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SEMANTIC ROLE LABELING FOR TURKISH
PROPBANK

Abstract

People’s communication with each other takes place through sentences that com-
bine words with different purposes. Words can gain different meanings with the

presence of other words in the sentences in which they take place.

With the rapid development of technology, the studies on understanding of human
language by computational power have gained speed. These studies are generally
referred to Natural Language Processing and their main purpose is to understand

the sentences in human communication.

The words in the sentence fulfill different purposes. Some words describe an event,
while other words indicate details of that event. Defining the semantic roles of

words is possible with different algorithms.

This study first started by contributing to the process of determining the semantic
roles of the word groups in the sentence by manpower. In addition, the semantic
roles in the English sentences were parsed and shared on a web site with the
marked roles in the Turkish sentences for comparison purposes. Finally, it is
tried to measure how the algorithms aiming to find the semantic roles of the

words in the sentence perform automatically for Turkish.

Keywords: Natural Language Processing, PropBank, Semantic Role Label-

ing

i



TURKCE PROPBANK ICIN ANLAMSAL ROL
ETIKETLEMESI

Ozet

Insanlarm birbirleriyle olan iletigimleri farkh amaclardaki kelimelerin birlegtigi
ciimleler araciligi ile gerceklesmektedir. Kelimeler, yer aldiklari ciimlelerde diger

kelimelerin de varligi ile farkli anlamlar kazanabilmektedirler.

Teknolojinin hizla gelismesiyle birlikte, hesaplamali giicler tarafindan insan dilini
anlama caligmalar1 hiz kazanmistir. Bu caligmalar genel olarak Dogal Dil Isleme
olarak anilmaktadir ve asil amaglari insan iletisiminde yer alan ciimlelerin anlasila-

bilmesidir.

Cilimle igerisinde yer alan kelimeler farkli amaglar1 yerine getirmektedirler. Baz
kelimeler bir olay1 anlatirken, diger kelimeler bu olaya ait detaylar1 belirtmek-
tedirler. Kelimelerin anlamsal rollerinin tanimlanmasi ise farkh algoritmalar ile

mumkiin olabilmektedir.

Bu calisma ilk olarak ciimlede yer alan kelime gruplarina ait anlamsal rollerin
insan giicti ile belirlenmesi iglemine katki saglanarak baglamigtir. Ayrica dogal
dil igleme ile ilgili olarak Tiirk dilinde yapilacak galigmalarda karsilagtirma amach
olarak kullanilmak tizere Ingilizce ciimlelerde yer alan anlamsal roller ayrigtirilmis
ve Tiirkge cimlelerdeki isaretlenmis roller ile birlikte bir web sitesi lizerinden agik
sekilde paylasilmistir. Son olarak ise cliimledeki kelimelerin anlamsal rollerini
otomatik olarak bulmay1 amaclayan algoritmalarin Tiirkce icin nasil performans

gosterdigi Olg¢iilmeye caligilmigtir.

Anahtar kelimeler: Dogal Dil i§leme, PropBank, Anlamsal Rol Etiketleme

il
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Chapter 1

Introduction

Natural Language Processing refers to the capability of understanding nat-
ural human languages, like Turkish and English, using computer systems. To
make this possible, combination of linguistics and current Machine Learning sys-
tems is used. This is simply a process like diagramming sentences in primary
school. Accordingly, there are several stages defined to realize this purpose in-
cluding tokenization, parsing, stemming, part-of-speech tagging, determination

of the language and semantic relationships.

PropBank is a corpus of text annotated with the arguments of each predicate.
Arguments have different semantic relations with each predicate and all of the
arguments are grouped with their semantic roles. PropBank also includes the
related information for different senses of predicates. It is so important because
predicates generally requires different type of arguments due to their senses in
the sentence. For this reason, each meaning of the predicate is labeled with a
sense ID. For each senses of predicates, there are also individual frameset files

that represents the expected structure of arguments.

Semantic Role is defined as a connection between a component and a participant
in a sentence. There are different type of semantic roles like AGENT, PATIENT,

INSTRUMENT.



Semantic Role Labeling is defined as a computational identification task that
determines the semantic roles of each argument for the each predicate found
in a sentence. In SRL, automated algorithms assign labels to constituents with
semantic roles. In the current approaches, supervised machine learning algorithms
are widely used to accomplish this task. This requires large amounts of manually
generated data for training and test cases. FrameNet and PropBank resources

also have a common usage in the different stages of this task.

Although common methods are used in studies for different languages, differences
in the structures of natural human languages require that all these studies be

performed separately for each language.

In this study, we present the study about Semantic Role Labeling for Turkish
language. In the beginning, we contributed the manual annotation of the required
PropBank dataset for Turkish language [1] which is used to train and test our
SRL study. Then, we tried to measure the success of these methods for Turkish
language by training and testing our system by using different types of features
and classifiers. Additionally, with the automated parsing of English PropBank
data, we prepared a website which includes Turkish and English representations

of the same sentences with the semantically annotated labels.

The key contributions of the study are shown in the order in which they are

located throughout the thesis.

1. Contribution for the manual annotation of a Turkish PropBank [1] data

which consist of the translation of English Penn-TreeBank.

2. Parsing of English PropBank data with semantic roles which is used to test

related works.

3. Development of Turkish PropBank website that shows the English and
Turkish representations of sentences with semantic role labels and anno-

tated tree structures.



The parts of the thesis are located as follows.

In Chapter 2, we introduce the general concepts required to know for semantic
role labeling. You can also find the detailed information about the Penn Treebank

Project, PropBank and Semantic Role Labeling in this section.

In Chapter 3, we provide detailed information about the Automatic Semantic
Role Labeling work in Turkish language, which is the main aim of this study. As

we know, this is the first Automatic SRL study for the Turkish.

In Chapter 4, we present the details of our study on Turkish PropBank Website

which is available in public.

In Chapter 5, we give explanations of the features which is used to assign related
semantic role labels to the constituents. They are placed under two sub-sections

according to their word or tree-based structure.

In Chapter 6, we present the classifiers used to automatic prediction of semantic

role labels along with short summaries.
In Chapter 7, we detail the result of our experiments with discussions.

We conclude our work in Chapter 8.



Chapter 2

Literature Review

2.1 Penn Treebank Project

With the rapid development of technology, research has been accelerated for the
understanding of human language by computers. Penn Treebank Project [2] pro-
vides the required annotated corpus that the researchers need to study on areas
like natural language processing, recognition of speech, integrated spoken lan-
guage technologies, and theoretical linguistics. During the development of text
and speech understanding systems, automatic extraction of language information

from a very large corpora plays a significant role.

