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Abstract

As an enormous amount of structured data has been produced on the Web and available
on online data portals in Amharic language, intuitive ways of accessing this data has
become more and more important. Therefore, some question answering approaches have
been proposed for other languages by researchers so far. However, as these approaches
are language specific, they are not capable enough to capture grammar construction and
statement formation of the Amharic language. On the other side, various researches have
been proposed to retrieve for information from large repositories of Amharic text
documents via using keyword-based search and semantic-based search. But they have
lack of delivering direct information to the user; instead, they retrieve documents

containing the needed information which user must scan to get information.

In this research, an effort has been made to design a new approach that allows the user to
formulate a question in Amharic natural language using their own terminology to which
they receive direct answers. Word embedding, Data indexing, Query template
generation, Resource matching, and disambiguation, and Query ranking and execution
are core components of the approach. Word Embedding component is responsible to
construct vector representation of words based on the statistical distribution of words co-
occurrence in an Amharic text corpus. Data indexing is intended to build indices for the
purpose of speeding up the resource matching. Query template generation is responsible
to interprets user query using the neural based semantic parser and generates the
corresponding domain independent query template. Resource matching and
disambiguation is intended to grounding domain independent query template to a given
linked dataset through matching resources and disambiguating datasets to produce
domains specific queries. This component produces several possible query templates
which they are ranked and the top-ranked query is selected to retrieve answers via Query

ranking and execution

The approach is evaluated using test data benchmark on Amharic linked dataset. The
benchmark encloses 50 Amharic questions annotated with corresponding query
templates and answers. It achieved average recall of 0.58, average precision of 0.43, and

average f-measure of 0.50.

Keywords: Semantic querying, Question answering, Neural Word embedding, Neural

semantic parser, Semantic matching, Resource disambiguation, Template generator.
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Chapter 1 — Introduction

1.1 Overview

Since digital technology has emerged, a massive amount of data has been produced in a
structured format. Large data is available from online transactions, social networking
sites, statistical data, online data portals, and etc. In addition, data which had been held in
paper or hard copy for a long time has been converted to soft copy to share them with the
public. For instance, the Ethiopian government as part of the eOffice project to decide to
change part of the paper-based reports to be converted into its equivalent electronic
version. Especially, the Ethiopian government developed an open data Web portal that
allows organization to publish their data [1]. These large collections of data contain a set
of facts in multiple domains.

On the other hand, the DBpedia community project extracts very large, structured,
semantically rich knowledge from Wikipedia and makes it freely available on the Web
using Semantic Web and Linked Data technologies. The project extracts knowledge from
different language editions of Wikipedia and releases all DBpedia knowledge bases for
use [2]. One of the releases, Amharic DBpedia, is extracted from the Amharic version of
Wikipedia, provides a wealth of human knowledge across different domains [3].
Linking the above-mentioned data sources to Amharic DBpedia results in a large
collection linked dataset that allow user to acquire valuable information across open
domains. But ways of accessing information from these large collections of data has

become a critical issue.

A number of formalisms have been proposed for representing data and metadata on the
Semantic Web. In particular, RDF, Topic Maps and OWL allow one to describe
relationships between data items, such as concept hierarchies and relations between the
concepts. A key requirement for the Semantic Web is integrated access to data
represented in any of these formalisms, as well the ability to also access data in the
formalisms of the ‘‘standard Web,”” such as HTML and XML. A wide range of query
languages for the Semantic Web exist, ranging from (i) pure ‘‘selection languages’” with
only limited expressivity, to fully-fledged reasoning languages, and (ii) from query
languages restricted to a certain data representation format, such as XML or RDF, to
general purpose languages that support multiple data representation formats and allow

simultaneous querying of data on both the standard and Semantic Web [4].



Semantic queries allow for querying and analytics of associative and contextual nature.
They enable the retrieval of both explicitly and implicitly derived information based on
syntactic, semantic and structural information contained in data. They can deliver precise
results (possibly the distinctive selection of one single piece of information) or answer
more fuzzy and wide open questions through pattern matching and digital reasoning.
Semantic queries work on named graphs, linked-data or triples. This enables the query to
process the actual relationships between information and infer the answers from
the network of data. This is in contrast to semantic search, which uses semantics (the
science of meaning) in unstructured text to produce a better search result. Semantic
queries are used in a triple store, graph databases, semantic wikis, and natural language

and artificial intelligence systems.

A Natural Language query consists only of normal terms in the user’s language, without
any special syntax or format. It allows a user to enter terms in any form, including a
statement, a question, or a simple list of keywords. The query can be simple, Complex,
compound. A simple query consists of a single and unconstrained query-desire (explicit
or implicit) and a single, unconstrained, and explicit query-input. For example, in
“CATERXe PG rl9l ehiw-?” the query desire (i.e. S hrte?) is explicit, single, and not
constrained by any clausal phrase. The query input (i.e. AF¢%#) is also explicit, single,
and unconstrained. A complex query consists of a single query-desire (explicit or
implicit, constrained or unconstrained) and multiple, explicit query-inputs (constrained
or unconstrained). For example, the query “?aA-Fe-&¢ PT 91 099 °zd\h Hovy a0t
a1@-” is a complex query where the explicit, unconstrained query desire is single (h-97)
while the query input is multiple (A+¢%¢, 4% 9°1ah Hovy ao9nt). A compound query
consists of a conjunction/disjunction operator connective between one or more simple or

complex queries. This thesis will focus on all types’ queries.

While typing queries in formal query languages provide the greatest level of expressivity
and control for the user, it is also the least user-friendly access interface. Query
languages have complex syntax; require a good understanding of the representation
schema, including knowledge of details like namespaces, class and property names. So,

exploring the Web of data by structured query languages is tedious and error-prone.

Various researches [5, 6, 7] have been undertaken in the area of searching and retrieving
information from large repositories of Amharic text documents. To do these activities
they used different information retrieval (IR) techniques; keyword-based search and
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semantic-based search over unstructured text document. But the existing searching
system over Amharic documents have lack of delivering readymade (or direct)
information to the user, instead, they retrieve documents containing the needed
information, which the user must then scan to search for pertinent information. The
purpose of this thesis is to come up with a new searching approach dedicated to Amharic
Web of data that could show improvement over the existing searching engines by

semantically processing user query and retrieving direct answer over the open domain.

Generally, this thesis will provide an approach to retrieve information from a large
collection of linked data, such as the Web of data. The approach allows users to
formulate a query in Natural Language (NL) using their own terminology to which they
receive a concise answer generated by querying a knowledge base. Users are thus free
from two major access requirements of the Semantic Web: (1) the mastery of a formal
query language and (2) knowledge about the specific vocabularies of the knowledge base
they want to query. Many types of research related to this thesis have already been
developed for the English language [10, 11, 12]. However, these researches do not
address the basic characteristics of the Amharic language. This thesis is about Amharic

natural language query answering over Amharic linked data.

The Ambharic language has its specific way of grammatical construction, character
(Fidel) representation and statement formation [15, 16] where system depends on query
processing. So, the query construction and answering techniques in the Ambharic
language are different from English and other languages. The research work will attempt

to identify the basic language specific issues in query processing.
1.2 Motivation

Recently, the Ethiopian government developed an open data portal and allowed
government offices to participate in publishing structured data as open data on the Web.
As many organizations participating on the portal, the size of these data has increased
and handles a set of facts in multiple domains [1]. These data sets together with the
Amharic DBpedia and other data sources lead to the user can acquire any kind of
information in the open domain. So there is a need for a new way to integrate and access

these large collections of structured data.

