavar
4. Dinakaran S
17.
5. Dinamani R
_ 18. Libi
6. Dinathanthy
19. Oldvikatan
7. Kavipriya
_ 20. Webulagam
8. Murasoli 21. Diacritic
9. Mylai 22. Shreelipi
10. Nakkeeran 23. Softview
11. Roman 24, Tace
12. Tab 25, Vanavil

Figure 3.1: Fonts supported by Open Tamil library

3.5.2 Sentence Tokenizer
Indic NLP library supports word level as well as sentence level tokenization for many
Indian languages. The below is a python code written to test and compare the sentence
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tokenizer of Indic NLP library with normal split function for few sentences where *.’
comes in the middle of sentences like dates and abbreviations.

fTrom indicnlp.tokenize import sentence_tokenize

import re
if __name__ == '__main__":
content = " m&ERAW HOwFssTdar RaTTHUE ol G alvsar yFMHSETS (PeverlyLear Qewmulrg. " \

"gygearuly 1920, 01. 10 B HeH by e maurars HSET GUMCLEM S EWL. @saTéurs "\
"aflleurflar ereru. ereru (S.S) @rmEmieupb G&euULTGUT aar@ib @rsFw Qumdlemmb WGuEFSsaTmar” \
" QesTmasaile FHULLTT. Geeurm &. . 1942 Hereiley Gemens, @HHWT &EW BErHSmars saiy "
"W GFaT vHNL SR PSETEIW FTHSaaTyL lurar esUuunflug."

sentences = content.split(".")
print("Sentences split by split function")
for sentence in sentences:

sentence = ' '.join(sentence.split())
sentence = re.sub('\u200c', '', sentence)
print(sentence)

sentenceslLib = sentence_tokenize.sentence_split(content, lang='tam')
print("Sentences split by Indic NLP library")
for sentence in sentenceslib:

sentence = ' '.join(sentence.split())
sentence = re.sub('\vu200c', '', sentence)
print(sentence)

Figure 3.2: Python code to test Indic NLP library sentence tokenizer

Sentences split by split function

wafw euflssmelldar BarmEud el Grm alldisFadr sshans WanariyLer Qewmul g

SiHeTug 1920

01

10 i SI&8 SeleuamliL 2 (BEMES ST QUIICLICH L&D

@sarGura amlaurflar erehv

erehlu (S

S) @umgmeuanb QsduLmGur eigtauh @rsFw QumsilErmb WGnFsssannTar Qamemaussetld) mEIuL LT
@eueurmy &

w

1942 syemailed @evmens, @EHwWT HEw Brisamens sely W Gsar whHmd CsarEPsaTFu Bripsameruyh @rinmer e siubhnlug)

Sentences split by Indic NLP library

2aEw Howflssnaldar garmBus eu Crm elldisdr sgmers wWwenarliyLer Qewmul Lmg.

Ssetug 1920, 01. 10 b HaH SeleuendlIly & (BeuTars HHET GUMCUCH Eh.

@sarCums amlleorfler erev.

eteiv (S.

S) @umgmeuanh Qs nGur erdrguh @rsFlw Qumellsmmd WGEFSsaT DT Glamamneuserled Ll L.

@eueurmy &, @p. 1942 senefled Gevmiens, @HHwT wSw Brhsamens sy W s wHmnh QsarEpsasTFw BrisameTuh Briu

Figure 3.3: Output of Indic NLP library sentence tokenizer

The library works well for sentences that contain dates and few common abbreviations
like B.C, A.D, etc., but for sentences that has domain specific abbreviations like S.S
military as in above example, it does not work properly.

3.5.3 POS tagger

An R-based library known as RDRPOSTagger provides support for POS tagging in
Tamil language. It is a ripple-down rule-based POS tagger, which comes with pre-
trained POS tagging modules. RippleTagger is a slimmed down version of
RDRPOSTagger which is python based.
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from rippletagger.tagger import Tagger

if __name__ == '__main__"':
content ="e eu@ley LD QUMEBHHW FTHSET L @HES WSESSEH 0 FHULB wew 2 uBan srsssas " \

"ghu@SEwennwmn Genal 25 STUSSMSEH aar JapsslinGearmear. Guiuar CuTTs saram " \
"o (paursGasnsns Grweal @rremasans Llu@sHs BLansas apssmar. Qusgllun, Mgmeareu, " \
"GUNTSEISE&HEN, AUWaT LMoL eaThEsl wBw FrRsa aflass@Srnluy JA5NEH5S GLmsamer " \
"auBRgsear. 1870 @e prarens WHSSS5B0 CamThnanss Cmiualullar Weauvwnrs, WrmarFlLn @ombs " \
"gyeuBFav WHoh Geumenyuilar & W eueTinmer G LIrGssmsamaTwih envsliLmMlearTear. 2 s WSS5S5HNE "
"ahss sl Qurflu wssbh aaTusTa CurBleysdar ghuLlLer”

sentences = content.split("."™)

for sentence in sentences:
sentence = ' '.join(sentence.split())
tagger = Tagger(language='tam')
postagger = tagger.tag(sentence)
print(sentence)
print('P0S tag', postagger)

Figure 3.4: RippleTagger library testing code

2 &l Lsd QUITERBEIW BT(H&ET Ueald @S WSSEHHEM FHULE (D 2 wENID HTEE5mE o DHUHSHMLDIWITD Gema 2 6u8 OGS SHISET 6Ter
216006 & 1LRBN 6T meT.

POS tag [(2-a&6, NOUN'), (Ui, NOUN'), (Gur@BSiw, 'AD]T'), (Br@i&er, 'NOUN'), (usva, 'PRON'), (@65, 'DET'), (W5558)s, NOUN'),
(FOULE, "VERB'), (W', 'ADI"), (2@lguil,'ADI"), (srassams, NOUN'), (ghuB S8 weannwmsy, NOUN'), (@sner, NOUN'), (2a&, PROPN'),
(n&mushissT, NOUN'), (aear, PART'"), (smpssiuh@siner, 'VERB')]

G@IL6T CUTTS Q6iTenm 2 (FUTEG6SM&TE G @ImanadEams UalUhES BLaIG & 6(H&HS e
POS tag [(GgFwer, NOUN'), (6urrs’, NOUN"), (peram’, ' NUM'), (2 Garsgashars, 'ADV'), (¢giwnef, 'PROPN'), (@rramausams, NOUN'),
(uaUU@SS, 'ADI"), (BLaw &g, 'VERB"), (G &smar, 'VERB')]

Quebgflunb, BirmeiTe, BUT TS S H&E, duEULIET HmD @aarhs B BEThHsd aflossRrnlug Asna0ss G Rsama b &ger
POS tag [((Quegfwid,, NOUN"), (Aymeireu,, NOUN'), (Guis&éaea,, NOUN'), (duauuilsr, NOUN'), (whmb, 'CONT'), (géwnbas, ), (a&w’, 'ADT'),
(Br@&aT, NOUN'), (uflsnsa@roiun, 'ADV'), (2sHs®h5s, 'ADY'), (@La&mer, 'VERB'), (ufiggear, 'VERB')]

1870 @ob Uirmarens WEsEGH0 CHTMHHIY &6 G wafluilar tauwnmts, LFrarfiLib @mhs Haesau wmmib Geumanyuie 2,& W aeTomer @m

Ny CasamhisamaTLD 6m &1L le mair

POS tag [('1870', NUM'), (@6, NOUN'), (dlpnsirens, NOUN"), (wéss66, NOUN'), (€snh&gss, 'ADT), (Ggiwafluildr, NOUN'),
(devwnris,, NOUN'), (drrer&lLin, NOUN'), (@@mbs, 'ADT"), (weédge, 'PROPN), (nhmib', 'CONT), (@amanyuller, NOUN'), (sp&w', 'ADT'),
(eusmiomenr’, "ADI"), (@@, NUM'), (Urésemsamsrwn, 'VERB"), (maluhlarmsr, 'VERB')]

2 & WEHEHNG AGSS Wal auilu WD aerusTe GUTWealseT gmul Ler
POS tag [(2.eu&, PROPN'), (w5868 D&, NOUN'), (21hgs, 'ADT), (&, 'DET'), (Guiflw, 'ADT'), (wgsih, NOUN'), (asrugma, PART'),
|('@u rflassr, 'VERB'), (giul Lar, 'VERB')]

Figure 3.5: Output of RippleTagger library

For complicated sentences as in above examples (i.e. sentence with compound verbs,
lengthy sentences, multiple sentences joined together as one sentence, etc.) the results
are not accurate. But for simple sentences this pos tagger gives very good results.

3.5.4 Tamil stemmer

Stemming is a process where words are reduced to a root by removing inflection.
Snowball stemmer is a library which supports for stemming in Tamil language.
Python 2 and Python 3 (>= 3.3) are supported.
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import snowballstemmer

if __name__ == '__main__"':
words = ["Gmrweflwn", "Gmrualutlamear", "GrFFlwnmuysE", "UrGssFsHa", "Gs5smedl", "Hriuga", "@rreuasans"
"wyssruseflermev", "mnmmmeoriqer”, "mrEsermer”, "Neauvwwngs", "SevnnrsSear”, "srgdlGaur", "BHTsHL",
"G flwumeller”, "mrLrBw", "gequmeysEn", "SrrarssEh”, "mesSw", "sewuflssr”, "ar&omeflwr" )

"@ssrdlullear”, "Fegwm", "GHFEMHSMT", "ea@a", "merrliumalsa”, " 9flssla", "Yressmsealla”,
||Ga’.}m€uﬂu' "@n’ngmb"]

for word in words:
stemmer = snowballstemmer.stemmer('tamil')
stemWord = stemmer.stemWords(word.split())
print(word + " => " + stemWord[0])

Figure 3.6: Snowball stemmer library testing code

Gaayeflyb => Gfwel], Ggjwefluflamer => Coiwallul, Ceilwumuse => C&il, Urtsss@a => ressh, G&Hsmed => smed,
BIL g6 => BIH, Grienadams => Gragaln, WHshaEarlarme => Wbeh, BIHmTeTiaem => Brhmne, BH\&emmar => BrH\&er,
Uevomgs => Uev, Wevoris&er => v, srellGeur => g1l EI5860 => Barb, AavBiflurelar => sedvGfl, BTLIGIW => B,
TeqITeY&GLD => Tequwm, KrTars&H@n => Lrmedr, 866w => 868, 4awfléEst => A, ard el => ardLmerf,
@&amedluller => gmedl, TauT => Jag, CHEBIH&E => CHEBNEH), 2 R0 => 2 6, BErmIUTale => 8Crm, L lflasl => i,
Uregemgafle => Ugesan, Gyl => Giweaf], Grremeain => Grramain

Figure 3.7: Output of snowball stemmer library

This stemmer library find the root word for nouns with inflections correctly most of
the time. But this library does not stem proper nouns correctly. It also perform
stemming in noun without inflection in below cases.

« if the word ends with suffix which is used in inflected word @, 2_&@, @ ev, @ edr,
83, 26V

« if the word starts with prefix which is used in determiner words @), < similar
to ‘this’, ‘that’.

3.5.5 Morphological Analyzer

Morphological Analysis is more suitable for morphologically rich languages like
Tamil which has more inflections in the words. This library finds the root words
correctly when inflected word does not modify the root word, but only ends with
inflection suffix. But if the root word is modified in inflected word, it does not properly
identify the root word. The library does not stem the non-inflected word correctly in
most of the cases unlike in Snowball stemmer discussed previously. E.g. non-inflected
country names and person names. Also the performance of this library is very low. It
process for a very long time to find the morphemes of even a single word.

Below is the testing code and output of Indic NLP library which supports
morphological analysis for Tamil.
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from indicnlp.tokenize import sentence_tokenize

import re
if __pname__ == '__main__':
content = " xsBw sGwLHSsTAdar ETTHUS oL GrT MeFar JUSHHTS (WPaTLULLET QFwpULLTF. " \

"sygeruig 1920, 01. 10 sup H5S Sciamnbly e @aumarsl 5T QUUGUGH SLEGWh. @saréurs "\
"aflleurflar ereiu. ereiv (5.5) @rmEmueupL @SmEVLMTGUT aarmib @GraFw umdllemmb WGuFFss@Tomar” \
" Qeneasafley FRULLarT. Geuaurmm &.@p. 1942 yemafle Gevmens, GHHWT AW BrhHsamars seilr "
"pwe 5T LHnL OSATRPSSTEIW GrhHsameTwh BUUMET evslunmlwg."

sentences = content.split(".")
print("Sentences split by split function")
for sentence in sentences:

sentence = ' '.join(sentence.split())
sentence = re.sub('\u200c’', '', sentence)
print(sentence)

sentencesLib = sentence_tokenize.sentence_split(content, lang='tam')
print("Sentences split by Indic NLP library")
for sentence in sentenceslib:

sentence = ' '.join(sentence.split())
sentence = re.sub('\u208c', '', sentence)
print(sentence)

Figure 3.8: Indic NLP MA library testing code

['Gmiwefl', 'wi'], Gl => Ggiwnerl
['Ggrwefl', 'ullaner'], Ggiwsflufensr => GFwnenfl
['Ger', 'Jwr', 'uss'], Cridlumyse => GFF
['UrGsssbd'], UinCsesssh => Untssssi
['@ssmed'], @&zml => @ s5mell

['mrliwgsu'], BTLGED => HITLIGE

['@omamen’, 'Samg'], QumEnagengs => G ey
['wss', 'msaflarmed'], wssmseaflarm => WHs
['mrhmmedorg ', 'ebr'],  mrhmredordedr => mrhHmmessrig
['Br@!', 'sermer'], BrEGSGeTmEr => BTG
["96vinngé'],  Nevinngs => (Nevinmis
['Aeunmgs', 'Seir'], Weuwnrisser => Ldunmrs
['er', 'gl', 'Cur'], srglGaur => Fr

['Ber', '$860'], B&EISEH => B&T

[ aev@iflu’, 'omellar'], aauEflumeilar => geu& il
['Bror&@w'], ®mBror@w => Bror&Eu

['melqwr’, 'eyd@n'], reWreySE@GL => Tegwim
["Agnere", 'Seb'], Ulpmersgied => Womere
['m&@Ew'], 8&EBwu => BEEW

['@wouflésr'], sQurlssT => QuwrflsaT

["ewr&', 'L, 'eoflum'], sun@_meflwm => sur&
['@&ssmell', 'ufler'], @ ssTeluller => @\55medl
["oelquir'], geQuim => Feiquim

['Gm&F', 'mmhEeT'], CHFBMHH6T => GHF
['ea&Ee'], 2 Q& => 2 &

['e@rraur', 'aildé'], Sermliumeile) => SErTLaUT
["oiflss', '0'], liflssd => glflés
["dApCssmmeaflen'], JdpCsemseafly => UpGsamserflsy
['Gzrwefl'],  Cmiweafl => emiwef

Figure 3.9: Indic NLP MA library output

Another python based library known as Polyglot also supports Morphological
Analysis for Tamil. It also does not produce better results but it performs very faster
compared to Indic NLP MA library.
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CHAPTER 4

METHODOLOGY

This chapter focuses on the methodology of the system in a descriptive manner. It
includes the high level architecture of the system and explains each module as a top
down approach. Each components of the system described along with its technologies,
inputs, outputs, algorithms, limitations etc.