The corpus of the Penn Treebank involves over 4.5 million American English
words. In the early years of the project, most of the skeletal syntactic struc-
ture and Part-of-speech (POS) data is annotated for the corpus. This corpus
data is available and can be accessible for the members of the Linguistic Data

Consortium.

2.1.1 Tagset for Part-of-Speech

The Penn Treebank consist of 48 tags in all. While 36 tags are reserved for the
POS tags, 12 additional tags refers to the currency and punctuation symbols. A

comprehensive explanation of the tagset rules can be found in Santorini (1990) [3].



Table 2.1: List of Part-of-Speech Tagset for The Penn Treebank.

CC
CD
DT
EX
FF
IN

JJ
JIR
JJS
LS
MD
NN
NNS
NNP
NNPS
PDT
POS
PRP
PP$
RB
RBR
RBS
RP
SYM

TO

Coordinating conjunction
Cardinal number
Determiner

Existential there

Foreign word
Preposition/subordinating
participle conjunction
Adjective

Adjective, comparative
Adjective, superlative
List item marker

Modal

Noun, singular or mass
Noun, plural

Proper noun, singular
Proper noun, plural
Predeterminer

Possessive ending
Personal pronoun
Possessive pronoun
Adverb

Adverb, comparative
Adverb, superlative
Particle

Symbol (mathematical or
scientific)

To

UH
VB
VBD

VBG
VBN
VBP

VBZ

WDT
WP
WP$
WRB

#
$

Interjection
Verb, base form
Verb, past tense

Verb, gerund /present
participle

Verb, past participle
Verb, non-3rd ps. sing.
present

Verb, 3rd ps. sing.
present

wh-determiner
wh-pronoun
Possessive wh-pronoun
wh-adverb
Pound sign
Dollar sign
Sentence-final
tion

Comma
Colon, semi-colon

Left bracket character
Right bracket character
Straight double quote
Left open single quote
Left open double quote
Right close single quote
Right close double quote

punctua-

Note that one of the best known American English corpuses is Brown University

Standard Corpus. A list of tagset for Penn Treebank is shown in Table 2.1 [2].

2.1.2 Tagging Process for Part-of-Speech

Penn Treebank’s tagged version is created in two phases [2].

In the first phase, an automated stage is used to assign POS tags. In the earlier

times of Penn Treebank Project, a stochastic algorithm which uses an altered

tagset variant of the Brown Corpus predicts POS tagsets with 3-5 percent error



Battle-tested/NNP industrial/JJ managers/NNS here/RB always/RB
buck/VB up/IN nervous/JJ newcomers/NNS with/IN the/DT tale/NN
of /IN the/DT first/JJ of/IN their/PP$ countrymen/NNS to/TO
visit/VB Mexico/NNP ,/, a/DT boatload/NN of/IN samurai/NNS
warriors/NNS blown/VBN ashore/RB 375/CD years/NNS ago/RB./.
/From/IN the/DT beginning/NN ,/, it/PRP took/VBD a/DT man/NN
with/IN extraordinary/JJ qualities/NNS to/TO succeed/VB in/IN
Mexico/NNP ,/, / says/VBZ Kimihide/NNP Takimura/NNP ,/,
president/NN of/IN Mitsui/NNS group/NN s/POS Kensetsu/NNP

Engineering/NNP Inc./NNP unit/NN ./.

Figure 2.1: Sample text with POS tags - before the correction step.

Battle-tested/NNP*/JJ industrial/JJ managers/NNS here/RB always/RB
buck/VB*/VBP up/IN*/RP nervous/JJ newcomers/NNS with/IN the/DT
tale/NN of/IN the/DT first/JJ of/IN their/PP$ countrymen/NNS to/TO
visit/VB Mexico/NNP ,/, a/DT boatload/NN of/IN samurai/NNS*/FW
warriors/NNS blown/VBN ashore/RB 375/CD years/NNS ago/RB./.
/From/IN the/DT beginning/NN ,/, it/PRP took/VBD a/DT man/NN
with/IN extraordinary/JJ qualities/NNS to/TO succeed/VB in/IN
Mexico/NNP ,/, / says/VBZ Kimihide/NNP Takimura/NNP ,/,
president/NN of/IN Mitsui/NNS*/NNP group/NN s/POS Kensetsu/NNP

Engineering/NNP Inc./NNP unit/NN ./.

Figure 2.2: Sample text with POS tags - after the correction step.

rate. More recently, a cascade of stochastic and Penn Treebank tagset based rule-
driven taggers realized the automatic POS assignments with error rate 2-6%. In
Figure 2.1, a sample text with the automatically assigned POS tagsets before

correction is presented.

Then, the results of the automatic POS tagging phase is corrected by the anno-
tators. Figure 2.2 shows the sample text with POS tags after manuel correction

phase.

2.2 Semantic Role Labeling

Automatic, precise, and wide-inclusion methods that can explain normally hap-

pening content with semantic structure can assume a key job in NLP applications,



for example, data extraction, question replying, and rundown. One of the meth-

ods to generate such semantic structure is Semantic Role Labeling.

For each predicate found in a sentence, a semantic role labeler should recognize
and label its semantic arguments. This method involves recognition of these
semantic arguments for the word groups and assignment of particular labels to

them.

2.2.1 Calibrating Features

Development of the statistical semantic analyzers has increased with the availabil-
ity of semantically annotated corpora like Proposition Banks and FrameNet. In
these systems, the syntactic components are annotated with semantic role labels
mainly using syntactic information features for the syntactic parse tree. Xue and
Palmer, 2004 [4], obtained a fairly significant improvements in their SRL tasks

using some further features.

2.2.2 The PropBank and Semantic Role Labeling

To take the generalizations which are not sufficiently submitted in the treebank
parse trees, a semantic annotation layer is added to the TreeBank II by the

PropBank [4]. As an example, the following sentences are handled:

(1) John broke the window into a million pieces yesterday.

(2) The window broke into a million pieces yesterday.

In sentences (1) and (2), the window is in the same role related with the verb break
although they are not in the same syntactic positions. In PropBank annotations,
there are a set of fixed roles with separated labels for each verb. These roles are
represented with integers in order starting with 0 and a prefix with ARG. For the

break predicate, an example for the numbered arguments is given as following.



ARGO the breaker
ARG1 thing broken
ARG2 instrument

ARG3 pieces

Note that numbers used to label the semantic roles is specific to the related verb
and same numbers can be used for different predicates. An argument that has
the same number for its label, e.g. ARG1, may have different semantic roles for

different verbs. The numbered elements are known as core elements for the verb.

Besides the core elements, there are also some elements which have weaker relation
with the verb. These elements have labels starting with ARGM prefix and then

including a tag which shows the type of adjunct.