The traditional Information retrieval techniques were considered insufficient in retrieving

precise information to the user [5, 6, 9]. While information retrieval is effective by itself,



users these days demand a better tool. First, they want to reduce the time and effort
involved in formulating effective queries for search engines and secondly, they want
their results to be real answers - not the list of relevant document links. In-line with these
two prominent researches been conducted in the area of Amharic question answering.
The first one is “TETEYEQ: Amharic Question Answering for Factoid Questions” [9]. It
uses Keyword-based information retrieval (IR) technique to process large amounts of
unstructured text and as such it retrieves the documents and paragraphs in which the
answer might appear. However, the approach can’t capture the implicit relation among
terms or the semantics of words in the document. Thus, the system will respond no result
to the user (low recall). Besides, it retrieves an irrelevant document to the user (low
precision). The second is “Amharic Semantic Search Engine” [5]. It handles the
semantics of words but is limited to searching on a single domain (i.e. searching only one
kind of information). But there are user’s queries which are much complex and need

integration of information from different related data sources.

The high heterogeneity of linked-data makes it difficult for humans to search and
discover relevant information. As linked data is in RDF format, the standard approach
would be to run structured queries in triple-pattern-based languages like SPARQL.
However, such language is used only by expert programmers and knowledge Engineers
who have a deep understanding of the structure of the knowledge base whereas the use of
natural language is relatively convenient from the user sides. For instance, a user poses
the query “hA& 2eda »7a aaa+ pron47 4 &7 The answer could be found by querying
several linked data sources, about Haile Selassie and Menen Asfaw. A possible
SPARQL triples formulation: <#resource/zed~*4ad,  #property/ dan7 x> . <
#resource/2eA~a,  #property/AE7  ?y> . < ?x #property/a27 ?y>. This query
involves multiple joins, would yield good results, but it is difficult for the user to come
up with the precise choices for relations, classes, and entities. This would require
familiarity with the contents of the knowledge base, where the average user is not

expected to have.

The grammar construction of the user’s query in the Amharic language is different from
English and other languages. Simple case, in English, questions will be developed, for
example, using “Wh” words such as “who is the Prime Minister of Ethiopia?” and so on.
But the same question has a different structure in Amharic due to the difference in

character, word formation, grammatical arrangement, and type of question particles



(terms used to ask questions) used, as (PAF®XE mPAL TLLOFC 17 £0AN ye-Ethiopia
Teqglay minister man yibalal). In addition, a user may use different question particles for

one question (e.g. £0AAT20AAN-. . ).

The Amharic Language has a wide range of complexity such as lexical ambiguities (a
single word is associated with multiple senses or meanings) and complex syntactical
structures (i.e. morphologically complex). Understanding of Amharic natural language
query has the following challenges; the first is the accurate identification of the query
desire of a user-query. Another challenge is that a query can be paraphrased into multiple
forms, thereby triggering the potential of lexico-syntactic mismatches. Also, there is no
unique way to create schemata in RDF, i.e. the same fact can be written in different triple

forms and could also be expressed using multiple triples.

Given these motivations, the aim of this thesis is to design a new natural language based
question answering approach for Amharic, users have thus freed the mastery of a formal
query language and knowledge about the specific vocabularies of the knowledge base

they want to query.
1.3 Statement of the Problem

Large data is available from online transactions, social networking sites, statistical data,
online data portals, and etc. Especially, the Ethiopian government developed an open
data Web portal that allows the organization to publish their data. These large
collections of data contain a set of facts in multiple domains; it leads to the user can
acquiring any kind of information in the open domain. The problem is how this
information can be integrated and accessed to fill the user’s information need. As a
solution, various researches [5, 6, 7] have been undertaken in the area of searching and

retrieving information from large repositories of Amharic text documents.

To do these activities they used different information retrieval (IR) techniques; the most
common techniques are keyword-based search and semantic-based search. Keyword-
based search can’t capture the implicit relation among terms or the semantics of words in
the document. Thus, it will respond no result to the user (low recall). Besides, it retrieves
an irrelevant document to the user (low precision). semantic-based search, which go
beyond keyword based search is based on concept search, focuses on the text and limited
to searching on a single type of data in a single domain (i.e. searching on only one kind

of information), and require less (or no) resolving of ambiguity as system searching on



open domain. But there are user’s questions which are much complex, need integration

of information from different related data sources.

Because of these searching approaches, the existing searching system over Ambharic
documents have lack of delivering readymade (or direct) information to the user, instead,
they retrieve documents containing the needed information, which the user must then
scan to search for pertinent information. So we need another system, technology and

approach to solve the above-mentioned problems to satisfy user’s information need.

The intention of this research is to come up with a new semantic question answering
approach to find information needs of user from Amharic linked data, where it is based
on the technologies involving on structured data; semantic Web, and linked data. It is
expected to eliminate the problems of the existing Amharic question answering by
reducing the effort involved in formulating effective queries for search engines and
making results to be real answers - not the list of document links. The research work lies
on designing and developing a new natural language based semantic question answering
approach over Amharic linked data. It allows users to express arbitrarily complex

information needs in natural language using their own language.
Thus, the key research questions associated with this thesis work are:

v' What kind of approach is appropriate to find information from a large collection
of structured data? (semantic questioin answering/schema agnostic quering)

v How can we handle and represent the internal structure and meaning of a natural
language query? (Deep semantic parsing)

v' What model is important to capture data in the knowledge base? (RDF data
model, linked data)

v" What kind of approach is appropriate to handle lexical/semantic approximation
problems (Distributional semantic model)

v" How can we integrate information from different dataset resources to fill user

information need? (Resource Disambiguation)
1.4 Objectives

General Objective

The overall objective of this research is to design and implement a natural language

based semantic question answering system over linked data for Amharic langauage.
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Specific Objectives

To accomplish the abovementioned general objective, the following specific objectives

are devised.

v’ Assessing approaches that are used by existing search engines and their
limitations.

v Analyzing grammatical and syntactical structures of Amharic natural language.

v Building up an indexing structure by integrating word vector space with TF/IDF
of RDF documents.

v Collecting structured data and prepare them into forms which linked data based.

<\

Collecting Amharic question and annotating them via their corresponding logic
form

Designing a deep neural network based semantic parser.

Designing semantic based question .

Providing an approach that integrates information from different sources.

Implementing the proposed solution

AN N NN

Evaluating the proposed solution using evaluation metrics.
1.5 Methods

In order to accomplish the general and specific objectives of this study, different
methodologies will be applied.

Literature Review

Extensive literature reviews will be conducted to understand the various components of
the research. Specifically, literature in the area of interpreting complex natural language
query (methods), Amharic query grammatical and syntactical structures, lexical
ambiguities resolution techniques, and existing searching approaches and search engine
researches for Amharic and non-Amharic languages will be reviewed. Reading and
criticizing all these literature and related works helps to gain the required knowledge on
a certain subject and also assists in identifying the right methods and tools for

implementing the different components of the system.
Data Sources for the Experiment

To test the proposed system, we will use three different sets of data to undertake
experiments. The first is a collection of structure data which will be collected from
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different sources such as the government’s open data portal, online transactions, statistics
data, and online data portals. The collected data will be mapped to RDF format and then
linked to Amharic DBpedia, Amharic linked data. The dataset contains 30,000 RDF
triples. The second set is a collection of Amharic texts which will gather from different
sources including Amharic news from WIC information center, Amharic Wikipedia
dump and generic version of the bible. It is used to build distributional semantic models.
Total of 35,877 Amharic text files will be collected. The third set of data is a collection
of Amharic questions and their corresponding annotations. It is used to build and test

deep neural semantic parser and to test the overall system performance.
Experimentation

In order to accomplish the objectives of the research, different methods and tools will be
engaged in the process. Data from different sources stored in the relational data model,
we will use an open source RDF mapping tool like RDB2RDF, R2RML, to translate
them into RDF data model. Java and Python programming languages will be used as a
major development tool of system prototype, and we will integrate the Jena framework
to manipulate the knowledge base. Table database integrated inside Jena will be used as
a backend to store linked data. The SPARQL (RDF query language) is used as a query

language. Lucene API (version 3.7) will use for data indexing.
Testing and Evaluation

To evaluate the performance of the proposed solution, the system will be tested using
Ambharic linked data collected from different sources, and all query types (simple,
complex, and compound). The relevance of the resulted answer will be evaluated using

statistical relevance method recall, precision, and F-measure techniques.
1.6 Scope and Limitations

Scope

This research has been conducted to provide user-friendly access interface that allow
users to formulate a question in their own language and to deliver direct answer through

semantically quering large collection of linked data for Amharic language.