4.1 High Level Architecture

Preprocessing
Stop word

¢ Unicode conversion list

Input

* Sentence tokenization
text/file

* Sentence selection

Anaphor

l l word list

Tagged : :
Corpus POS tagging Rule based approach
Gagzetteer Regex
list match match Grammatical
CRF A Rules &
training Defined Rules

l Gazetteer list

Trained »/ Named Entity Recognition > Genelrate
models Question &
Answers
Questions &
Answers

Figure 4.1: High level Architecture of the system

y

The system generates questions and answers on history domain in Tamil language.
The user has to input text or upload file with content on the domain of interest. The
system processes the input using various NLP techniques and produces questions and
answers. The system also enables the user to download the generated question and
answers in a text document.
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4.1.1 Input

Users can paste a text or upload a file with one of the file format .doc, .txt or .pdf. The
file size should be less than 10MB and users can upload one document at a time.

4.1.2 Process

1. If file is uploaded, the file size and file format is validated. If valid then it
process the file. If invalid it prompts appropriate error message.

2. The text content or file content is read and tokenized into list of sentences.

3. The sentences which starts with anaphora words (e.g.: He, She, It, There, That)
are ignored as not suitable for question generation.

4. Regex pattern matching and gazetteer match is done for each tokenized
sentences in Rule-based module.

5. Regex match is checked to identify date, time and quantity in the sentence. The
matching word is then replaced with the appropriate question word. This rule
based approach generates ‘how many’ and ‘when’ type of questions.

6. Regex pattern for comma separated words of same entity, words enclosed with
single quote are also checked against sentence and is replaced with blank line
if match found.

7. Then words in the sentence are searched in gazetteer list. According to the
named entity category it belongs to, the appropriate question word is replaced.

8. Each sentence tokenized in step 2 is tagged with POS tags. Using the trained
models and POS tag of the word, the named entity of each word in each
sentence in the list is predicted.

9. The appropriate question word is identified for the named entity tags predicted
for that sentence using some defined rules.

10. The named entity is checked for inflections and if the word is inflected, the
question word with inflected form is replaced. When forming the question
previous and next words are considered into account to form a meaningful
questions.

4.1.3 Output

The questions and answers generated from the rule based approach and machine
learning approach are written to a file every time. Finally the questions and answers in
the file is loaded in the text area in the application. The user can download the
questions and answers as a text file if needed.

4.2 System Overview

The system is mainly divided into below 4 components: Preprocessing module, Rule
based module, Named Entity Recognition module and Question and Answer
generation module.
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4.2.1 Preprocessing Module
Text pre-processing is a process of transforming text into a more digestible form to be
used for further processing. It consists of following steps.

= Read file content

= Unicode conversion
= Tokenization

= Sentence selection

Read file content

If a valid file is uploaded, the content of the file is extracted for further processing. If
pdf file is uploaded, then the file content is extracted using a python library called
PYPDF2.

Limitations: The text in images, bullet points and headings will not be processed.

Unicode conversion
Different tamil encodings are available. OpenTamil is used to convert any encoding to
Unicode. This library supports 25 different tamil encodings. (Refer chapter 3.5.1)

Limitations: If a tamil text with an encoding not supported by the library is uploaded,
then the system will not generate questions and answers.

Tokenization

The text content is tokenized into list of sentences using Indic NLP library. Indic NLP
is one of the python based library that can be used for tokenization in Tamil language.
This library works better than split function in python when dates and common
abbreviations with ‘. present in the sentence. (Refer chapter 3.5.2)
e.g.: ®.w(B.C), .9A.D), 19.11.1948

Limitations: The library does not tokenize correctly when domain specific
abbreviations are present in the text.

Sentence Selection

The sentences suitable for question and answer generation are selected by checking
the first word of the sentence against a list of anaphora word list. Anaphora is the
linguistic phenomenon for referring back to a noun or pronoun in previous sentences.
The list used in the project contains around 50 anaphora words.

E.g. Adolf Hitler was born in Austria. He was the leader of Nazi party.
‘He’ in the second sentence refer to Adolf Hitler which is referenced from the first
sentence. So it is an anaphora word.

Limitations: If an anaphora word is present in the middle of sentences, the sentence
will not be ignored. Hence it can produce meaningless questions.
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4.2.2 Rule based Module
Rule based approach is applied to the selected sentences to generate questions using
regex patterns and gazetteers.

Regex pattern matching

Regex match is checked to identify date, time and quantity in the sentence. The
matching word is then replaced with the appropriate question word to form questions
of type ‘when’ and ‘how many’. Regex pattern for comma separated words of same
entity, words enclosed with single quote are also checked against sentence and is
replaced with blank line if match found. Table 6.1 shows the sample regex patterns
used in the system.

Example:

Sentence: eu@LID 1919 6 WeTeory Q&BUWEFT WY &SMBS LIMG G2rweslufer
eyl & Wwe @ aubgsg. (The monarchy in Germany came to an end in 1919
when King Kaiser ended his reign)

Question: erbg U@L LD 6T6T T QSBWIET WL SIMbHS LIME Q3706 lufNer edTeor L&)
wyesE eupss? (Which year the German monarchy came to an end when King
Kaiser ended his reign?)

Sentence: 20 gyld BIHDOTEOTLTGLOCUTE Seorm, @B WIT, E6vHend (NSHed Gl
BrH&eNaid m&ssasTde LTl Aulear Qsdoarse uyelwg. (By the 20th century,
the influence of the Industrial Revolution had spread to Asian countries such as China,
India, and Sri Lanka)

Question: 20 eyl BIHMTEsTL MGLCUTS , , g &l

BrH&eNaibd &s0sMhe Ul fulsr agoansg ugallwg. (By the 20th century,

the influence of the Industrial Revolution had spread to Asian countries such as
and )

Gazetteer search

A gazetteer list for few named entities are defined. The words in the sentence is
checked against this list and if a word is found in an array the corresponding key is
returned. According to the returned key, the question word is replaced. The below are
the named entities for which a gazetteer list is defined.

e Month - List of 12 months

e Kingdom - List of all Srilankan kingdoms

o City - List of historic cities and capital cities

e Person - List of famous kings, emperors, rulers

e Country - List of all popular and historically important countries
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e Numeric word - List of numeric words under categories of units, tens, hundred,
thousand scales are defined. (Figure 6.7)

Limitations: If a multi word named entity exist in gazetteer, then the whole word is
expected to match in the sentence to be replaced.
E.g. s&8w <i0wifésesm (United states of America)

Same word with different spelling will not be identified as a match.
E.g: Germany can be written as Ggyioeof], Qggineot.

4.2.3 Named Entity Recognition Module

Named entity recognition (NER) is used to classify named entities in text into pre-
defined categories such as the names of persons, organizations, locations, date, time,
quantities, etc.[15] The different approaches of Named Entity Recognition and its pros
and cons are discussed in chapter 3.3.

Machine learning approach is used for the implementation of NER in the developed
system. The main advantage of this approach over the rule-based approach is that it is
trainable and can be adapted to different domains and languages and the maintenance
cost is comparatively less. So this approach is more suitable for our application.

Conditional Random Field (CRF) classifier is used in the system. Different features
suitable for the domain of interest and language are selected and are helpful in
predicting the various named entity types. Corpus data is split into trained and test data
where train data is used to build the model and test data is evaluated with the model.
Hyper parameter optimization is applied to obtain the best model.

T | ) ;
agged Featm.c Clue word list
Corpus Extraction

hd

Training Testing
Corpus

Corpus

v
CRF Training

}

CRF Evaluation | | Results
Model

Figure 4.2: High Level diagram of NER system
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Named Entity tag set

Most of the NER researches done for history domain are also focused on few popular
entities like Location, Person, and Organizations from historical documents. Hence
named entity tag set are defined by analyzing history textbooks used for corpus
tagging. Named entity tag set used in the system are mostly domain specific.

Table 4.1: Named Entity tags with examples

NE Tag | Description Examples
PER Names of people like kings, leaders, | 1 <b etelle@ug (Elizabeth I)
etc.
NORP Nationalities or religious or political | YWflggmesflwiy (British)
groups.
DES Designations (Job positions) such as | &Liueb wmguidl (Ship Sailor)
king, general, governor, etc. =@ppy (Governor)
GOD Names of god U&& Qu@Lomed (Lord Buddha)
@GwammsT (Jesus Christ)
REL Religion @bgl #wwib (Hinduism),
@eveurrid (Islam)
CONT | Names of continents in world 246V H G760l WIME> &600TL LD

(Australian continent)
s (Europe)

Cou Names of countries in world Ggjnent] (Germany)

TER Territory - a division of a country like | @getr Geuevev (South Wales)
state, province, district, region etc. sy Sey (Sumatra Island)

CITY Names of cities and towns urfletv (Paris)

LAW Includes laws, rules, policies, reforms, | &MLl M8 TS HSSMIS6T
declarations, and agreements (Colebrook reforms)

Gevflg &1L Lb (Sugar Act)
QW &&HF &FHHHTLI
AyasLeorin (Unites States
Declaration of Independence)

CON Includes concepts, principles, theory, | Br&&eungib (Nazism)
thought, etc. Blevnmesflw (wemm (Feudalism)
TIME Time period like B.C, A.D, century, | @@®USTLD BITHDTeworLq.63T
decade, etc. Wwetteorem L1 LIS (First half of
twentieth century)
YEAR Year in numeric or text form 1918 oyib ayevor® (Year of
1918)
MON Names of month QFuQLbuy wrsn (Month of
September)
DATE Dates in numeric or text form 7 <ulb HaG) (71)
1918.08.07
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COM Community — group of people, society | ®ergg&wneriaer (Insurgent)
WAT Names of water bodies like ocean, | swev &meveuri (Suez canal)
river, reservoir, canal, etc. & meued smiens (Mahaweli
River)
TAX Types of taxes WwsH e eurfl (Stamp duty)
ANT Antiquity - relics or monuments (such | yesflg sBsLD (Sacred tooth relic)
as coins, statues, artwork or buildings)
of ancient times
EQUIP | Equipment— weapons, machines, etc. | Slemgwml s@mel (Compass)
ORG Names of organization like company, | 2-ev& Br(h &6 FrsL (League
council, department, commission, | of Nations)
committee, etc.
TRO Troop — Names of armed forces eTe.6T6 @ rmemieud (SS
military unit)
GOV Name of government, party, empire | urT&Faurs Hrelwe sL& (The
and federation National Fascist Party)
CUR Names of currencies Lmeury (dollar)
FAC Facilities like road, building, motor | eflomesr Blemevuwlrig et
vehicles, etc. (Airports)
CROP Names of crop like tea, rubber, | Gsulemev (Tea), @mLiLy
coconut, etc. (Rubber)
IND Types of industries QOGLUGBGSHSGS MFBHASHTIL6
(Iron Industry)
SEC Types of industrial sectors sevellg giemm (Education
sector)
SKILL | Types of skills N EhEsTerTs QS MAeIL LI ey
(Scientific Technical Knowledge)
SOou Types of sources contains historical | Bresrwmigsei (Coins),
information &G all_(hser (Inscriptions)
PRO Products o rib (Fertilizer)
NUM Numeric in digits or text form ewesrm (three), 150
LIT Names of Literature like Ancient | Quuiersmibsls (Main-kamph)
fiction, books etc. & mabgLd (Mahavamsa)
LOC Names of location like harbor, temple, | 21mIT&YT &T 6il&men(y
camp, parliament etc. (Maha Viharaya, Anuradhapura)
LAN Names of languages L&a Quomyd (Dutch)
EVE Name of events like war, revolution, | e&50sm60 L& (Industrial
ritual, phenomenon, etc. Revolution)
Falemel W smaer (Crusades)
SUB Names of subjects @uwuiufwev (Philosophy)
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A flat annotation schema, IOB2 is used which assigns B tag (B-prefix before a tag) to
the beginning token of a multiple word named entity, | tag (I-prefix before a tag) to
indicate that it is an inside token or ending token in a multi word named entity and O
tag for other non-entity words.

E.g: Adolf (B-PER) Hitler (I-PER) was (O) a (O) German (B-NORP) politician (B-
DES) who (O) was (O) the (O) dictator (B-DES) of (O) Germany (B-COU) from (O)
1933 (B-YEAR) to (O) 1945 (B-YEAR).

POS Tagging

POS tagging is a process of labelling the part of speech tag such as noun, verb, adverb,
adjective, pronoun, conjunction, etc. for the words in a corpus based on its context and
definition.

POS tagging is done using a python library named RippleTagger which has an
accuracy of 82.08886853% for Tamil language as per the documentation of this
library. This is the only publicly available python library for POS tagging for Tamil
language at the time of this research implemented. This library supports Universal POS
tags given below. If none of the given POS tag is identified for a given word °-° is
tagged. Analysis of this library with sample code and results is discussed in chapter
3.6.

Table 4.2: POS tags supported by Ripple Tagger library

POS Tag Description
NOUN Noun

VERB Verb

ADJ Adjective
ADV Adverb
PROPN Proper noun
PRON Pronoun

AUX Auxiliary verb
PUNCT Punctuation
PART Part

CONJ Coordinating Conjunction
DET Determiner
NUM Numerical
ADP Ad position
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Conditional Random Fields

Conditional Random Field is a discriminative model, used for predicting sequences. It
increases the amount of information needed for the model to make a good prediction
by using the contextual information from previous labels.

Mathematical Overview of CRF
In CRF, the input data is sequential, and previous context is considered when making
predictions on a data point. Feature Functions are used to model this behavior.