In the above sentences (1) and (2), yesterday does not have a direct relation with
the verb break and it covers a broad range of verbs. For that reason, ARGM label
with a -TMP secondary tag which shows the temporal state of the constituent
will be used for its role in the sentence. In particular, secondary tags are a global
classification of adjunct-like components. In the Proposition Bank, 12 secondary
tags are found for ARGMs: DIR, LOC, MNR, TMP, REC, EXT, PRD, PRP,
DIS, ADV, MOD, NEG2.

Some verbs require different sets of arguments for each meaning. Differentiating
these senses is the first step for exact detection of the semantic roles of their
arguments. Let’s examine the verb “pass” as an example. When it is used in the
meaning of “vote and pass”, it takes three arguments, legislative body, bill and
law. However, if it means “overtake”, it takes only two arguments, entity moving
forward and a falling entity. Each perception of this verb is likely to occur in a

number of different frame sub-categories and is therefore referred to as a frameset.



2.2.3 Semantic Role Tagging

Depending on what kind of information you want to learn automatically, there are
various methods for the semantic role labeling task on the basis of the PropBank
annotation. Xue and Palmer [4] attempt to estimate the basic arguments of
ARGI0-5] and the secondary tags for ARGMs. For each predicate found in the
sentence, they determine the core arguments ARG[0-5], and the secondary tags
for ARGMs. Note that semantic argument means both of numbered and ARGM
arguments. They label the elements which have not a semantic relation with the

given verb as NULL.

2.2.4 System Architecture

Although this could be deemed a multi-category classification problem, there are
at all events two reasons why such a fundamental methodology does not function
properly. The first is that the majority of components in a syntactic tree for
a certain verb are not their semantical arguments. FExisting machine learning
algorithms will not make any effect on positive samples drowned by NULL tagged
negative samples. The second and more obvious reason is that the information
which succeeds in the seperation of arguments from NULL values does not show
the same success when distinguishing different types of arguments. Xue and

Palmer [4] examine the following 3-stage architecture based on these thoughts:

Step 1: By the usage of a basic algorithm, components that do not have a clear

semantic relationship with the predicate are filtered and training time is reduced.

Step 2:  Then, the candidates obtained in the first step should be classified

according to whether they are semantic arguments or not.

Step 3: In the last step, the components selected as arguments should be clas-
sified into one of the existing classes or NULL. This classification task is accom-

plished by the use of various category classifiers.



2.2.5 Pruning Algorithm

In the first step, Pruning Algorithm can be used as a simple algorithm to filter out
useless components due to weak relation with the predicate. It is also presented

in Figure 2.3.

Phase 1: Firstly, in a syntactic dependency tree, the predicate is determined
as the current node. Then, all of the components found in the same level with
the predicate are collected until these nodes are coordinated with the predicate.

When a sibling is a PP, gather its instant children as well.

Phase 2: The syntactic head of the current node is identified as the new current

node and this process is repeated until it reaches the root of the tree.

S
S cC S
|
/\ and
NP VP @ VP
‘ /\
Strikes VBD VP |
and | | Premaer @
mismanagement ~Wwere  VBD Ryzhkov |
| warned
cited of tough measures

Figure 2.3: Pruning.
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Chapter 3

PropBank Data

3.1 Parse of English PropBank Data

For NLP studies, we have PropBank data in Turkish which consists of the Turk-
ish translations of the original PropBank sentences, which are written in English.
We thought that it would be more useful to compare the studies conducted in
Turkish language with the studies conducted in the original language of Prop-
Bank. Therefore, we extracted the arguments marked in the English language
and translated them into the format of the PropBank data we use in the Turkish
language. Note that the data was converted to JSON format temporarily. Then,
it was converted to the format of PropBank data in Turkish with the study of
another researcher. In this study, we used the Rochester Data [5] as a source to

extract the marked arguments in the original language.

In the main page of the resource data [5], all of the verbs are given as separated list
items and each list item has a link to the related page which contains the labeled
sentences for the selected verb and sense ID. Within each list item with 11 HTML
tag, there is a link which contains the dot separated verb and its related sense 1D,
in a notation like verb.senseID, between the <a> and </a> HTML tags. The
link which refers to the related verb and sense ID page is presented with href

attribute. An example HTML code for the main page is given in Figure 3.1.

11



<ul>

<li>
<a href="a/abandon.01.html">abandon.01</a> 57
</1li>
<li>
<a href="a/abandon.02.html">abandon.02</a> 2
</1li>
</ul>

Figure 3.1: An example HTML code for the list items with verb and sense ID.

After this, the page which contains the example sentences with labeled words is
called as detail page. When the parser is executed, it walks through the all of the
detail pages for each verb and sense, and parse all of the labeled arguments. The
dot separated verb and sense ID is given between <h1> and </h1> HTML tags in
detail pages. All sentences are presented between <1i> and </1i> HTML tags,
so each sentence is a list item of the unordered list. In each sentence, the labeled
constituents are enclosed in square brackets. The name of the related argument
is presented with sub tag, and the labeled item is placed between <span> and

</span> tags. An example representation of the detail pages are given in Figure

3.2.

<hl>believe.01</hl>

<ul>
<li>
[<sub>ARGO</sub> <span class="ARGO"> I</span>] [<sub>rel
</sub> <span class="rel"> believe</span>] in [<sub>ARG1l-in
</sub> <span class="ARG1"> the system</span>]
</1i>
<li>
'" [<sub>ARGO</sub> <span class="ARGO"> Mr. Perkins</span
>] [<sub>rel</sub> <span class="rel"> believes</span>] , [<sub
>ARGM-DIS</sub> <span class="ARGM"> however</span>] , [<sub>
ARG1</sub> <span class="ARG1"> that the market could be
stabilized *-1 if Califormia investor Marvin Davis steps back
in to the United bidding with an offer of $ 275 *Ux a share
</span>]
</1li>
</ul>

Figure 3.2: Sentences with labeled arguments in Rochester Data [5].

12



{
"rawText": "But their 1987 performance indicates that [ARGO they] [ARGM-MOD
wo] [ARGM-NEG n't] [rel abandon] [ARG1 stocks] [ARGM-ADV unless conditions
get far worse] .",
"text": "But their 1987 performance indicates that they wo n't abandon stocks
unless conditions get far worse .",
"arguments": [
{
"type": "ARGO",
"value": "they"
},
{
"type": "ARGM-MOD",
"value": "wo"
},
{
"type": "ARGM-NEG",
"value": "n't"
}l
{
"type": "rel",
"value": "abandon"
}l
{
"type": "ARG1",
"value": "stocks"
}l
{
"type": "ARGM-ADV",
"value": "unless conditions get far worse"
}
]
1,
{
"rawText": "And they believe 0 [ARGO the Big Board] , [ARGM-MNR under Mr.
Phelan] , has [rel abandoned] [ARG1 their interest] .",
"text": "And they believe 0 the Big Board , under Mr. Phelan , has abandoned
their interest ."
"arguments": [
{
"type": "ARGO",
"value": "the Big Board"
},
{
"type": "ARGM-MNR",
"value": "under Mr. Phelan"
T,
{
"type": "rel",
"value": "abandoned"
T,
{
"type": "ARG1",
"value": "their interest"
}
]
}

Figure 3.3: Temporary data in JSON format for the parsed data.

