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Abstract 
Grammar checker is an natural language processing (NLP) application which validates a 

sentence grammatically based on a predefined rule. Grammar checkers have been developed 

using different techniques for different languages. Investigation on the development of 

Amharic grammar checker was conducted by [1] using two approaches ( i.e. rule based and 

statistical approach) independently to handle simple and complex Amharic sentence 

respectively. The rule-based approach performs better compared to the statistical method in 

detecting grammatical error for simple sentences. Purpose of this research is, therefore, to 

investigate the application of a probabilistic method with rule-based approach in the 

development of Amharic grammar checker. In addition, in the previous study bi-gram and tri­

gram LM were used for handling complex sentences. Tri-gram LM achieved better 

performance but it fails to detect long-distance disagreement within a sentence. Therefore, 

this paper investigated a long distance agreement by building higher order n-gram LM i.e. 4-

gram and 5-gram LM. Moreover, the use of dependency parsing (DP) in Amharic grammar 

checking has also been investigated. 

To conduct the experiment, POS tagged data was used from [2] and this corpus is used for 

investigating the probabilistic method with rule-based approach and higher order n-gram LM. 

We have developed automatic POS tagger and chunker to easily identify the subject, object, 

and verb of a sentence. SRILM toolkit is used to develop tri-, quadra-, and penta-gram LM. 

The Treebank corpus from [3] is used to investigate dependency parser. To validate and 

optimize the Treebank MaltOptimizer is used. To train and parse new sentences MaltParser 

toolkit is used. Each parsed sentence is grammatically analyzed based on the crafted rules. To 

evaluate the parsed sentence LAS, LA, and UAS metrics are used and are found in MaltEval 

toolkit. 

The result achieved using probabilistic method with rule-based approach is 72% of accuracy 

while the higher order n-gram method resulted in 65%, 67% and 65.6% for tri-, quadra-, 

penta-gram language models, respectively. Whereas dependency parser scores 81.5%, 94.2% 

and 84.4% in LAS, UAS, and LA respectively. The overall accuracy achieved by DP is 

84.7% in detecting grammatical errors. 
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Chapter One: Introduction 
Natural Language Processing (NLP) is a means for computers to understand and manipulate 

human language and produce a meaningful output. It is an automatic process of a computer 

extracting meaningful information from natural language input andlor producing natural 

language output. Human language technology covers a broad range of activities consisting of 

Computational Linguistics (CL) and speech technology as its core. CL is an interdisciplinary 

field dealing with the statistical andlor rule-based modeling of natural language from a 

computational perspective[4]. 

CL also deals with syntax, which is the study of structural relationships between words in a 

certain language. The relationship among words is governed by a set of rules which are used to 

structure linguistic expressions [5]. Any natural languages have different sentence structure. 

Sentence structure depends on the position of subject, object, and verb. For instance, English has 

an SVO structure whereas Amharic has SOY structure. 

Grammar (or syntax) refers to a system of rules describing what correct sentences should look 

like [5]. Parser and grammar can sometimes be used interchangeably hence parser identifies the 

structure of sentences in which sentences are made up of infonnation units (namely, noun phrase, 

verb phrase). And therefore it also deals with a number of sub problems such as identifying 

constituents that can fit together, testing the compatibility of number, gender, person and! or 

tense[6]. This is the task of grammar checker application. 

A grammar checker is an NLP application that validates a sentence syntactically and provides 

feedback with an explanation of the mistake and suggests how to correct it. A grammatical error 

can be caused by typographical error or by lack of knowledge in the language. Typographical 

(error) is an error in typing or printing especially caused by striking an incorrect key on the 

keyboard, for example unintentionally entering wrong determiner or adding a plural marker at 

the end of the word. There are two types of grammatical errors: - structural errors those which 

can only be corrected by inserting, deleting, or moving one or more words and nonstructural 

errors are those which can be corrected by replacing an existing word with a different one or by 

word reordering [7]. A missing word can be a real problem in grammar checker because 

grammar does not have semantic knowledge - it does not understand the meaning of the word 
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and it is very difficult to determine a missing word and what it might be [8],[9]. However, there 

are methods for handling structural and nonstructural errors by using different approaches. 

Grammar checking can be implemented in three approaches: statistical, rule-based, and syntax­

based. The statisticaV corpus-based approach utilizes a POS tagged annotated corpus to build a 

list of POS tag sequence. If the sequence of POS does exist then the input text is considered as 

grammatically correct if not, incorrect. In the rule-based approach, rules are manually crafted. A 

set of rules are matched against a text. The last approach is a syntax-based approach which is a 

technique that uses a text which is completely parsed, i.e. the sentences are analyzed and each 

sentence is assigned a tree structure. The text is considered incorrect if the parsing does not 

succeed [10]. The statistical and rule-based approach can be applied by integrating the two 

methods creating hybrid approach which provides robustness and efficiency [11]. 

1.1. Statement of the problem 

Grammar Checker is important to validate sentences and avoid grammatical mistakes. Grammar 

checker has been developed for foreign language for instance English [8], Swedish [12], Punjabi 

[13], BangIa [14] using different tools and technique. But for our local language, there are only 

two researches that have been conducted. These are grammar checker for Afan-Oromo [IS]and 

Amharic language [1]. 

Grammar checker for the Amharic language was done by [1] in 2013 using two approaches i.e. 

rule-based and statistical approaches. The experiment is conducted by classifying sentences in to 

two groups, simple and complex sentence. A simple sentence is a sentence which has only one 

verb phrase. Whereas a complex sentence is a sentence which is categorized as simple sentence 

and formed by complex phrases [16]. The rule based approach was implemented and tested on 

Amharic simple sentences. Statistical method was implemented for simple and complex sentence 

by building a bi-gram and tri-gram language models (LM). 

For the simple sentences, rule based approach was compared against bi-gram and tri-gram LM. 

For the complex sentence bi-gram LM was compared with tri-gram LM. The findings showed 

that, for complex sentence better performance was achieved by tri-gram LM. Rule-based 

approach surpasses both bi-gram and tri-gram LM on the simple sentences. 
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Therefore, the current research investigated the use of statistical (probabilistic) method with rule 

based approach for the Amharic language grammar checker for both simple and complex 

sentences. In addition, since the previous research considers a window size of three to check the 

grammatical correctness of complex sentences, the system fails to detect long-distance 

grammatical correctness of Amharic sentence. Thus, we investigated the use of higher order n­

gram language model. Moreover, effect of dependency parsing in long distance grammatical 

agreement has also been investigated. Additionally dependency parsing was investigated on 

handling a slight free word behavior of the language. The previous researcher takes only SOY 

word order as a correct word sequence of the language even though OSV can convey meaningful 

sentence. 

Phrasal structure or constitutional parser was developed by many researchers for Amharic 

language by applying different techniques (Automatic Sentence parsing for Amharic text by 

using Probabilistic Context Free Grammar (PCFG) [17] An Integrated Approach to Automatic 

Complex Sentence Parsing for Amharic Text [18], base phrase chunker and parsing [19] and Top 

down chart parsing for Amharic sentences[6]. These researches showed the sub- phrasal relation 

of Amharic text with in a sentence. The interest of this work is, however, to identify the relation 

between words in a sentence so as to come up with features that best help parsers learn the 

syntax and choose among different parses. 

1.2. Research question 

The research answers the following questions. 

1. Which of the chosen approach (higher order n-gram and DP) IS suitable for 

handling long distance agreement and free word order? 

2. How does the use of probabilistic method with rule- based approach improve the 

performance of Amharic grammar checker? 
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1.3. Objective 

1.3.1.Generalobjectives 

The general objective of the research is to investigate the use of probabilistic method with rule­

based approach in the development of Amharic grammar checker and examine the use of higher 

order n-gram and dependency parsing in handling long distance and free word order grammatical 

agreement in Amharic sentence respectively. 

1.3.2.Specific objectives 

To achieve the general objective of the research, the following specific objectives are set out. 

~ To study related research papers on the domain area. 

~ To study the syntacticaV grammatical behavior of Amharic language. 

~ To construct tagged corpus of number, gender and person feature marker. 

To explore the appropriate model for the Amharic grammar checking system. 

~ To investigate a POS tag with syntax feature marker (number tag, person tag and 

gender tag) language model. 

~ To evaluate the performance of the designed algorithm and model. 

1.4. The significance of the study 

Grammar checker helps Amharic writers to write a grammatically correct text. It helps to write 

an error-free collection of documents. It also contributes to other application which needs 

grammar checker as a sub-component of their application, word processor can be mentioned as 

example. 

Considering the purpose of the research work the following can be considered as a major 

contribution of the study. 
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~ Grammar checker for the Amharic language by using probability method with rule-based 

was conducted. The result of our experiment shows that this approach is suitable for 

developing Amharic grammar checker. 

~ A higher order n-gram LM (3-gram, 4-gram and 5-gram LM) for handling long distance 

agreement in a sentence is investigated. 5-gram LM did not show a significant increase in 

error detection than 3-gram and 4-gram LM due to sparse data. Better result was achieved 

by tri-gram LM. 

» DP is conducted for identifying grammatically in/valid sentence. This experiment is 

conducted to handle the long distance dependency in Amharic sentence. As the result of 

the experiment shows DP is suitable for handling long distance agreement of Amharic 

language. Amharic language has SOY word order but there are cases when object comes 

before the subject of the sentence. As of the finding, for the slightly free word order 

behavior of the language dependency parsing is suitable to handle the relation of the word 

within a sentence. 

1.5. The scope and limitation of the study 

This research paper is confined to study and analysis of detecting common grammatical errors. 

Errors in number, gender, person and tense within a sentence are covered in this work. However, 

disagreements that occur beyond the sentence boundary is not incorporated. The system detects 

and analyzes adjective- subject, subject- verb, adverb- verb and object- verb agreement in 

Amhari~ text. 

The other limitation of the study is the system cannot handle if the input word (e.g. verb) has 

same person for the subject and object. For example '(1D1'~"~' I meTcEINI indicates the 

benefactive marker of the subject and object is the same person i.e. 'first person'. This kind of 

invalid sentence can be detected by spell checker but spell checker only used as preprocessing in 

this thesis. 

User must input a sentence which is annotated by morpho- syntactic feature to analyze the input 

sentence using higher n-gram language model therefore this approach only accepts a sentence 

with their grammatical feature. 
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1.6. Organization of thesis 

This chapter gives a brief background of grammar checker and presents objective, scope of the 

study and problem that are addressed in this research. Then a review of literature that discusses 

various theories and concepts on grammar checker is presented in chapter two and related 

research work on different language is presented in chapter three. The next chapter i.e. chapter 

four presents the research methodology. In chapter five evaluation and analysis of common 

grammatical error are discussed. Conclusion and recommendation for the future work is 

presented in chapter six. 
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Chapter Two: Literature Review 
This section introduces the fundamental aspect of this work by first discussing what grammar 

and grammar checker is. Following this, methods or approaches that are used to develop a 

grammar checker has been discussed. And finally, the behavior and syntax of Amharic language 

is presented. 

2.1. Definition of grammar 

People communicate and share information, knowledge, ideas, and thoughts using natural 

language. To complete communication and to make it meaningful, a language must follow a set 

of rules. Grammar studies a significant element in the language and a set of rules that make it 

coherent[ 11]. Grammar is the syntax of a language which describes how words are combined to 

form a sentence. 

A grammar of a natural language is a set of combination (syntax) and modification (morphology) 

of components and words of the language to form a sentence[7]. The process of verification of 

syntax and morphology is called grammar checking and the tool that performs this task is called 

grammar checker[7]. 

According to [20] grammar is defined as "the branch of linguistic science which is concerned 

with the description, analysis, and formalization of formal language patterns." Rules are the 

sequence of POS tags, agreement and word order in a given language. Therefore, POS tagging 

plays a significant role in building grammar checker. 

2.2. Approach to develop grammar checker 

2.2.1. Syntax-based approach 

In this approach, a text is completely analyzed morphologically and syntactically. The parser 

assigns a syntactic structure to each sentence. A text is completely parsed, i.e. the sentences are 

analyzed and each sentence is assigned a tree structure. The text is considered incorrect if the 

parsing does not succeed [8]. According to the level of the linguistic analysis to which the error 

belongs, syntax-based checking can be classified as either a deep syntactic analysis or a shallow 

syntactic analysis [21]. 
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Shallow syntactic processing designates methods for generating partial analysis of sentences and 

includes tools such as chunkers (dividing sentences into chunks) and parts-of-speech taggers 

(assigning a syntactic label such as NP to a chunk) [22]. It is used to extract syntactic relation or 

patterns mainly by using regular expression to be fetched over a text or a chunked text. There are 

only limited possibilities to extract reliable relations using only shallow syntactic parsing. Based 

on regular expressions, it is possible to extract some patterns such as NP VP NP. But this is far 

from being sufficient and this does not cope with language ambiguities such as long-distance 

relationships. Therefore, shallow parsing shows its limits at this level [22]. 

Deep syntactic parsing is performed using a set of grammar rules that assign parse trees to 

sentences. The parser learns knowledge about a language using hand- labeled sentences and 

produces analyses when parsing sentences. The output representations can take the form of 

phrase structure tree representations or dependency parses. Phrase structure parses associates a 

syntactic parse in the form of a tree to a sentence, while dependency parses creates grammatical 

links between each pair of words in the sentence[22]. 

The advantage of the syntax-based approach is that off-the-shelfNLP resources such as lexicons, 

morphological analyzers and parsers can be used to do the analysis. Unfortunately, the checker 

will only recognize that the sentence is incorrect, it will not be able to tell the user what the exact 

problem is. For this, extra rules are necessary in order to either parse ill-formed sentences or 

apply a technique to features associated with linguistic fragments. 

Top down parsing 

The basic idea is to start at the root node, expand the tree by matching the left hand side of rules. 

And derive a tree whose leaves match the input. It is a strategy of analyzing unknown data 

relationships by hypothesizing general parse tree structures and then considering whether the 

known fundamental structures are compatible with the hypothesis. It can be viewed as an attempt 

to find left most derivations of an input by searching for parse-trees using top-down expansion of 

the given grammar rules. 
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A top down parser will derive a tree in a succession of stages, starting with just a single node. At 

every stage of the process of tree derivation there are choices to be made. One is concerned about 

which node to expand and the other might be concerned about how to expand each node. 