Feature function: f(X i Ir,, li)
X - Set of input vectors

i - Position of data point

i1 - Label of data point i-1 in X

li - Label of data point i in X

For example, f(X, i, L{i - 1}, L{i}) =1, if L{i - 1} is a Noun and L{i} is a
Verb, 0 otherwise. Each feature function is based on the label of the previous word and
the current word.

Each feature function is assigned with a set of weights known as lambda values, which
the algorithm going to learn.

1
Py, XA =700 €XP D X A5 (X yie, ¥}

Where Z(X) = Yyey2ic1 2 Afi (X, .21, 91)

To estimate the parameters (lambda), Maximum Likelihood Estimation is used. To
apply the technique, the Negative Log of the distribution should be taken first to make
the partial derivative easier to calculate as below.

Ly, X, 2) = —log [T{L1 PO |x*, 1)}

=~ B logl 7 exp (it B 485 (X 1,714, )]

m)
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To apply Maximum Likelihood on the Negative Log function, the argmin is taken as
minimizing the negative will yield the maximum. To find the minimum, we need to
take the partial derivative with respect to lambda.

AL(XyA) _ -1
(a;Ly = — YR BN + ZRiiplx®, 1) F(y, x*)

m
Where: F;(y,x) = Xy fi(X, 6, Vi1, Vi)

Partial Derivative is used as a step in Gradient Descent. Gradient Descent updates
parameter values iteratively until the values converge. Final Gradient Descent update
equation for CRF is as below.

A=A+ aZie FO5 xS + Xieip(lx, 2) Fi(y, x9)]

Libraries and Algorithm

There are several CRF toolkits available. Among them CRF++ and CRFSuite are the
most popular. CRFsuite is more robust and faster-to-train. CRF++ needs the features
to be set in files, but CRFsuite can calculate features in the training. Therefore
CRFsuite is used for implementation in the system. Several Python libraries provide
support to CRFsuite. Sklearn-crfsuite library is used for the implemented system. For
the NER task, which is basically a sequence prediction task, the chain CRF is more
suitable. Therefore, Ibfgs CRF (Limited-memory Broyden-Fletcher-Goldfarb-Shanno)
algorithm is chosen.

Features

Feature selection is an important task in CRF implementation. Different combinations
of features suitable for the domain of interest and language are selected and
experimented. Chapter 7 further discusses the testing results and evaluation of the
different combinations experimented. The following are the features used for the
system implemented.

¢ Inflection Suffix
As the tamil words are highly inflected, the inflection suffix is used as a feature.
Inflection suffiX: &, 6w, &, @6v, @ 6T, &I, 2 1, L5 2_L 6T, QH W, @) BHS!
Few named entities will not be inflected with few suffix. Hence this feature can
be helpful in identifying named entities.
E.g. the suffix ‘@ev, ‘@@ uwr is not possible for a person name.
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Context feature of window size

The previous and next words can help to predict the named entity.

E.g. In the sentence segment, ‘@sainenfl etedrm BT (Country named Germany),
considering the next 2 words can be helpful.

Numeric word
Check if the word is in digits and a list of numeric words are defined to check
if a word indicates a numeric word.

Clue words

Few words are observed preceding or proceeding a named entity which is
helpful in identifying the named entity.

Example: The person’s name can precede or proceed with word ‘King’ and
word ‘continent’ can proceed with the continent name.

Root word
As the tamil words are highly inflected, root words obtained is used as a
feature.

Gazetteers

The gazetteer list is prepared for few NE tags like countries, cities, person
names, months, kingdoms, continents, etc. The word is checked against a
gazetteer list with and without stemming the word as the stemming library
output is not very accurate.

Prefix suffix Rule

Named entities can occur with certain prefix or suffix.
E.g. NORP entity which refers to nationalities has more chance to appear with
suffix ‘s’

WAssmellwy, sGrmiwiy

Is previous word ending with comma

When comma separated multiple words appear there is a high chance of named
entity of the current word is the same of previous word.

E.g. anflleuy GUMeuBens &R T0&5CHTE LlEsmeflwim, Lymesreny GLImeTm
BTH &HET el V(&S ES THTTE WHHH08 2 TbLlgger. (Hitler invaded Poland
and countries like Britain, France started war against Hitler)

The words ‘Uflgsmesflwm (Britain) ‘ymereiv’ (France) both are country
named entity.

IsYear Format - word is checked against a date regex pattern.
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e Part-of-Speech (POS) tag
POS tags of previous and next words of window size 5 is experimented along
with the POS tag of the predicting word.

e Named Entity of previous word - dynamic feature.

e Is conjunction word
E.g. mhmib, '@ wr, 'Gumedrm are conjunction words that appear proceeding
comma separated named entities of same type.

Hyper Parameter Tuning

Hyper parameter tuning aims to find hyper parameter which provides highest
performing model and lesser error rate. Two most common and simplest optimization
algorithms are Random Search and Grid Search. Grid Search evaluate model with
every possible combination of hyper parameters while Random Search evaluates with
random combination of hyperparameters. Even though Random Search yields a high
variance during computing, it is proven to yield better results comparatively and Grid
Search is very computationally intensive. Hence RandomizedSearchCV is used and
experimented with different folds and iterations.

4.2.4 Question and Answer Generation Module

For regex matching approach, a replacing question word defined will be replaced if a
match is found. For gazetteer approach or Named Entity Recognition approach, some
steps are followed to apply some defined rules to generate a meaningful question.

Steps for Question Generation
Following are the steps for question generation from gazetteer approach.

e The sentence, identified named entity, named entity type, previous word, next
word are given as input for this module from Rule based module.

e The previous and next words are stemmed using Snowball Stemmer library.

e The stemmed words are checked against the clue word list.

e If previous or next words are clue words, then the appropriate question word is
replaced with inflection suffix in the place of word and previous or next word
which contains the clue word.

Example:

Sentence: 1914 W &6v 1918 eUen T BLHS (NSS! 2 608 LDSTWSSLD C2iLneof]
BITL_1960T Semevennuilevmenr (&8 BT(H &6rfletr G5 mevalllL6dT (LNI6 &G UBSSI.
(The First World War, which lasted from 1914 to 1918, ended with the defeat
of the Axis powers led by the country of Germany.)

The word ‘Ggwesfl’ (Germany) is identified as a country named entity from
gazetteer and it follows the word ‘wri g1’ (0f the country) which is inflected.
The stem word of the following word is ‘Br®'(country) and it is present in the
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clue word list of named entity ‘country’. Hence the identified named entity
word with its following word is replaced with a question word.

‘Gegywenfl Bl igesr’(country of Germany) is replaced with the question word
‘erbg BT 1geor (IN which country)

Question: 1914 WL 1918 QU] BLHS (NSVMEIS 2 608 STWSSD 6THES
BITLLY.60T Heneuennuieumerr o188 BT &erfler G5 meuail L e (LNI96) & & b SI?
(The First World War which lasted from 1914 to 1918 ended with the defeat
of the Axis powers led by which country?)

If previous or next words are not clue words, then the appropriate question
word is replaced with inflection suffix in the place of identified named entity
word

Example:

Sentence: 1914 @&Vl (WNSVTD H&EH CR el Faqme&Ha&EHTTe WSSL
MrsLerib Qslgs. (In 1914 August 1%, the Germany declared a war against
Russia.)

The word ‘el (Germany) is identified as a country named entity from
gazetteer and it does not proceed or precede any clue words. Hence the named
entity word is replaced with appropriate question word ‘erp& B’ (Which
country).

Question: 1914 gy&6Vl. WS &S 6'hS BT TaqTeSHAEDH TS USEL]
WrsLerd Qswss? (Which country declared war against Russia in 1% of
August 19147?)

Following are the steps for question generation from NER approach.

The sentence and array of named entity tags of words in sentence are given as
input for this module from NER module.

The words are checked from left to right for the named entity tags.

If a named entity tag present with B-tag, the following I-tags are checked and
the named entity word is retrieved.

Similar to gazetteer approach, if the previous and next words are clue words,
the question word is formed with the inflection suffix of the clue word and
replaced in place of named entity and the previous or next word .

If the previous or next word is not a clue word, then the inflection suffix of
named entity is obtained. The question word is combined with the inflection
suffix and replaced in place of the inflected named entity. If the named entity
is not inflected the question word is directly replaced.

Example: There are 2 possible questions that can be generated from the system for the
below sentence.
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Sentence: eev@flwm  BILIGeT  @ereugsrmer  Lpmer&ev  QUTIgeoTTesor(BILD,
SleumenLw wenerellub &l QFearm CUNE &L (& Qasmeveuliul Lery. (Francis
Ferdinand, the prince of Austria and his wife was assassinated in Sarajevo.)

NE Tags: [B-COU', 'O, 'O, 'O, 'B-PER', 'I-PER', 'O, '0O', 'O, 'O','0', 'O, '0', 'O, 'O/,
'0,'0,'0,'0,'0','01

Question 1: erpg Bl gt Gereuggymer LNFmer&ley QUIFIQeTTeor(HILD, 2j6uHenL U
wenerellujb &rifley QFerm Cung FCrmgleaumailey &I (08 QameveuliLilLery? (Which
country’s prince and his wife was assassinated in Sarajevo?)

The word ‘epev@rflwum (Austria) is identified as country named entity and it is
followed by a clue word mri_igeor (Of country) in inflected form. Hence the question
word ‘erhg BrLgeor’ IS replaced in the place of named entity and the next word.

Question 2: oL@ W BITL Q6T 6THS @)6TeUTFID SjeUHenL W WeneTeflujd &mifley
QFeTm CUTE FCrTgleaumele &L H& amevevliulLeori? (Which prince of Austria and
his wife was assassinated in Sarajevo?)

‘Wrmer®ev QuygermesorGin’ IS identified as a person entity which is itself inflected
and also it proceeds a clue word ‘@emeugagmer’ (prince), so the named entity and the
previous word is replaced with the inflected question word ‘eTbs @eTeurssiD'.

Extract inflection suffix

The inflection suffix need to be extracted from a word to form meaningful question.
Morphological Analysis (MA) is a technique used to split the parts of words like stem
word, suffix, etc. The existing libraries for MA such as Indic NLP and Polyglot were
analyzed and tested. But the results were not satisfactory (further discussed in chapter
3.6.5). Therefore an affix stripping algorithm is implemented to find the inflection
suffix from the word with the help of some utils in Open Tamil library.

Limitation: When non inflected words ends with inflection suffix, the system will not
be able to distinguish. E.g. The word @eviiems is not inflected. But ends with rhyme
‘ep>. Hence this is considered as inflected word and replaced with an inflected question
word.

Question word identification

The inflected question words are maintained as a list of objects for all named entities.
For each named entity all the possible inflection suffix and its corresponding question
words are listed. After finding the inflection suffix of the named entity word or clue
words, corresponding question word is replaced.
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Rules and Assumptions

The named entities of type Government, Kingdom, Organization, Troop, Law,
Water bodies, Tax, Industry, Sector are followed by clue words most of the
cases. Hence these named entities are replaced with question word if only clue
words are present in the predicted entity.

A clue word proceeding a named entity has a limited possible inflection suffix.
In the system, only if the previous word containing clue word with inflection
suffix either of ‘gueor or ‘@ wr’ are considered while replacing question word.
E.g. 94w prLm&w gliLimesr

If a named entity ending with comma and the following word is of same named
entity type then question formation for that named entity type is ignored in
NER module. But it is handled in regex pattern approach. When multi named
entities occurring one after other it follows few patterns most of which is easily
identifiable in regex pattern matching.

Example: ¢giner, @856l eu@w Crmilw &8 BrH&er @reor(GL 1937
@6 LUILMEIL 6T @ra&HW @UILBSD earanmsd aguiger. (The European axis
countries, Germany and Italy made an agreement with Japan in 1937)

In the above example it is not possible to generate the correct question format
from NER approach, as the clue word occurs does not follow immediately. So
if a sequence of comma separated words precedes the words ‘e @ W', ‘Gumesr’,
then it is replaced with blank line in rule based module.

If a named entity followed by a determiner words like ‘srétr, sTetT& 6o’ MoOSt
probably it follows with the clue word of the named entity. So one word after
the determiner is analyzed when replacing question word.
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CHAPTER S

TECHNOLOGY AND RESOURCES

In this chapter, technologies and libraries which is used to implement the system will
be discussed in brief. The version and the access rights of libraries are also discussed
in this section.

5.1 Programming Languages or Frameworks

Python is used as the main programming language for the implementation as it
provides support for an extensive collection of NLP tools and libraries as well as it is
object-oriented and functional programming. Since the system is a web application, an
open source python based micro web framework known as Flask is used. HTML, CSS
and bootstrap is used for designing web pages.

5.2 Development Tools

PyCharm is used as the IDE for the project as it supports Python and also one of the
popular IDE used for python development. It has lots of features like support for
debugging, integration with version control like GIT, support for python web
frameworks like Flask, Django, etc. and also supports other specific template
languages like JavaScript, TypeScript, HTML/CSS etc.

5.3 Version Controlling Systems
Git is used as the version controlling system as it is open source, reliable, fast and easy
to use with several good features.

5.4 Libraries used

The system uses some inbuilt python libraries as well as external libraries. Table 5.1
lists down all the external libraries and other resources used for various NLP
techniques along with its access rights.
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Table 5.1: List of Libraries and Tools used in system

Processing Resources | Description Access
Technique Rights
PDF file PYPDF2 A python library built as a toolkit | Free software
processing which is capable of processing PDF | under BSD
files with multiple functionality. License
Unicode Open Tamil | This library provides several NLP | Open source
conversion Version: functionalities for Tamil language. | library
0.97 The text2unicode module is used in | licensed
the system to automatically identify | under MIT
different encodings and convert to
Unicode
Sentence Indic NLP Sentence tokenization works well Free software
Tokenization when common dates and under MIT
abbreviations exist in the sentence. | license.
The library has frequent releases.
Stemming Snowball Snowball stemmer is a library Free software
Stemmer which supports for stemming in under BSD
Release: Tamil language. Python 2 and License
2.1.0 Python 3 (>= 3.3) are supported. (BSD-3-
Clause)
POS tagging Ripple Only python library supports POS | Free software
Tagger tagging at the time of this system
Release: 2.0 | implementation. Universal POS
tags are supported. No releases
after 2016.
CRF Sklearn- Supports CRF with different Free software
implementation | crfsuite training algorithm. Allows cross under New
Version: validation and hyperparameter BSD License
0.3.6 optimization.
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CHAPTER 6

IMPLEMENTATION

This chapter discusses the implementation of the system in an informative way using
code snippets, pseudocode and screenshots of the outputs. Implementation details and
output of all components are discussed in the order of the flow of the system. In
addition, the rules used and assumptions made, libraries used, the format of tagged
data, etc. are also discussed in detail.