After the parsing process is completed for each verb and sense, a text file is created

under the target data folder named with the related verb and sense id. Each data

13



Table 3.1: Details of the parsed JSON data format.

rawText Raw text found in the resource data

text Parsed text which is purified from tags, etc.

arguments JSON array that includes argument data

arguments — type  Type of the argument like ARGO, ARG1, ARGM-MOD,
etc.

arguments — value Word(s) which is labeled with argument type

file contains a JSON array, and each item in the array consists from the data
for a sentence. In these items, the raw and parsed sentence data is stored. An
example representation of the parsed data is given in Figure 3.3 and the details

of the related data keys are given in Table 3.1.

Finally, parsed data is converted into the type of the Turkish PropBank data by

another researcher for the comparisons and future usages.

3.2 Assignment of Predicate and Arguments in Turkish PropBank

As described in the previous chapters, previous works on other languages were
realized using supervised machine learning algorithms. As with other studies,
we have used supervised computer learning in the research. Therefore, we need
the previously prepared PropBank dataset for Turkish language to train and test
the system. To achieve this purpose and support similar NLP works for Turkish
language, we started to prepare a proposition bank for Turkish [1]. For this
purpose, we use an homemade developed NLP toolkit which makes possible to
realize lots of useful NLP tasks for Turkish PropBank. In this thesis, only the

predicate and argument editor parts of this tool is explained.

3.2.1 Selection of Predicates in Turkish PropBank Toolkit

First of all, we started with annotating the predicate of each sentences using
Propbank Predicate Editor of this NLP toolkit. In Figure 3.4, a sample screenshot

is given for the PropBank Predicate Editor. In this tool, it is possible to assign

14



ey} Propbank Predicate Editor

Project Tree

[@OOOO® . v v % i

N
NP-SBJ-1 VP .
DT NN P VBD .
‘ //\
*NONE* Reklam S VBN *NONE*
/\
NP-SBJ VP planland:
//,/\ PREDICATE
NONE- P T0
T
-1 NP-TMP PP-LOC NP-ADV VB iizere
J] NN NP IN cD NNS  gériinmek
diin gece NNP *NONE* ug kez

CNN'de

Reklam diin gece CNN'de g kez gorinmek iizere planlandi .
The spot was scheduled to appear three times on CNN last night .

Figure 3.4: A screenshot of the PropBank Predicate Editor Tool.

predicate label to the related item by clicking over it and selecting as a predicate,

as shown in Figure 3.5.

VBN “NONE*

planlandi

DD ATE

NONE
ARGO
ARG1
ARG2

Figure 3.5: Selecting Predicates in PropBank Predicate Editor Tool.
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e0e Propbank Argument Editor
Project Tree

OQO000 . = & i
10 15 20 25 123456780910

0000.dev
)
NP-SBJ VP 5
PP-LOC NP VP VBZ °
/\ /’\ /\ NONE
|
NP IN DT VBN NN NP VBN *NONE*
DT jl] jl] NN *NONE* *NONE*  karmasik dil DT NN bulandirmistir
ARGO ARGO PREDICATE
TURI0-012254UR 10:0122540 TUR10:0122540
*NONE*  Bilyiik yeni yasada *NONE* savas!
ARGO ARGO ARGO ARG1
TURI0:0122540 TURI0-01225AUR 100122540 TUR10:0122540

Buyuk yeni yasada karmasik dil savasi bulandirmistir .
The complicated language in the huge new law has muddied the fight .

Figure 3.6: A sample screenshot for the PropBank Argument Editor Tool.

3.2.2 Selection of Arguments in Turkish PropBank Toolkit

After the selection of predicates found in sentences, selection of the arguments
related with the each found predicate is completed using PropBank Argument
FEditor of the NLP Toolkit. A screenshot of the PropBank Argument Editor is
presented in Figure 3.6. In this tool, when an item is selected, a popup window
is opened with the possible argument list which allows to assign labels to the
constituents. An example for the argument selection windows is given in Figure

3.7.
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NP-SBJ

T

DT NNP CC NNP NNP

*NONE* Yollar ve Araclar Komitesi

1 FrameSets
v Ortaya koymak, gerceklestirmek, ol /
ARGO:yapan

ARG1:yapilan sey A

lecek

GMTMP
-0834430

Figure 3.7: Selecting Arguments in PropBank Argument Editor Tool.
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Chapter 4

PropBank Website

In the study, a website is prepared to present the PropBank data with the an-
notated sentences in public. PropBank website contains English sentences and
their Turkish translations. All of the annotated predicates and their arguments
are also presented with PropBank tree for both of the languages. Thus, it is so

useful to see and compare PropBank for these languages.

PropBank website is publicly available [6] for the researchers who wants to work

on Turkish PropBank data.

4.1 Preparation of the PropBank Website

In Turkish PropBank website [6], sentences have annotated predicates and argu-
ments with their tree structured in both Turkish and English. Turkish data is
generated with manually using the NLP toolking by human taggers, as written in
Section 3.2. For the original sentences in English PropBank, all of the predicates
and their arguments are parsed from the publicly accessable Rochester Data [5]

as written in Section 3.1.

In the home page of the PropBank website, all of the defined Turkish predicates
are listed line by line. The number located after each predicate and among the

brackets shows the number of senses for the given predicate. A search box is also
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Predicates

abartimak (1)
absorbe etmek (1)
aci gekmek (1)
acitmak (1)
ad koymak (1)
adamak (1)
adapte etmek (1)
adlandirmak (1)
adlanmak (1)
adim atmak (1)
adini tagimak (1)
akiinda kalmak (1)
akinda tutmak (1)
akiini oynatmak (1)
aksatmak (1)
aktarmak (2)
alabiimek (1)
alay gegmek (1)
aleviendirmek (1)
alglamak (1)
alkiglamak (1)
almak (8)
altindan girip Ustinden gikmak (1)
altini gizmek (1)
alici bulmak (1)
alikonuimak (1)
alikoymak (1)
alinmak (2)
alip gotrmek (1)
aligmak (2)
amaglamak (1)
amaglanmak (1)
analiz etmek (1)
anlamak (2)
anlamina gelmek (1)
anlatmak (1)

Figure 4.1: Homepage - List of Predicates found in Turkish PropBank.

available at the top of the page to filter the predicates matched with the entered

text. A screenshot of the homepage with the predicates are given in Figure 4.1.