Limitation
v The searching approach does not work on textual document data to search answer

for user query.
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v Processing of query needs an understanding of natural language. It requires
implementations of other NLP tools such as chunker, NER, entity linker and so
on. Some of the tools have been built as prototypes; they are not fully
implemented. As a result, the interpretation of the query will not be accurate.

v The data quality including data incompleteness is not handled during searching
(i.e. data inference). It will affect the performance.

v The templates are generated manually. So, the system will have limited coverage

to answer question in open scenario.
1.7 Application of Results

The system can be applied in finding information for Amharic natural language queries
from large collections of data, linked data. If it is transformed into a full-fledged system,
it can be applicable as a search engine on the Government Open data web Portal to
access information on different domains. In addition, the study can open a way for
further researches in the area of Open Data and Linked Data to publish and interlinking
structured data on the Web for the Amharic language, and hybrid Question Answering
that requires the integration of information both from Structured and from textual

sources.
1.8 Thesis Organization

The rest of the Chapters in this report are organized as follows. Chapter two deals with
the literature reviewed so far. concepts of contemporary data management environments,
different data models and criteria for the selection of reference data model, traditional
search engine and its limitations, concept, and approach of semantic searching and its
limitations, approaches of question answering system over the linked data, and the
Amharic Language Writing System. Chapter three discusses the existing search engine/
question answering methods for Amharic and English Languages. Chapter four describes
the Design and Implementation of the proposed Amharic question answering over linked
data system. The Experiment and Evaluation of the system are discussed in Chapter five.
Finally, conclusions are drawn from the thesis result, the contributions of this research
work and recommendations on possible future works related to this research are given in

Chapter six.
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Chapter 2 - Literature Review

2.1 Introduction

In this Chapter, extensive reviews in the general concepts of data management
environments, different data models and criteria for the selection of reference data
model, traditional search engine and its limitations, concept and approach of semantic
searching and its limitations, concept, challenges, and approaches of question answering
(QA) system over Web of data, and finally details about Amharic language includes the
alphabets, the punctuations, the numbers, and the Morphological complexity, the
syntactic and the grammar structure of the language are presented. The extensive
literature has been reviewed to understand the problem associated with the realm of this

thesis and also to identify the appropriate solution.
2.2 Data Management Environments

The database (structured data) landscape is changing rapidly, influenced by the need to
cope with databases with increasing schema size, complexity, dynamicity, and
decentralization (SCoDD) conditions. The emergence of new data sources such as open
datasets on the Web, sensor networks, data from mobile applications, social network
data, together with the natural growth of datasets inside organizations [21], brings the
demand for data management strategies which can operate under the properties dictated

by this new data environment.

The challenges, new approaches, and trends for coping with this new data landscape are
currently aggregated under the Big Data umbrella. According to [25], Big Data is the
term for a collection of datasets so large and complex that it becomes difficult to process
using on-hand database management tools or traditional data processing applications.
Propelled by the growth of the Web and on the number of available computational
devices, data management requirements are shifting towards the need to cope with
decentralized data generation [23, 24]: data which is intrinsically heterogeneous, with

different structured levels and generated under different meaning contexts.
2.3 Data Models

The multiplicity of data model categories represents a natural specialization to cope with

different data management requirements. According to Beat Sprenger [26], analysis,
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formulation and evaluation of a query approach is grounded on a reference data model,

where a selection of the reference data model obeys the following criteria:

e Ability to represent large, complex & heterogeneous conceptual models:
Associated with the representation trends in data management

e Ability to represent and map other data models: Maximizing the generality
and transportability of the results.

e Adoption in test collections suitable for schema-agnostic queries: Maximizing

the comparability of the query approach.

The followings are a list of data models and in each sub-section; we observe how they

are analyzed according to the criteria defined above.
2.3.1 Relational Databases

The relational model for database management is a data model based on first-order
predicate logic, formulated and proposed by Codd [23]. In the relational data model data
is represented as tuples and grouped into relations (i.e. table, a visual representation of a
relation). The motivation behind the relational model is to provide a declarative method
for specifying data and queries. The relational model emerged to define a model for
describing data in terms of its natural structure, without superimposing any additional
data management structure. The consistency of a relational database is enforced by the
Database Management System (DBMS) for all applications [23], not by rules built into

the applications that use it.

Despite its major adoption, relational databases have limitations for coping with the list

of data model requirements. These limitations are described below:

e Ability to represent large, complex & heterogeneous conceptual models:

v Limitation in the representation of sparse data. Relational models target the
representation of compact (non-sparse) data. A relation is defined by a rigid set
of attributes where the state of each attribute in a relationship needs to be defined
by a value assignment, for each tuple.

v Schema rigidity. Relational models are based on the concept of a prescriptive
schema, which enforces the consistency of the data under a specific conceptual

model. Relational models constrain the evolution of the schema.
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v' Complex data integration: The integration of relational databases under different
schemas depends on a redefinition of the schema.

e Ability to represent and map other data models: Mapping is limited by the maximum
number of attributes for a table.

e Adoption in test collections suitable for schema-agnostic queries; it is a query
approach over structured dataset which allow users satisfying complex information
needs without the understanding of the representation (schema) of the dataset. Its
limitation is that the test collection for natural language over databases has less

schema size, is not sufficient to adopt schema-agnostic queries in search approaches.
2.3.2 Semantic Web Databases/Linked Data

New data models emerged to facilitate the deployment of decentralized, large-schema,
sparse and schema-less data environments. More prominently the effort associated with
the creation of a Semantic Web / Linked Data Web has motivated and catalyzed the
development of standardized data models which can support the schema size,
complexity, dynamicity, and decentralization (SCoDD) conditions. The vision of the
Semantic Web is grounded on standards-based data representation, consisting of layers

of different knowledge representation concerns. We review them as follows

RDF: is a general-purpose language for representing information in the Web. It is
particularly intended for representing information about Web resources. It is a
framework for representing information about resources in a graph form. Information is
represented by subject-predicate-object expressions. These expressions are known as
triples in RDF terminology. The subject denotes the resource, and the predicate denotes
traits or aspects of the resource and expresses a relationship between the subject and the

object.

Several common serialization formats are in use for RDF, including [34]; Turtle: a
compact, human-friendly format, N-Triples: a very simple, easy-to-parse, line-based
format that is not as compact as Turtle, N-Quads: a superset of N-Triples, for serializing
multiple RDF graphs, JSON-LD: a JSON-based serialization, N3 or Notation 3, a non-
standard serialization that is very similar to Turtle, but has some additional features, such
as the ability to define inference rules, and RDF/XML: an XML-based syntax that was

the first standard format for serializing RDF.
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Web ontology language (OWL): is a language for defining and instantiating Web
ontologies [26]. OWL ontology may include descriptions of classes, properties, and their
instances. Syntactically OWL ontology is a valid RDF document and as such also a well-
formed XML document.