Bottom up parsing 

The basic idea is to start with the leaves, build a tree by matching the right hand side of rules 

then build a tree with S at the root. It is data driven in which it attempts to parse the words that 

are there. It looks at words in input string first, then checks their categories and tries to combine 

them into acceptable structures in the grammar. It also involves scanning the derivation for sub­

strings which match the right hand side of grammar rules and using a rule that would show their 

derivation from the non-terminal symbol of the rule. Bottom up parsing might be inefficient 

when there is great lexical ambiguity. 

2.2.2. Dependency Parsing 

Dependency parsing is the task of extracting a dependency parse of a sentence that represents its 

grammatical structure and defines the relationships between head words and words, which 

modify those heads. 

Transition based dependency parsing 

Transition based parsing is motivated by a stack based approach called shift-reduce parsing 

which was developed for analysis of programming language. This approach is simple that 

employs a context free grammar, a stack and list of tokens to be parsed. The approach is adapted 

and actions are replaced and used for the transition based approach. 

The parser starts in an initial configuration. At each step, it asks a guide to choose between one 

of several transitions into new configurations. Parsing stops if the parser reaches a terminal 

configuration. The parser returns the dependency tree associated with the terminal configuration. 

A key element in transition based parsing is the notion of a configuration which consists of a 

stack, input words or tokens and set of relations representing a dependency tree. Given this, the 

parsing process consists of a sequence of transitions through the space of possible configurations. 

The goal of this process is to find an appropriate dependency tree that is synthesized. 
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In standard approach to transition-based parsing, the operators used to produce new 

configurations are simple and correspond to the intuitive actions taken to create dependency tree 

by examining the input words from left to right. The transition operators operate on the top two 

elements of the stack. 

Graph based dependency parsing 

Graph based approaches to dependency parsing search through the space of possible trees for a 

given sentence for a tree that maximize some score. These methods encode the search space as 

directed graphs and employ methods drawn from graph theory to search the space for optimal 

solutions. 

There are several motivations for the use of graph based methods. The first are capable of 

producing non-projective trees. The second motivation is concerned about parsing accuracy 

specifically with respect to longer dependencies. Empirically transition based methods have high 

accuracy on shorter dependency relations but accuracy is reduced as the distance between the 

head and dependent increases. Graph based methods have come up with scoring entire trees to 

avoid this difficulty. 

2.2.3. Parsing algorithm 

There are different Parsing algorithms Of MaltParser having mainly three families. The first one 

is Nivre's algorithms that include the arc-eager and arc-standard versions of the algorithm 

described in Nivre[23]. The second one is Covington'S algorithms that include the projective and 

a non-projective version of the algorithm. The third algorithm is the Stack algorithms which deal 

with the projective and non-projective versions of the algorithm. While both the Covington and 

the Stack family contains algorithms that can handle non-projective trees, the Nivre's family 

does not. If there are no non-projective dependencies in the training set and when only projective 

algorithms are explored. If the training set contains a substantial amount of non-projective 

dependencies, then MaltOptimizer instead tests Covington's non-projective algorithm and the 

non-projective Stack algorithms as well as projective algorithms in combination with pseudo­

projective parsing. 
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The training data is projectivized by a minimal transformation, lifting non-projective arcs one 

step at a time, and extending the arc label of lifted arcs using the encoding scheme called HEAD, 

which means that a lifted arc is assigned the label r 1\ h, where r is the original label and h is the 

label of the original head in the non-projective dependency graph. MaltParser also provides an 

option for a non-projective transition system based on the method as described above in 

Covington algorithm. This system uses a similar type of configuration of arc-eager but adds a 

second temporary stack. Unlike the arc-eager, this allows the derivation of arbitrary non 

projective dependency trees [23] . 

We can apply both group algorithms if the amount of non-projective dependencies is in-between. 

Minimally, the default algorithm nivre eager should be compared to stackproj, since one of these 

two algorithms often performs best in most cases. Some of the parsing algorithms have options 

of their own that can be tuned [24] 

2.2.3.1. Niver's algorithm 

It is a linear-time algorithm limited to projective dependency structures. It is incremental as it 

processes the tokens in the order they appear in the sentence. This means that we can start 

parsing while the input is still being produced, for instance in a spoken dialogue system or input 

system for mobile phones. There are four actions in the Niver's algorithm: shift, reduce, left-arc 

and right-arc. 

The Nivre algorithm can be run in arc-eager (-a E) or arc-standard (-a S) mode. In addition 

allow root and allow reduce options are available. If allow _root=true, the parser treats the 

special root node as a token during parsing, allowing root dependents to be attached with a 

RightArc transition; otherwise root dependents are not attached during parsing. In both cases, 

unattached tokens are attached to the special root node with the default label after parsing is 

completed. If allow _ reduce=true, the Reduce transition is permissible even if the node on top of 

the stack does not have a head. As a result, this node will be attached to the special root node 

after parsing is completed, which may give rise to non-projective trees. 

The allow root option decides whether the parser will start parsing with an artificial root token 

on the stack (true) or with an empty stack (false), and the allow reduce option decides whether 
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the reduce transition is allowed even if the token on top of the stack does not have a head (true) 

or whether only attached tokens can be reduced (false). The enforce_tree option can be used with 

the arc-eager version to make sure that the output parse is a tree. 

Nivre's algorithm uses two data structures: 

• A stack Stack of partially processed tokens, where Stack[i) is the i+ I th token from the 

top of the stack, with the top being Stack[O). 

• A list Input of remaining input tokens, where Input[i) is the i+ I th token in the list, with 

the first token being Input[O). 

2.2.3.2. Covington's algorithm 

It is a quadratic-time algorithm for unrestricted dependency structures, which proceeds by trying 

to link each new token to each preceding token. It can be run in a projective (-g P) mode, where 

the linking operation is restricted to projective dependency structure or in non-projective mode, 

allowing non- projective dependency structures. In non-projective mode, the algorithm uses the 

context stack to store unattached tokens occurring between the stack and input. The algorithm 

work one word at a time and attempt to build a connected dependency graph with only a single 

left-to-right pass through the input. 

There are two options, allow shift and allow root that controls the behavior of Covington'S 

algorithm. If allow _shift=true, Shift is a valid transition, allowing the parser to skip remaining 

tokens in Left; otherwise all tokens in Left must be inspected before the next token is shifted. 

If allow Joot=true, the parser treats the special root node as a token during parsing, allowing 

root dependents to be attached with a RightArc transition; otherwise root dependents are not 

attached during parsing. In both cases, unattached tokens are attached to the special root node 

with the default label after parsing is completed. 

Covington's algorithm uses four data structures: 

• A list Left of partially processed tokens, where Left[i] is the i+ I th token in the list, with 

the first token being Left[O]. 
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• A list Right of remaining input tokens, where Right[i) is the i+ 1 th token in the list, with 

the first token being Right[O). 

• A list LeftContext of unattached tokens to the left of Right[O) (and to the right 

of Left[O)), where LeftContext[i) is the i+ 1 th such token, with LeftContext[O]being the 

token immediately to the left of Right[O). 

• A list RightContext of unattached tokens to the right ofLeft[O] (and to the left 

of Right[O)), where RightContext[i] is the i+ 1 th such token, 

with RightContext[O] being the token immediately to the right of Left[O] . 

2.2.3.3. Stack algorithm 

An input sentence is parsed from left to right. The parser has a stack and there are two basic 

actions on the stack: shift and reduce. The shift action pushes the next word in the input sentence 

on to the top of the stack. 

The Stack algorithms are similar to Nivre's algorithm in that they use a stack and a buffer but 

differ in that they add arcs between the two top nodes on the stack (rather than the top node on 

the stack and the first node in the buffer) and that they guarantee that the output is a tree without 

post-processing. 

The Projective (-a stackproj) Stack algorithm uses essentially the same transitions as the arc­

standard version of Nivre's algorithm and is limited to projective dependency trees. The Eager (­

a stackeager) and Lazy (-a stacklazy) Stack algorithms in addition make use of a swap 

transition, which makes it possible to derive arbitrary non-projective dependency trees. The 

Eager algorithm applies the swap transition as soon as possible, while the Lazy algorithm 

postpones swapping as long as possible. 

The Stack algorithms use three data structures: 

• A stack Stack of partially processed tokens, where Stack[i] is the i+ 1 th token from the 

top of the stack, with the top being Stack[O] . 

14 



• A list Input, which is a prefix of the buffer containing all nodes that have been on Stack, 

where Input[i] is the i+ 1 th token from the start of Input. 

• A list Lookahead, which is a suffix of the buffer containing all nodes that have not been 

on Stack, where Lookaheadri] is the i+1th token from the start of Lookahead. 

Note that it is only the swap transition that can move nodes from Stack back to the buffer, which 

means that for the Projective Stack algorithm Input will always be empty and Lookahead will 

always contain all the nodes in the buffer. 

2.2.4. MaltParser (A Transition-based Dependency Parser) 

We use a data-driven dependency parser 'MaItParser' for our research. MaltParser [45] 

implements the transition-based approach to dependency parsing, which has two essential 

components. 

~ A transition system for mapping sentences to dependency trees 

~ A classifier for predicting the next transition for every possible system configuration. 

Given these two components, dependency parsing can be realized as deterministic search 

through the transition system, guided by the classifier. With this technique, parsing can be 

performed in linear time for projective dependency trees and quadratic time for arbitrary[ 45]. 

2.2.5. MaltEval: An Evaluation and Visualization Tool for Dependency Parsing 

MaltEval, an evaluation software for dependency parsing developed by [25], and is freely 

available. It has been created to make evaluation and visualization of dependency structure 

easier. The currently available values for Metric are shown below, where two different values 

can be used for the first three: 

LAS (BothRight) A token is counted as a hit if both the head and the dependency label 

are the same as in the gold-standard data. This is the default value. 

LA (LabeIRight) A token is counted as a hit if the dependency label is the same as in the 

gold-standard data. 
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VAS (HeadRight) A token is counted as a hit if the head is the same as in the gold­

standard data. 

AnyRight A token is counted as a hit if either the head or the dependency label (or both) 

is the same as in the gold-standard data. 

Both Wrong A token is counted as a hit if neither the head nor the dependency label are 

the same as in the gold-standard data. 

LabelWrong A token is counted as a hit if the dependency label is not the same as in the 

gold-standard data. 

HeadWrong A token is counted as a hit if the head is not the same as in the gold­

standard data. 

AnyWrong A token is counted as a hit if either the head or the dependency label (or 

both) is not the same as in the gold-standard data. 

2.2.6. Statistical based approach 

This approach uses a large corpus which covers language features and the linguistic phenomenon 

of the language. Under this approach, two sub-approaches are involved. The first, corpus-based 

approach ensures correctness of sentence by checking the input text against the corpus. The 

second approach deals with probabilistic/statistical checking of input text[7]. In the statistical 

approach, the training corpus is POS tagged text. If the sequence of Parts of Speech (POS) tag is 

very common then the text will be considered as correct and if the sequence did not occur at all 

or is rare, the input text will be considered as incorrect hence POS plays vital role in 

probabilistic/statistical approach. POS and POS tagger is further discussed in 2.2.7. N-gram is 

one of type of a statistical based approach, which is probabilistic language modeling for 

predicting the next item in a given sequence [26]. Building the n-gram LM allows us to assess 

naturalness of a sentence and to generate a text. Given a target sentence, the LM can tell us 

whether the sentence is an actual natural language in the target language; we can use the 

language model to check the fluency of a sentence generated by humans for the purpose of 

grammar checking or error correction [27]. 
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N-gram probability can be calculated by preparing a set of training data from which we can 

count strings (it can be letters or characters, words, symbols, tags which can be POS), count up 

the number of times we have seen a particular string and divide it by the number of times we 

have seen in the context. 

Based on N value, different names can be given for the sequences. Bi-gram, tri-gram, quadra­

gram, and penta-gram are for 2, 3, 4 and 5 values ofN respectively. The higher order N-gram is 

used when we want to comprehend more context information [27]. For this reason, we used 

higher order n-gram to handle long distance grammatical agreement within Amharic sentence by 

building n-gram of tags, a sequence of tags that describes such a subsequence of neighbored 

tokens in a sentence, where n defines the number of tokens [7]. 

2.2.7. POS tagger 

POS is a linguistic category of a word based on a predefined word class [28]. POS can be 

categorized as an open and closed word class. Open word classes are those which convey a true 

lexical meaning of the sentence like noun, verbs, and adjectives. The closed word class has a 

small number of classes to define lexical categories like prepositions, postposition, determiners 

etc [27]. 

POS can tell us which morphological affixation it can take to enhance an application (for 

instance information retrieval, grammar checker) by selecting the important word from the 

document [27]. 

The main task of POS tagger is to assign the appropriate word class and morpho-syntactic 

feature to each token in a text. This is used in many NLP tasks like Machine Translations, 

Information Extraction, Grammar checker, Parsing etc. In most of the cases, the accuracy of 

these NLP applications depends upon the accuracy ofPOS tagger. 

POS tagging can be implemented by using large number of hand-crafted rules or by training 

using large amount of corpus i.e. probabilistic tagger. HMM and TnT can be mentioned as one 

of probabilistic tagger and both algorithms are used in our research, detail about the algorithms 

as follows. 
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HMM 

A hidden Markov model (HMM) is a finite state automaton with stochastic state transitions and 

observations. The automaton models a probabilistic generative process whereby a sequence of 

observations is produced by starting in some state, emitting an observation selected by that state, 

passing to a new state, emitting another observation-and so on until a designated destination state 

is reached[27] . 

More formally, an HMM model is characterized by the following [29] . 

N is the number of states in the model. Generally, the states are interconnected in such a 

way that any state can be reached from any other state. The hidden states often represent 

important physical aspects. In POS tagging, the states represent the tags. We denote the 

individual states as T = t1 ,t2 , .... . . .tn' and the state at time t as qn. 

V, the number of distinct observation symbols per state, i.e. , the discrete alphabet size. 

The observation symbols correspond to the physical output of the system being modeled. 

For POS tagging, the observation symbols are the words of a given language. We denote 

the individual symbols as W = Wl, W2 .....• • Wn . 

The state transition probability distribution A = {aij } where 

When there are no connections between states, the corresponding aij transition probability 

is zero. For all other cases, it is greater than zero. 