Each of the listed predicates has a link to the details page which shows the details
of the selected predicate. At the details page, the name of the selected predicate
is located at the top of the page with an orange background. In Figure 4.2, a

screenshot is available for the predicate details page.

almak

Predicate: almak.1
SynSetld: TUR10-0029260

Sense: 1

Definition: Bir seyi elle veya baska bir aragla tutarak bulundugu yerden ayirmak, kaldirmak

Sentences:

[1] 50085 Dolar ppg1  aldi prepicate - 3786.train
Show Tree]

G Heanco  received prepicare. $ 50,085 anar - 3786 train

[Show Tree]

[2] Onu arar  aldim mi prepicare ? 5819.train
Show Tree]

EBDid lanco buy preicate it arat ? 5819.train
(Show Tree]

Predicate: amak 2
‘SynSetld: TUR10-0029270

Sense: 2

Definition: Bir seyi veya kimseyi bulundugu yerden ayimak

Sentences:

~ (SRGIRREIABY halkin ofkesine ilnam vermek igin araupnc  gercekten tuhaf bir sey anar  allyor previcaTe - ST

[Show Tree]

Figure 4.2: Page - Predicate Details.
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All of the available sense are available in the details page related with the predicate
queried predicate and each of the sense is separated with a horizontal grey line.

For each sense, there are two light grey boxes located one under the other.

The first box gives information about the predicate and current sense with the
Turkish definition of it, and the sense id is presented at the right upper corner of

the box with a darker grey background.

In the second box of the sense, all of the available sentences are given with both
in Turkish and in English. Each sentences found in the box for the related sense
id is numbered starting with 1 and each number is located at the left side of the
sentences. Even if the sentences are shown in different languages, they are shown
with the same number because they have the same meaning. An ISO two-letter
language code shows the language of the sentence. The name of the sentence
data file is also presented at the right side of each sentence within a darker grey
box. In each sentence, each of the assigned predicates and their arguments are
marked with a subtext like ARGO, ARG1, PREDICATE, etc., and also each type
of argument has a background in a different color. Current schema of available

colors for each argument is given in Table 4.1.

Using the “Show Tree” link found under the sentences, it is possible to show the
tree structure with the semantic role labels of the relevant sentence for both of

the languages, Turkish and English. When a tree view is opened with this link,

Table 4.1: Color schema for Semantic Role Labels.

ARGO ARGMDIR
ARGl ARGMDIS

ARG2 ARGMEXT

ARG3 ARGMLOC [
ARG4 ARGMMNR

ARG5 ARGMTMP
ARGMADV ARGMNONE
ARGMCAU ARGMPNC
PREDICATE
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almak

Predicate: amak.1 i
‘SynSetld: TUR10-0029260

Definition: Bir seyi elle veya baka bir aragla tutarak bulundugu yerden ayimak, keldimak

Sentences: 3
[1] 50085 Dolar apg1  ald! prepicate - 3786.train
[Hide Tree]

s

/l\

vP NP-SBJ .

NP VBD PRP

/'\ | | NONE

cp $ -NONE- e

I
| | | PREDICATE NONE

50085  Dolar  "U*
ARG1  ARG1  NONE

G He oo received prepicas e $50,085 anar - 3786.train
{Show Tree]

Figure 4.3: Page - Show Tree in Predicate Details.

the text will be “Hide Tree” which hides the open tree view. Figure 4.3 shows a

tree view for the selected sentence.

4.2 Technologies Used in the Study

A Java application is developed using Spring Framework to prepare and provide
data model on the backend side. Data model is prepared and provided via REST-
ful APIs and content type of the transferred data is JSON. The developed Java

application works using a Tomcat Application Server.

A web application is developed using AngularJS Framework and CSS to present
data model using a web browser. The AngularJS application calls the RESTful
APIs to get data provided by the Java application and prepares the HTML view.

CSS was used to get a good view on frontend side.

The frontend code is located under “src — main — resources — static” package

path. Table 4.2 shows the paths for AngularJS application.

AngularJS codes are localed under “static — js” package path. “app.js” file is
the main AngularJS file that initializes the frontend application. This file also

includes the route provider that routes requested path to the related controller.
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Table 4.2: Web Application Paths for AngularJS.

Path Explanation
static — css CSS code files
static — js Main AngularJS codes in Javascript

static — libs Used libraries like AngularJS
static — views HTML views for AngularJS
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Chapter 5

Features

In this section, all of the feature used to assign semantic role labels are explained

in two sections as “Word-Based Features” and “Tree-Based Features”.

5.1 Word-Based Features

5.1.1 Predicate

The predicate of the sentence. Note that all of the arguments are being classified

according to this predicate.

Ezample: The lawyers [went prepicate] to work.

5.1.2 Phrase Type

Syntactic category (NP, PP, etc.) of the classified component.

Since different syntax categories tend to be different types of arguments, the
phrase type of the classified component is a useful feature, but when such predi-
cate is known, such trends are even stronger. A sample sentence with the phrase
types of the components is given in Figure 5.1. The phrase type can be assigned
to any number of argument tags in the SBAR itself, but the argument tag is more

precise when the predicate is “ask”.
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NP VP
\
We
VBD NP /arg0 VP
‘ /\
got NP PP
‘ T~
calls from big V]‘T’G NP/‘arg2 SBAR /argl
block houses asking us < 3
,‘ T~
if we want to
make bids on
anything

Figure 5.1: Lexicalization of phrase type features.

5.1.3 Voice

The recognition of active and passive verbs is very important to predict semantic
roles because active verbs have a correlation of semantic role with the subjects of
passive verbs. For example, a subject NP in an active sentence as ARG0O may be

more probable to being ARG1 in a passive sentence.

Note that this feature is common in parse tree and it is shared by all of the

components.

5.1.4 Named Entities in Constituents

There are infinite number of proper names for the named entities, especially for
the people, organizations and locations. It is possible to identify them using
named entity recognizer for the instances of classes PERSON, ORGANIZATION,

LOCATION, PERCENT, MONEY, TIME, and DATE [7].

Note that named entity recognizer uses the entity labels as features to identify

words found in a sentence.
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5.2 Tree-Based Features

5.2.1 Path

The shortest path from categorized element to the predicate.

S
/\
NP VP
T
He VB NP
T
ate DT NN

some  pancakes

Figure 5.2: Sample tree for the path feature.

In the given sample Figure 5.2, the predicate of the sentence is “ate” and the
path from predicate to the argument “NIN” “pancakes” is VB 1 VP | NP | NN.
Note that 1 indicates upward movement and | indicates downward movement in

the parse tree.