Ontology: is a specification of a conceptualization. Conceptualization means structured
interpretation of a part of the world in which people used to think and communicate in
the world. Ontology describes knowledge about the domain in terms of concepts or
vocabularies within the domain and relationships between them. Depending on the
scope of the ontology, ontology may be classified as generic ontology, domain ontology,

task ontology and application ontology [25]:

e Generic ontology - describing general concepts that have a wide scope and are
applicable for several domains. Also called, upper, top-level ontologies.

e Domain ontology - describing for a specific domain, such as the medical domain,
engineering domain, or narrower domains, such as personal computers domain

e Task ontology- are ontologies suitable for a specific task, such as assembling
parts together

e Application ontology - ontology developed for a specific application, such as

assembling personal computers.

Simple Protocol and RDF Query Language (SPARQL): is a query language and data
access protocol for the semantic Web [35]. SPARQL is defined in terms of the W3C's
RDF data model and will work for any data source that can be mapped into RDF. A

SPARQL query is composed of:

e The SELECT clause identifies the variables to appear in the query results and
expression that indicates how to construct the answer to the query.

e The WHERE clause provides the basic graph pattern to match against the data
graph

Rules Interchange Format (RIF): is a rule interchange format. Rules are statements that
can be used to infer (discover) new knowledge. A typical kind of ontology for the Web
has taxonomy and a set of inference rules. The taxonomy defines classes of objects and
relations among them. The inference rules allow an application to make decisions based
on the classes supplied without needing to actually understand any of the information
provided [19].
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The problems associated with ensuring logical consistency and reasoning performance at
Web scale strongly limited the adoption and growth of the Semantic Web. In order to
increase its adoption, Berners-Lee [28] proposed a simplification over the previous
Semantic Web representation scheme, by concentrating on the data model representation
layers (i.e. lower layers of the Semantic Web stack), focusing on the mapping and
publication of existing datasets available in data silos. This simplification defined the
vision of a Linked Data Web, targeting the creation of a Web of structured data based on
a standardized data model (RDF(S)). Since the conception of the Linked Data Web

vision, datasets covering different domains have been exposed as Linked Data.

Differently, from the relational model, which depends on schema-level data integration,
the linked data Web is based on an entity-centric data integration model, where URIs
representing objects or concepts can be reused or reconciled among different datasets.
The entity-centric data integration facilitates the co-existence of different perspectives

and points of views of entities and a decentralized evolution of the data.
The publication of Linked Data is summarized under the Linked Data principles [28]:

1. Use URIs as names for things.

2. Use HTTP URIs so that people can look up those names.

3. When someone looks up a URI, provide useful information, using the standards
(RDF(S), SPARQL)

4. Include links to other URISs, so that they can discover more things.

Linked Data is adopted in the evaluation of contemporary data environment challenges
such as question answering, entity search, entity consolidation, among others. Here we

examine it according to the criteria defined above.

e Ability to represent large, complex & heterogeneous conceptual models ([28]);
support for the representation of sparse data: RDF(S) is based on a graph data
model, which supports a sparse data model, schema flexibility: RDF(S) datasets
are schema-less and can be evolved in a decentralized manner, entity-centric
integration: Support for decentralized entity-centric data integration.

e Ability to represent and map other data models: Data in a relational or in a CSV

format can be systematically mapped to RDF.

18



e Adoption in test collections suitable for schema-agnostic queries: Various test
collections for Linked Data are available, under SCoDD conditions based on
datasets with 1,000s or 1,000,000s of attributes.

2.3.3 Entity-Attribute-Value

The Entity-Attribute-Value model (EAV) is a data model to describe entities where the
number of attributes (properties, parameters) that can be used to describe them is
potentially vast, but the number that will actually apply to a given entity is relatively
modest” [30]. From a practical perspective, the EAV model is associated with
open/dynamic schema databases. EAV can be seen as the more abstract data model
behind RDF(S) and Linked Data. An EAV data model is composed of three core
elements [30, 31]:

e Entity: the element being described. In RDF(S) the entity maps to an instance.

e Attribute: the attribute definition. In RDF(S) it an attribute maps to a property or
a class.

e Value: The value assigned to an attribute. In RDF(S) it maps to an object which

can be an instance or value.

The generality of RDF(S) in the representation of data under the SCoDD characteristics,
the ability of RDF(S) to map existing data models, including relational databases, CSV
files, data log, key-value pairs, the availability of real-world datasets, the possibility of
describing complex conceptual models using RDF Schema, and its support as a data
model for a logical model, motivated the use of RDF(S) as the core data model and
Linked data as data integration model, and schema-agnostic querying as query approach

for grounding this work.

Next, we review and explain different approaches of searching/retrieving of information,

their challenges, strengths, and limitations.
2.4 Traditional Search Engine

A search engine is a software system designed to search for information on the World
Wide Web. It helps users to find relevant information from the Web, where a user
submitted query as a sequence of terms that describe the content, he/she is interested, and
in return, the search engine returns a list of potentially relevant Web documents. The

evaluation metrics for search engine, generally IR, are performed by using a document
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collection, a set of topics describing a user’s information needs and a set of relevance

judgments, indicating, for each topic, which documents are relevant for each topic.
Generally, search engines perform three basic tasks:

e They crawl the Web to collect Web documents based on important words.
e They keep an index of the crawled resources they find.
e They allow users to look for words or combinations of words found in that

index.

And consist of three basic components the crawler, the indexer and the query manager
[32]:

Crawler: is a program that traverses the Web to collect Web documents and stores them
in a database. It gathers resources (HTML pages, multimedia contents, etc.) from the

Web for later analysis by the indexer component.

Indexer: is the action of taking the resource gathered by the crawler and building a data
structure to be used for searching. An indexer extracts information of document and put
in the index file. The purpose of storing an index is to optimize speed and performance in

finding relevant documents for a search query.

Query engine: is the component that interacts with a user. It accepts the user query,
consults the indexer component, makes some ranking, and finally presents the results to
the user. The query engine may also perform query expansion in consolidation with a

dictionary that contains synonym of words.
Limitations of Traditional Search Engine

The current Web is the largest globally distributed database that lacks semantic structure
and hence it makes difficult for the machine to understand the information provided by
the user. The following are some of the key problems of the current Web and searching
on the Web.

e The Web content lacks a proper structure regarding the representation of
information

e The ambiguity of information resulting in poor interconnection of information.

e The incapability of machines to understand the provided information due to the

lack of a universal format.
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Another effort is introduced, semantic searching, to overcome the above limitation of the

traditional search engine.
2.5 Semantic Searching

It attempts to augment and improve traditional search results by using data from the
Semantic Web. The semantic search extends the scope of traditional information
retrieval paradigm from document retrieval to entity and knowledge retrieval. Its goal is
delivering information by taking into account the context of user search as well as the
underlying meaning of the documents to be searched rather than a list of loosely related
keyword results. The following are attributes of semantic search (i.e. qualities that make
it distinct from non-semantic search) [28]: handing morphological variations, handling
synonyms with correct sense, handling generalization, handling concept matching,
handling knowledge matching, handling natural language queries and questions, ability
to point uninterrupted paragraph and the most relevant sentence, ability to enter queries
freely no special format like quotes or Boolean operators, ability to operate without
relying on statistical user behavior, and other artificial means, and ability to detect its

own performance
The following are some of the key problems of the current semantic search engines

e Knowledge overhead which is requiring users to be equipped with extensive
knowledge of the back-end ontologies and knowledge bases (e.g. form-based
search engines) or specific SQL like querying languages (e.g. RDF-based query
language fronted search engines) in order to be able to formulate queries or to
understand the search result.

e Lack of support for answering complex queries presented by current semantic-
based keyword search engines.

e They are useful for searching on a single type of data (i.e. text) in a single
domain. Therefore, they are incapable of answering complex questions involving
the integration of information from collection of resources (i.e. multiple types of
data from multiple sources).

e They can’t currently provide a level of query interpretation that could point

directly to the final answer.