6.1 Web Application User Interface
The user can upload a file in either .txt, .doc, .docx and .pdf format or paste a text in
the text area.

Upload a word, text or pdf file

Select a file... Browse

Or Paste a text

4 4

[T RN TS T PRl Download Text File

Figure 6.1: The web application Ul

40



If the user uploads a file, the content of file will be displayed in the text area. So the
user can review the content and make changes to the text if needed and click on
‘Generate Question And Answers’ button.

File uploaded successfully. Please review content before generating Q&A. X

Upload a word, text or pdf file

industrial rev wiki.txt Browse
Or Paste a text
Qs hHur &l adrug 1750-1850.0 2y e (DS EHEE A

@ uulL &muss6 2 suasaraileh ghul L Wsuauflw
Qsrfemiu, QurmeTnsTy, Brafls wrhHnrsmas GHl&EL0D.
Qasrdhyri® wsdd Grelurssd Casmarlwg.
Seirer 1920 mrmmmesorqed BCrmuumeiland, e oQwuflssrafland ugellwig.
Qzmuailuile 1871@6 Currs Blmauul L Aararmb, o40wrlssreailey
2 GrETLGL CunmasEeL Wararmw, 2 ;Awreailé 19179510 yarGHsE L
Werarm Qsmdn yrl & OsrLmBlwsg. @nslwr, Earm Cumearm
2,Fw pr@p st 209410 mrHMreT Qe QsrhnHyrl & AsremBws.
@remLmb 2 sl GurmseL WedararCr 2 ubsm @l Asmbhsrans Wwanmn v
4 4

Figure 6.2: Ul after valid file upload

If the user uploads a format not supported by the application, then an error message is
displayed. The maximum file size which can be uploaded is 10 MB.

The file uploaded is not supported by the application. X

Upload a word, text or pdf file

20210712_202920.jpg Browse

Figure 6.3: Invalid file upload Error

The questions and answers generated will be loaded into the text area. The question
and answer generated can be downloaded as a text file by clicking the link ‘Download
Text File’.
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Upload a word, text or pdf file

| industrial rev wiki.txt Browse

Or Paste a text

QamlHyr & ererug 1750-185095 0 2b T (D& EBES A
@ LUl L g8 2 awsaraile) ghul L idsuaurflu

Qsmflemu, Qur@ernsny, prsfls LTHDRsms GIl&ELW.

Qsrdhyr A wsdd @ralarssa Cararmlws.

Wereor 194 mrmmmesriged BCrmiumallan, oL Awurflésmaland urallwsy.

Qemuailuld 187186 Currs plmauul L Wararm, 20wuflssmaile

2 erprL (AU CumEEL Wararm, 2 mAwmeile) 1917.a41b Q&L

Werear@pw Qsmdn yrl & QsrLmSBws. @BSwm, Earm Gurerm

28w prpsafle 20240 mrHmrerge Asrdnyrl & Osromelwsg.

@uerLmid 2 sl CuTmEGL WararCy 2 wesm@ Osrdihsmaa weanm v

Generate Questions and Answers [RISUGIERREREIE

I A

Questions and Answers generated from Rule based Module

QamllbHyrl & aaTus eTHS WaT[H OSTLESD aTHS 2uar(H U TWIET 2 arHsErsEE QL UULL &TUsSSa
2 ausemalle ghul L WesuQuilw Gsrdlemlu, Qur@gernsny, srefls LrHDRsames @il&Ew?
1750-1850

Qe@muailuils ahs umLb Gurrs Blmauuul L Wararmw, 40wilsasmalld 2 apri G CurmsEeL LararmL,
2 mEwmelleh 1917410 &L Warar@mn Osrdn Tl s OsTLmelwg?
1871@) 60

4 »

Figure 6.4: Ul after questions generated

6.2 Preprocessing

When ‘Upload’ button is clicked, it validates the file format and size and read the file
content. PYPDF2, a python library is used to read the pdf file content. A txt2unicode
module from a library named ‘OpenTamil’ is used to convert any encoding to Unicode
by auto detecting the encoding format using the method auto2unicode. Then it loads
the converted text into the text area.

The input text is tokenized into sentences using the Indic nlp library. If the sentence
starts with anopharic word, then it will be not processed by the system for question
generation. The sentences suitable for question generation are given as input for rule
based and NER module.

6.3 Rule based approach
Regex pattern matching and gazetteer check is used for the rule-based module. The
preprocessed sentence is given as input for this module.
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6.3.1 Regex pattern Matching

Regex match is checked to identify date, time and quantity in the sentence. Also regex
pattern for comma separated words of same entity, words enclosed with single quote
are checked against sentence and is replaced with blank line if match found.

Table 6.1: Regex patterns used in System

Patterns Example Question word
(U@L LD\S)*[1-2][0-9]{3}\s*(?:@6L\s|6L\s) QUL LD 1948 | 6T[HS GUBL-LD
@ev
[1-2][0-91{3}(\s)* (< b\S (?:6u@L b|amet0r®)\S) 1948 9pLD eTIbg 4,6007(h)
{0,1}["Ms]+\s(.omsb\s){0,1}[0-3][0-9](\s)* %“"‘TD@ G | er L:5§> LOMmg LD _
(?:apiblpbi@evled) (S(?:BaBIpran|cs®)){0,1} B0 28 | TSSO
b H&H | HaG
[1-2][0-9]{3}(\s)*(<uD\s (?:6u@L LD | QuetoT() | 1948 2410 TS SEM6UTWITLD
<wTTIq6) | uBLEH)\S){1} SOG40l
(O[1-9]|[12][0-97|3[01])[- /-](O[1-97|1[012]) [- 19.11.1948 eTbS 246007 (H)
1.](19]20)\d\d 19-11-1948 6TfbG LOMGLD
675 & 6m60T WITLD
555
[1-2][0-91{3}(\s)*-(\s)*[1-2][0-9]{3} 1948-1952 6TbG <u600T(h)
QSMTL&HSLD 6THS
246001 ()
\d+\s* gy 1D 2 9uld 678 560607 WITLD
\d+\s*(?: L6081 | 6usI) 2 augl 6158560 60TWITeU S
\d+\s*% 20% 6755 6m60T 6510
\d+\s 28 618555601607
18l 6v 60 Wi 60T
([M\s]+\s)+[N ]+ (?: ep@wi\s|Guimeirm\S|ep B wier\s|er | Feor, Replaced with
eoTLI6oT\S| GLimetTm6oT\S|GLITedTm 6 6u\S | 2, B Wi 6u\S 6T @LBS“-'”' blank line
6T LIem6u\S| (L & 60 wieor\S| Lo 69 wi\S|) gemms
Wwsedlw
il “I 600T LLJ Replaced with
sl@emard’ | plank line
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6.3.2 Gazetteer approach

Sentence given as input to the module is processed to find the gazetteer match and if
match found named entity, named entity type, previous word and next words are given
to Question and Answer generation module as input. Only whole word match is
considered. The below is the implementation pseudocode for gazetteer match.

Algorithm for Gazetteer check
Input: sentence
Process:
Word list := split sentence with space
For each word in word list
Search gazetteer list
If part word in gazetteer matches the word
Check if the next words matches
If complete match found:
Generate question
Write question and answer to file
Else: Continue loop
If whole word matches:
Get named entity word, previous and next word
Generate question

6.4 Named Entity Recognition

A NER model is trained using features suitable for language and domain of interest
and saved to a file. The sentences are tagged using the trained model and POS tags
identified. Based on defined rules, named entity tags are processed to form meaningful
guestion along with some grammatical rules.

6.4.1 Corpus tagging

CONLL file format is used for corpus tagging. IOB2 annotation schema is used. Each
token in the sentence is tagged in a line and each sentence is seperated by a blank line.
Word token, POS tag and NER tag is seperated by a tab space in each line.

Example: seoriq 5&0&E Wa&Taued Smians LMgSTLUL eupBSuNGHSS.
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Setarly.  NOUN B-CITY

B&EMHEE HOUN I-CITY

0 Teuel HOUN B-WAT
FMIEnS PROPN  T-WAT

UMEI&TLIL VERE 0
sunmEImESE. VERE 0

Figure 6.5: Sample corpus annotation

6.4.2 CRF implementation

Sklearn-crfsuite library is used for the CRF implementation. The train and test data is
split into 80% and 20% respectively. Ibfgs CRF (Limited-memory Broyden-Fletcher-
Goldfarb-Shanno) algorithm is chosen. Hyper parameter tuning is applied using the

RandomizedSearchCV algorithm with 150 fold.

Features are experimented with different combinations and window size. Window size
of 5 is experimented and as most of the features produce better results with window

size 3, itis used for the final Question and Answer generation system.

Below are the implementation details of features used in training NER model.

crf = sklearn_crfsuite.CRF(
algorithm="1bfgs",
max_iterations=180,
all_possible_transitions=True

A
4

params_space = {
'cl': scipy.stats.expon(scale=8.5),
'c2': scipy.stats.expon(scale=8.85),

f1_scorer = make_scorer(metrics.flat_f1_score,

average="weighted', labels=label category)

rs = RandomizedSearchCv(crf, params_space,
cv=5,
verbose=1,
n_jobs=-1,
n_iter=3a,
scoring=f1_scorer)

rs.fit(X_train, y_train)

Figure 6.6: CRF algorithm

Inflection Suffix - Extracted by affix stripping algorithm with the help of some
utils in Open Tamil library (Further discussed in chapter 6.5.2).
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Inflection suffix identified by the system are g, ©u6v, &, @)6v, G)60T, 2451, 2 L 60T,
2 LW, 1581, L& W, @ (BB, 2 1D, @D, 3L60T, @)L LD, 3,5, LI, IS
Numeric word - Check if the word is in digits using the isDigit function and a
list of numeric words are defined to check if a word indicates a number. This
list covers most of the possible occurrence of numeric word.

numbers = {

wit': (‘90 A6, edn’, ‘@@, ‘wdn’, DrEg . 9hs’, A, 9w, alf’, ‘edus’, 'uss’, uBGam’,
‘uanefiTam®’, UBldnandm’', uBarmdns ', 'UB@ahal’, 'uBamn’, 'uBtay', 'UEQaL(H’, 'usesTaug'],
“tens’: ['@OUE", '@OUSE’, "WOUS, 'WOUSE', 'DTDUE’, BIDUSE’, 'BOUE’, ‘BLUSE", JDLE', ADUSE,
‘qwug’, 'awusg’, 'aarud’, 'aanugs’, QsTangun’, OsTangnho’],
‘hundred': ['BrQ’, @MDY, WETDID’, BTSN, (RO, ADEY’, OQEY’, emngn’, agraemuiyn’,
Ty, @GS, pdEnhn’, (HrEnh’, (R, AnEDD’, aWhn’, aermmo’,
‘Qgmarermuiysa’ ],
"thousand": ['uiTm’, 'auiysa’, @paoimuiyn’, ‘apemulin’, ‘Hravsmuirn’, swrugn’, aomdro’, gemdrb’,
"ermomsoormuilyn’, eerugmuilyn’],
‘scales’: ['@eulFn’, 'Gemy’, 'Wdelwer, 'defluer]

Figure 6.7: List of numeric word in Tamil

Root word - As the tamil words are highly inflected, root words obtained is
used as a feature. Snowball stemmer library is used to extract root word.

Clue words - Table 6.2 depicts some sample clue words list for the named
entities predicted by the system which are observed preceding or proceeding a
named entity.

Table 6.2: Clue words for Named Entities

Named Entity | Clue Words

PER nedreotesr, ipFert (King), Qeerryev (General), semevaury
(Leader), seorm@ L) (President), geru& (Commander),
@ereuggetr (Prince), siemwgay (Minister)

NORP aIlh&gH 6T (Dynasty), D& &6T (People), augLifeory (Class),
@erssalr (Ethnic group) , swsmwgSery (Society)

DES ugel (Position)

GOD QuLmest, Lseumedr (Lord), &Leyem, QgWieuLd,
GevesWeuh (God)

REL Flowih (Religion)

CONT geoorL_Ld (Continent)

cou I (Country)

TER Ayeseaib (Region), ey (Island), 2ery (Village), @19 Gwimmid
(settlement)

CITY B&yL (City), semevmasiyld (Capital City), wrpspwb (City)

LAW 55 ms s (Reform), WgsLeorid (Declaration), &1L 1o
(Act), LB LD (Agreement)
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CON Qametenas (Policy), etevorenorasas @b (Concept), wemm
(Method), S 5gement (Thought)
TIME srmmmrevor(® (Century), smeuliu@ (Period), semliglo
(Decade), &.19. (A.D), &.wp0. (B.C)
YEAR 3p600T(hH), eUHLLD (Year)
MON g (Month)
DATE F&G (Date)
&Hmeveuml (Canal), FwsHH LD (Ocean), au,mi (River), &mieng
WAT (River), m& (River), sLev (Sea), Qu@mmsLev (Ocean), GerLh
(Pond), eurrel, Brs68s & &0 (Reservoir), Bimlenev (Water
bodies)
eallwib(Art), A5 T (Ar), el G(Inscription),AmLin
ANT
(Sculpture), ®emev(Statue)
smad (Tool), @ubdrid (Engine), eretredledr (Engine),
EQUIP . . .
o _usgevorb(Equipment), ayuisin(Weapon)
Fmrish (Association), #emu (Council), Glememoras6min
ORG (Department), aemevord @ (Commission), sLbLieot]
(Company)
TRO @umemieuld (Military), uemL (Troop), @uwssad (Movement)
GOV Gurga (Empire), L& (Party), oiga (Government),
Fal Lo (Federal), o4& (Rule)
CUR &g (Money), Bresorwith (Coin)
FAC Blemeuwild (Station)
CROP Lufg (Crop)
IND &S5 mdlev (Industry)
SEC slemm (Sector)
SKILL a1mlal (Knowledge), semev (Skilly
SOuU eLOGLITSITITLD (Source)
TAX aurfl (Tax), &L Levorlb (Payment)
PRO Qumet (Product)
NUM ereuoTevnt] Ss6m & (Count)
BIev (Book), @eva@wib (Literature), smaflwild, smillwin
LIT .
(Epic Poem)
slemmpasLh (Harbor), pssmib (Camp), womerflemas (Palace),
allameny (Vihara), Gesmullev (Temple), Gxeaumeuwitb (Church),
LOC . . o .
ueiterfleuraev (Mosque), Lmymesesrmid (Parliament),
FemmaFmemnev (Prison)
LAN Quwmdl (Language)
L& (Revolution), wgsd, Gumy, wesTW &L (War),
EVE FLmIE (Ritual), #ibueud (Incident), mlesLhey (Event),
ety (Rebellion), 4ol & (Revolution)
SUB umLLh (Subject)
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o Prefix suffix Rule - Named entities can occur with certain prefix or suffix.