According to several researchers (Palmer et al.) [4], path does not perform the
argument classification job well. One of the reasons the path is ineffective is
that children attached to a parse tree at the same level can not be distinguished.
Despite all this, the path is very beneficial as it represents the relation between

predicate and many sorts of grammatical functions.

5.2.2 Position

This feature specifies the relative location (before or after) of the classified com-
ponent according to the predicate. It enables to overcome errors as a result of

incorrect parsing. Gildea and Jurafsky [8] also offered position feature to see
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how much can be accomplished without tree parsing. Subjects are usually found
before verbs, but after objects. For this reason, the relation of this property to
the grammatical function is expected to be high. An illustration of the position

feature is given in Figure 5.3.

S
NP VP
T
e

| N
went to NP

[ predicate | after \
work
after

Figure 5.3: Ilustration of the position feature.

5.2.3 Sub-categorization

Subcategorization feature is a phase-structure rule which expands the parent node
of the predicate in the parse tree. For the given sentence in Figure 5.4 with the
predicate open (8], the value of the feature is “VP — VB NP”. It is important to
make it clear that this feature is also common in parse tree and it is shared by all
of the components. For this reason, this feature does not differentiate between

components in different syntactic positions.
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/\

RPN
N

the door

He opened

Figure 5.4: Subcategorization example for the predicate open.
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Chapter 6

Classifiers

In this section, all of the classifiers used to assign semantic role labels are explained

in general.

6.1 Rocchio

By using the centroids, Rocchio constitutes a simple representative for each class.

To compute the centroid of each class:

) = —— 3 7 (6.1)

where:

Dc : is the set of all documents that belong to class ¢

v(d) : is the vector space representation of d

In Rocchio classification [10] [9], the set of points with equal distance from the two
distances is the boundary between two classes. To arrange a new item identify
which centroid is nearest to and appoint it to the relating class ¢;. For example,

in Figure 6.1, |a1| = |ag|, [b1] = [bo], and |e1] = [ea].
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<

China

Kenya

Figure 6.1: Rochhio Classification [9].

6.2 Naive Bayes

Naive Bayes is a predictive and descriptive classification algorithm that analyzes
the relationship between the target variable and independent variables. Naive
Bayes does not work with continuous data. Therefore, dependent or independent

variables that containing continuous values should be made categorical. [11]

Naive Bayes is a probabilistic learning method based on Bayes rule which is given

at Equation 6.2. [12]

P(c|d) = —21929 (6.2)
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where:

d : is a document

¢ :1s a class

Cmap = argmaz.ccP(c| d) = argmaz.ccP(c) H P(ty | ¢ (6.3)

where:

map : maximum a posteriori (most likely class)
d : is a document
c:is a class
P(tx | ¢) : is the conditional probability of term ¢, occurring in a document of
class ¢
P(c) : is the prior probability of a document occurring in class ¢
ng : is the number of such tokens in d that are part of the vocabulary

used for classification

The calculation of this formula according to probability values is sometimes com-
plicated. For this purpose, it is recommended that the values to be used are taken

as natural frequencies and not as a percentage of frequency.

When the Naive Bayes algorithm is used in the textual data, the textual data
is first categorized manually and then the algorithm can learn from this training

data and label the next unlabeled data. [11]

6.3 kNN

The kNN algorithm is a classification method. With this method, the sample

data point class and the nearest neighbor class are determined according to the
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k value. This method is the simple, older, most-known and effective pattern
classification method. Because of these advantages, kNN algorithm is one of the

most common machine learning algorithm. [13] [14] [15] [16] [17]

Object classification is a significant research topic. It is applied in data mining,
statistics, artificial intelligence, cognitive psychology, medicine, pattern recogni-

tion and a wide range of fields. [13]

kNN algorithm is mostly used in classification applications because of the follow-

ing advantages:

1. easy to apply,

2. does not require a training,

3. parallel implementation availability,
4. traceable,

5. noisy training set resistance,

6. easy to adapt to local data,

Even though the advantages, kNN algorithm has some disadvantages listed below:

1. requires a large amount of memory space,

2. the increase in processing load and cost as the data set and attribute size

increase significantly,

3. performance is influenced by parameters and properties like distance mea-

sure, number of neighbor and attributes. [13] [14] [18]
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6.4 Linear Perceptron

It is assumed that there are p of ¥ vectors which have real-valued numerical input
features. In this case, Y is a binary class of the response. There are only two
output categories as 1 and +1. A linear separator divides these two categories in

the feature space. The classification can be defined as:

When p = 2, the space is separated with a line,
When p = 3, the space is separated with a plane,

Generally, the dimension of the hyper plane is (p - 1) in a space with p-dimension.

A vector W which is perpendicular to the orientation of a plane can be used to

define the orientation of the plane.

There are infinite number of parallel planes have the same orientation. The closest
plane to the origin is selected. The following formula can be expressed to define

each the class of the points on each side of the plane:
y(Z,b, W) = sgnb+ 7 - W (6.4)
where:

p
r--Ww = E iL’j'lUj
Jj=1

+1 If its argument is > 0

p

sgnb = 4 ( If its argument is = 0

—1 If its argument is < 0
\

W is a unit vector and & - @ is the projection of & on that direction. [19]
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6.5 Multi Layer Perceptron

Multi Layer Perceptrons are developed upon the failure of Single Layer Percep-
trons to solve non-linear problems, consist of an input layer in which information
is entered, one or more hidden layers and an output layer. The MLP has tran-
sitions between the layers, called forward and back propagation. In the forward
propagation phase, the output and error value of the network is calculated. In
the back propagation phase, the inter-layer link weight values are updated to

minimize the calculated error value. [20]
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Chapter 7

Experiments

7.1 Setup

There were a total of 9561 sentences in Turkish PropBank where the experiment
was conducted. 3248 of the sentence files were excluded from the experiment
since the predicates of these sentences are unknown. In experiments, only 6313 of
9561 files were considered because most of the features for semantic role labeling
are related with the predicate of the sentence. Table 7.1 and Table 7.2 presents
the details of predicates and class labels found in Turkish PropBank respectively.

Table 7.1: Setup Files with Detailed Predicate Information.

# of Total Files in Turkish PropBank 9561
# of Total Files with at least one Predicate Assigned 6313
# of Total Files with No Predicate Assigned 3248
# of Total Files with Multiple Predicates 307
# of All Predicates found in Files with Multiple Predicates | 638
# of Files Considered in Experiment 6313

Table 7.2: Number of class labels in Turkish PropBank.