Semantic Web is introduced to overcome the above limitations of semantic search

engines by providing a framework for storing, managing, sharing of data, and querying
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across many types of related information. It allows answering complex questions by
integrating information from multiple sources in multiple domains, unlike semantic
search, allows searching in a single domain. As our goal is filling user’s information
need in the open domain, thus we are going to use the semantic Web framework for
grounding our approach. In the coming section, we review the approaches and the key

requirements necessary for querying/ searching semantic Web data.
2.6 Approaches for Querying Semantic Web/Linked Data Datasets

Different Authors [24, 49] describe the key requirements necessary for query processing

on the Semantic Web.

e High usability & Low query construction time: Support for a simple and intuitive
interface for experts and casual users.

e High expressivity: Queries referencing structural elements and constraints in the
dataset (relationships, paths) should be supported, as well as operations over the
data (e.g. aggregations, conditions).

e Accurate & comprehensive semantic matching: Ability to provide a principled
semantic matching addressing all the dimensions of the semantic heterogeneity
problem (abstraction, conceptual, compositional, functional). Semantic matching
with high precision and recall.

e Low setup & maintainability effort: Easily transportable across datasets without
significant manual adaptation effort. The query mechanism should be able to
work under an open domain and across multiple domains.

e Interactive search & Low query-execution time: Minimization of user interaction/
feedback effort in the query process. Users should get answers with interactive
response times for most of the queries.

e High scalability: The query approach should scale to large datasets both in query
execution and indexing construction time. The query approach should scale to a
large number of datasets.

e Semantic tractability mechanisms: the query approach should be able to answer
queries not supported by explicit dataset statements (i.e. should support data

inference).
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e Ability to query distributed heterogeneous data: the ability to find the right
sources that can answer user query and integrating partial answers found from

different sources.

Beat Sprenger [26] categorizes approaches for querying/ searching semantic Web data

into four:
a) Entity Search: Vector Space Models for Semantic Web/Linked Data Datasets

Entity search approaches utilizing techniques used in information retrieval for searching
entities (instances and classes) over Semantic Web/Linked Data. The use of vector space
models and the associated data structures (inverted indexes) is used to support query
execution and indexing temporal performance and scalability. But this approach cannot
afford full expressive natural language queries (not provide schema-agnostic queries

with higher expressivity).
b) Approximate Queries for Semantic Web/Linked Data Datasets

Existing approaches under the approximate queries category concentrate on the
employment of the relaxation of structural query constraints and on exploiting the
semantic information on the dataset to support a taxonomic based semantic relaxation. In
this approach, Users need to be aware of a partial structure of the vocabularies (low
usability) and expressive queries are supported in the context of SPARQL (i.e. partial

expressivity).
c) Visual Query Interfaces for Semantic Web/Linked Data Datasets

It concentrated on allowing users to build structured queries by exploring graphical user
interface elements. In this case, users are not abstracted from the schema, but the visual
interface allows users to do a visual exploration in a constrained subset of the data. In a
schema-agnostic scenario, where users query open domain, large-schema datasets, this
approach is likely to present scalability problems: the space of query guides can
potentially become too large for users selecting query sub-patterns and for the

computation of query suggestions.
d) Natural Language Interfaces for Semantic Web/Linked Data Datasets

NLI focuses on approaches which use open or controlled natural language queries for
querying databases. It concentrated on approaches which provide higher levels of

schema-agnosticism, better exploiting semantic techniques to address schema-
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agnosticism (high usability and high expressivity). Although some approaches focus on
the question-answering (QA) problem, in which precise answers are expected as the
output. Others focus on a best-effort scenario; merge natural language queries’
expressivity and usability with IR models’ scalability that returns an approximate ranked

list of results.

In our work, we focus on the first scenario (question answering) that allows user inquires
information’s need using thier own terminology (high usability) and retrieve top ranked
answers by querying datasets as well as to operate over the data (aggregate results,
express conditional statements, and so on). Accordingly, the next section assesses
dimensions, existing approaches, and the challenges of question answering over semantic
Web of data.

2.7 Question Answering (QA) System

QA is a specialized form of information retrieval, retrieves exact answers to questions
posed in natural language by the user. It allows users to express arbitrarily complex
information needs in an intuitive fashion and in their own language. In contrast to
traditional search engines, question answering systems allow users to pose a (possibly
complex) question, instead of merely a list of keywords, and return precise answers,
instead of documents in which the answer can be potentially found [37].

Originally, question answering had a strong focus on textual data sources to find
answers, relying mostly on information retrieval techniques. In the early 70's, question
answering then started to incorporate structured data, developing natural language
interfaces to databases [31]. Nowadays, with the growing amount of knowledge in the
linked open data cloud, interest in question answering over structured data is quickly

regaining interest.
2.7.1 Dimensions of Question Answering

Categorizing the different dimensions of question answering is fundamental for
understanding the different phenomena and challenges involved in a question answering
task and helps in the definition of the scope of a question answering system and to set up
a proper evaluation. Beat Sprenger [26] categorizes the following dimensions involved in

question answering:

24



e Question and answer type: Classifying questions with respect to the answer form
results in a question taxonomy roughly along the following lines: Factoid
questions (including predictive questions, list questions, and yes/no questions),
Definition questions, Evaluative or comparative questions, Association questions,
Explanation/Justification questions, Process questions, and Opinion question.

e Data sources: Question answering systems differ with respect to the data
source(s) they are able to process to derive an answer. On the one hand, they
usually consume a specific type of data: structured data, semi-structured data,
and unstructured data. On the other hand, question answering systems differ with
respect to the number of data sources they consider: a single dataset, an
enumerated list of multiple (i.e. distributed datasets), and all datasets available on
a large scale (i.e. considering all datasets of a certain kind (e.g. structured or text)

available on the Web or in the linked data cloud)

Furthermore, a question answering system can be either domain-specific, addressing
very specific knowledge in a particular domain, e.g. the biomedical or financial domain,
or open-domain, addressing general knowledge, especially encyclopedic knowledge,

common-sense knowledge, news or trivia.

Typically, the kind of information represented in the linked data is important for
answering factoid and definition question categories. Thus, our focus is answering such

question types and addressing open domain to fill information need of user’s.
2.7.2 Challenges in Question Answering over Web of Data
The followings are challenges to answer questions from the Web of data:

a) Understanding Questions

In the case of QA over structured data, the question must be translated into a logical
representation that conveys its meaning in terms of entities, relations, types as well as
logical operators. The task of translating from natural language to a logical form (i.e.
semantic parsing) is characterized by the mismatch between natural language (NL) and

knowledge base (KB). The semantic parsing problem can be divided into two parts:

e Determining KB constituents mentioned in the NL expression and

e Determining how these constituents should be arranged in a logical structure.
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The first problem involves mapping natural language expressions to the vocabulary
elements used by the data, accounting for lexical and structural mismatches (semantic
heterogeneity) in doing so, and handling meaning variations introduced by ambiguous
and vague expressions, anaphoric expressions, and so on. Authors [50, 51] classify the

dimensions of query-dataset lexico-semantic differences (semantic heterogeneity) as:

e Synonym: different lexical expressions mapping to the same concept.

e Lexical differences: Lexical expressions with the same stem or with similar
strings mapping to strongly related concepts.

e Conceptual differences: Distinct but related concepts under different lexical
expressions in which the alignment satisfies the query information need. It can be
Taxonomical differences or Non-taxonomical differences.

e Compositional/Predication Differences: Information may be expressed as
different compositions of different dataset elements or predicate structures.

e Functional differences: Aggregated information may be already conceptualized in
the database or may need to be computed based on existing data.

e Convention differences: Consists of differences in the conceptualization of the
values and units used, numerical vs. non-numerical, dates, dimension, units of
measure and scale differences (units of measure, volume, weight, size, currency,

e Null Mappings: Consists of a null mapping from a query term to a database
element or vice-versa.

e Intentional Differences: Consists of different intentional definitions expressed by
the same term. An intentional definition consists of the properties that a term

must satisfy.