The observation symbol probability distribution in state j, B = {bk } Where 

bk = P (:: = tj), I ~ i, j ~ N, I ~ k ~ V 

The initial state distribution n = {nil , where 
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The above enumeration shows that HMM models have two parameters and three probability 

distributions. The two parameters are N (number of states) and V (vocabulary size) and the three 

probability distributions are A, B, and n. The three probability distributions are henceforth 

referred to as ')." where 

A = (A, B, rr) 

Given an HMM model with values for N, V, and n, there are three problems that are of interest as 

formulated by[29]: 

Problem 1 Given the observation sequence 0 = 0 1,02 ... Ott and a modeU = (A, B, rr), how 

do we efficiently compute P(OI').,,)? In other words, what is the probability of the 

observation sequence, given the model? 

Problem 2 Given the observation sequence 0 = 01.02'" Ot and a modeU = (A, B, rr), how 

do we choose the underlying state sequence q = Q1,q2 ... Qt? 

Problem 3 How do we adjust the probability distributions A = (A, B, rr)to maximize 

P(O / A)? 

Such are the questions that can be raised about an HMM model. Solving the first problem is 

important in comparing two or models. We choose a model that gives high probability to 

observation sequences. Solution to the second problem is important in discovering the 

underlying hidden state sequences that could have given rise to the observation. The solution to 

the third problem has the advantage of giving us the best model for the observations. 

Usually, the relevant problem for grammar checking is the second problem i.e. discovering the 

underlying tag sequences for a given sequence of words. 

More formally, given a sequence of words W = W1,W2 .. ... Wr ... WN where wrL'V (Vocabulary), 

what is the most probable sequence of tags Tt1h ..... tr ... tN where wrL'V (Tagset) that could 

have given rise to these words? 

To solve this problem, we need to have appropriate values for the model A = (A, B, rr) and an 

efficient algorithm to search through the space of tag sequences for the optimal one. The values 
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for A can be estimated from a tagged corpus. Estimating the value for A = (A, B, 7r) can be varied. 

The Viterbi algorithm, a dynamic programming based algorithm, is used to find the best 

sequence [27] , which basically involves solving the following probability. 

T = aTBTmaxP (:) 

aTBTmaxP(T) 

?(T)and peW IT) are the transition probabilities and observation(lexical) probabilities, 

respectively. argmax tells us that the function returns the tag sequence that maximizes the 

probability function value. Transition probability captures more of context and tag dependencies. 

peT) = petit t z ....... tn ) 

This equation assumes that the current tag depends on all previous tags. It is hard to find values 

for such an assumption. The common way to do is to assume the current tag depends on some 

fixed number of previous tags. Depending on this fixed number, we have unigram, bi-gram, and 

N-gram in general. Unigram means the current tag does not depend on previous tags. Bi-gram 

means the current tag depends on the previous tag and so on. For example, for the bi-gram case, 

the equation becomes as shown below. 

Transition probability: 

Lexical probability: 

P (7
1

1
) P (7: ) (7:) ........ (7: ) 
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This equation assumes the current word is determined completely by its tag. The values for the 

transition and lexical probabilities are estimated by the maximum likelihood estimate given 

below for the bi-gram case. 

Using the above two equations, A and B parameters can easily be calculated by counting and 

dividing. In counting, it is possible that for some sequences of tokens may get zero. This can be 

bad because it implies particular tokens can never occur. However, this is not necessarily true. It 

may just mean that the training corpus did not have the tokens. To deal with this count zero 

problem smoothing techniques can be applied. 

TnT algorithm 

TnT, the short form of Tri-grams 'n' Tags, is a very efficient statistical POS tagger that is 

trainable on different languages and virtually any tag set [30]. The component for parameter 

generation trains on tagged corpora. The system incorporates several methods of smoothing and 

of handling unknown words. 

The tagger is an implementation of the Viterbi algorithm for second orders Markov models. The 

main paradigm used for smoothing is a linear interpolation; the respective weights are 

determined by deleted interpolation hence there is no discounting in TnT! [31] 

Interpolation-based smoothing: 

P(t3/t1, tz) = A1P(t3) * AzP(tzlt1) * A3P(t3/t1, tz),where tv t z, t3 IS a tag set andA1 + 
Az + ..13 = l.The A coefficients are also estimated from the training data (deleted 

interpolation) 

Unknown words are handled by a suffix trie and successive abstraction. [31 ]discussed unknown 

words can be handled by an n-gram model over letters. It also models capitalization and has an 
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efficient decoding algorithm (beam-search pruned Viterbi). Unknown words are calculated using 

a letter-based n-gram, using the last m letters li of an L-Ietter word: 

P(tllL - m + 1, ... , lL) 

[31] indicates the basic idea for handling unknown words are by using suffixes of unknown 

words which give a good clue to the POS of the word. But how big is m? m should not be bigger 

than 10, but it is based on the longest suffix found in the training set. These probabilities also 

smoothed by interpolation. 

TnT is not optimized for a particular language. Instead, it is optimized for training on a large 

variety of corpora. Adapting the tagger to a new language, new domain, or a new tag set is very 

easy. Additionally, TnT is optimized for speed [30]. 

2.2.8. Rule-based approach 

This approach is a more common way to do grammar checking [7]. Rules are generated 

manually. Rules are easy to configure and can be easily added, removed or updated. But if 

sentences are more complex, the rules to detect errors will also be complicated[32]. The most 

significant advantages include, rules can be handled by one who does not have programming 

knowledge like linguistics and it provides a detailed error message. The main feature of this 

method is that it provides all feature of a language moreover sentences also do not need to be 

complete to be checked against the rules i.e. it can handle input text while writing. [12],[33],[15], 

[8] are few of researches that were candidate using rule-based approach. 

Pure empirical approach is advisable way to create rules which rely on error corpora, these are 

hard to find and costly. Although it is possible to automatically bootstrap the development of 

such corpora [34]. 

Pure prior approach is based on existing normative prescription. Such as dictionary, grammar 

text books, style guidance. This approach has an advantage over the empirical approach i.e. rules 

seems to be more reliable and it is easier to find standard format and use the corpus to find what 

derivations seems to occur most frequently [34]. It is also possible to use machine learning 
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algorithms with some existing language resource such as transformation-based learning, 

statistical machine translation. 

2.3. The Amharic language 

Amharic is a language spoken in Ethiopia which is classified in the Semitic language family 

[35]. Semitic languages are characterized by a productive system of more standard affixation 

processes. These include prefixes, suffixes, infixes and circumfixes, which are involved in both 

inflectional and derivational processes [36]. The Amharic language is morphologically rich 

language, for instance, if we take verbs of Amharic language, they are inflected in person, 

gender, number, aspect, tense, and mood of the sentence. A single verb in Amharic can also be a 

complete sentence; it can hold both the subject and object within the verb itself. For example 

let's consider 'J1.(;I.~7t."1tfD'/' 'alnegereNm ' in Amharic, which means 'he didn't tell me' in English, 

specifies the subject (he) and the object (me) in a word. 

2.3.1. Word formation 

Amharic morphology is complex, particularly verbs [2]. Amharic noun and adjectives are 

inflected for case, number, gender and person whereas verbs are inflected for person, number, 

gender, tense-aspect-mood (TAM) and case. Verbs may also contain pronoun object marker. 

2.3.1.1. Inflectional behavior 

Verb 

Verbs are inflected for person, gender, number, aspect, tense, and mood[35]. For indicating a 

person, gender and number suffix are added to the stem. [37] Illustrates the inflectional behavior 

of Amharic verb as shown in the Table 1. 

1 st Person singular 1 st person plural 

2 person masculine 2 person feminme Plural 
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" , , . 
~ . . ~ ... . . 3 person masculme 3 person feminme Plural 

.. - . 
/,Itr d~lj 'I r 

~ -- - - - - -. . PolIte 2° & 3 

'ir'i"··~. . . ,. . . . •. .!:. ~ 
I 

- - -- ~.~ ...... - ..... - -' . .---
Table InOectlonal behavior of Amharic verbs (deOnlteness marker) 

Tense has a different format, present tense in the Amharic language is indicated using the verbs 

"~a>- ". For past tenses "~ClC" is used. For continuous tense form "M-" prefix is used. Ifwe insert 

the verb "~a>- " or "~ClC " to the end of Amharic sentence along with continuous form indicator, 

the form will have present continuous or past continuous tense form respectively. 

The other inflectional behavior is indicated by benefactive and malfactive indicators. See table 2 

below [37]. 

Benefactive Malfactive 

Feminine I'IClC-hftt 
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Table 1 Inflectional behavior of Amharic verbs (benefactive and malfactlve) 

There are four moods in Amharic: declarative, interrogative, negative and imperative. Verbs can 

take different forms according to the mood [37]. 

Declarative Interrogative Negative Imperaltive 

Table Inflectional behavior of Amharic verbs (mode) 

Noun 

Amharic nouns can be marked for numbers, definiteness, gender, and case [35]. Noun number 

markers are "-~f" suffix for the noun which ends with a consonant and" -9'f" suffix is used to the 

noun with vowel ending. For indicating personal pronoun and proper noun "M-" prefix is used. 
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The plural formation can be fonned by repetition, for instance, the plural form of ".pm/!\" will be 

".pmll.pm/!\" and the borrowed nouns from geeze is formed by "-~:f","-~1" or "-~t" morphemes 

[16]. 

Definiteness indicated by affixation of morphemes or vowels based on the number, gender, 

and/or ending of the noun. A morpheme that indicates a singular masculine is''-h-'' suffix and 

singular feminine are indicated by using "_Cp" or "-h.1:" suffixes. The plural marker is "-~:f-h-". 

The above morphemes are used for the nouns with consonant endings. On the other hand, the 

noun which has vowel ending will have "-CIr" suffix for singular masculine indicator and for 

singular feminine "_Cp" or "-J?1:" is used. For the plural indicator "-Cp:f-ll." is used. 

Case indicator can be an objective case by using "-1" or possessive case by affixation of 

morphe.nes or vowels based on the person, number, gender, and/or ending of the noun (personal 

pronouns by prefixing "\'-"). [37] presented case indicator as shown in the Table 4. 

Subjective Ending of Person Number Gender Possessive case 

case noun 
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Table 2 Inflectional behavior of Amharic verbs (case indicator) 

Adjectives 

Adjectives are marked by numbers, gender, definiteness, and case[35] . The number marks are "­

~'f" for consonant ending and "-5P'f' for vowel ending. Repetition of consonant could also mark 

the plural form of adjectives like "l1f9u" to "l1r-"- 1rVU"[l~VU]. " -h.t" is used for gender 

marker and "-1" is used to mark case (objective case). The definiteness marker is marked by 

using morphemes or vowels based on the number, gender or ending of the adjective. The 

representations of definiteness marker are discussed below[37]. 

Indefinite 

Adjectives 

Ending 

Adjectives 

of Number Gender Definite Adjectives 
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Vowel Singular Feminine 

Table 3 Inflectional behavior of Amharic verbs (deflnlteness marker) 

2.3.1.2. Derivational behavior 

Noun 

Nouns are derived from other nouns, adjectives, roots, stems, and the infinitive form of a verb by 

affixation and intercalation[16]. The "-H''', "-1\~', "-1\t", "-h'f", "-+~' "-~' and" Cll\-"affixes 

are used to derive nouns from other nouns. A noun that is derived from adjective will take" -1\t" 

and "-~t" suffixes. Nouns can also be derived from verbal roots by intercalation and affixation. 

For instance "~7C" is derived from "1-"1-C" by "1-1\-"1-1\-c" pattern of derivation. 

Adjectives 

Adjectives are derived from nouns, stems or verbal roots [16]. The suffixes "_Mil" "-1\~' "-1\'f" "­

~O'f" are used in the derivation of adjectives from nouns. Adjectives also derived by attaching 

morphemes to bound stem using "-~" "-ho" & "-1\..:1''' suffixes. Adjective those are derived from 

verbal roots by intercalation and affixation like "~t.q," is derived from "Y:-C-q," by "Y:-1\-c-1\-q," 

pattern of derivation. 

Verb 

Verbs can be derived from verbal root by affixing the vowel "1\" to produce CVCCVC, for 

instance, "lI11C" to "l'11\-l1l11\C" [lInC] and by repeating penultimate consonants and affixing the 

vowels" 1\" and "~" to produce CVCVCCVC-, e.g "~t:\"1" to "t./\l\"1" by "~-1\t:\~t:\t:\1\"1" derivation 

pattern. Verbs can also be derived from the verbal stem by affixing morphemes like "+" "hll" or 

"h". 
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Z .. Z.l. ubJ t-v rb Q rt '"tnt 

r 1 In j c I 

In 

ubj t f , . nd' . r 

n e. tur . m, r cr 

umb r fe tur m r lu I \ her " 1 .• 

end fi r m rk r. 

For ampl . 1,fJ. UDomt::f?}ffrn''f:: 00 

Her the subject i bich i a third p r on ingular mmm nd th \ hi h 

th ird i a noun with plural mark r • -0 h '. Fin rb " old" h a fi tur \ hi hindi 

p rson singular fi minin can ubj t nd th rb ar th am in numb r 

fi ature marker whi h i ingular ill p rn a r m nt b th indi atc nd L 

both have feminine in gend r agr em nt. 

L t's take the following exampl : 

h!1. C1D~rh~.p1i'im:: ( he sold th b ok 

S-3PSingF O-PL - Ping 

This sentenc i similar to th pr viou writt n in orr tl b au th ubj I nd 

the erb do not agre in g nder marker. Th ubje t indi ate a third p r n in ul ar fi minin 

marker wherea' the a third p r n ingular rna ulin mak r. Thi 

grammatically in alid Amharic nt nee. 
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r th \ cr" ". 

li t m r r. rem 

1.3.1.1. Obj t - v rb a 're m nt 

t and rb t 

n r numb r and p r n. 

Th hild la th hild h 

S-3P iog PPL] 

The above example explain the obj t and rb r ment in num r. h t • la " i tn 

plural form and the verb br a " h a pluI I bj I mark r. 

Ih hild 

S-3PSingF 0 _ 0-3P ingM ill _ - ingF P in M] 

The abo e example demon trates the gend r ~ ature agreem nl rb. 