Table 6.3: Prefix Suffix Rule for Named Entity

NE Type | Suffix Examples

Cou LMHSI apsieurmnbal (Netherland), sseveurisgl (Iceland)
NORP Y]y Gxweflullery (German), speveurbs i (Hollander)
CON QUGN BrEAFeunsLd (Nazism), meflLeurgid (Humanism)
SUB @uiev Quwuiwev (Philosophy), Quet&asallwey (Physics)
WAT aumel Sjuw aurmall (Abeya wewa), Heverv aumedl (Tissa wewa)

e Year Format - word is checked against a date regex pattern.
Pattern - *[1-2][0-9]{3}( ?: @6v | 6v | @D | D ){0,1})

e POStag - Dataset is tagged with POS tag along with NE tag. The Ripple Tagger
library is used to tag the POS for all sentences.

e Conjunction words

- oOmibh, WHW, wHer, GuTeTm, GLITETMmEDT,

GUIMETM D6, QLELIEME, 6T6ITLIET, 6T6dTLIeme6, S CWIT, GUMeTCm T

6.4.2 Processing predicted tags
Input: List of sentences

Process:

List of list of NER tags for each sentence := Predict NER tags using saved model
FOR EACH sentence
FOR EACH named entity tags predicted for the sentence
IF named entity tag starts with ‘B-*
Check the proceeding tags if it starts with I-
Get the whole named entity predicted
IF the NE ends with * or previous word is ‘tommitb ‘or previous word
ends with *’

Continue without processing

ELSE IF entity type is ‘'NUM’ and word is not a digit

ELSE

Get inflection suffix

Find the question word for inflection suffix
Replace word with question word
Continue

Get the previous and next words
Generate question
Continue

If named entity tag is O
Continue
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6.5 Question and Answer Generation

The sentence, named entity identified, previous word, next word and named entity
types are given as input. Steps and few rules followed to generate meaningful
questions. The generated questions are written to a file which is then read and loaded
in the Ul once all sentences are processed.

6.5.1 Question and Answer generation algorithm
Input: sentence, named entity (W[i]), previous word (W[i-1]), next word (W[i+1]), named

entity type

Process:

IF named entity type is YEAR’ or ‘'NUM’
Return
IF part word of W[i] or stem word is clue word
Except the part word other tokens replaced with question word ‘6755’
IF W[i-1] or stem word is a clue word
Get the inflection suffix of W[i-1]
IF inflection suffix is ‘@&’ or ‘<601’
Check previous word W[i-2]
IF ends with rhyme ‘<’
Get inflection suffix of W[i]
Get question word for NE type and inflection of W[i]
Replace W[i-2], W[i-1], W[i] with question word
Write question and answer to file
Return
ELSE
Get inflection suffix of W[i]
Get question word for NE type and inflection of W[i]
Replace W[i-1], W[i] with question word
Write question and answer to file
Return

ELSE IF W[i+1] or stem word has clue word
Replace W[i] with question word ‘6158’
Write question and answer to file
Return

ELSE IF or W[i+1] is a word in (‘eréorm; ‘steorLii®Ld’, ‘sreor&leorm’) and Wi+2] is a clue word
Replace W[i], W[i+1] with question word ‘6168’
Write question and answer to file
Return

ELSE IF or W[i] is a PER entity and W[i+1] or stem word of W[i+1] is a word in (‘ereorLievs
CTeoTGl6vTmEUL)

Replace W[i], W[i+1] with question word ‘wirg’

Write question and answer to file

Return
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ELSE IF no clue words present in previous, next or current word and named entity not in
['LAW’, 'GOV’, 'ORG', 'TRO', 'IND', 'SEC", 'SKILL', 'SOU’, 'TAX', 'LOC']

Get inflection suffix of W[i]

Get question word for NE type and inflection of W[i]

Replace W[i] with question word

Write question and answer to file

Return

6.5.2 Affix Stripping

Tamil characters can have 2 Unicode points for a single character. So we need to
extract them in order to find the inflection suffix. The method getUnicodePoints from
Open Tamil library is used to get the Unicode points of a given character.

Example: Both words Ggiwesflufesr, regwmefesr has same inflection suffix ‘'@eor’. But
when combining with the root word it takes a different form. Hence the Unicode points
should be obtained for the second last character ‘u9 and ‘&’ of both words.

The method ‘getUnicodePoints’ returns the 2 Unicode points as a tuple as follows.

. W= (@)
. 6> (6@

The inflection suffix which are checked in the implemented method are &3, <60, &, @ev,
@) 60T, 311, 2_L60T, 2 e LU, 18I, SLEW, @ (BH S, 2 LD, @ eVILD, 34607, @)L LD, 35, LD, SLeUSI.

[l
m
“+

findinflectionsuffix(word):

letters = tamil.utf8.get_letters(word)
lastletter = letters[-1]
secondlastletter = letters[-2]

lastletterunicode = tamilutils.getUnicodePoints(lastletter)

if lastletter == u"@":
return u"@&"
elif lastletter == u"@m":
tuple = tamilutils.getUnicodePoints(secondlastletter)
if tuple[1] == u"@":
return u”@er"
elif lastletter == u"eu":
tuple = tamilutils.getUnicodePoints(secondlastletter)
if tuple[1] == u"2y":
return u”gLeu"
elif tuple[1] == u"@":
return u”@en"

elif lastletter == u"Z":

tuple = tamilutils.getUnicodePoints(secondlastletter)
if tuple[1] == u"=y":
return u" 4"
elif lastletterunicode[1] == u"g":

return u"s"

Figure 6.8: Sample code segment for Inflection suffix identification
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6.5.3 Question Formation

The words surrounding the identified named entity is checked for clue words. If a clue
word found the corresponding question word will be replaced. If no clue words is
observed common question word will be replaced. Few named entities such as LAW,
CON, GOV, WAT, ANT, ORG occurs with clue words most of the time. Hence the
question word will be replaced only if any clue words are identified. Table 6.4 shows

the sample question word list for each named entity class.

Table 6.4: Question words for Named Entities

NE Type | Clue Words

PER wry (Who), eribg wedteotest (Which King)

NORP 6ThS auhFsHery (Which dynasty), eThs CaasHery (Which
nation)

DES erbs Lgadl (Which Position)

GOD e sLelar (Which god)

REL eTbg Fowid (Which religion)

CONT 6T HevorLLb (Which continent)

Ccou erbs BTG (Which country)

TER eThs LNyCs &b (Which region), eTibs ey (Which island)

CITY eThs BT (Which city), erbs SemevmasyLD (Which capital city)

LAW ahs FI&H mSSLD (Which reform), etbs L9g&sLeorid (Which
declaration), eribg &1L Lb (Which act)

CON e'bs Qametemas (Which policy), erhg etevorevorgs g (Which
concept)

TIME eThs smeliLiG&Huilley (Which period)

YEAR TH S MGTWITID 2L600T(h), 675G euL LD (Which year)

MON 665 oL (Which monthy

DATE asEameTwimd Has (Which date)
6T Smevauml (Canal), eThg FWsFH T (Ocean), eTh s

WAT BIsCssa (Which reservoir), ersg Bymlemev (Which water
bodies)
erbs eeallwin(Which artwork), erbg sev@eul B (Which

ANT LT . - )
inscription), ersg Amud (Which sculpture)

EQUIP s smedl (Which tool), erss @b o (Which engine), eriss
o _usgevortb(Which equipment), etisg <y wsb(Which weapon)
erbs Femn! (Which council), erbs Hemevorgssarin (Which

ORG . . : .
department), eTi5 & 2emetors &L (Which commission)
e'hs @rmemiald (Which military), erg LiemL (Which troop), e s

TRO L .

@uasL (Which movement)

GOV erbs Gura (Which empire), etihg L& (Which party), eTss
9i7a (Which government), eT6& L& (Which federal)

CUR erbs &g (Which currency), erisg mmevorwith (Which coin)

CROP erbg LUl (Which crop)
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IND ahs emas5esmdley (Which industry)

SEC s slemm (Which sector)

SKILL 615 &Hemev (Which skilly

SOuU e1ih& epeumgs i (Which source)

TAX 665 aurfl (Which tax)

PRO eTbg Qum@eT (Which product)

NUM aggemet (How many), eteueuera] (How much)

LIT eTbg mmev (Which book), eThg @eva&uwin (Which literature)

LOC 6T & Slemm &b (Which harbor), eTisg wpasmin (Which camp)

LAN erbs Qomd (Which language)

EVE eTbs L& (Which revolution), etisg Guimy(Which war), erbs
Flbueuld (Which incident), erbs mlasLbey (Which event)

sSUB erbg LmLLb (Which subject)

A list of question words for each named entity corresponding to the inflection suffix
is defined. The inflection suffix possible for an entity only are defined in list.

"CITY": |
"B ahE BEIHNS",
"SLEL": "eTHS HHTHBT"
"@": "ah® DHEISSHE,
"Eeu”: "elb® HeIHBI”,
"GetT": "eThE BHTHHET",
" "ehs HeETSEaTE”,
"2D": "elb® MBS,
"Ba": "ahs merssdris”,
"D LG "eIBS BHEIHIIL",
"@eub": "eIhs BeEIHEHeD",
"eOlmba”: "ebhs heIsBtimha”,
"plural”: "ghHS HEIMRISET",
"mei": "GTHS BET,
"Nonz": "&ThHZE W&

Figure 6.9: Sample Question word list for inflected named entity
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CHAPTER 7

EXPERIMENTS AND EVALUATION

In this section, the test carried out on the Question and Answer generation system
developed and the test results and evaluation are discussed. The test is also carried out
on Named Entity Recognition (NER) module which is one of the main module of the
system. The test results are shared with the parameters most suitable for the evaluation
of the system and discussed by having the idea of emphasizing the applicability of the
approach. Based on the evaluation results, more useful insights were extracted about
the system and the effectiveness of the system is evaluated.

7.1 NER Module Evaluation

CRF model is trained with features and different feature combination is experimented
to identify the best feature combination. The final NER system with best feature
combination is hyper parameter tuned to find the best model.

7.1.1 Corpus Tagging

The dataset is manually tagged from the content in Tamil medium Grade 10 & Grade
11 History textbook from Srilankan syllabus. The dataset contains 23405 words from
1800 sentences picked from chapters covering popular topics in history and it contains
6925 NE tags.

Chapters in the books were divided among 2 annotators, where one annotated around
10k tokens and other around 13k tokens. Kappa score which is used for the measure
of inter-annotator agreement when annotating the corpus, was 0.92 which shows a very
good agreement among the two annotators.

NE tag set of 38 tag types related to history domain is introduced for this system and
the distribution of each NE tag in the dataset is depicted in Table 7.1. A flat annotation
schema, 10B2 is used which assigns B tag to the beginning of NE, | tag for the
remaining consecutive chunks of the NE and O tag for other non-entity words.

7.1.2 Performance Evaluation Metrics

e Precision (P): Precision is the fraction of the correct tags generated by the NER
to the total number of tags generated.

Precision (P) =Correct tags generated by NER/Total generated tags by NER

e Recall(R): Recall is the fraction of the correct tags generated by the NER to
the total number of actual tags.
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Recall (R) = Correct tags generated by NER / Total number of actual tags.
e F-Score: F-score is the weighted harmonic mean of precision and recall.

F-Measure = (§ 2 +1) PR/ (B 2R+P) where f is the weighting between precision
and recall and typically p=1.

e Accuracy — Total number of correct prediction/Total number of predictions

Table 7.1: Tag distribution in the dataset

NE Tag Type Percentage (%) NE Tag Type Percentage (%)
PER 6.569 EQUIP 0.461
NORP 3.664 ORG 2.212
DES 3.314 TRO 0.785
GOD 0.042 GOV 0.307
REL 0.042 CUR 0.034
CONT 1.127 CROP 0.316
Ccou 6.765 IND 0.256
TER 1.016 SEC 1.016
CITY 1.546 SKILL 0.256
LAW 0.452 SOuU 0.316
CON 0.734 TAX 0.640
TIME 2.434 PRO 1.102
YEAR 3.263 NUM 5.484
MON 0.751 LIT 0.529
DATE 0.538 LOC 1.033
WAT 0.136 LAN 0.298
ANT 0.333 EVE 3.135
COM 1.272 SuUB 0.153
FAC 1.119 O 46.266

7.1.3 Experiments

CRF model is trained with features in section 4.2.3 and different feature combinations
are experimented to find the best feature combination. Table 7.2 shows the features
and position for basic feature combination used.

Experiments conducted by removing features POS tag, Stem word, Clue word,
Gazetteer, previous NE tag and Inflection suffix for different context positions. Table
7.3 shows the F1-score of different experiment results conducted.

54



Table 7.2: Basic feature combination

Features Positions
Word, POS tag, clue word, stem word, gazetteers, | n-2, n-1, n, n+1, n+2
numeric word, year format

Previous tag label, word ending with comma n-1, n-2
Conjunction word n+1, n+2
Inflection suffix, prefix suffix rule n

Table 7.3: Experiment Results for Different Feature Combination

Experiment Positions Excluded F1-Score
All features 0.717
n-2, n-1, n, n+1, n+2 0.672
All other features - POS n-2, n-1, n+1, n+2 0.683
n-2, n+2 0.725
All other features - Gazetteers n-2, n-1, n, n+1, n+2 0.694
n-2, n-1, n+1, n+2 0.711
n-2, n+2 0.717
All other Features - Stem word n-2, n-1, n, n+1, n+2 0.557
n-2, n-1, n+1, n+2 0.664
n-2, n+2 0.718
All other features - Clue word n-2, n-1, n, n+1, n+2 0.698
n-2, n-1, n+1, n+2 0.680
n-2, n+2 0.730
All other feature - Previous NE tag | n-2, n-1 0.530
n-2 0.706
All other features - Inflection suffix | n 0.708

According to the Table 7.3 results, most features give better results with window size
3. Excluding POS tag, Gazetteers, Stem word, Clue word, previous NE tag and
Inflection suffix reduces the F1l-score. Removing stem word and previous NE tag
makes a huge impact on performance. Training data set did not have a balanced
number of tagged data for all NE classes. Hence, Hyper parameter tuning with
RandomizedSearchCV algorithm applied to find the best hyperparameters for the
model. Model is fitted with 5 cross validation and 30 iterations totaling 150 folds. Best
CV score obtained is 0.752.