One of the causes for meaning variation brings in is ambiguity; a natural language
expression can have more than one meaning, map to more than one vocabulary element
in the dataset. A more extreme form of ambiguity arises from semantically light
expressions, such as the verbs to be and to have, and prepositions like of, with, etc. What
vocabulary element they need to be mapped to strongly depends on the linguistic context
they occur in [4].

Merely resolving semantic heterogeneity and meaning variation is not sufficient to
produce a logical representation that can be used to query a data source. The remaining
problem is to determine the overall logical structure of the NL input. This problem
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becomes difficult for longer, more complex sentences, where different linguistic

phenomena, such as coordination and co-reference, must be handled.

The most common approaches to address the lexical/semantic approximation problems
stated above in its many instances, including schema-agnostic queries are the following:

Linguistic resources such as WordNet and Ontologies: these resources are important to
compute similarity and relatedness measures, to lookup synonym/hypernym/hyponym, to
perform ontology navigation, and to achieve taxonomical and logical inferences to
address semantic heterogeneity. Gabrilovich and Markovitch [83] stated the following

limitations of this approach:

e Limited number of concepts and relations:

v Lack of representation of non-taxonomic relations: WordNet concentrates
on the representation of taxonomical and synonymic relations, limiting the
computation of semantic relatedness measures.

v Meaning evolution: The use of words and their associated meaning is
continuously evolving with new contexts of use. WordNet provides a
snapshot of consensual meaning descriptions at a certain point in time. The
evolution of the meaning of a word requires WordNet to be updated.

v Meaning variation in more specific contexts: Meaning can strongly vary in
the context in which it is used. WordNet represents common and consensual
senses that a word can be used: more specific or particular senses are not
covered.

e High construction effort/Low transportability: WordNet was manually created by
linguists. There is a high associated cost for updating WordNet to cope with
meaning evolution, to cope with other languages or to cover domain-specific

scenarios.

Distributional semantic approaches: Most current distributional semantic models exploit
the distributional hypothesis: the idea that the context surrounding a given word in a text
provides important information about its meaning (means words occurring in similar
contexts have similar meanings). The distributional hypothesis assumes that the local
context in which a term occurs can serve as discriminative semantic features which
represent the meaning of the term [61]. Distributional semantics focuses on the

construction of a semantic representation of a word based on the statistical distribution of
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word co-occurrence in unstructured data; the meaning of a word is represented by a
weighted vector, which can be automatically built from contextual co-occurrence

information in unstructured data.

Commonly, there are two types of DSMs; count based and predictive based DSMs.
Count based models (i.e. LSA and ESA are the two well know count-based DSM
models) are traditional models where they initialize vectors with co-occurrence counts,
where similar terms have same counts for different documents. The dimensions of this
count matrix are reduced using SVD. Whereas predictive DSMs (e.g. word2vec and
glove) also known as embeddings or neural language models are trying to predict (i.e.

not count rather predict) surrounding words.

Baroni et al. [64], demonstrated that, in nearly all tasks, predict models consistently
outperform count models, and therefore provided us with a comprehensive verification
for the superiority of neural word embedding models. Altszyler et al [7], studied and
found that Word2vec has outperforming another word-embedding technique (LSA) when

it is trained with medium to large corpus size (more than 10 million words)

Tomas Mikolov et al. [3] also noticed that embedding vectors created using the
Word2vec algorithm have many advantages compared to earlier algorithms such as
Latent semantic analysis, and recommend either of two model architectures of
Word2Vec to produce a high-quality distributed representation of words: continuous
bag-of-words (CBOW) or continuous skip-gram. In the continuous bag-of-words
architecture, the model predicts the current word from a window of surrounding context
words. The order of context words does not influence prediction. In contrast, continuous
skip-gram architecture uses the current word to predict the surrounding window of
context words. The skip-gram architecture weighs nearby context words more heavily
than more distant context words. According to the author, Skip-gram model is an
efficient method for learning high-quality distributed vector representations that capture
a large number of precise syntactic and semantic word relationships and is robust, fast

and cheap to train.
b) Dataset Challenges

Data Quality: Strong requirements on question answering systems are completeness and
accuracy, “wrong answers are often worse than no answers”. In the context of linked

data, this especially requires a system to deal with heterogeneous and imperfect data.
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First, the knowledge available on the linked data cloud is incomplete, so question
answering systems should be able to detect when the queried data sources do not contain
the answer. Second, the datasets sometimes contain duplicate information, with different
datasets using different vocabularies even when talking about the same things. Possibly,
datasets also contain conflicting information and inconsistencies, which have to be dealt

with.

Distributed Heterogeneous Datasets: The decentralize architecture of the Web has
produced a wealth of knowledge distributed across different data sources and different
data formats. The challenges imposed by the distributed nature of the Web are, on the
one hand, finding the right sources that can answer user query and, on the other hand,
integrating partial answers found from different sources. Source selection is one of the
challenges in federated question answering approaches.

Indexing Heterogeneous Datasets: A typical QA system is empirically only as good as
the performance of its indexing module [41]. The performance of indexing serves as an
upper bound to the overall output of the QA system since it can process only as much
data as is being presented/served to it from the indices. Most of the systems dealing with
unstructured or semi-structured data make use of inverted indices and lists for indexing.
For structured datasets, a variety of data structures such as AVL trees, B-Trees, sparse

indices, IR trees, etc., have been developed in the past decades [38].
2.7.3 Approaches to Question Answering over Linked Data

Approaches to question answering over linked data vary in several aspects, e.g. being
domain-specific or schema agnostic, relying on deep linguistic analysis, on statistical
methods, or on graph exploration algorithms, and involving different resources [20]:

a) Approaches based on controlled natural languages: typically consider a well-
defined restricted subset of natural language that can be unambiguously
interpreted by a given system

b) Approaches based on formal grammars: typically rely on linguistic grammars that
assign a syntactic and semantic representation to lexical units, and exploit the
principle of compositional semantics to compute an overall semantic
representation of a question by combining the meaning of the parts as specified in
the grammar. The benefits of such a system are that, if the corresponding

constructs are covered by the grammar, they can deal with questions of arbitrary
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complexity. The clear drawback is their brittleness, as they fail if a certain
question cannot be parsed by the grammar.

c) Approaches based on mapping linguistic structures to ontology-compliant
semantic structures: typically adopt a shallower strategy and try to directly match
linguistic structures to semantic triples. To this end, they rely on a measure of
similarity that determines the similarity between elements in the query and
predicates, subjects or objects in the knowledge base, more or less aiming at
computing a mapping between the elements of the query and resources or
predicates. While such approaches are more robust than approaches based on
formal grammars, they suffer from the fact that there needs to be a one-to-one
correspondence between the syntactic structure of the question and the semantic
representation.

d) Template-based approaches: they typically implement a two-stage process for
transforming a natural language question into a SPARQL query. First, they
construct a template (or pseudo-query) on the basis of a linguistic analysis of the
input question. Second, this template is instantiated by matching the natural
language expressions occurring in the question with elements from the queried
dataset. The main weakness of such approaches is that often the templates closely
correspond to the linguistic structure of the question, thus failing in cases of
structural mismatches between natural language and the dataset. While structural
variations can be included in the templates, this usually explodes the number of
possible queries to build and score.

e) Graph exploration approaches: interpret a natural language question by mapping
elements of the question to entities from the knowledge base and then proceeding
from these pivot elements to navigate the graph, seeking to connect the entities to
yield a connected query. The main bottleneck of graph-based approaches is that an
exhaustive search of the graph is unfeasible, so that approaches typically explore
the graph up to a certain depth or implement some heuristics to make the search
over the graph more efficient. Another drawback of graph-based approaches is
that more complex queries involving aggregation cannot be answered as they do

not have a one-to-one correspondence to a path in the graph.