I'lm:fa>-'indicate a subject and obj t mark r. Th rb ha featur 

agreement which is third per on ingu lar ~ minin mark r and third p r n tn ul ar rna ultn 

object marker. The direct object I'I~~ i a th ird p r n ingular rna ulin \ hi h gr \ ilh Ih . 

erb-object marker. Therefore the en ten e i grammati ally rre t. 

2.3.2.3. Adverb - verb agreement 

Adverbs are modifier of erb . Ad erb an b la ificd int tim pia nd 

marker. Time indicates a gi en a tion in hi h it take pia . indi t th tim 
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\ h i h I n 

. Th i 

in tim . Th 

2.3.2.4. 

he 

dje tiv - ubj tar menl 

dj modi n un b pp ring b r th m. 

g nd r numb r and a . Tn numb r a r nt th n 

he 

C\ " I 

"(P.i.n.·~r··I)+ 

plural r' rm but th 

.£.vCJ(lD~~~-rmeaning go d b 

In in ul r 

di 

rm. F r 

n 

plural form. Plural form of adj ~ rm d b adding h in r m nt \ ilh it n un 

but it i onlye ential when it al 0 h rry d finit arti I ~~"t(l''';Mt-(I:r ' n \ p n il" r 

by r duplicating one ofth ir I tt r . ' big['N\'l>] an b writt n a [-r",,<l>][1 ] 

djecti es mo t frequently u d in th rna ulin form. Th rna ulin ~ rm f dj 

modify a feminine noun but not vic v r a. For e ample h+-n.-r bad girl in thi phr 

n 

h~'" i 

an adjectiv with rna ulin mark r and the noun n.t' i in ingul r ~ minin' ~ rm. ut \ 

cannot ay lev-rCD1~ clean boy in hi h ' lBV''h an adje ti e in ingul r ~ minin ~ rm and th 

noun aJ1~ is rna uline ingular form [ ] . 

2.3.2.5. Word order 

The usual word ord r of Amharic 

tropicalized it may pre ede the ubj 

ubj t-obj t- erb 

ult it 

if th bje t i 

t- rb 

The same entence may b . For e ample 1..:r·rarfl,·Pl111 iii 

belun gazza 'Getachew( hou 0 d f. buy (V pa t ' and' (\.·p'}1;t-:fCD· 111CD" B lUll iii 

gazzaw "OSY" equally m an 'G ta h w bought th hou '. 

Example: (a) CDC<ll ~Y111 h~trl "l.£.01l.L{ln Yro<1f1(;1. ~ orlru b Ii Yoh "n \ ill di IIIrb tit ) 
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Chapter Thre 
h t r pr nt 

'lmil th r II in , 

3.1. Grammar ch k r f r th f r ign langu ~e 

3.1.1. A rulc~ba d t I and gramm r En II hi nKu K 

r [ J. 
The tyle and grammar h 

rror . QTAG (a fr lya ailable ro abili ti p rt- h t 

u d for part-of-sp e h tagging along ith rul 

ome of the ambiguous tag b for nd in it t th 

tags depending on their context. fter P 

based phrase chunking, i.e. a et of rule 

would constitute a phrase. It then applied manually d 

POS tagged and phra e chunked-text. The grammar h 

which are simply a sequence of tok os to b matched. If u h ap It'm \ 

text, the input is termed a erroneou . An rror mage i g ing t 

was wrong in the input, suggestions (if p ible to orrc t th 

displaying an incorrect and a correct ent n e ~ r the parti ular err 

rules, 81 false friend pair 5 tyle rule and 4 bui lt-in Pyth n rul in thi 

checker. 

To evaluate the system two corpora w r pr par d' a rpu th t nl nt In 

errors and a corpus that contain very ~ 

with this text, it claimed 16 error in 7 

alarms. The checker also evaluated u ing anoth r orpu \ hi h 

and compared with Micro oft Word 2000 h k r. Th gramm. r 

whereas MS-word detects 49 errors. But thi t Ie and grammar h 

hun " a h;-

n th 

r rul' . 

nt 'n \ Ilh 

4 'rr r 

rr . In th' 



m nc her. 
inM 

3.1.2. rablc r m 

gr \ h f rd 

rized in t tw 

ITor . Mechani ditin ar 

• Partial l diet ing I 

• Mi piling that a id nt II pr u 

• Selecting th wrong repla m nd 

• Exce ive letter or mi d I f m ht nl I IT r . 

n th P rt I \ nl' , Cognitive errors occur du to lack of omp t n 

entence that complie with the grammar rul rrc I d r 'pln ing n c, I ling 

word, inserting a new word or moving one or mor word . 

Cognitive errors occur due to lack Arabi grammar i a ry mpl , tud ; . cn 

Arabic-speaking people nowadays ar not fully familiar with the gramm Ir 

This difficulty comes from (1 the length of th entence and the 

omission of diacritics (vowels) in ritten Arabic (3 th fr -w rd rd r n lur f 

entence; and (4) the presence of an ellipti per onal pronoun [21]. 

The main features of Arabic GramCh k are that it I per~ rm a 

of sentences, and (2) check the entence for mmon grammati al rr fI 

and offers suggestions for improvement. The rammar h ck r I ba i all 

parts: an Arabic morphological analyzer and a ynta ti par er e t nd d t in lu 

checking handler. 
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In r r t impl m nt th 

nt d t 

r. The m rphol 

mbiguation m dul 

bi grammati al 

ormali m. UBG grammar 

intra-pbra al and inter-phra 

01 

n 

on lru 

lemen e 

thre Ie : 

nm ult. 

o ~ ature structure . During th 

Iran lated into Prolog t rm . B au 

built-in term unification. 

t p. P 

For the evaluation 100 Arabic r u d to I t Ih 

grammatical and ungrammatical sentence taking int 

grammar rules and the grammatical err r h ndled by Arabi 

entences, there were 10 grammatically 

a erage sentence length wa four word nd th 

was capable of successfully parsing the Ion tent n c. Th 

rules. 

rm Ii m i 

Ing n m. t.: u 

Iud 

Arabic gramcheck was compared to commercially a ailable gramm r 

correctly detected by Arabic gramcheck h rea 9% \ a det 

available grammar check. And 3% of th grammat ical che kin f 

wrong compared with 43% of the commercia lly a ailable Arabi gr mm r r. 

It can tJe concluded that Arabic Gram be k hown t b 

available Arabic grammar checker. Th r a on ~ r thi i that 

accurate at detecting cognitiv error . 

I I 

Ir 

uniti I n 

M' 

Pr 1 g' 

th 

' . I h . 

r. o/c \\' r 

I m r ' 
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.1. ra mm 

u c urfa e gr mm r 

ombine prob 

rr r that ar handl 

mm n gramm 

tern mainly focll 

b tween the subje t and the pr 

Gran ka y tern on i t f tb to 

grammatically corre tent n . In P 

used. Error rule matching ontain 

rd r hId 

Help rules are rules that help PO ta ging modul if there i in rrc 

to decrease the error rat that is cau d by in 

allowed in Swedish agr m nt ar tated. If a rtai n c ndi ti n i m t 

as an invalid sentence. For the ugge tion m rule arc tat d i a rt 

the error rule matching then the p ible error rre ti n i applied. ut 

sentences can have more than one error corr ti n; there~ r , th ran in i 1m 1 m nt d t tal. 

tbe likable error correction alternatives. 

POS tag was evaluated and ob erved that un n t t 97% of th \ rd ar rr tl to' 

and unknown words are correctly tagged in cn 

rule categories. The system was compar d with other y t m and hi 

High-performance matters in practical appli ation , wh r the gr mm 

should be run in an interactive mode ch cking ery n w enten e ri tt n. m 

also important in practical applications, and Gran ka on ume ab ut 0 R 1. 
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.1 .4 . r hit ctur nd ) t m D I I'l or tht tp 11 .r mm r h 

r mm r 

o h PO T g r 

fl r th tok oiz r m 

M rphologi al 

br king do 0 th 

r h 

ul 

h word breaking i don on the b 

I thi, Ihi module al 0 p rform th 

p r the information gath r d from th m rph m 

lagging implies that furth r pro sing ould n 10 b 

pas tagging. 
rri d ul r hun 

Parts of Speech (POS) Tagger Modul . Th modul "P Tag 'cr 

untagged and POS tag undetermin d tok niz d word . A igning a p rtl 

r 

ulc" P 

word out of the several po ible thu hunker and Par cr M dul id 'nlifi 

phrases from the POS tagged word in tb f th input t xt 

th' 

1\ 0 files, the free morpheme Ii t and the affi Ii t \! e \ uld need a 

rules or productions. 

nl " 1- re' Jrammur 

Grammatical Relation Finder; the a ignment f grammatical role i b d n th' gr' 'menl 

phenomenon in the Nepali language. The epali language ha th ~ II m nt pdt rn : 

SUBJECT-VERB agreement; Agreement b tween Modifier and He d in 

Syntax checker Module' the module I ynta ch ker module" h k \ h ttl r ttl . 

OBJECT VERB (SOV) pattern and respon ibl for checking the agr ment 

Suggestion creating module consult th hunk r and Parser Modul 

Finder Module and the Syntax Checker Modul and ugge I a difli r nt 1m tur' 



.1. Grammar ch k r r 

rammar cb r 
3.2.1. 

To d ip a gr mm r r r 

okenization P tn, t mmtn 

mo ul ar the major p to 

Tokenization i u d t 

u d a an input for the n t t 

ppropriate part of pe h u in 

module. This algorithm i a pro 

orm by stripping of it d ri tional and inn tion 

on a series of step that ea h r mo a 

rule only apply when ertain onditi n 

were constructed and pre en ted to identify 

r In the 

1 h' n' I 1.1 • i 

ubordinate verb in terms of number g nd r nd t n e agre ment. Th 

creating module which gives alternative of in two dire tion . If 

occurs in number, for instance the ugge ti n lage ill 

number leaving the verb as it is or the other way around. 

This research work gave attention mainly n ubje t- erb agreem nt, 

agreement and main verb and subordinal rb agreem nt. Th' 

precision and 80% of recall. 

3.2.2. Grammar checker for th e Amharic language 

dJ 11\' 

Amharic grammar checker was de elop d by Aynadi Tern gen In I . Ih 

grammatlcal correctness of Amharic sent n ntence are cIa ifi in 1 implc I" 

sentence. The system was implement d by u ing t\ 0 different appr 

tatistical based approache . 

Rule-based approach is conducted fo r only impl cntcn . Rul cd 

accepts input text and id ntifi gram mati all rre t and in rr' 1 ·nl ·n·. 



I 101 

1yz r \ hi h Ih 

hi h id ntifi 

numb r and g nd r. Thi r I lion I I 

Th languag mod lith ourth I 

th I hold grammati al rul . Rul t mu t not 0 ur In 

incorrect grammatical ent nc tructur In th rorm or "ord p It 

enten ith any rul Ih n II \ 111 

entence. Grammar rul in t crimm I i II 
relation finder module again t Ihe rul 

ntence will be checked ba ed on th rul 

Ih , mm i ,II in h · 

To evaluate rule-based Ambari grammar 

include grammatically correct and incorre t nt n . Th 

errors per sentence. The checker gives 92.45% of Pr 

m del. 

r' cl - r 'par' whi h 

In lu . mult ipl 

A econd approach is a stati tical approach hi h i impl m nt d ~ r th Impl and m k . 

entence. Statistical approach ha two major la k . The fi t n i trntntn 

extracting patterns with different ' , alu (bi -gram and tri-gram and Ih 

checking grammatical error using the e tra t d pattern et on ubj 

adverb - verb agreement is di cu d. Manu l1 y P t gg d orpu i th lrain ing 

and test set. The probability will be cal ulated for P 

based on bi-gram and tri-gram value and gramm ti al agreement i ilh th' P 

equence ofPOS tag in terms of per on gender and number \ ill b 

The system is evaluated in both imp] nd amp I 

prepared (the same test set which is u d ft r th ru l -ba 

The evaluation of the sy tern on rule-ba d appr h gi e 

and in Statistical ach gives Preci ion: 67.14% nd Re all: O. %. Th 

errors at once but gives false alarm due to incomplete rule and unlit 

'n! n •. \\" r ' 

o 

multlpl 

o 
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ppr h 

g ualitie f th 

m thod ith rule-b d ppro h or mm r he er 



Chapter Four: R 
r h, din 

Impl m nt d t 

tlon and moth tI n. bJ th or th 

olution, de Ign and d evelopm nt d m n tr tlon, \ lu tlOD and 

• In.aJ uenee 

'-------------------- -------------------~ -......--
Po ible entry in for research 

Figure 1 archltecture of design denc 

4.1. Problem identification a nd motivation 
It is the first step and a key process in de ign ien c. It i 

mmunl tlon. 

f id nti in 1 Ih k 

and needs consideration while doing a re ear h on the I pi . ~ id nlif and un c 

problem we are working on, we did literatur r iew on the I pi I th und m nt.11 

concepts and understand the approache al orithm and melho Ih I r u d I de\ cl 

grammar checker. 

4.2. Objectives of the solution 

After having the problems identified th obj cti of thi rudyar d 'fin d w -II n 

these objectives in mind, we continue to the de ign and de el pment f Ih' Iud . 
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4.3. D ign a nd d v lopm nt 

4.3.1. Data coli cti n and p r p r tl n 

o ndu t th 

P tagged data i u ed 

For the DP approa h a Tr ba 

En h oflh dala t i di eu 

4.3.1.1. POS tagged data 

We bave used a POS tagged data from [2] which 1 a new d t fr m W It In f rrn Ii n 

Center (WIC) to conduct the probabili t ic method with rule-b 

onta ins 8000 sentence and at th tim f eondu ting thi rc 

a ailable POS annotated data. We u d th i dat ~ r th d cl pm nl 

probabilistic method with rul -ba ed appr a h. 

In Amharic language, words can b group d 

(PRON), adjectives (ADJ), adverb 

CONJ), interjection (INT), punctuation (p 

unclassified and used fo r words which are diffi ult to pia 

these basic classes are further subdivided into a total of 31 POS tag 

p 

rpu 

Ih · nl ' 

la Jer in h ' 

, pr n lin 

nJun II n 

"The number of tag-sets, which i pr po ed ba ed on th rth gr phi \ rd, 1 I . 

Compound tag-sets were used fo r tbo 

though some subclasses of a given at gory (like noun nd 

distinction no longer exist when th e fonn atta h prep r 

However, they propose independent tag fo r both prepo il ion nd 

favoring segmentation ofth se clitic (2).' 