Table 7.5 shows the features and position for best feature combination obtained from
experiments. The system achieved a fair results with micro averaged Precision, Recall
and F1-Score of 87.9%, 67.1% and 76.1% respectively. The system accuracy for the
best feature combination is 89.6%. Table 7.4 shows the Precision, Recall, F1-Score
and Support for each NE class of the best feature combination experiment.
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Table 7.4: Performance metrics for all Named Entity tags

NE Type Precision Recall F1-Score Support
ANT 0.666 0.416 0.450 3
CITY 0.630 0.538 0.577 33
COM 0.375 0.214 0.272 21
CON 1.000 0.336 0.500 11
CONT 1.000 0.629 0.765 29
Cou 0.936 0.502 0.585 153
CROP 0.000 0.000 0.000 2
DATE 1.000 1.000 1.000 10
DES 0.589 0.241 0.342 71
EQUIP 1.000 0.375 0.533 4
EVE 0.984 0.812 0.890 52
FAC 0.800 0.361 0.477 17
GOV 1.000 0.875 0.928 4
IND 1.000 1.000 1.000 7
KIN 1.000 0.903 0.946 31
LAN 1.000 1.000 1.000 3
LAW 1.000 0.690 0.816 7
LIT 1.000 0.397 0.553 12
LOC 0.954 0.769 0.851 13
MON 0.937 0.902 0.919 14
NORP 0.862 0.421 0.545 79
NUM 0.783 0.562 0.655 32
ORG 0.969 0.984 0.976 31
PER 0.824 0.621 0.701 87
PRO 0.416 0.185 0.256 27
REL 0.833 0.750 0.733 6
SEC 1.000 0.825 0.901 18
SKILL 1.000 1.000 1.000 2
SOou 0.000 0.000 0.000 1
SuUB 0.000 0.000 0.000 0
TAX 1.000 1.000 1.000 1
TER 0.778 0.390 0.516 21
TIME 0.980 0.973 0.976 24
TRO 0.928 0.701 0.976 11
WAT 1.000 0.750 0.857 4
YEAR 0.939 0.979 0.959 48
Micro Average 0.879 0.671 0.761 1262
Macro Average 0.790 0.620 0.668 1262
Weighted Average | 0.860 0.671 0.735 1262
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Table 7.5: Best feature combination

Features Positions
Word, POS tag, Clue word, Stem word, Gazetteers, | n-1, n, n+1
Numeric word, Year format

Previous tag label, word ending with comma n-1
Conjunction word n+1
Inflection suffix, prefix suffix rule n

According to the Table 7.4 results, the tags like ANT, CROP, SUB, SOU obtained a
very low results due to insufficient training data for these tags. Even though the tags
like GOV, IND, LAN, LAW, REL, TAX, SKILL, WAT occurs less in dataset, it
obtained a very good results due to the clue word feature. Most of the time these NE
tags are proceeded with clue words defined.

7.2 Q&A Generation Module Evaluation

The system is evaluated manually and error analysis is done on the evaluation results.
The system is improved with some post processing rules and a final evaluation is done
on the improved system. Questions are evaluated against the syntactic and semantic
correctness.

7.2.1 Initial Evaluation

Initial experiments were carried out from few history documents. The generated
questions are analyzed on question format and question appropriateness. Based on the
analysis, post processing rules were applied to reduce the error rate.

7.2.2 Error Analysis

Experiments were done on few history documents and error analysis is done. Some of
the errors observed occurred due to limitations of the system and the few errors could
be eliminated by doing modification to the system. So the possible solutions are also
discussed and post processing is done to improve the system accordingly.

Table 7.6: Error Analysis

Sentence Question generated Analysis

60 Lol6Lell WieoT 1B ement Lilevellwieot The sentence is replaced
BEITULWFSmeT gerrullugsemer with the question word
&61.T61T|_as.®u_| a'ﬂjornj 7.0 . &e‘rrml_as@m arr|j0rr|;r 70 . “How many” in place of the
evedlwedr GuMy efgiser | Wevedwest GuUTFelyisser .. .

s esrenL L6 FeimenL L6 digit. Even though it does
FOULIGHSrD. (About | FOULIg®BSerT? (HOw not have any anaphor_a
70 million warriors, many millions of wc_)rd_s, _the context Is
including 60 million Europeans out of 70 missing in the sentence. It
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Europeans, were involved

million warriors were

does not say which war the

in the war) involved in the war?) question indicates.

CLmH©E BErmTLLITelleT CMH& LErmLLmeledr ‘@uevgdlwith’(Belgium) has
U@@.MTTW . . '—'@9.556“?6‘“ . been identified as a
ABSHIUTES), QUEWD | ABSFIVTBS, 665 BTG | oo ntry  named entity.
LG WaIMHenm 2AHaIMHenm

ealummwsg. (Western
European parts such as
Netherland, Belgium are
captured)

emasliummuwg? (Western
European parts such as
Netherland, which
country are captured?)

‘apsieurmbal’(Netherland)
is not identified. Hence
only Belgium is replaced
as question word and the
question format is not
correct. Also this question
is meaningless because the
subject is missing. The
system is not capable of
identifying if the subject is
missing from the sentence.
This is a limitation of the
system.

Solution:

Comma separated words
can be replaced with blank
line instead of question
word.

L GLMomesT GUTIE 1914
&6CLTUflev @&
GaL_Levorluflev
@ememrba gl (Ottoman
Empire joined this
alliance in 1914)

6T GUITE 1914
&CLTuUflev @&
oL Leoollufl6v
gememrbagi? (Which
Empire joined this
alliance in 19147?)

‘@ GLTmeT GUITE IS
identified as Government
named entity. Hence it is
replaced with the word

‘e Guppa’  (Which
empire). The question
format is correct. ‘@&

g L_Levoflufev’(this
alliance) referenced from
previous sentence. Hence
this question is
meaningless. If the
anaphoric word is in the
middle of sentence, the
sentence is not ignored.
This is a limitation of the
system.
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anll_eu CaulbS I
LgsalCuwmm Flev

BT seflGov Qe TLnesT

LM TEBL06TMLD Fl6LTmey
ga&meanywmergl. (German
parliament was set to fire
by someone within few
days of Hitler's
inauguration)

anfll_euj GeulbS I
UsaGWmm Flev

B &eflGev 6TES BTG
UMFTEhL06TMmLD Fl6vTmey
gameanywmergl? (Which
country parliament was
set to fire by someone
within few days of
Hitler's inauguration?)

egiwesr IS identified as
country. But it indicates a
place German parliament.
So the whole word should
have been identified as a
location entity and
appropriate question word
should have been replaced.

Still the question
generated can be
meaningful if question
word is ‘erbs  BTL®H'

(Which country’s) instead
of ‘erbs mT®' (which
country)

QBN SHMIAIT 2 L LIL
GUITE 6D 60TS
FreilIBISEH8 L
4&LDELIMM BT
efNermSwig. (Sri Lanka is
famous for its spices,
including cinnamon)

6ThS BITL6DIL SmIeUT

2 L LIL QUTEFM6TSH

F el Wb s EHs L
U&LEUMM BTLTS
eferm@wig? (Which
country became famous
for its spices, including
cinnamon?)

@evmiena (SriLanka) ends
with Unicode point ‘g’
which is considered as an
inflection suffix and the
question word formed with
the inflection suffix which
makes the guestion format

wrong.

19 &y LD HBITMH M IT600T L9.60T
2B TOUSS6H G LD60T
Qumd CUAW D& &6T
QIMLPIES 350 Fmlwl
BTh&6T QOGBSI

G2 Lnevf] ereor

MNP EHHEHF QI (H
BMTH @ BSHHalevemnev.
(Even though 350 small
countries inhabited by
German speaking people
existed in the early 19th
century, there was not a
single country that could
be called Germany.)

19 YLD HBITMH M T600T L9607
2T DUGSF6) Ce31 LD 60T
Qurd CUAW & ST
QIMLPIHS 350 FInflwl
BTH&H6T QOGBSI 6THS
BT 6T60T
IMPHHEF QU ([
B @ (BN 6v6m6v.

Germany is identified as
country named entity. The

system  process  only
previous word and next
word  when  forming

question. So the clue word
‘country’ in sentence is not
identified by the system.
Hence the entity is
replaced by the question
word ‘erbg  mM@G'(Which
country).

Solution:

This could be handled by
checking if the entity word
surrounded by words such
as called, named, etc.
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flg s mesflwim mmild
grement WL 3G mLILlw
BrH&sefle ghuLl Lengll
GUITETM M&BHG S TLA6L
L& 19 guld

BT (DITETOT 196V

@ 6eumBIen & U6V
gHULTeAlL LMD 5607
QFLTEHG

@ 6uBIen & U aviLh
gmulLg. (Although the
Industrial Revolution did
not occur in Sri Lanka in
the 19th century as it did
in Britain and other
European countries, its
influence did have in Sri
Lanka as well)

Wl s mestlwm wmmil
geneor G mLLlw

B &erflev gl Lengll
GUIMETM M&HSHQ ST
LIS 19 ould

B DTE00T g6V

@ euBIemn & ulev
gouULmelll_LMevlld 35607
QFAITEG 6THS

BTLIQ eV gLl L SI?
(Although the Industrial
Revolution did not take
place in Sri Lanka in the
19th century as it did in
Britain and other
European countries, did
it have any influence in
any country?)

Sri Lanka is identified as a
country named entity. It
occurs in 2 places. But
only one word is replaced
with  question  word.
Therefore the question
become meaningless as the
answer contained in the
question itself.

LI6V [BTMI 60)L06V &5 6T
BeTLOMeDT LImem & & 6iT

N flg s mesflwimeievin
MOSETLeumhHH D &S5
siflsnns
S|MLNGESHLILIL L 60T.
(Several hundred miles of
trails were laid very
rapidly in Britain and
Scotland)

LI6V 6T& & 6M60T 60)LD6VEH6IT
BerLnmeor LImen) & 86T

Nl & s mesflumedl s
MAGTLeuTHEB D &S
Sflsns
Semn&aLLL Leor? (How
many miles long trails
were built the fastest in

Britain and Scotland?)

Hundred is identified as a
numeric entity. Hence it is
replaced with question

word ‘eggemer (How
many). But the sentence
says several hundred

miles. So the question is
not meaningful.

Solution:

This type of questions can
be ignored by checking if
words like several, few,
many, etc. are preceding
the numeric word when
generating question.

BSOS TOIM
slemmuilsvild
CUTEGTESS
Slemmuilevid gLl L
8iflg euenjse

S TIJ600T 0TS & S1Q &L
CUTHGITHMS il
@evor(h

QL MBISHEESEH LG
aflemTeumerT Q&ML FLITL 6
(LDEDYM G UL TEOTE0) M

M&HSCSTH D
Slemmuilspild
CUTEGTSS!S
Slemmuilevid ghLil L
aflg euenis&

G ITJ600T LDITE & 519 &L
CUTHGTHMS el
678 55 60)60T

@)L MIsGEHESH e Cul
ellem e meor
QSITLIFUITL6V

@uesor(Two) identified
as numeric word. Hence it
is replaced by the question
word ‘essemer  (How
many). But this question is
not meaningful.
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GLMG S MeTeT G6u6voTLqLl
Caemeu gmuLl_Lgl. (The
rapid growth of industry
and transportation
necessitated a faster
communication system
between the two
destinations than
correspondence.)

(DNE MG UIITETEM
GLMG&ITETET G6600T LY U
Caema gmulLgr? (The
rapid growth of industry
and transportation
necessitated a faster
communication system
between how many
destinations than
correspondence?)

QUTLITMHMI &HFHEUGVHEDETLI
QUMMIG Q& TETETE Ja QUL
ELOEUITS T BIGET @)6v8 G Wl
eLOGUITSH T MRIGHET,

Q& MeVGILITIHET
ELOGUITS ITIT MBI G 6T 6T60T

@ revor(h) EUENEHSHETTSHLI
f&aseurin. (The sources
from which historical
information can be
obtained can be divided
into two categories as
literary sources and
archaeological sources)

QUTELITM M HFHEU6VTHE6TLI
QUMMIG Q& TETETE Jn lq UL
PLOGV TS ITIT I & 6IT

@ V&R W
ELOGUITS ITIT IS 6T,

QBT LITIHET
ELOGUITSS ITIT MBI & 6T 6T60T

6T & 6EDI60T GUENEHGHETTHLI
W&seurmn? (The
sources from which
historical information
can be obtained can be
divided into how many
categories as literary
sources and

archaeological sources)

@ueoor@(Two) identified
as numeric word. Hence it
is replaced by the question
word ‘essemer  (How
many). But this question
become meaningful as the
question itself contains the
answer.

Solution:

This can be processed by
checking if it indicates the
number of categories
following with the list.

According to the error analysis, the below is the summary of limitations of the system.

e The system cannot identify if subject is missing in the sentence.
e The system is not capable of identifying if context is missing in the sentence.

e When non inflected words ends with any inflection suffix, the system will not
be able to distinguish. Hence inflected question word will be replaced and
system generates grammatically incorrect questions.

e Ifanopharic words occur in middle of sentence, the sentence is not ignored for
guestion generation. Hence it produces meaningless question.

e After a sentence replaced with question word, it can contain the answer or clue
for an answer in the question itself which can produce inappropriate questions.

7.2.3 Post Processing Rules
Post processing rules were applied based on the error analysis done to enhance the
performance of Question and Answer generation module. Below are the rules added.
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e If identified named entity ends with comma and does not have an inflection
suffix then gap fill question is formed be replacing named entity with blank
line.

e |If named entity proceeded by word ‘ereor, ‘stetray’ the question formation is
ignored.

e |If the numeric words are preceded by words like Lev (several) and Sev (few),
then the question formation is ignored.

e Ifanumeric entity is followed by list of comma seperated words, the question
formation can be ignored as it may indicate the number of categories which
can be predicted from the question itself.