The above approaches have limitations and strong sides with respect to the solutions they

proposed for the above-mentioned challenges. Approaches based on mapping linguistic
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structures to ontology-compliant semantic structures (template free approaches) can
locate and integrate information from different, heterogeneous semantic resources,
relying on query disambiguation, and ranking and fusion of answers and their query
approach can scale to large datasets in query execution. But, they adopt a shallower
strategy that maps a natural language question to a triple-based representation (semantic
triples), the original semantic structure of the question cannot be faithfully captured
using those triples. Thus, the systems fail on answering more expressive queries
(questions containing Quantifiers like the most and more than, comparatives like higher

than and superlatives like the highest).

On the other hand, Template-based approaches that rely on a parse (using a deeper
linguistic analysis) of the questions to produce templates that directly mirrors the internal
structure of the questions. Accordingly, the systems can answer more expressive queries
in contrast to approaches that map natural language input to purely triple-based
representations. But the templates are generated manually and domain-specific based,
they will incapable to answer questions in open scenario (limited coverage). The
approach will have good performance (good precision and recall) for all question’s types
(including more expressive questions) in contrast to other approaches if the template

generation technique improved.

For instance, Template based Question Answering over RDF Data is a semantic question
answering system which is based on templates that can reflect the internal structure of
the question. For example, consider question (1a) below. PowerAqua [55] would
produce the triple presentation in (1b). The goal, however, would be SPARQL query like
in (1c). Such SPARQL query is difficult to construct on the basis of the above mentioned
triple representations, as aggregation and filter constructs arising from the use of specific
quantifiers are not faithfully captured. What would be needed instead is a representation
of the information requires that is much closer to the semantic structure of the original

question (what Template based Question Answering over RDF Data did).

1. a. Which cities have more than three universities?
b. ([cities]; more than; universities three)
c. select count (?A) where {
?x rdf: type onto:University.
?A onto:city ?z.  }
HAVING (COUNT (?x) > 3)
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2.8 Amharic Language

In this section, the literatures written on the Amharic language that are relevant for this
thesis are briefly discussed. The historical details about the language, the alphabets, the
punctuations, the numbers, and the Morphological complexity, the syntactic and the
grammar structure of the language are discussed. In addition to these, the possible
challenges that may occur while developing an automated system which involves

representing the Amharic language in the machine are indicated.
2.8.1 History about the Language

According to A. A. Argaw and L. Asker [85], Amharic is one of the Semitic languages
spoken in north-central Ethiopia. Next, to Arabic, it is the second most spoken Semitic
language in the world and it is the official working language of the Federal Democratic
Republic of Ethiopia. It is also the native language of perhaps several million Ethiopian
immigrants, especially in North America and Israel. It is the second largest language in
Ethiopia and possibly one of the five largest languages on the African continent. As a
result, it has an official status and used nationwide. Despite it has a large speaker

population, the language has little computational linguistic resources.
2.8.2 Amharic Orthography

Unlike Arabic, Hebrew, and Syria (other Semitic languages), Amharic is written using a
syllabic writing system, one originally developed for the extinct Ethiopian Semitic
language Ge’ez and later extended for Amharic and other Ethiopian Semitic languages.
As in other Abugida systems, each character of the Ge’ez (or Ethiopic) writing system
gets its basic shape from the consonant of the syllable, and the vowel is represented

through more or less systematic modifications of these basic shapes.

The alphabet of the Amharic language consists of 33 core symbols or Fidel (&.24). Each
of these core symbols occurs in seven different orders; the basic character plus six
different symbols or orders formed from the basic character. There are also 37 further
characters representing labialized variants of the consonants followed by particular
vowels. The complete system has 268 characters. There is also a set of Ge’ez numerals,
but nowadays these tend to be replaced by the Hindu-Arabic numerals used in European

languages [42].
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2.8.3 Amharic Morphosyntax
Ambharic Morphology

Ambharic is one of the most morphologically complex languages. Amharic nouns and
adjectives are marked for any combination of number, definiteness, gender, and case.
Moreover, they are affixed with prepositions. For example, from the noun 994
(tdmari/student), the following words are generated through inflection and affixation:
TP (timariwod/students), +o74@- (tdmariw/ the student {masculine}/his student),
+a16¢ (tdmariyan/my student), +994¢7 (tdmariyan/my student {objective case}), +141
(tdmari$/your {feminine} student), A+99¢ (latdmari/for student), h-+1s (katdmari/ from

student), etc.

Ambharic verb inflections and derivations are even more complex than those of nouns and
adjectives [43], consisting of a stem and up to four prefixes and four suffixes. The stem,
in turn, is composed of a root, representing the purely lexical component of the verb, and
a template, consisting of slots for the root segments and for the vowels (and sometimes
consonants) that are inserted around and between these segments. The template
represents tense, aspect, mood, and one of a small set of derivational categories: passive-

reflexive, transitive, causative, iterative, reciprocal, and causative reciprocal.

Ambharic verbs are marked for any combination of person, gender, number, case,
tense/aspect, and mood resulting in thousands of words from a single verbal root. As a
result, a single word may represent a complete sentence constructed with subject, verb,
and object. For example, eonfsa (yiwasdanal/[he/it] will take me) is a sentence where
the verbal stem oag (wasd/ will take) is marked for various grammatical functions as

shown in Figure 2-1.

The verbal stem @8 -RS- (-afa-) Marker for
(wasd/ will take) the objective case “me”

£...A/yi...I Marker for the subject “he/it”

33



Figure 2-1: Morphology of the word ,e@n.€54
Syntactic Structure of Amharic

Noun Phrases: An Amharic noun phrase has an explicit number, case, and definiteness.
The accusative suffix appears obligatorily on definite direct objects and optionally on
indefinite direct objects. An unusual feature of the language is the placement of the
morphemes marking case (either the accusative suffix or one or another prepositional
prefix) and definiteness [45, 46]. These are affixed to the noun itself only when it has no
modifiers. If the noun has an adjective or relative clause modifier, the morphemes are
normally affixed to the first of these.”. Headless noun phrases are common. These
consist of one or more relative clauses and adjectives. Examples: tilliqun “the big one

(acc.)”, yadgazzawn “the one (acc.) that he bought”.

Clauses: Unlike in other Semitic languages, all Amharic clauses are headed by verbs
[44]. The copula, naw (1@-), is a defective verb with only main clause present forms. Its
past is filled by the defective verb nébbar (i0C), which also serves as the past of the
defective verb of existence alld (4d). In other cases, the copula is replaced by the perfect,
imperfect, jussive-imperative, or gerund of either the verb nord “live” or the verb honi

“become”.

The basic word order of all Ethiopian Semitic languages is subject-object-verb (SOV), a
feature that probably results from contact with Cushitic languages. As is common in
SOV languages, the order of subject, object, and oblique arguments of the verb is
somewhat flexible. In particular, for pragmatic reasons the subject can follow another
argument: yohannls maiskotun sdbbidrdw, miskotun yohannis sdbbédrdw, “Yohannis
broke the window”. As in other Semitic languages, verbs agree with their subjects in
person, number, and (in second and third person singular) gender. Verbs also agree with

definite direct or indirect objects, but not both.