4.3.1.2. Chunked data 

We have prepared a manually chunked data for chunklng pha 

from WIC corpus and manually chunked u ing f082 fonnat. IOB2 ~ nn t I It rt r In I -



t i -b ginning. th 

hunk [ 41] . Thi data i al 

4.3.1.3. 

To build higher order n-gram L 

grammatical feature marker i.e. 

analyzer. HornMorpho i used to gi 

ntactic feature is a feature whi h i 

in the language. For a featur to be 

IQIt!d orpu 

n rpu rther ilnn 

nta • mean th t It lfl\ I 

agreement or government of th languag. We have prepared 

t ' ir 

annotated with syntax feature marker wa not available ev n though th pr '\ iuu 

researcher prepared data by u iog similar format and thi corpu 

higher order n-gram approach on) . Th orpu i pr nt d In 

template is developed based the affix order mentioned in 

u ed to imp 1 nH'nt 

I mpld . I hl 

The first template is used for word which do n t ha bjc t m r r Indl < I r whli' II ; 

econd template is used for word which have both ubje I nd obje t m. r 'r. 

<POS I number_marker_subjectl p r on_mark r_ ubj II g nd r m r 'r u ~l: t . 

Or 

<POS I number_marker_subject 1\ number_markerJor_obj I I p n m 

person_marker_object I gender_marker_ ubje t 1\ gender_mark r 

Each of the grammatical feature are epa rated by 

object grammatical feature marker, "" i u d. 

ign and t di~ r -ntint· th' 

Example fllr.i/ur;<.NP> tl ~<ADJ> flIYJ)fit/¥OJ<. VPI in in 13 1m c"m 

fl6.8Dfttf'}<NUMP> h1-,(ovfkVPtplurI31 > 12< UMCR Tt:'171 r-
t7Df7htl<PREP> Ir17If~'~ADJtplur I 3 Ima c> '/"mt;Hm-< fur l 1m 



Th word 17A~<ryha < P>tag, hi hindi • un Ph J 

POS t g. Th 

< PI ing"singI3"3Ima c"m 

th ecood slot indicate 

number marker the third lot indi at th 3rd ' pro 

marker, the last slot indi at rna culin od r m rker 'm I ' , 0 rn 

masc' and so forth . 

4.3.1.4. Treebank corpu 

Treebank corpus was used from [3] to train and t t dependency par r . 

viewed as linguistically annotated corpu that in lude grammati 31 , n. I I 

speech level [3]. The corpus include 1000 nt n e 

and morphological feature. Each of the ontent w rd i manuall 

analyzed for morphological features. The corpu i pr par d by 

clitics form phonological host. Prepo ition th Po m rk r 

markers, Definite marker accusati e marker onjun tion Ne ti n, 

pronouns, Nominal clause marker ubject and object pronominal a 

t m lr 'r 

separated from the content word and ar con idered F r 'ampl' 

hrCl.-#l'i'/bjjgbetunna! "from each house and" m Iud the prepo iti 0 h- /k -/ ' fr m", r du . 

form of the distributive marker M- /ijjgl "ea h n.tlbe "hou e" th d finit m rker _h-' -U / 

"the" and the conjunction -'i'/-nna! "and '. The clitic ha e nta ti r th t 

grammatical relations with the content word . In order to how the yota Ii r lati n 

clitics and content words56 POS tag et were ompiled. 

The Treebank data is presented in Co LL- fo rmat \ here all th 

aod they are separated by a blank lin after a h cot 0 c. A 

tokens. Each token is represented on on lin on i ting of I 

each other by a TAB. The field ar TO F RM L MMA, 

n • t " t II 

HEAD DEPREL PHEAD and PDEPREL the field are explained in pp od. , , , ut th ' 
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n lumn th lumn r 

ail bl 
r 

FEAT olumn e n h 1m 

I d olumn . 

n ider the fir t ro in th L wm 1-
m the entence.' CTD~rhtt: nd rrn. r - h · 

POSTAG and PO TA 

r pecti ely. All the e ar ft ed u 
information in the form of g nd r numb r p r n, nd e m rph 0 

C1D?\ cTD?\ NO 0 4 
mtt: mtt: UN UN 

. :"- . ;"77" ; , I 
' ': . ' .·1. . ,} J ~ :, . 1 

. I ! ~ _ . ., t. . . _-'~.. __ ... o. _ 

7 :: 

'} PAR ACC 

T 

N JC 

:: PUN PUN 

CT CT 

Table 4 example on DP data format 

SinglP r on=3 bj 

4 pu r n lit .1 Tr n lit 

n t 
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4.3.1.5. Jj t data 

\\ h pr par d \ hi h nt In 

nlains grammali all 

belp of linguisl and Ihi I ciat I U 

4.3.2. Preproc in 

fie r th data 011 ti on 

orpus that we have on hand i in th 

10 

In i th n t m ul' Ih I 

en en e I 

er tern 

. 
In r 'r 

peU checker: To guaranty th Inl mh ri 'r I U' t 

heck the spelling in th 

Morpho- syntactic annotated corpu ' ach f th 

to add grammatical tag on the corpu nder nd p r n 

output of the analyzer i presented by u in the above mention d tempi 

prepared for conducting higher order n-gram LM. 

II rn rph 

tur m r r t 

hi nl 

MaltOptimizer-data validation : The Tr bank orpu w leaned b rem In mmenl n 

by using MaltOptimizer tool to check whether th orpu i in valid LL- rm t. 

4.4. Demonstration 

As reviewed in chapter two and thre of thi th i Ih r arc di r nl Iyp 

checking approaches and algorithms. In thi 

to deploy our system. 

tion, we di cu Ih di r nt I hniquc \ . u 'd 

4.4.1. Approach 

We construct an automatic grammar he king tern by u in pr b iii Ii m th d \ ith rul ,-

based approach. In the stati tical (probabi li ti c) m th d PO taggin nd hun r id 

We have conducted POS tagging and chunking u ing HMM and Tn 

perfonnance score for each of the modul 

check the grammatical corr tn of a i n nt n . Th I f rul r mm.!1 .11 

7 



rre t rules and tho e rul 

nl n c. 

Tri- quadra-, and penta-gram LM i d 

t hnique. Niver standard 

MaltOptimizer toolkit and 

grammatical correctnes of th input nten 

4.4.2. Tools 

To develop grammar checker for Amhari 

used in this research will be di cu a folio 

r I cnli in r m 

um unn he 

Ie I d il 

u d in the d pm nl 

ppr pri t I 

~ For the preprocessing stage, i.e. transforming the raw d t in t I an d la 

feeding to the learning algorithm' Aby mIca open our e 

check the spelling correctne ofAmhari nten e . 

~ Amharic morphological analyz r Hom Morpho, u d t Ii c 

syntactic feature to each word in our corpu [42]. HomM rph urr ntl 

morphological analyzer for Amharic Tigrigna, and Afan-Oromo I nguagc 

~ To build n-gram LM we have u ed RILM toolkit. SRILM i fr el 

which supports creation and evaluation of a ariety of language m d I t 

gram statistics, as well as several related ta k 

manipulation ofN-best lists and word lattices [43]. 

uch a 

~ DP is built using MaltParser which i a data-driven par er generat 

parsing. It is freely available for resear h and educational purp 

a 

[4 ]. 

ai l 

morpho-

a 

Ikit 

evaluated empirically on Swedi h, Engli b Czech, Dani hand Bulg ri n I (44). 

MaltOptimizer and MaltEval are used to for data validation and lu ti n 

respectively. MaltOptimizer is an interactive sy tern that first p rfi rm an anal 

training set in order to select a suitable starting point for optimizati n nd th n 

user through the optimization of parsing algorithm featur m d I and I mm 

algorithm. 

8 



, F r th impl m nl I n 

languag 

mpl I la an th 

4.5. Evaluation 

mili ri 

To aluate th i ion r all an 

of flagged grarnmati al IT r th t ar in 

of grammatical errors occurr 

the system precisely detect grammati 

n; c r her ", jlh hi 

t and 10 

metric is chosen becau e the re earcher i amili r \ ith it nd n m ut 

R II numberoferroscorrectly dececced eca = ---'--------::---.:.~ 
numberoferrors 

P 
. . numberoferroscorrecclydececced reclslOn---'-------''---­

numberoferrosdetecced 

Accl/racy numbero f errorscorrectlydetectea 
total 

Us ing MaltEval toolkit, DP is evaluated by el t d m a urement m tn 

and LA. These metrics value are u ed to len 

approach label and heading value are important to analyze the gr mm 

the words (detail is presented in section 5. ) th refore the hit or mi 

evaluating DP. 

LAS = numberofcorrectheadlng&Lables 
numberofheading&Lables 

UAS = numberofcorrectheading 
numberofheadlng 

LA = numberofcorrectlables 
numberoflables 

4.6. Communication 

Communication is being done through thi th 

publish in journaVarticle. 

. In additi n the r' 

t \I u I i 

hi hr' L 

ru I lin 

pi nnln 



Chapter Five: The Dev lopm nt nd P rforma n 
Checker For The Amha ri La ngua 
d ign and impJ m nt ti on 0 h thr 

f .lmm I 

proach higher ord r n-

5.1. Probabilistic m thod with rul -b d approach r r mh rl 

checker 

The probabilistic method ppro h nt In tv. maj r 
u a statistical (probabil i tic m thod or P 

hallow parsing is used for identificati n 0 

The second phase is the rule-ba ed approa h hi h a th 

r mm r 

and analyzes it by using craft d rul . Th rul ar manu lIy ra d rul· th t nt In '\ rn: 

grammar of the Amharic languag . 

so 



5.1.1. The Architecture of prob bili Ii 

grammar checker 

PCS tagged data 

Chunked data 

m Ih od lIb ruJ~ ba d appro b ur Ib 

Tn! data 

No Yes 

Grarrrnatic Suggestion proposal 
all': correct 

Figure 2 Architecture of probabilistic method with rul -ba ed approacb appro ch 

mb r 

5 



S.U. HMl\1 PO Tagg r 

o utomate the gramm r 

ed data mentioned in ti on 

0: 10 ratio (i.e. 90% for tr in in 

I en \ ord i ba ed on a p rti ul 

r bounded to be mi d. or thi 

th input sentenc . W ha 

tmP 

.1.1 w u 

10Vo or 

moothing technique. From th two alg 

t ting using the test set i . . HMM. 

5.1.3. TnT Chunker 

implcmc c 

We have used a statistical approach for chunki ng pha . We u th' 

mentioned in 4.3 .1.2 section for training and t ting. hunking I . u 

identify subject, adjective and verb of a nt n while the bje I nd th 

different manner. HMM and TnT algorithm w re ndu led t train hunk r. rnT II, rithm 

perfonns slightly better than HMM algorithm therefore TnT al rilhm I 

chunker. 

The above POS tagged sentence will be iven to th hunk rand IItPli1 

n t Impl m nt 

h~'I'ADJ B-NP Cltllrfort1N J- P ~~:J. 0 h~r:AD V B-VP_ £l1J?fl;F-""ar /- J 

::PUNCO ' 

This means the first two words, th e adjecti , and th nOlln i ' 

'a' represents the word is out of any phra chllnk. Th 

presented on appendix B 

5.1.4. Feature Extraction 

This phase is essential in extracting the ubj t obje t and erb f 

phase plays an important role in the identi fi ati n of -0-V e uen 

n lin phr hllll III 

r hlln II i 

'n!'n c. Th' hun in 

\ ith in 

S2 



h' 0 extra ti n \ ill b 

\ rk a f, II w : 

subject of a sentence: for 

b inning of a sent nc [16]. Th r 

n the hun e 

or 
en en e, II 

I t noun phr 
or the la t noun in th noun phra e chunk w rd 

r I n un I 
pp ar at the beginning f tb , hunk t 'p 

An object of a sentence: for word t b 
f 'nt n " II h I h 

marker ' '}' at the end of th 
id ntified WI h h· hel 

analyzer. If the analyzer det t the word ha 
m rker th n th " ru will 

object. If not then the sentence do 

A verb of a sentence: since a verb of a nt n alway appe r n th end 

extraction phase will look at the la t verb phra e chunk or a verb f th . 

Adjective of a sentence: if a word app ar right be for the ubj rt 

In 

h · 

peech tag is an adjective (ADJ) th n it i taken a an adjective of the ubj t In. 1\ I:n 

entence[ 16] . 

Adverb of a sentence: the word with an adverb (A DY) part of p h ta 

of a sentence [16]. 

8- P 

I-VP_C ::PUNC 0 ' 'this was the output of lhe chunker m dul \ hi II I . 

extraction module. As mentioned above the ubjecl will be del I d i Ih 

the beginning of a sentence and the word mu I have a noun I 'P hunk 

noun phrase chunk. In this example, ')'II-tDfJtr i III ubj 

is detected if it appears before the ubj t of Ih nlen in \ hi 'h Ih 

detects as a subject oj a sentence and ha an adj cliv 

'h~rp' is the adjective oj the sen tence. Th obj I of a . nl 11 

the object marker '1 at the end of the lord. To b abl 10 d I 

object marker or not, the HornMorpho anal z r was u.s d. 

'accusative'jor the given word, then th \ ord \ ill b lak n 

5 



'M1i1' i th obj t 0 th 

taken from th 
I Ih III, I 

d I cted a a rb 0 liz nl n c . Til r 

Adjecti ve: h~tp 

SlIbject: Iall-fOYtf 

Object: ~'7!1 

5.1.5. SOY sequence checker 

The Amharic language has a ubject-obj t-v rb rd rd r [5]. hi . m dulc he . wh .the 

the input sentence is in the correct 

10 have the correct word order, even though obje t an pre cde the I r 

verb order. The system only assumes the 0 word quence a a alid nt n . 

5.1.6. Rule based grammatical Agreement checker 

The word that has been extracted as ubje t obj I erb adje ti e, and, d 

Ihis module. The Agreement phase will ch ck th 

given sentence. The extracted word (i .e. subj t object adjecti e and 

morphological analyzer, HornMorpho. Th output of the analyzer will b p. 

rule which holds a correct grammatical rule of Amharic language. 