7.2.4 Final Evaluation

A history text about Industrial Revolution is taken from Wikipedia Tamil. The system
cannot handle bullet points, headings and diagrams. Therefore only the text paragraphs
are taken from the Wikipedia. System generated 44 questions and answers. The
evaluation is done from 16 native Tamil speakers from various categories like
undergraduates, experts (History teachers) and others (graduates and employees).
History is a compulsory subject in Srilankan syllabus in ordinary level examinations.
Hence the system evaluation is done from non-expert people as well.

Please state your professional affiliation
16 responses

@ School Student
43.8% @ Undergraduate

History teacher (Tamil medium)
@ Any other

Figure 7.1: Pie chart for profession info of evaluators
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Did you do any studies related to history in your undergraduate or postgraduate programs?
16 responses

® Yes
@® No

Figure 7.2: Pie chart for higher studies info of evaluators

Did you select history as a subject either in ordinary or advanced level studies in Tamil medium?
16 responses

® Yes
® No

Figure 7.3: Pie chart for secondary school studies info of evaluators

The questions are evaluated on the correctness of question format (i.e. correct question
word and inflection suffix of the question word) and the appropriateness of questions.
(i.e. if context of question is present and question is meaningful). Below 4 options are
given to evaluate each of 44 questions and answers generated by the system.

Option 1: Gaetall augeauld Seummengl wHmilb Caerell ofsswmme. (Question format
is wrong and question is meaningless)

Option 2: Gamatall eugeud Fflwmeral, auermey Gaerell QUTBSSWLOHma. (Question
format is correct, but question is not appropriate)

Option 3: G&etal augauld Gaummeargl. aefleib Cosetel oifg&swerearsl. (Question
format is wrong, but still the question is meaningful)

Option 4: Gsee augaid Fflwmerg, wHOID CHeTel QUTBSSWMarg. (Question
format is correct and question is appropriate)
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Table 7.7: Summary of Evaluation responses

Profession History | Done No. of | No.of | No.of | No. of
studied | history option | option | option | option
in O/L related 1 2 3 4
or A/IL studies in
in Tamil | UG or PG
Medium | studies
1 Other No No 3 1 11 29
2 Other Yes No 7 1 4 32
3 Other Yes Yes 4 4 7 29
4 Undergraduate | Yes No 0 3 3 38
5 Undergraduate | Yes No 5 11 9 19
6 Undergraduate | Yes No 11 8 16 9
7 Other Yes No 3 4 4 33
8 Undergraduate | Yes No 0 3 11 30
9 Undergraduate | Yes No 2 1 14 27
10 History Yes Yes 8 2 7 27
teacher
11 Other No No 10 9 6 19
12 Other No No 4 2 6 32
13 Undergraduate | No No 9 1 16 18
14 Undergraduate | No No 6 0 8 30
15 Other Yes No 1 2 7 34
16 History Yes Yes 3 4 5 32
teacher
Total 76 36 134 438
Average 4.75 35 8.375 27.375

Table 7.8: Performance metrics for QA generation module evaluation

Questions generated

Percentage to the total questions

generated  (Average of 16
respondents)

Meaningful questions 81.25%

Grammatically correct questions 67.33%

Both grammatically correct and Meaningful questions | 62.22%
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Meaningful

81.25%

Questions———»

Grammatically Correct
and Meaningful

62.22%

Meaningful, but Grammatically )
not correct, but not Grammatically
grammatically meaningful +—Correct questions
RS 7.95% 67.33%
18.97%

Figure 7.4: Venn diagram for overall Question Evaluation Results

There are 3 respondents who have done History related studies in their undergraduate
or postgraduate studies and out of them 2 are Tamil medium History teachers. Hence
these 3 respondents are considered as experts and performance metrics are obtained
separately on the average of their responses.

Table 7.9: Performance metrics for QA generation module evaluation from experts

Questions generated

Percentage to the total questions

generated  (Average of 16
respondents)

Meaningful questions 81.06%

Grammatically correct questions 74.25%

Both grammatically correct and Meaningful | 66.66%

guestions

Meaningful
Questions————»
81.06%

Grammatically Correct

and Meaningful
66.66%
Meaningful, but Grammatically )
not correct, but not Grammatically
grammatically meaningful <«+—Correct questions
correct 7.57% 74.25%
14.39%

Figure 7.5: Venn diagram for Question Evaluation Results by experts
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Out of 44 questions generated, 27 are from rule based module and the rest from NER
module. Table 7.10 shows the percentage of meaningful and grammatically correct
questions generated from Rule based and NER module separately.

Table 7.10: Performance metrics for QA generation from different approaches

Questions generated NER Module Rule Based Module

Regex Match Gazetteers
Total questions generated 38.63% 50% 11.36%
Meaningful questions 71.27% 88.1% 86.3%
Grammatically correct questions 69.65% 76.82% 66.28%
Both grammatically correct and | 55.9% 69.74% 62.52%
Meaningful questions

Half of the questions generated are ‘when’ type from regex matching approach in rule
based module. More than 85% of questions generated by rule based module are
meaningful.  While around 71% of questions generated by NER module are
meaningful as it identifies the named entity wrong or identifies partially in some cases.
Most of the questions generated by NER module is ‘which country’ type questions as
NER module identifies country tag correctly in most of the cases due to the fact that
dataset has more country tags. Around 65-70% of the questions generated by the NER
module and gazetteer approach are grammatically correct, as in some cases the
inflection suffix is identified by affix stripping algorithm when the word is not actually
inflected.

Inter Rater Reliability

Krippendorff's Alpha () is the Inter rater reliability coefficient used to measure the
agreement among the 16 raters using the SPSS Statistics tool. Calculated for both
grammatical & semantical correctness evaluation separately and it achieved an alpha
value of 0.5750 & 0.4426 respectively which shows a moderate agreement between
raters.
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Table 7.11: Inter-rater Reliability estimate for QA evaluation

Metrics Results for Grammatical Results for Semantical
Correctness Evaluation Correctness Evaluation
Alpha 0.5750 0.4426
LL95%CI 0.4599 0.3033
UL95%CI 0.6812 0.5720
Units 44.0000 44,0000
Observers 16.0000 16.0000
Pairs 5280.0000 5280.0000
Number of bootstrap samples 10000 10000
Probability of .9000 1.0000 1.0000
failure to achieve | .8000 1.0000 1.0000
an alpha of at .7000 0.9921 1.0000
least alphamin 6700 0.9587 0.9996
.6000 0.6530 0.9889
.5000 0.0939 0.7706
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CHAPTER 8

DISCUSSION

In this section, the system is analyzed with the evaluation results of the previous
chapter. Named Entity Recognition module and Question and Answer generation
system is evaluated and further discussed on how well the system performs and the
limitation of the system.

8.1 Named Entity Recognition Module

The NER module in the implemented system is the first attempt for NER for history
domain in Tamil language with novel entity tags specific to history domain used. Most
of the tamil NER systems and NER for history domain developed previously are
generic limited to few popular tags such as Person, Location, Organization and
Miscellaneous. Researches on NER on historical domain for other languages achieved
F-scores from 60-70% on average for rule-based and traditional ML systems and the
best for neural system is around 80%. [17].

The system has few limitations due to the challenges related to domain and language
discussed in section 3.1. A word can be written in different ways in Tamil, so it is not
possible to include all word forms in gazetteers. Hence it does not account the complete
benefits of using gazetteers. Also the words are highly inflected in Tamil. Therefore,
experiment was conducted with stem word checking against gazetteer list, but that did
not improve the performance due to the less accuracy of stemmer library which was
used to find the stem word. Clue words helped to identify the named entities when the
dataset has insufficient data for few tag categories. Inflection suffix feature did not
provide a noticeable improvement due to the context drift in history domain.

NE tag of previous word, which is a dynamic feature improves the results upto a great
extent. Features such as stem word, POS tag, clue words also contributes more for the
performance.

Despite the lack of resource and challenges of the historical domain and Language,
Our NER module could achieve a better micro averaged F1-Score of 76.1% by
selecting the features suitable for the domain of interest and language and with hyper
parameter optimization.

8.2 Question and Answer generation Module

There are very few researches done on QA generation in Tamil and there is no research
done so far for QA generation in history domain in Tamil. Tamil is a low resource
languages with limited dataset, NLP libraries and tools that are publicly available.
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The designed system generates questions and answers from rule based and NER
module. In rule based module, the regex match approach generates question of type
‘When’ and ‘How many’ in the correct format most of the time. In NER approach, the
‘country’ named entity is identified correctly in most of the sentences as more tagged
data available for this entity in the dataset . Hence it generates more questions from it.

In both modules, before forming questions the root word of next and previous word is
checked to ensure any clue words exist. But when the root word is not identified
correctly then it produces a question with incorrect format. The sentence that has
anaphora words in the middle are not identified during sentence selection. Also the
sentence without subject or object is possible in Tamil language. These types of
sentences are not ignored. Hence it can produce meaningless questions even if the
question formed is grammatically correct. In few case, if there is a multi-word named
entity present part of the word is correctly identified with the named entity. So when
replacing with the question word this will generate wrong format question. When
extracting inflection suffix using affix stripping, there is a possibility a word without
inflection get stripped in few cases. Hence this could also produce wrong format
questions.

The Rule-based module produced more meaningful & grammatically correct questions
compared to NER module. The system performs well in producing more meaningful
questions compared to grammatically correct questions according to the evaluation
results.
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CHAPTER 9

CONCLUSION

A web-based Question and Answer generator capable of generating questions from a
given history related textual content in Tamil is developed using a rule-based
approach. The system generates WH and gap fill questions from a Rule-based module
& Named Entity Recognition (NER) module. Regex patterns and gazetteers list are
used in Rule-based module and Named Entity Recognizer is built using machine
learning techniques. A dataset of 23k token was tagged from Grade 10 & 11 Tamil
medium history textbook with novel entity tag set specific to history domain. Machine
learning approach is used for NER due to the limited amount of dataset. CRF classifier
is used as it is more suitable for domain specific systems due to the fact that feature
design is flexible. Features suitable for the domain of interest and language are selected
and experimented. POS tag, stem word, clue word, gazetteers, previous NE tag label
are the features observed to contribute more for the performance. Clue word list is
defined for each named entity class with words that are observed to proceed or precede
a named entity tag and it helped to improve the performance for tag category with
insufficient training data in the dataset. Hyper parameter optimization is applied to find
the best model as the dataset is not well balanced. Random search algorithm is used
for hyper parameter tuning with 5 cross validation and 30 iteration totaling 150 folds.
The NER module in system achieved a fair results with micro averaged Precision,
Recall and F1-Score of 87.9%, 67.1% and 76.1% respectively for the best feature
combination. The named entities identified from gazetteer or NER approach, is
replaced with a suitable question word using defined rules. Morphological
Analysis(MA) is an important technique to find the inflection suffix. An affix stripping
algorithm was implemented as the existing libraries for MA did not produce a good
results for the system. The system was manually evaluated and then post processing
rules were applied from the error analysis. The generated questions and answers from
the final improved system is evaluated by 16 native Tamil speakers from different
category including 3 experts. According to the evaluation results, 62.22% of total
generated questions are both grammatically and semantically correct when considering
the average of responses. Krippendorff's Alphais used to measure the inter-rater
reliability score and it achieved a moderate agreement with values 0.5750 & 0.4426
respectively for grammatical & semantical correctness ratings.
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CHAPTER 10

FUTURE WORK

Tagging a sufficiently large and balanced corpus would improve the performance.
Deep learning techniques could be used with a large, annotated corpus.

There are only few libraries or tools exist for the NLP techniques such as POS tagging
and Morphological Analysis which supports Tamil language. The existing libraries
does not produce a very good results for the domain selected. Hence the accuracy is
highly affected. Building a better tool for POS tagging and Morphological Analysis
would improve the results.

Semantic based approach can be used that operate on deeper level to identify if context,
subject or object is missing in a sentence. Anaphoric resolution to handle any word
reference from previous sentence could be implemented to produce more and
meaningful questions.

Text summarization before question generation would produce more meaningful
questions.

The system can be enhanced to support different question types & domains.
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APPENDIX — A: Question Evaluation Form

Question and Answer Evaluation Form

¥4

Evaluation for Automatic Question and
Answer generation from paragraph

Hi, | am Rubika Murugathas, an MSc student in University of Moratuwa. My research is Question and answer
generation from history documents in Tamil language. This form is a part of my MSc research project to
evaluate the questions and answers generated by the system | have implemented for a history related text
taken form Tamil Wikipedia. Your response would be valuable and highly appreciated. This survey will use
the information gathered solely for the purpose of this research.

Please state your professional affiliation
School Student
Undergraduate
History teacher (Tamil medium)

Any ather

Did you do any studies related to history in your undergraduate or postgraduate programs? *

Yes

No

Did you select history as a subject either in ordinary or advanced level studies in Tamil

medium?
Yes

No
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Evaluation form

Questions and Answers generated by the system

Gligmdlsd Ul H umnilw el &E S wrailsh Gmn s GUMmUULL 2 sen_&sib SGp 2 6Terg).
44 GaeellmeT wHmib uSlsimat upSlulleh Gmhe semflafiums: 2 (Heumssliul (Hereren.
Gmamall sugp e whHmb GUmmerler el emL uwils Gaerailwiledr Fflwner e snoamiu
wHUINFeushiE 4 EFTauser Garpasiul (femarar. WlEab GUTHSSOTET petanns
Caimbis{hssab.

Glemilhurlf aerug) 1750-185034 b e (haEhsE BemL il L sragHle 2 sumarallsh
ghul BlelGufiw bsmbletm C o, GUmRenTSIT, HrEFls W hSEemnens (5l &(gL0.
GlemAhurL# pseilsh G rfleunhsled Gomemmlwug. Uarard 1951 BIhmremips)
gg(ﬁl;rnuurrsiﬂgmb, (51 g@mlﬂéﬁansﬁﬂgum el g GlFmwenfluileh 18715 Gugrs
wimisutinl’ L Mewemmib, siGnflasmailsh 2 stmprl (FU Gumma gl Merem(mb, 2 mawmalls
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SEETIpa0 @ TatsT mb GE Ml T FluL e @lemamthsg) ? aflanl: 18,1

Emarell sug euih Seummeng. sterflenin Caemell 2yiS SnsTaTg
Gmarelll eug euin Fiflwmsms, yerma Gaanall QUMTHSSLMME.
Gamarell g euin Filwmsms, whmin Eseall GUMEBSSOMaTE.