NONE 9305 ARG4 117 ARGMTMP 1776
ARGO 8094 ARGMPNC 702 ARGMADV 198
ARG1 13377 | ARGMEXT 1210 ARGMMNR 1048
ARG2 851 ARGMLOC 898 ARGMDIR 58
ARG3 87 ARGMCAU 204 ARGMDIS 735
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7.2 Prediction of the Predicates

Since the predicate must be known for the next stages, the experiment was started
by trying to estimate the predicates. First of all, all of the leaf nodes in Turkish
representation of the sentence were checked if the node has a “VERB” root POS
or POS tag. When a match was found, the node was accepted as a predicate. In
the basic comparison with the manually annotated data, the result was the like
in Table 7.3 and accuracy was 80.9%. For the results of each stage, accuracy was

calculated using the Equation 7.1.

P
Accuracy = ﬁ % 100 (7.1)

where:

CP : # of Correct Predictions
AP : # of All Predicates found in Files
WP : # of Wrong Predictions

Additionally, precision and recall values were calculated using the Equation 7.2.

TP TP
Precision = 'I'_P—{——P"_P7 Recall = m—m (72)

where:

TP : True Positives
F P : False Positives
F'N : False Negatives

35



Table 7.3: Result of first experiment to detect predicates.

# of All Files Considered 6313
# of Files with No Predictions 122
# of All Predicates found in Files | 6644
# of Correct Predictions 5741
# of Wrong Predictions 450
Accuracy 80.9%
Precision 0.93
Recall 0.86

When the results were examined, there were some words which the root of the
word is verb but it does not a predicate of the sentence. In Turkish language,
the predicate is usually located in the last part of the sentence. In the example
sentence “Goriintige gore komisyon gercekten bu ideale [inanmadi preprcaTr].”,
although the predicate of the sentence is “inanmadi”, “Goriintige gore” was de-
termined as predicate in the result of the first experiment. The reason for this
error was that the process was done by examining the morphological labels of the
words. Note that the verbs in the roots of the words can be misunderstood. For
the given example, the root of the “Gortiniige” word is “Gortin” refers to the verb

“Gortinmek” in Turkish PropBank data.

In Turkish language, the predicate is usually located in the last part of the sen-
tence and this was the reason why the predicate was determined wrongly. For
this reason, all of the leaf nodes in Turkish representation of the sentences were
reversed and the experiment was repeated. As can be seen from the results of the
experiment in Table 7.4, the accuracy of the experiment was increased to 92.3%.
When the results were examined, the number of correct predictions are increasing

while the number of incorrect predictions are decreasing.

If there is more than one activity in a sentence, it may be possible to have more
than one predicate. This was also the reason why there were 6644 predicates,
although there were only 6313 sentences in the setup data. For this reason, even
if a predicate is found, the examination process should continue. After this change

was applied, the accuracy was increased to 95.7%, as shown in Table 7.5. When
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Table 7.4: Result of second experiment to detect predicates : Reverse all of the
leaf nodes.

# of All Files Considered 6313
# of Files with No Predictions 122
# of All Predicates found in Files | 6644
# of Correct Predictions 6161
# of Wrong Predictions 29
Accuracy 92.3%
Precision 0.99
Recall 0.93

the presence of multiple predicates in a sentence was considered, the number of
correct predictions was increased from 6161 to 6396, but only 8 increases seen in

the number of incorrect predictions.

Table 7.5: Result of third experiment to detect predicates : Added examination
of multiple predicates.

# of All Files Considered 6313
# of Files with No Predictions 122
# of All Predicates found in Files | 6644
# of Correct Predictions 6396
# of Wrong Predictions 37
Accuracy 95.7%
Precision 0.99
Recall 0.96

7.3 Prediction of the Arguments

Different type of features were used in the experiment. Firstly, all features were
developed in the toolkit to work on the Turkish language. In all phases of the
experiment, all of the features were used to run different classifiers. All of the
tests were executed using stratified k-Fold cross validation technique. Execution
results with 3 different window sizes were presented in Table 7.6. Note that it is
not meaningful to increase window size too much, because when the size of the

window was increased, it becomes worse for the sentences with only a few words.

First of all, we started our experiments with using window size as 1 to generate

instances. In this stage, the accuracy of the test was 36.1% for Naive Bayes
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Table 7.6: Argument Prediction Results for different window sizes.
Accuracy (for window size: n)

Classifier
n=1 n=2 n=3
Rocchio 49.2 £1.7 | 31.0 £1.4 | 39.1 £2.7
Naive Bayes 36.1 +£1.3 | 31.1 £0.6 | 27.9 £1.8
kNN 65.0 £0.7 | 65.7 1.0 | 68.8 £0.9
Linear Perceptron 73.1 £1.6 | 75.6 £1.8 | 77.7 £2.4
Multi-Layer Perceptron | 72.2 £1.8 | 73.8 £2.3 | 75.1 £2.3

classifier, which is the worst result in this window size. Then, as we began to use
different classifiers, we found that the results improved. The best result is 73.1%

with Linear Perceptron classifier for window size 1.

In the second stage, we increased the window size to 2 and retried the experiment.
In this stage, Rocchio and Naive Bayes classifiers gave the worst results. We
gain the best result from Linear Perceptron classifier with 75.6% accuracy. The
performance of the Multi-Layer Perceptron was very close to the result of Linear

Perceptron.

In the third stage, the windows size of the instance generator was assigned to
3. When we retried the same experiment, the results were better and Linear

Perceptron classifier performed best with 77.7% accuracy.

In general, Linear Perceptron was the best performing classifier among the clas-
sifiers we used. Performance of the Multi-Layer Perceptron and kNN classifiers
were also close to the performance of Linear Perceptron. The results from the
Rocchio and Naive Bayes classifiers were not satisfactory at all. Even if the results

were not perfect, it was quite satisfactory.

For the window size 3, confusion matrices with average values are given in Table

7.7 and Table 7.8 for the best and worst performing classifiers.

An example representation of the generated feature data set is presented in Figure

7.1.
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bulandirmigtir;VP -> VP VBZ;DT{ NP} NP-SBJt S| VP| VP| VBN|
;NP; BEFORE ; ACTIVE ; NONE ; PREDICATE

calar;S -> NP-SBJ VP .;NNP} NP1 VP| VBZ]
;NP ; BEFORE ; ACTIVE; NONE ; PREDICATE

baglamisti;VP -> ADVP-TMP VP VBZ;DT{ NP-SBJ} S| VP| VPJ VBNJ
; NP-SBJ ; BEFORE ; ACTIVE ; NONE ; ARGMTMP

baglamigti;VP -> ADVP-TMP VP VBZ;NN{ NP-SBJ} S| VP| VP| VBNJ
;NP-SBJ; BEFORE ; ACTIVE ; NONE ; PREDICATE

baglamigti;VP -> ADVP-TMP VP VBZ;RB{ ADVP-TMP{ VP| VP| VBN|
; ADVP-TMP ; BEFORE ; ACTIVE; NONE ; NONE

satt1;S -> NP-SBJ NP-TMP VP;NNP{ NPt PP-LOC} VP) VBD,
;NP; BEFORE ; ACTIVE; LOCATION ; PREDICATE

artirdi;S -> NP-SBJ VP .;NNP{ NP-SBJT S} VP] VBDJ
;NP-SBJ ; BEFORE ; ACTIVE; ORGANIZATION ; ARGO

artirdi;S -> NP-SBJ VP .;NNP{ NP-SBJ{ S| VP| VBD|
; NP-SBJ; BEFORE ; ACTIVE; ORGANIZATION ; ARGO

artirdi;S -> NP-SBJ VP .;NNP{ NP-SBJT S} VPJ VBDJ
;NP-SBJ; BEFORE ; ACTIVE ; ORGANIZATION ; ARG1

Figure 7.1: Sample feature data extracted from Turkish PropBank.