Agreement in grammatical featur should i t b tween ubj 

object- verb in a sentence. For instance numb r feature marker (plur I 

must match with number feature mark r (plural ingular) of a erb r p" Ii 

feature marker (1 st person, 2nd per on and 3 rd per on fa ubje t mu I m t h \ ilh p r n 

marker (I 5t person, 2nd person and 3 rd per on f the nd ~ r nd r 

\ 'r marker, if subject of a sentence ha rna uline or ~ minin mar 

masculine or feminine feature marker re p ti Iy to be gramm ti rr I. 'nten c mi h 

5 



h \' n utr I g nd r rn rk r n th ir 
line it n °. her 

t - verb i 
IT I.n cn r. 

IF Ihe s .. bject 01 a nl nee ha 
) ,.J "'" 11111" 

The sentenc i correct in end r a 

EL E IF the subject oj a ent nc ha a leminin m r r nd v('rb In ' I/( II 0 n 1 .1 1"",i"'",, 

The sentence i Correct in gend r em nl 

ELSE IF Ihe subject 01 a ent nc ha either a fi minint! or a mase-utin 
" a neutral marker 

The sentence is correct in gender agr emenl 

ELSE IF Ihe subject oj a sentence has a neutral mark r nd Ih \' rb 0 

The sentence is correct in gender agr menl 

mar 

ELSE IF the subject oj a sentence has a neutral marker and I}, verb 
Q masculine marker o 'nl 'n ' ha '/1)" fI Ii'miflifll' fi r 

The sentence is correct in gender ag~ ement 

ELSE 

The sentence is incorrect in gender agr emellt 

These rules can be applied for object-verb a 

on gemler and number feature marker by applying the arne rul menti 

sentence fails to match with the rules it will b on idered as an in orre t nt n 

II Ihe rule which checks the agreement oj ubject and verb in number Jeatur 

IF the subject oj a sentence has a plural mark r and verb 0 I}, 
plural marker 

The sentence is correct in number agr m lit 

ELSE IF the subject oj a sentence has a ingular mark r alld verb 
has a singular marker 

The sentence is correct in numb r agr em III 

ELSE 

The sentence is incorrect in gender a r 1/1 III 

nl II • Jr 

t},e III 'n ' 

c. I th 0 

ss 



IF the subject of 
J" person marker 

The entenc 

~. rb () In 

ELSE IF the subject of a 
h a r person mark r 

2'" p r n m r r nd rb 0 Ih 

The entence i correct in p r on a 

ELSE I~ the subject oj a entence ha a 3" per On m rk rand W'rb () 
has af person marker 

The sentence is correct in p rson arm fit 

ELSE 

The sentence is incorrect in gender agr em fit 

The subject and the adj ective will fir t pa t HomMorpho analyz r. Thi ' I. • IUSC , III II . 

Amharic language, the adjective sometime wi ll indicate the feature fth n un Iha lll m IIi· . 

For exampleh~tpADJ B- P _ C,J,II1'U<J~ 

.en.eO!fo'ForV I-VP_C ::PUNC 0 from thi 

I-NP ~l?JN 

nt nee, 

11~·r: D 

verb of the sentence are detected and pa d to th agre m nt ph . Til d; ' tl \" 1111 

the noun (subject) will be analyzed and th analyz r output i ' 

h~tp:3, sing, fern 

AII1'U<Jt::3, sing, masc the analyzer repre ent th p r on. fIIlm 

maker respectiveLy. The person and number match for both w rd bllt If dl 

The adjective gender marker indicates it i af minine mark r \ II r 

marker indicated masculine gend r mark r. Th r fo r , a '1'\' I, til' 

'AII'fO'/t:' is feminine indicated by th e adj ctiv marker. Th nil will \' md th 'nd 'r 

feature marker of the subject by the adjeeti . 

Then subject and the verb will be analyzed by HomMorpho analyz r. 

the number, person and gender marker of th ubje t and erb arc id 'nIl I ·d. Th' 
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m ul hc k if Ih numb r 

th c Ira Icd gramm r rul . 1 

orre I agreement. If it mi mat h 

Example: sub) c / 'J.r'I -f"4'ltf ': ,sin , 

Verb '.eflefljr';:ar': lib) 

he 

rn 

:Ob) ct m rk r , plllr, n utr I 

The first slot indicate the per On atlln mark r, 

feature marker and th e last and til 

subject now has a feminin e gend r mark r 

the subject and verb matches in p rson, numb rand 

The object and verb of a entence al 0 p 

agreement module. But here, the verb of a 

in the arne pr 

might not hold th • 

number, person, gender), when this exception 0 cur the obje t and er 1 

agreement. If the verb holds the object mark r, th n it i che ked ag in I th 

object and verb is checked on number p r on and gender m rker nd 1 

considered as correct. The suggestion module tak pIa e if the agre m nt i in rr' t. 

f-VP_C ::PUNC 0 In this example, th erb " has a ubj I mark r 

11 i 

r Oil , 

singular, feminin e and object marker of 3rd per on, plural, rna ulin rm Til, IIlp ll l 0 

the analyzer is 

Subject '1.1J1'or;cf': 3, sing, fern 

Object 'AA~:P: 3, piur, neutral 

Verb '.efLf?fl7rar': subject marker 3, ing, fi m 

Object marker 3, plur, II utral 

51 



The lib) t h a rd p r On, in III r m"'ln 

imilar featw~ \ ith th 

and verb feature match, th 

on a person, number and g n 

carried out. Ac ording to the 

1'/1 
P r 

rm " I), 

marker. We can conclude that th e 
ramm 11 all )' 

ince HomMorpho cannot analyze ad rb built a bi-gram pr 

WIC corpus. To build the bi- gram probability ofth adverb, we e 

wi th their immediate verbs. Then w analyz th rb and tak th 

and assign it to the adverb. Probability i omputed and 

type i.e. perfective, imperative, ju ive, and g rundi 

Therefore, when the system found an adv rb on our te t t, the m 'I I 

model and give the highest score to the ad erb. Then the immediate 

be analyzed and computed with the adverb. If the output f the an 1 c 

r . h ten . 

t th'pr , II i 

the adverb result, then it is considered a 

match. 
m nt. In rr' I I II fall t 

For example tim 0 (JJynl1'J. 0 m,f?'{'fAD V 8-VP _ C Alftft1V 1_ P_ 

The above sentence is the output of the chunk modille whi " i"di al 

and the chunk tag respectively. After pa ing Ihrough Ih \Ir II" 11(1 

sequence checker the agreement module outpUI Ih !ol/owin r 1111 . 

Subject 'tI~ ' :3, sing, masc 

Object 'Ohn1:,) , :3, sing, masc 

Verb ')jqfft1 ' :3, sing, masc, perfecti e 

5 



Th ad rb 0 th 

entenc , th 

the ad erb i 

rb i look 

tract d. B 

extracted. Th e bi-gr m rno I r turn 

verb has a 'p rfi cli orm. Th r or . {Ir 

there i adverb and rb di agr m nl 

Independent Pronoun 

{ a 'for (n' , 

HomMorpho cannot analyz ind p nd nt pr n un, Ih 'refor'; \\. uiJt I 

independent pronoun with their r p ti grammati al featur 

limited in number in the Amharic language thi 

of peech class. There i no pecific tag fo r th ind p nd nl pr n un In 

ystem checks if a given word is independ nt pronoun b he kmg 

exist, the grammatical feature is taken from th dictionary othcf\ i 

Hom Morpho analyzer. The following tabl h w thc indcpcnd nl pr n 

language. 

English Independent pronoun 

h · 

rnh. n 

--NW<.jn· " - , - : ' • . r8J':'(")~~ . .. 

you (m. sg.) 
-,,:-r~i- ____ ~~~ ~ _ ~ 

J\'}-t-/anta - ~ h 

'''~''~'~.-- - ~,' -, ~ . : ~ 'I,), '., )'-1" , :'-::'~~:.:'7;t"t'-:- " _ . __ ~!'I .. ~. ~ 
-----~, -

--.--~~.----:-:-

He " M::lSSU -(a)w, -I 

. f!: J -'.o{y.w: • .,~ " • _ , , , 
I qJ - ,.-..t~.,1t""~/.,! ... t;, '."r-~.~ .": . , 

• '-;;.-.-;~'.' - ,.!-, - -.- , 

They " ~c'lhnnassu -a taw 

Table 5 independent pronoun of Amharic language 
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~uJl subject 

Amharic sentence can ha a null ubj t [ J. h 

ith an object in the Amhari Ian 

Example: tf.11'): .foz>$""tl 

rasen : yammaJ1Jla III my h d- c : hurt · m 

'I ha ve a headache. ' 

The verbs have a tense aspect mark r I hich i third p r On Sin lullr, III I}, 'r ' I II 

subject to which it reJers. Amharic ha ubj cl-1 (4 ] 

When tllese exception OCCUI the sy tern tak the ubje t fe ture m rk r 
~c t 

features agreement. And the subject will be indi cated with a pial m rker' I t r 'pre nt II ' 
null subject. 

S.1.7. Suggestion 

This module works with HornMorpho generator which take th rtf th mh n \ r t 

generate a correct verb form and stem of a noun to generate a orre t noun 

stem is taken along with their agreement mark r to generate the de ir d re ult. 

only takes place when input sentence has a grammatical error that idle I'd re'm 'nl 
module. If the above example sentence i written a follow it re ult a di agr' m nl in end r. 

Example: h~f{'ADJ B-NP C )'1It-UlJ~ 1- P C ~n 8- P 
.ef/.eflHarv I-VP C ::PUNC 0 

The subject oj the sentence is ),1It-UlJ6' and the verb oj th 

object oj the sentence is 'M'*'J'. Th e grammalical fi alu,., 

i '.f! ae (liFt-Or' /II I" 
III ubj 

neutral'. Here the person, number and g nd r oj the su Ij .(, 

indicated respectively. In subject and v rb a,., m nl Ih 

similar to the verb person Jeature mark rand af 0 Ihe numb r m ric r 0 (h 
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the verb i imil r bUI Ih 

marker indical minin / but III 

When the di agr em nt oc r. 117 

When we look into object nd 
r m nl, Ih ~. r " JI 

indicator, which i /3/ ing, m c', TIl I h 

and the object match in number an p r. 0 11 In 

marker. They also agr e on g nd r inc th v rb In iI 'al 

neutral form respe tively. 

Therefore, this sentence is grammatic " in 

the subject and verb in gender eatur mark r. IVh n Ih a 
III' I h\ II 

disagreement then the module will pa 

The suggestion module take the root of th 

desired output. 

tion pha 

rb and the agre m nl c lur \ I 

Example: from the above example the root of the rb '.eMIl '1 ' 'h /,. I 0 til / 

verb and the agreement features of th ubj c / and Ih I I P 1\ ' / ( C) III, 

HornMorpho generator for the de ired output. 

Subject = 3+ sing+ fem, object =3 plur + TO l o th \' r 'd / . 

The generator takes this grammatical featllre and gen rat Ih 

generator outputs 'J:flJ:fl;r:-rar'. 

The HvmMorpho generator cannot analyz adj therefore; \ 

consonant and vowel characters. This dictionary help to generate th 

adjective- subject disagreement. As mention d on 2,3 .1 ecti on ub 

inflect in number based on their consonant or 0 I ending . Therc~ r' 

disagreement occurs in the sentence, the y tern wi ll he k whether th 

a vowel ending. Then based on the re ult th appr priate ubje t form i 

rill (II 

UJI 

rrc I w rd rrn 

. 1.1 J ' 11\ • 

6 
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S.2. -gram based Am har ic gramm r ch k r 

Hi h r order n-gram impl m nt tion 

gram LM i inve tigated. 

5.2.1. The Architecture of -gram an ua 

Trailing corpus 

Tri -gram LM 

Sentence is 

~rammatically 

correct 

Figure 3 Architecture of N-gram Language model 

5.2.2. Language models 

In thl 

mod I for nmmar h kin 

Tt u corpu 

Quadra ·gr~m LM 

The LM model is built from 3-gram up to 5-gram u ing RILM t (k it. \ c uilt n- ' r3m n 

5) language model of POS tags equence along with th ir grammati ( t , . \ 

language models, for POS tag sequence P tag with number m rk r, P 

marker, and POS tags with gender marker. The grammatical featur 

POS tag mainly because the agreement d p nd on the PO ta 



reement with an appr 

rpus. 
c c 

Example: 

flJ?Vjk P> "'Mar<. sin 131m POV}'1tt1'f!- 'P· ~tn- I 
IIrl NN> Mh::< ingl31m c> h 'rtf. DJ t\ Utl'>- VP In '" 1 

>::<PUNC> 

For POS language model 

< P><N><N><NP><V>< >< >< DJ><VP> p 

For number language model 

< Pising><NJsing> < VlPlur> <Njplur> < in > < VPI ing < in 

For person language model 

<NPI3><V]3><NJNN>< 3>< VP I3>< 3> 

Gender language model 

< masc><V]NN><NJNN><NJmasc>< VP/ma c>< ma c 

This sequence of grammatical features were u ed to de elop the P ,num r, pc n n 

gender LM for trio, quadra- and penta-gram LM. Th input igncd \ ith pr 

to determine whether the sentence is grammatically corre t r not. 

the sequence probability is greater than the true h Id alue and in lid 

value is selected by taking numerical point from 0-1 and the 

entence is taken as threshold value. In thi appr a h the ele t d pint 

0.01,0.001) and 0.01 is taken as the thre hold alu 

The test set which contain the PO numb r per n and gender fe tur' ar' 

quadra- and penta-gram LM. 

• t th' lri- . 

6 



E, mple: 

'J%fD< > ~.ear< VP/PLUR /3/ !<P 

C> OJ.en..:r-rar< P/PLUR/3/ 
'1£- PREP '-1'7 

PL R 

Tri -gram LM results of th folio 

POS sequence: VP PU C PREP P P P 

Number sequence: VP /PL UR VP / LUR PIPL R PL R 

Person sequence: VP /3 VP /3 1'/3 3= .1 

Gender sequence: VP / VP/ 

Each of the sequences is computed with th a igned thre hold alu 

the tri-language model result 0.64, 0.09 0.1 and 0.0 for PO ,num 'r, P" en 'r 

sequence respectively thus each of the probabi lity i greater than the thre h Id lu" . Iherd r " 

the sentence is grammatically correct in ea h of morpho- ynta ti ~ atur '. 