Gamerell sug euh Seummens whonh Geatall YiSHw0omHmE.

Gaseirall: iy, smoeit etsstusuflstt hmell Guh&lrs sesr kLl enu umrll LS s
Gegibey Ul etebrueul USlw Bomall @WEST&Eang ahs su(fHLLD 2 (Haumsdlary?
aflemL: 176960

Gamatall euisulh FHeummens. eTeof|gulh Comerall 2yH S UpaTaTE.
Gameatall eugeuh Frilwmams, sperme Coeatall QUMTHSSWMME.
Gamatall eugeuh Frilwmems, wh o GHeTall CUMHSS0MarE.

Gametall suisulh FHeummems Wihob Guatall 2T HWwHmE.

Gaseirall: Gl mmoeit eradtueuifled Humell Guinhdlrs setor (Ul enul unfll Liwss
wri ydhw Bonall Gundlpgeng 76950 2 (maunsslanni? aflem: Geylbet suml

Emarell sug euih Seummeng. sterflenin Caemell 2yiS SnsTaTg
Gmarelll eug euin Fiflwmsms, yerma Gaanall QUMTHSSLMME.
Gamarell g euin Filwmsms, whmin Eseall GUMEBSSOMaTE.

Gamerell sug euh Seummens whonh Geatall YiSHw0omHmE.
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Caeitall: somisl av=GlusnFe Brmal Grulle GwhslrEans abg au(hHLD
seav(pUlledsM? ailemL: 182560

Gamatall euisulh FHeummens. eTeof|gulh Comerall 2yH S UpaTaTE.
Gameatall eugeuh Frilwmams, sperme Coeatall QUMTHSSWMME.
Gamatall eugeuh Frilwmems, wh o GHeTall CUMHSS0MarE.

Gametall suisulh FHeummems Wihob Guatall 2T HWwHmE.

Caeitall: somisl av=GlusnFe Brmal ambg E@whslrHans 182560 Saion(h L& ST
eflemL: @oullsy

Emarell sug euih Seummeng. sterflenin Caemell 2yiS SnsTaTg
Gmarelll eug euin Fiflwmsms, yerma Gaanall QUMTHSSLMME.
Gamarell g euin Filwmsms, whmin Eseall GUMEBSSOMaTE.

Gamerell sug euh Seummens whonh Geatall YiSHw0omHmE.

Caaall: ahg auFLLD (1p&Hed Lwamiiif GlFTLTauesle meirblF el (H&(E 0
sSleufLLenId @b GemL G afl (il g)? eflenL : 183060

Gamatall euisulh FHeummens. eTeof|gulh Comerall 2yH S UpaTaTE.
Gameatall eugeuh Frilwmams, sperme Coeatall QUMTHSSWMME.
Gamatall eugeuh Frilwmems, wh o GHeTall CUMHSS0MarE.

Gametall suisulh FHeummems Wihob Guatall 2T HWwHmE.
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Caeitall: alfbg auhHLLD Sem(hUlesslul L Brmeall s @uwnhSiTssme
SiFFUGIUMEL S aflemey (Hanmbasg 7 eilamL: 181460

Gamatall euisulh FHeummens. eTeof|gulh Comerall 2yH S UpaTaTE.
Gameatall eugeuh Frilwmams, sperme Coeatall QUMTHSSWMME.
Gamatall eugeuh Frilwmems, wh o GHeTall CUMHSS0MarE.

Gametall suisulh FHeummems Wihob Guatall 2T HWwHmE.

Caeitall: alfb& au(fHLLD somedr enulbl L edr etebTUeu T GILFLIWE8T 2y ey st Bomhmemay
Blemeamrs &l SiFeman Gubufs S ermi? allenL: 7s0)60

Emarell sug euih Seummeng. sterflenin Caemell 2yiS SnsTaTg
Gmarelll eug euin Fiflwmsms, yerma Gaanall QUMTHSSLMME.
Gamarell g euin Filwmsms, whmin Eseall GUMEBSSOMaTE.

Gamerell sug euh Seummens whonh Geatall YiSHw0omHmE.

Caeatail: 1760@)6b a1h5 W, el L et ereitueu G ullein syiia e Brrmmenan
Gemenns ) SiFeman GobURsSlaTTi? aflan,: somei

Gamatall euisulh FHeummens. eTeof|gulh Comerall 2yH S UpaTaTE.
Gameatall eugeuh Frilwmams, sperme Coeatall QUMTHSSWMME.
Gamatall eugeuh Frilwmems, wh o GHeTall CUMHSS0MarE.

Gametall suisulh FHeummems Wihob Guatall 2T HWwHmE.
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Caatall: ahg anF LD Gameatifl ST G)(Hhanus &)L T8 2 (Haneareniill
LTRSS UFEw pemmenit HrflpslufEsslarmy? allan: 7a4@) s

Gamatall euisulh FHeummens. eTeof|gulh Comerall 2yH S UpaTaTE.
Gameatall eugeuh Frilwmams, sperme Coeatall QUMTHSSWMME.
Gamatall eugeuh Frilwmems, wh o GHeTall CUMHSS0MarE.

Gametall suisulh FHeummems Wihob Guatall 2T HWwHmE.

Caeitall: 1784360 Wi E)\(FHbenUs SHleoLT&ES 2 (HenaTeniul U eTU (B S0 LW
(Wemmenl SHOl(wasUUESSleTy? allanl: Geaumessml &Syl

Emarell sug euih Seummeng. sterflenin Caemell 2yiS SnsTaTg
Gmarelll eug euin Fiflwmsms, yerma Gaanall QUMTHSSLMME.
Gamarell g euin Filwmsms, whmin Eseall GUMEBSSOMaTE.

Gamerell sug euh Seummens whonh Geatall YiSHw0omHmE.

Caeatall: ah g au(fLLD somedt afulbL L ebr eratTLisu T QL FUiluller ey e st Brmmmensy
Gemenns ) SFenan GuoibLfsSlenmi? aflanl: 1760@)sh

Gamatall euisulh FHeummens. eTeof|gulh Comerall 2yH S UpaTaTE.
Gameatall eugeuh Frilwmams, sperme Coeatall QUMTHSSWMME.
Gamatall eugeuh Frilwmems, wh o GHeTall CUMHSS0MarE.

Gametall suisulh FHeummems Wihob Guatall 2T HWwHmE.
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Caeitall: 1760360 eTih g B(h sfolblLett etedTieul GLLUufle syl e Bymmmensy
Blemamrs &l SiFemant Gbuhg S sy ? aflenL: symsd

Emarell sug euih Seummeng. sterflenin Caemell 2yiS SnsTaTg
Gmarelll eug euin Fiflwmsms, yerma Gaanall QUMTHSSLMME.
Gamarell g euin Filwmsms, whmin Eseall GUMEBSSOMaTE.

Gamerell sug euh Seummens whonh Geatall YiSHw0omHmE.

Caatall: ahg anF LD Gameatifl ST G)(Hhanus &)L T8 2 (Haneareniill
LwsETUR &S UFEhw pemmemn HrflpslnfEsslarmy? allan: 17a4@sh

Gamatall euisulh FHeummens. eTeof|gulh Comerall 2yH S UpaTaTE.
Gameatall eugeuh Frilwmams, sperme Coeatall QUMTHSSWMME.
Gamatall eugeuh Frilwmems, wh o GHeTall CUMHSS0MarE.

Gametall suisulh FHeummems Wihob Guatall 2T HWwHmE.

Caeitall: 1784360 Wi E)\(FHbenUs SHleoLT&ES 2 (HenaTeniul U eTU (B S0 LW
(Wemmeml SHOl(p&UUESSlerTy? aflamL: Geunedtml &l

Emarell sug euih Seummeng. sterflenin Caemell 2yiS SnsTaTg
Gmarelll eug euin Fiflwmsms, yerma Gaanall QUMTHSSLMME.
Gamarell g euin Filwmsms, whmin Eseall GUMEBSSOMaTE.

Gamerell sug euh Seummens whonh Geatall YiSHw0omHmE.
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Caeitall: alfb& au(BHLLD Gufsuni E)(HLY e e musS GlFlwb U&w (penmenwus
san(hUl&5MT? eflenl: 185660

Emarell sug euih Seummeng. sterflenin Caemell 2yiS SnsTaTg
Gmarelll eug euin Fiflwmsms, yerma Gaanall QUMTHSSLMME.
Gamarell g euin Filwmsms, whmin Eseall GUMEBSSOMaTE.

Gamerell sug euh Seummens whonh Geatall YiSHw0omHmE.

Caatall: @&mgU Uletany wmf en_anGuomensus sam(fhUlpsamT? aflanL:
emln&B&Heh LmyEL

Gamatall euisulh FHeummens. eTeof|gulh Comerall 2yH S UpaTaTE.
Gameatall eugeuh Frilwmams, sperme Coeatall QUMTHSSWMME.
Gamatall eugeuh Frilwmems, wh o GHeTall CUMHSS0MarE.

Gametall suisulh FHeummems Wihob Guatall 2T HWwHmE.
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APPENDIX - B: Implementation Code

CRF implementation

jgef word2features(sent, i):
word = sent[i)[0]
postag = sent[i)[1]

features = {
‘bias': 1.e,
‘suffix’: findinflectionsuffix(word),
‘isnumber': check _if_word_is_number(word),
‘postag’: postag,
‘clueword’: check_clue_word_list(word),
‘gazetteerword’: gazetteer_check(word),
*isordinal’': check_if_ordinal_numeric_word(word),
‘isyearformat': is_year_format(word),
‘stemword': get_stes_word(word)

}
ifi>e:
pwordl = sent[i - 1](0)
postagl = sent{i - 1][1]
plabell « seat[i - 1][2]
features update({
*=1:word': pwordl,
*-1:postag’: postagl,
*-1:¢lueword': check_clue_word_list(pwirdl),
*-1:isnumber’: check_if_word_is_number(pwordl),
‘-1:gazetteerword’: gazetteer_check(pwirdl),
*-1:previouslabel’: plabell,
*-1:isordinal’: check_if_ordinal_numeric_word(pwordl),
*-1:isyearformat’: is_year_format(pworil),
*-1:isconjuncticn’: word_is_conjunction(pwordl),
*-1:endwithcomma’: check_if_word_ends_with_coema(pwordl),
‘-1:stemword’: get_stem_wori(pwordl),
b))
else:

features|{'805'] = True

if § < len(sent) - 1:
nwordl = sent{i + 1)(0)
postegl = sent[i + 1][1)
featurss.upcate({
*el:iword': nwordl,
“+l:postag’: postagl,
*+l:clueword’: check_clue word_list(mwordl),

4+
-

:gozetteerword’: gazetteer_check(mwordl),
*+l:isnumber®: check_if_word_is_number(nwordl),
+L:isconjunction’: word_is_conjunction(nwordl),
+l:endwithcomma’: check ¥ _word_ends_with_comma(nwordl),
*+l:stemword’: get_stem_word(nwordl)

»

featurss['E0S') = True

return features
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Training and Testing NER model

def train_and_test():
sentences = read_conll_as_list()
¥ = [sent2features(sentence) for sentence in sentences]
y = [sent2labels{sentence) for sentence in sentences]
¥_train, X_test, y_train, y_test = train_test_split(X, y, test_size=8.2, random_state=@)
crf = sklearn_crfsuite.CRF{
algorithm="'1bfgs",
max_iterations=1a@,
all_possible_transitions=True
)
params_space = {
'cl': scipy.stats.expon(scale=8.5),

'c2': scipy.stets.expon(scale=8.05),

f1_scorer = make_scorer(metrics.flat_f1_score,

average='weighted’, labels=label_category)

rs = RandomizedSearchlV{crf, params_space,

cv=5,

verbose=1,
n_jobs=-1,
n_iter=38,

zcoring=fl_scorer)

rs.fit{X_train, y_train}

print('best params:', rs.best_params_)
print('best CV score:', rs.best_score_)

print('model size: {:®.2f}M'.format(rs.best_estimator_.size_ / 18000888))

filemame = ‘crf_model.zav’

pickle.dump{rs, cpen(filename, 'wb')}

labels = list{rs.classes_)

labels.remove("0")

y_pred_test = rs.predict(¥_test)
print('Fl score on the test set = {}\n'.format(flat_f1_score(y_test, y_pred_test,
average="welghted", labels=labels)))

print('Accuracy on the test set = {}\n'.format(flat_accuracy_score(y_test, y_pred_test}))

sorted_lebels = sorted(labels, key=lambdz name: (name[l:], name[B8]))
print('Test set classification report: \n\n{}'.format(flat_classification_report(y_test, y_pred_test,
labelz=sorted_labels, digits=3)))
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APPENDIX - C: SPSS Tool Output

Run MATRIX procedure:

Krippendorff's Alpha Reliability Estimate

Nominal

Alpha
L5750

alphamin q
. 9000 1.0000
.8000 1.0000
. 7000 .9921
.6700 .89587
. 6000 .6530
.5000 .0535

LL953CI
.459%

ULS53CI
.€812

Units
44.0000

Cbservrs
1€.0000

Pairs
5280.0000

Probability (q) of failure to achieve an alpha of at least alphamin:

Number of bootstrap samples:
10000

Judges used in these computations:

Columns l1- 11
Raterl Rater2 Rater3d Raterd Rater5 Rateré Rater7 Rater8 RaterS Raterl0 Raterll
Columns 12 - 16 Raterl2 Raterl3 Raterl4 Raterl5 Raterlé
Examine output for S5PS5S errors and do not interpret if any are found
—————— END MATRIX -----
Run MATRIX procedure:
Krippendorff's Alpha Reliability Estimate
Alpha LL95%CI ULS53CI Units Observrs Pairs
Nominal .442¢€ .3033 .5720 44.0000 16.0000 5280.0000
Probability (q) of failure to achieve an alpha of at least alphamin:
alphamin a
. 9000 1.0000
.8000 1.0000
.7000 1.0000
L6700 . 9996
. 6000 .988
.5000 L7706
Number of bootstrap samples:
10000
Judges used in these computations:
Columns 1- 11
Raterl Rater2 Rater3 Raterd Rater5 Rateré Rater7 Raters RaterS Raterld Raterll
Columns 12 - 16
Raterl2 Raterl3 Raterld4 Raterl5 Raterlé
Examine output for SP5S errors and do not interpret if any are found
777777 END MATRIX ———-
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