39



96 | T¢ | €¢ | 8T |¢€T| 00 |80| 99 |0OF|00] 9T |¢C¢0| ¢S | OV | 0C SIAINDYY
L0 | ®Cl| ¥0 | 80 | ¢0 | G0 |¢0] OT |[90|T0| ¢0 00| €0 | L0 | €0 | HIANDYUY
't | L0 |79 | 0T | G0 )| 60 |c0|] €T |€0|T0| ¢0 |TO|TO | T0 | 90 | UNINNDOYUV
60 | ¥I | 60 |G¢l| ¢T | ¢0 |00] L0 |€0|00] €0 |C0| c0 | VPO | 00 | AVINDYUV
OrT | 90 | #¥0 | LO | 09 | G0 |90| 60 |O0O|TO] #0 |0O0| ¢0 | €0 | TO | ANLINOYV
¢0 | 00| TO | €0 | TO | CT |TO|CO |00|00] TO |0O0O| 00 | Cc0O | Cc0 | ANVONDYUY
€0 | ¢0o |00 | TO ]| %0 |00 |ST] €0 |C0O0|00] 00 |00] Cc0O0 | G0 ]| 00 | O0TNOYV
80 | LT |90 |90 | ¥T | 90 |60 |Q0L|60|T0] €0 |€0| €0 | S0 | 0T | LXHNOYV
€0 | ¢0 | ¥0 | G0 | c¢c0O0 | <CcO0|€0|] S0 |99|T0] L0 |TO| TO | Cc0O | 70 | ONdWOYV
0o { 9T | 00 | OO0 | OO | OO [OO] 80 |O0|0OO0| TO |OO| OO0 | 00 | Q0 7odav
00 | ¢0 | c¢cO | T0O0]|] €0 |00 |TO|O60/|€0]00] 99 |TO0| ¢0 | 00 | €0 eodv
¢o | 00|00 TT | €000 00|00 |TO0O[0O0] S0 |TT| 00 ] 00/ O0O0 ¢cOdy
€LE | 98 | LST|9TC|9¢C | €EVL|T9|CI9T |98 | V0 |ccl |8T|¢Sc|0Tc| I'S DYV
6v | VI | T¢ | T¢C | 9% | 0¢€ | L0 L€ [0C|00] 6T |[TO| 9T |T'Ic| 91 004dYv
90 | 90 | S0 | ¢0 | T'T | C¢0 |€0| LT |€T|T0] 90 |€0| S0 | ¥vO |OTI HNON
AR IR AR

"¢ 9ZIS MOPUIM [} PIITIISXS ISYISSR[D SoARE 9ATRN o1} I0] XLIJR]\ UOISTJUO)) /') d[qR],

40



gey | ¥0 100|120 00]00|001901€0]00190 /00 L'C LT | T0| SINDYV
90 | #OT|00]C0|00|00J001C0]|00]C0|1001]00 8¢ G0 | €0 | HIANDYV
0T G0 19¢ (G0 |TO]00l0O0O|00]0O0O]00O|001]00 9¢ T°0 | €0 | UNININDYV
0T 90 | TO | L6 |TO|00]00|lCO|00]00|TO]|TO ge G0 | €0 | AVINDYYV
G0 00 |00 G0|TEC|C€0O]TO|lPO|0O0O]00|100]00O0 6'¢ ¢0 | 00 | dAINLINDYV
00 T0 [00|cCc0O0|00l€0|00|00]00100O|00O7]00O0 70 €0 | T0 | NVOINDYYV
10 00 | TOJOOlOO|OO|TT|ECO|TO|TO|00]O0O0 T'T 00 00| ODOTNPDYY
¢1 90 |00 |20 l€0|00]00|168|00]00|170]00 'y OT |20 | LXHNPDYY
T'T 00 | TOJTOlOO|OO]O0O|l0O0|€CTY|00|1C0]00O0 1'¢C G0 | T0 | ONdINDYYV
00 70 |00]00l00|00]00100|TO|G9C | T0]00O0 T°0 70 [ T°0 7O4aV
¢l 00 |00]Cc0|lcCcO|00]00l00|TO|0O01C9|TO0 L0 ¢0 |00 cOYVv
10 00 [OO|TOlOOlOOlOO[O0O]O0O]|00]00]|CC 90 T°0 | 00 eOUV
0T GT |C0 6T |80 |T0100[801€0|00|CcO|TO0|LCcLT| CY |CO IOYV
G'¢ 00 [ TO|[TO|CO|lO0O0|TOlC€0|Cc0O|00]00]00]| TCST (0¥ | T0 0DYVv
6'¢C GO €Ol TO|TO|TOlO0O|CO|TO|TO|CO]|TO L'C 70 | €8 ANON
|22/ 2 8 2 5|z

‘G OZIS MOPpUIM TIIM DPIIO9XD I9YISSBI QOH@Q@OH@& IB9UIT 97} JI0J XLIJR]\ UOISTJUO) :]°) 9[q¥],

41



Chapter 8

Conclusion

In this study, we contributed to the generation of Turkish PropBank. First of all,
we started to annnotate Turkish translation of the original PropBank sentences
for semantic role labeling. Annotation of the PropBank data using manpower

was a time-consuming process in general.

Then, semantic role tags in the original language were parsed to add them into
Turkish PropBank. This process provided us to compare works and linguistic dif-
ferences of Turkish and English. Additionally, a PropBank website was developed
and made publicly available. Researchers working on Turkish PropBank started

to use this website.

Finally, we studied on some semantic role labeling features to make process au-
tomatized. Linguistics structure of the Turkish language was also considered
while implementing these features in NLP toolkit. Afterward, these features were

used to train and test a system.

When the results are analyzed, it can be said that errors in the manually marked
data have negative effects on the results. In the future, it may be possible to get
better results by correcting errors in this data. The use of different classifiers and

the addition of new features can further improve the results.
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