5.3. DP for Amharic grammar ch ck r 

5.3.1. Architecture of DP for grammar h &dn 

e::- ~ 

Treebank corpus 
""'- -

,If 

r MaltOptirnizer I 
,~ 

/ I B est fit algorithm 
... selection and 7 

feature model 

Figure 4 Architecture of DP for grammar Checking 

~ ~ 

T Ucorp'a 
""'- ..... 

\ 

MaltPuser 

," 
DP Model 

" I:.... .......... 

Parsed data 
"-- -

~ 

Rule based grammatical 

analysis 

Detect and 

report grammar 

L 
~ 
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5.3.2. MaltOptimlzer 

Th preprocessed Tre bank orpu 

validalion is done by ch king th 

ofli ial validalion script from th 
(2 ]. 

Th 1001 also selects a uitable algorithm and arur m d I ..... h, h I 

To elect a best fit par ing algorithm th t I fj I plil Ihe dat to I 

on the data size. If the corpu i alar edt 

fo r development testing (simple train-d lopm nt t 

for smaller data sets, where a single e aluation 

needed to run cross-validation is tolerable. Hen 
tim t mighl 

our orpu 

5-fold cross validation method. Then MaltOptimizer explore a ub el 

implemented in MaltParser and choose th ui tabl par ing algorithm. 

A feature model is a history-based featur model for predi ling Ih· nt: t I II n in Ih. 

detenninistic derivation of a dependency tructur which mean th I II u . Ih . 

partially built dependency Structure togeth r with feature of the t gg d Input 

that make use of the partially built dependeo y t th' 

of the data format, for example DEPREL in the 0 LL-X data ~ rmal, 

string corresponds to the INPUT category of the dala format, ~ r ampl 

FORM. 

5.3.3. MaltParser 

After optimization is done, MaltParser will Jearn and par e wilh th Ie I d I nth. an 

feature model. In learning phase, MaltPar er take Ihe Treebank rpu \ Ith the 

algorithm and feature model as an input to develop a DP model. W u d . (luI! Ie' rntn ' 

method (UBSVM) for learning (training) phase. 

In the parsing phase, the DP model is used to par e new data. Unp d 

formatted according to the format that was u d during training (e cpt th t th' utput lumn 

for HEAD and dependency relation (DEPREL ar mi ing). In ur lu n 
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o the CoNLL-X data form t repr nt t 

p rsed data. 

5.3.4. Rtde based gramm atica l anal 

naly is of grammatical agr m nt ill 

di cuss~d in section 5.1.6 i u d t anal 

the words are presented a fun tiona I nd I 

their content words. The followin e ampl 

corpus. 

Example 

NOUN 

pi cr the Input 

I gre men 

th output f th par In m ule r III th · 

4 

.. _- .••. ~. or - ! 
.il,: . ,:.IJ;',I; : 

, H " - !I 
.. .:' H , 
. .. , ... , • .. - • __ .... _ -4" 

3 '} '} PART ACC 

5 V V PRON SUBJ Gender=Ma cl umber- inglP r 4 

C on=2 

6 



Table 6 example Is the output of the par log modul e 

This sentence is presented in content word form along with th lu 

FEATS value is also changed while mergi ng th word. Here th F th . 

ubject, object and the indirect object grammatical ~ ature marker epar led 'I/' rc ()(: 11\"" • , 

the word does not have a FEATS value, it will have ' or underscor m rk r. 

Example 

M7Cl M7 VERB VERB *Gend r=Ma 1 umber=SmgjPer n-_I r I 

Cl U'-

6 



The grammatical analy e modul ill th n 

DEPREL that are important to aaalyz th 

important element becau ro i a uniqu id nti th 

holds the morpho- syntactic fi atur of th w rd nd H AD 

between the words and DEPREL hold th ata ti inC! nn ti n the w r 

The grammatical analyses module tart by analyzing the fi t w rd In th' 'ntcn c, for m h . 

above example the first word has ro = I , F T = . -'I umbe Plur I .• f . 

= obj values. ." PRII. 

The module identifies the dependency betw n the word by looking th' luc f HE I h. 

current word has a HEAD value of 4, which mean the word i depend nt n th' w r with I 

number 4. Therefore the two dependent word must agree n the v lu' I.C. h. 

grammatical agreement). 

-'INumber-PlurL, 4 obj 

4 ·Gender-MascINumber-SingIPer on=21UL II n ubj 

The grammatical analyses module take subject marker of both w 

possesses the same agreement according to the language behavior. The bj t and Indlr 

will also be analyzed if the words have grammatical feature marker whi hindi t· th' 

indirect object. The subject, object and indirect obj ct marker of the w rd mu t m thln "n cr, 

person and number values. 

The ID = 1 word does not have a subject and indirect object marker in hi h It I r 'pr nt· '1 

'_' but has an object marker which is umber=Plural wherea the 10 

marker Gender-Masculine, umber-Singular and P r on=2 but d 

indirect object marker. Hence DEPREL valu indicate the word 

entence respectively. Notice that the ubje t of a entence i er 

6 



grammatical agreement b au of th lit i V' hen thl 

the system wi ll assume that th nt n gr mm I I 

words are grammatica l orre t. 

The module wi ll then ontinu to analyz th 

= -Gender=Masc/Number= ing/P 
o • 11 and DEPRl-. 

i extracted because the HEAD of th 
rd indi t d the depen en rdatl n eil 

4 ·Gender=Masc/Numb r= ing/P r n=2/LIL II 
n ubJ 

I I ·Gender=Masc/Number= ing/P r on=2/LIL 0 r t 

The subject, object and indirect object mark r are identified. The w rd Wllh I 

marker of Gender=Masculine, umber= inguJar and Pers n- 2 but It d . nth 

indirect object markers hence it is repre ented a _ . wherea , ID . II h uline. 

Number=Singular and Person=2 subject marker but doe not po e e bje t 

markers. DEPREL indicates the ID = 4 is ubje t of a sentence and 10 II I Ih 0 r I mai n 

verb) of the sentence. 

The gel!der, number and person marker of both words matche with ID numb r 4. I h or ° rc Ih . 

sentence is grammatically correct. The ystem will continue to che k c h w rd 10 Ih enlcn' . 

until it reaches at the end of the sentence with the same procedure menti ned a 

o 



Chapter Six: Experiment nd Evalu tion 
Experim nl and evaluation of Ih Ihr ppr h I pr Ole Pr 

higher order n-gram LM and DP ar pr nl In thi h pier rc peell el • 

6.1. Probabilistic with rule ba ed approach 

A presented in the archit tur in 

as follows. 

6.1.1. HMM POS tagger 

tion . 1. I 

000 POS tagged corpus was cIa ifi d into two 

contains 90% of the total corpus and th 

h th mule 

the trainin ,and t t 

ontain 10% 
tagger was trained by using two algorithm 1. . HMM and TnT. Th rc ult 

~ I d ~ -

. --

rp . [h·P 

~ -.. --.----~ ~.-- .. ---- '" 

HMM algorithm (without smoothing technique) 79.9% 

. , ""~"~(~;, ,, , .(~bqJiTi!" lii(,;.,j,1101 ! 
-- -. 

: 'III I . 

. , 
• • - ''''''_~'.:r __ ~~=,-,~ ...... _..Qr,__ ~_ ........ 1 
TnT algorithm 69.2% 

Table 8 POS tagger evaluation 

As the above table shows better performance i achie ed by HMM I nthm \\ Ilh It 

smoothing technique therefore HMM algorithm with moothing i U I ' 'In 

algorithm for this approach. 

6.1.2. TnT Chunker module 

509 semences were manually chunk tagged in which 10% of the chunke 

By comparing the result of the HMM and TnT algorithm the n whi h p 

r t· tin 

nn 



hunker algorithm. HMM p rform 

better than HMM, whi h i 3. % 

6.1.3. Feature Extraction 

We evaluate SOy extra tion modul m nu 
stem correctly identified th ubj ct bj 

feature extraction is not correctly id ntifi d th n all th u eedan 

word class is incorrectly extracted by thi m dul th n th 

wrong v/ords. 

Preci ion (%) Retail (~.) 

Table 9 feature extraction 

ur 

85.8 

Incorrect feature extraction can occur for different rea ons. As we b erv d fr m ur p 'nm nl, 

for instance, an adjective is detected wrongly mainly because of wrong P 

fails to be correctly detected due to incorrect POS tag . If we look int 

the subject detection fails because of wrong chunking. The phra in n cnlen I an rrc II 

chunked that will lead to detect the wrong ubj t. 

6.1.4. SOy Sequence checking module 

SOy word order is manually evaluated. Here our a umption i ubj I, ~ . t 

sentence always come one after the other. Ev n though OSV i a alid 

language [35]. 100 correct SOy order enten were given 10 



enlences were detect d an in 

a enlence. The accura y f 

Example: a>-.e-.e-~1N B-NP _ m~6.CD- P f- P 

::PUNC 0. this sentenc wa del Cl d Ifle f 

sentence was wrongly detected or anal d. Th 

Subject: -ra'lt ; Object: a>-.e-.e-';"1 ; Verb: (fOrT) 

The object ta>-.e-.e-~'} 'precedes the sub) ct 'Mt ', a IIf a Impflon, fir ' \ nf n 

valid sentence if it has S-O- V word order. Th r O~ in fhi Impl ', In 
because it has an OSV sequence. 

6.1.5. Agreement module 

The agreement and suggestion module i evaluated manually by che kin e h 

the precision, recall and accuracy metrics. 

Precision (%) 

Table 10 evaluating Agreement module 

Note that HornMorpho analyzes only noun 

analyze adjectives with HomMorpho we a umed all adjective 

simple ~xperiment to evaluate the performance of HomMorpho 

all adjectives from the WIe corpus. Th P rformance of the anal 

the words because of the duplicative beba ior of adje Ii e and th n Ip. r d 

nf n I 1m 1I1 I 

in 

n I kn \ ' th' 



word itself. Wh rea 1.1 % 

are derived from noun . 

76.5% of overall accuracy i a hi 

detection in feature extraction ph 

6.1.6. Suggestion 

IT II 
10 the -

If the agreement modul e in orr tly id ntifi d th agreement th n the u 

generate an incorrect an w r. If incorr t d t 

suggestion of the given incorrectly d t t d w rd i n t 
ur 

unt'd 

generated word is correct. The re ult of th ugge ti n module I 

table. 

Suggestion Precision (%) Recall W.) 

. "II1(.'J ;m-i 
.~_...:.... .... __ • 'F' 

Subject-verb 27 21 

.,:i -~ --

• ~._ v_ .. _~' _. 

- -.-__ .-"- ....... u~~ ... _ • 

Adverb - verb 44 44 

, rph . 

4 

• 1 - - .-:::::::-~ - • I 

- . -------- .. _-
Table 11 evaluating suggestion module 

The suggestion fails to generate the correct output because HomM rph gen r I rd' n I 

know the given root -feature combination and generator does not yield the rre t ulpUI r Ih . 

given feature. 

In general, the whole process (this approach perform 61 % of a ura hil' th' r 'mainin ' 

fails because the feature extraction module fail lur c, Ir. Ii n 

module fails mainly because of wrong POS tag therefore We furth r dem n tr Ie th' e ' . I 

POS tag in grammar checker by gold standard POS tagged data a 

on the following section. 



6.2. PoS tagging as preproce Ing 

POS is a very important input for a ma hin I mm pr 

experiment by including POS tagging in th r pr e 

tagger r.:lOdule because we ar u ing th m nu II P 

module. We used the te t set that e alre d pr p r d 

manually POS tagged. 

6.2.1. Chunker module 

• \I.e h e 

The chunker module which i trained by TnT i u ed to hunk th I t 

be passed to the feature extraction. The ent n 

by SOY sequence checker. If it is a valid 

mentio~ed in the above section, the agr m nt module will u e H m 

generation for suggestion module. Thi experiment i done to mp r th 

in grammar checking system using gold standard corpu . 

6.2.2. Feature Extraction and SOY sequence checker 

The output of the chunker module is pas ed to the extraction pha e t 

Ul I qll 

~ . I. 

verb, adverb, and the adjective of the given entence. The following t Ie n.:pre ' nl th' ut III 

of the experiment of each feature with SOY quence checker. 

Detection Precision (%) RecaU (%) Accurac (~.) 

IS 



As the experiment shows, the dete tion 

instance, the adverb of senten e dete tion in r 

the system identifies a word with an ad rb t 

the system detects all adverbs that xi t in th 

because based on our assumption th verb al a i t at the end 

POS tags. Therefore, the system directly go th end fa enl n 

entence. 

Detecting object of the sentence improve in ignificantly comparing Ilh d crb nd U ~ c I 

the sentence. This is because of the complex natur of thc bjc t in Ih mhan 

mentioned in previous sections, the sy tern only take a word a an bj 

marker and direct object of the sentence. But ac u ative ca e marking i n I n 

condition for a word to be taken as object marker [46]. The obje I mark r 

double clitic even though clitic doubling is debate many research r nd hi I ry mh, rt 

literature on object marker [46]. 

The SOY sequence module is dependent on object extraction and chunkcr UlpUt. I the ~c I i 

not detected correctly, then there is a great chance thaI the cnlen I 10 

extraction performance scores 87%. The subject detection perfonnan 

accuracy. In most cases, the subject was wrongly detected bccau c Ih hunk r m ul- did n t 

chunk correctly. 

Hence, the overall accuracy of the system increa e ignificantly. If fc tur C Ir II n I· 

identified, the agreement analysis perfonnance al 0 will increa c and if -

correctly identify then the agreement analysis perfonnancc will dccrca . 

rr II 

ad · 

6 



6.2.3. Agreement module 

The agreement of adj ti e - ubj t ubj t- rb, 

as follows. 

Agreement 

Adjective and subject agreement analy is mcr a 

JC 1 

ar 

from 79 to 4% f 

correct detection of subject and adjectives. The other reason for better p rf, rrn n 

output of HomMorpho analyzer. 

Adjective and subject agreement in number, p r on and gender featur m r r I 

each of the feature markers is matched then it icon idered as valid lh rwi m alld 

Subject and verb agreement do not make a ign ificanl change. The main rc n I ' Ih 1 in h 

experiments the verb detected correctly with the preci ion of 100% in e lh er 

appears at the end of every sentence and the y tern looks the erb al lh nd f Ih' 'nl'n . 

(refer section 5.1.4.). 

The upsurge of object and verb agreement is % of accuracy. The crb mi hI nIh ld n ~ t 

feature marker or hold the feature marker of the indirect objc t in 'nl n ' . \ h'n th i 

exception occurs the object and verb agreement will be taken as alid. Thi 

for all sentences therefore further investigation i needed for th ~e I nd \ cr a cem nl. , , 

[46] explains this effect by giving the following example. 



Aster doro- wa-n la-Girm at ~ '- .. tflf-il 

Aster chicken-DEF.F-A CC to-Girm .PF-3F, 

'Aster gave the hen to Girma. ' 

In the above sentence, "Ui-Girrna' i an indir I bj I f Ih nlen 

accusative agreement with it. But the accu ali featur i 

the direct object. However, the verb-obje t m rk r reference th indlre I 

person masculine singular) and not ' the hen' tbi rd-p r on feminin mgul r 

HornMopho analyzer outputs incorrect agr emenl feature for obje I and cr 

identification of the root/stem of verb and noun r pe lively. And r m 

analyzer does not know the word grammatical feature mark r. 

The adverb and verb detection increase with a pre i ion of %. The ad 

a bigram model since HornMorpho does not analyze adverb[42]. Th imm di t 

adverb is taken and analyzed. The higher probability of adverb will b 

tense marker and the verb will be analyzed with HornMorpho and if Ihe ad 

on the tense form then the sentence is correct tense feature marker. Otherwi 

the" rd , th 

be considered as incorrect and passed to sugge tion phase, Better perform an c c n 

by increasing the vocabulary of adverb hence we extract the ad erb fr m th' rpll ; th ' 

vocabulary is very much small. 

6.2.4. Suggestion 

The suggestion module takes place if the senten e fails to match in agreement. Th' m ul' \\ III 

lake the word in the root or stem form with an appropriate feature of the w rd. The . ug 

given for grammatically incorrect word. 

The suggestion performs 72% of accuracy In which it generate aim t II 

incorrect words. Since the Amharic language i very inflective, it might fail t 

mmJl1 .11 



when building up the root with featur 

fonn a word. 
n th 

The result showed a significant in r a in th 

sentence using gold standard PO tagg d dat 
nn n e n 

identifying syntacticall y i valid . Th r ~ rc 
high u Itl 

needed for error detection in grammar h r 

6.3. N-gram language model based grammar checker Ev lu tion 

The prepared test data mentioned in section 4 . . 1.5 \ hich ontain 

80 sentences are grammatically incorrect ent n e and 

number, gender and person). The remaining ent nce are grammati 

probability of a sentence is less than the gi en thre hold valu 

grammatically incorrect sentences. 

The error coverage of tri-, quadra- and penta- gram LM i comput d and pr nt d In Il mn 

label 'correctly detected ' and 'Incorrectl y detect d . ' orrectly dete t d' lumn repre 'nl It e 

valid and invalid sentence detected by the LM which are in fa t alid r 10 ltd. Th 10\ ,III 

sentences which are detected as correct sentence or vice versa i rcpr' ented 10 'In rr· -t 

detection' column. 

Tri-gram LM 

Correctly detected Incorrectly detected ccur C) 

Table 14 Evaluation of Tri-gram LM 



The table represents a ent n e \ hi h h rre I 

iwcorrect sentences as corr ctl y d t t d olumn. 1O 
gr t'tTlenl In 

I better than number agr em nt be au II I" el I I n 

QUldra-gram LM 

Cor rect! detected (ncorr II)' dttttttd 

Table IS evaluation of Quadra-gram LM 

ur 

In quadra-gram LM, the result is similar to th trigram LM. The de! ti n 

high and 

fal c siti,' i 

The error coverage of person and gender agreement increase compar d t th tn - am L f lie 

to the rise of false positive quadra-gram LM result in detection number gr 'crncn! dl n! 

performance improvement. 

Penta-gram LM 

Correctly detected (ncorrectly detected ccur c 

Table 16 evaluation of Penta-gram LM 

o 



pentagram LM did not show a high p r 

LM did not correctly det ct half of th di gr m nt In number r 
In 

ifi nt In rc Cin e C I 
performance. Pentagram LM did not how a i 

occurred in a sentence becau e th languag model d e 
n t Over 11 the 

language and the sequence of feature marke re rar In the 

lop the - r m LM i model. In addition the corpu used to d 

from data sparcity. 

6.4. DP evaluation 

For evaluation, MaltEval toolkit 
metrics. 

6.4.1. Algorithm selection 

Table 17 evaluation of DP 

u ed. Thi to I holds LA 

the 

m 11 

• me ue • t 

The table shows NivreEager algorithm show the LAS improvement fr m th' a elm ' 

75.08% with 2.019% but the NiverStandard with pseudo-projecti e alg rithm h w ~ 

improvement over the baseline. Therefore NiverStandard with pseudo-pr ~ 

best fit for the data. 



, 

6.4.1. Paner 

The output of MaltParser (DP mod 

LAS u 

. " " 

'-.. .. . 
Grammatically 

Incorrect 

sentences 

86.8 

Tablr 18 evaluation of MaltParser 

6.4.3. Grammatical analysis 

96.9 

lu t d nd pre nl 

L 

ur 

Grammatical analyses of input sentences are evaluated using accura y me uremcnl m Iri I he 

accuracf of correct and incorrect sentences is pre ented in the fo llowing I bl . 

Accuracy 

Grammatically incorrect sentences 1.3% 

,.. :' 
• I 

- ---~ .... --.- .... -

Table 19 evaluation of grammatical agreement of DP 

As shown in the table 18.7% of grammatically incorrect senten e 

sentence. This is because the parser fails to annotate the words with 

whereas 15.3% of correct sentences were detected a grammatically in rre I enlen c '. 



6.5. Summary 

In general , considering th t th ~ II \ Ing r ult W bl inC : 

~ 70.4% of error analysis was carre tl 

correctly detected by only DP. 

~ 60% of error analysis wa correctly d t 

approach and 11 % of error det tion i 

~ 47.7% of grammatical error detection a 

b DP where he 

by pr b bill II me h '" I 

d b nly Ihl ppr h 

9% of the test data is recognized only by thi approach. 



Chapter Seven: Conclusion a nd Rec mm d ti 
1.1. Conclusion n on 

probabilistic with rule based approa h i ondu t d t 

Amharic sentence. Rather than condu ting on rul -b 
the gr 

probabilistic with rule based approach of tbe t\ 

the Amharic language. 
ppr he urp n dete tin 

The second experiment use tri-gram Quadra- r m and pent -gram I n ua'e mit 

long distance grammatical correctne of a nt nc . Th langua m uil 

number tag, person tag, and gender tag. For a i en nten e with 

morphologically rich language like Amharic large data et i ne ded t tr In 

higher order n-gram LM did not show a significant increa e on the p 

comparing to the 3-gram LM. 

The third experiment is conducted to handle grammatical agrecm nt b 1I In P I hi 

experiment has two phases. The first phase is parsing the input senten u ing tht P m cI an 

the second is grammatical analysis phase. As of the fi nding, DP i ui t bl in h ndhn In) 

distance agreement in a sentence. Hence DP us a label (HEAD) t nn t t· th 0 deptn tn 0 

exits among the words. Based on the assumption if a word i dependent n the ther. then til 0 

two words should agree on grammatical feature . Moreover the DP rumn It I al 

information (DEPREL) i.e. Dependency relation to the HEADwhich in i ate \ heth or th' w r 

is an object, subject or indirect object of the entence this label help t h ndl th 0 re' w r 1-

order 0: Amharic sentences. The DP approach surpa s both probabili ti \ Ith th' rule-

approach and higher order n-gram LM in hand ling long distance agre ment with In 

and free word order. 

7.2. Recommendation 

Based on the findings and limitation of this research the following Ii t 

future works for researchers interested in tbi domain area. 

'-' 
', ...• t 
." ... 'I;. 

" 

• -, I 
:, ~, 

I .. I. 

" ~ t .... . \ 

. ' 
" 

" 

'nten . 



> Corpus: corpus quali ty is import 

used in this research suffers from an in 

to develop better data to implem nt th 

> Object - verb agreement is a chall ng in d t ling a rr I 

behavior object is somehow hall nging in d t ting th 

Objects in the language mayor may ha 

indicator morphemes might not be uffi 

agreement of an object and a verb tbe rb nee to ha an bJ 

verbs which do not have an object featur marker. In our t m pr a ali i I 

with rule-based approach) when thi exception 0 curs, the 

as a correct agreement between the obje t and verb. But thi rna ht n 

sentences in the language. Therefor we recommend in e tig ting m r' ul Ih 

and verb behavior. 

> Adjectives are derived from nouns, stem or verbal root by dding u a c 

have a reduplication of consonant to indicate number feature m rker. The rcduph .111 n 

behavior of adjectives needs to be addre ed in how to analyze n 

form of the adjective word. This research work did not addre the rcpetltl ' ch 

adjectives. We recommend considering tbis behavior of adjecti on th utur w rk 

> Analysis of adverb should be handled in a certain way that better re ult t hi '\'I.: 

rather than extracting a list of adverb from a certain corpu '. The r a ' n a' th. I Ih' 1.11.1 

derived from a corpus will give an unsatisfactory result. 

s 
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Appendix 

A. POS tag with their description 

-p t.g. De criptlon 

iql. 

- --~~---~~- --- --
ADJPC Adjectiva l phrase wIth c nJun tI n 

. - -~_ ... _------.;~--~~ ..... , ... 
~ ... -C>. - ~, ---~. j', :. ':--~ ,';".'·~.Ir. 

AUX AW(1hary 

- ~::-;:~i.fffiY:IT",. >,1 • .. ) I~/-.,.,., :;',".!""l - .. 

- -. ----_._------- . __ .. --
INT Interjection 

~4.·~ ... , .J"':rIe.o-~"'<#';-)"' ... ~...,...;~. 

_. -~-;-~ ... ·~·:;:-~'";~·i.!:-·:- ;;~L':':'·-:· ',;l~~'lU'~ 

. -----.-----.. - .. ~-~--. - - .-
NC Noun with conjunction 

• - ~ - -: "· ... '! ....... ~~;;:;r-r-,->~-... ~1;,;'11 ,I I I 

'< 4 • ...: .. " .:.:!_~. ;: _ '~_=- ~~~~J • • 

_ • ... !-~_Lu~~~-::..~ __ ...... _ 

NPC Noun phrase with conjunction 

, . .~!=--M-~~~ ~.~ ~::~;:~Z.: .--7~~~: ! q;l (. h t r: .. I 

- -.----~~---~-=~ -'':~-

NUMOR Ordinal Number 

-. --"~--~~=_-:-_-::--~rrJri1:r.r, ... ;,., 

NlIMPC 
.- ~.-~~'- ~." ~'" .--

Number phrase wIth conJun lIon 

- -- ~~~- .-- ~ --.-.--.....--.----~ - -r~'1 .... ~ 1 • 

..... ' •• _,_ .... lo,j. ••• .--,._'_' .. -

o 



· -
- - ---'-_ ~-l...!:......_-_, ::-::. '--...:: -

vc Verb with conjunction 

VP Verb phrase 

.- ~l~~ __ ~ __ ~;. -~~.. :rt:r.;~~if~i, 1_. " I 

~ ~ .. _ .. ,"- --~- ... ..,. .. --~ 
VlEL Relative verb 

Table 10 List of Part of speech Tag with their description 

B. Chunk tag with their description 

Chunk type Description 

- ~r·F·d'·f' 

~ -----.~---.- .... -. ~ - . 



C. possible values for the dependency relation label. 

tleId lumber Field name 
DH(rlptioa 

where tag set dependJ n ' 

language 

on part a ul r 

separated by a vena 1 bar ). r 

92 



d pen n Ihe: 

ole lhal dc:pcrl(iln on 

trc:c:bank anno Ii n. lhe: \Iq)(fll,knI~\' 

relation may 

simply 'ROOT 



mealUn uJ 

D. Sample of grammatically incorrect sentence 



c " .,...,ttPJ:rfOVctn·l-M.ODfTI9" I",· 

1 . ~=M-th"'lnn?'''~ 1" 1"U'C\.I!4·trocntl·l-:: 

E. Sample of grammatically correct sentence 



. ~ '{l It· '(")(\"'U' ;JC\ 

. 14 'iMCro ot)tJ\{lt-; ,t . 

O. h. try·rMCli"iMVCDc.t- CD! • 

21 . ~f~l1.hJ?:(nl'llToMhC\Clll '} 

2 . Clt4'1-h 14 7t'i"'!.Clt:'lrn-hl'i c.n-

m " 

2 . ar l" ~Cl<M' ;r-t/\,n. ~nI'lMro~ '} "l.f'lt-~rrn 

24. h~ctt-205 ~'H"~J'arnCD~il7t-''far-t-o'''l'In-:: 

25 . h~ '}Mth"'!.71ar'l'aroc~'M11 0 \r'};r 'T'G. ~ '}!"'I./I;J"t-t1" ":: 

26. rohCo,·p h rT) l'I..n·r~ro'?CClot)·rIlClC'i'\;PM,}Il)-I'1"m .\/1 '{:: 

27. flt'lmCJarMhv" ,t·rCDCtry{ltfl"c.flll '}!"'!. .eSClrTJl'I..nC;:CJ Cl~ 1"I1'I..1l~~f~ 1.£.",1'1 '1'- .• It.. C\ :: 

28. ~rr{lY.';~f,}M9""1IlCCJV/TO"f{l.9'tl'ltry1fcf"TC'~ht# jt~')c'pfl'(\+'{ot)c.:: 

29. "1.lttrrot'l·h,\ fV-Vt4c;"fCJCDc."l £t:C)?:o,+f5 HMV-VV"ID'IrTJ<f>l'iot)1tU .l-~ 1!'rflt-m7M C\ :: 

30. \'" arC'.T u·(\ c. t " roll tL1'. C':f Cl?'fA (If iI6. CJ 1It-+ ,g.CI>.qO),f'I /TO":: 

31. t'lV'l'I..arl"6.4:\roflt-255 ~t\"kJ<enCD!CJ"'!.(lfMIf·~ar:: 

3 2. """htt-trfIH'I'?i7ftt-llC fS":flClrocroc" 71:: 

6 