As in other Semitic languages, pronoun subjects and pronoun objects are omitted unless
they are emphasized. This fact, in combination with the elaborate derivational and
inflectional verb morphology, means that sentences consisting of a verb alone or the
main verb and an auxiliary verb are not uncommon: alt’ayyéqnatim “we didn’t visit her”,
laflalla“cihu “shall I boil (sth.) for you please?”, awwaddiddun “they made us like each

other”.
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Main clause verbs are either in the perfect or a compound imperfect formed from the
simple imperfect plus conjugated suffix forms of the defective verb of existence alla.
Subordinate clause verbs are in the perfect, simple imperfect, or gerund. tifalllgiyallds

“you (fem.sing.) want”, bitt1falligi “if you (fem.sing.) want”.

Cleft constructions are very common in Amharic [47]. Indeed, for questions, cleft
constructions are probably more common that non-cleft constructions. In a cleft
sentence, the focused argument is placed first, followed by the conjugated copula,
followed by other arguments of the original verb, followed by the verb in the relative

form: mindin ndw yasdbbaraw “what did he break?” lit. “What is it that he broke it”.

Relative clauses in Amharic consist of a relative verb and zero or more arguments and
modifiers of the verb, as in any clause. A relative verb is a verb in either the imperfective
or perfective with a prefix indicating relativism. As with the main clause verb, a relative
verb must agree with its subject and may agree with its direct object if it has one. Both

subjects and objects can be relativized: yemiwedat sEt “the woman that he likes”.

As noted above, when a noun is modified by a relative clause and has no preceding
determiner, it is the relative clause that takes suffixes indicating definiteness or
accusative case or prepositional prefixes: yetemeregew |j wendmE new,” ¢ The boy who
graduated is my brother.” When a sequence of modifiers precedes a noun, it is the first
one that takes the suffixes or prefixes: yetemereqew gwebez 1j, ‘the clever boy who

graduated’.

Relative verbs agree with the main clause verbs that contain them. For example,
yemiwedat alderesem,” (He) who likes her didn’t arrive”, the third person singular
masculine subject in the main clause verb agrees with the third person singular masculine

subject of the relative clause verb.

Adverbial clauses are usually indicated through the use of prefix conjunctions on the
relative form of the verb (in which case the initial y& is dropped) or the bare imperfect:

silammisdbraw “because he breaks it”, bisdbraw “if he breaks it”.

As is common in SOV (Subject-Object-Verb) languages [44], Amharic permits the
chaining of a number of clauses together in a single sentence without explicit
conjunctions indicating the relationship between the clauses. The usual interpretation is
sequentiality. All verbs but the final one appears in the gerund form. The final verb may

be perfect, compound imperfect, jussive, or imperative. All of the gerund forms agree
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with the subject of the final verb. Example: bet timalliso rat bilto tanfia “He returned
home, ate dinner, and went to bed” lit. “returning home (3 pers.sing.masc.), eating (3

pers.sing.masc.) dinner, he went to bed”.
2.8.4 Grammatical Rules of Amharic

In addition, since Amharic is morphologically complex language where verbs, nouns,
and adjectives are marked for various grammatical functions, the following agreements
are required to be checked: adjective-noun, adjective-verb, subject-verb, object-verb, and
adverb-verb (Amare, 2010) [15].

Word Sequence: the Amharic language follows subject-object-verb (SOV) grammatical
pattern as opposed to, for example, the English language which has SVO sequence of
words. For instance, the Amharic equivalent of the sentence “John ate bread” is written
as “27 (jon/John) 4n (dabo/bread) nA (béla/ate)”. Here, the part-of-speech (POS) tags of

individual words are used as inputs to check the validity of grammatical patterns.

Adjective-Noun Agreement: Amharic nouns are required to agree for number of
modifying adjectives. For example, 889 AZTF (rdjajim 1ijo¢/ tall {plural} children) is a
valid noun phrase whereas 529> A% (rdjajim 1ij/ tall {plural} child) is an invalid noun

phrase construction.

Subject-Verb Agreement: Amharic verbs are marked for number, person and gender of
subjects. As in other Semitic languages, the subject agreement is expressed by suffixes
alone in perfective and gerundive, and by a combination of prefixes and suffixes in
imperfective and jussive/ imperative. For example, AZE aoabt A04 (ljjoCu mascot
sdbaru/the children broke a window) is a valid Amharic sentence. However, a2+ aeap-t
and (lijtwa méaskot sabérd/the girl broke {masculine} a window) is not a valid Amharic
sentence since the subject &g+t (lijtwa/the girl) is feminine and the verb 04 (sébaré
/broke {masculine}) is marked for masculine. Amharic is a null subject language; that is,
a sentence does not require an explicit subject, and personal pronouns appear as subjects

only when they are being emphasized for one reason or another.

Object-Verb Agreement: An Amharic verb may also have a suffix representing the
person, number, and gender of a direct object or an indirect object that is definite. The
corresponding suffixes in other Semitic languages are often considered to be clitics or

even pronouns, but there are good reasons not to do so for Amharic. First, one or two
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other suffixes may follow the object suffix. Second, as with subjects, object personal

pronouns may also appear but only when they are being emphasized.

Adverb-Verb Agreement: Tenses of verbs are required to agree with time adverbs. For

example, A7t ans (tilant sabaru/ [they] broke yesterday) is a valid verb phrase

construction whereas A7 200 (tilant yisabralu/ [they] will break yesterday) is an

invalid construction.

Challenges that may occur while developing an automated system which involves

representing the Amharic language in the machine are:

Spelling Variations: In Ambharic, there are words which can be written in
different formats. For instance, “0ch&” and “&hg”, “0vL” and “ave” all mean the
same, “sun” although they are written differently (indicating alternate use of 6
and &, and v and . As it is stated in [46], historically these characters have
different sounds. In query processing, there should be a mechanism to handle this
characteristic of the language.

Different ways of writing the same word: it is very common to see different
people writing the same word in a different way. This spelling variation happens
mostly when a word from other language is used without translation which is
referred to as transliteration. For example, hg°&e+C and h9°A. e+, TCIPPC A1 and
TCULC A

Formation of compound words: compound words are formed by joining two
words with or without modification. For example, the word “a 924” is formed
from the words “»0” and “934” without any change in the words. In another case,
for instance, a compound noun (-+hcate7 is formed from two words, .+ and
hcorke with a little modification on the word 0. Moreover, those compound
nouns that are formed without modifications can be written with or without a gap
between the words like “0 928 and “n09249”. In spite of this writing variation,
with or without a gap, the meaning of the words is the same.

Agglutinative Nature of the Language: Agglutinative property means that some
additional features can be attached to the word to add more complex meaning.
According to [48], most of the time NE root words cannot be found in a
document, rather they are found in their morphological derivations that are

formed by affixes.
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Ambiguity: is an attribute of any concept, idea, statement or claim whose
meaning, intention or interpretation cannot be definitively resolved according to a
rule or process consisting of a finite number of steps. In order to understand
Ambharic texts (in our case the query), there is a need for resolving ambiguity at a
different level. Getahun [46] identified six types of ambiguity in Amharic:
Lexical Ambiguity, Phonological Ambiguity, Structural Ambiguity, Referential
Ambiguity, Semantic Ambiguity, and Orthographic ambiguity.
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Chapter 3 - Related Work

In this Section, related researches conducted both for Amharic and non-Amharic

languages are discussed.
3.1 Amharic Search Engine Systems

Different researchers have tried to build search engine/ question answering to fill
information need of a user from large collections Amharic text. Each of these research

works has its own strong and weak parts.
Teteyeq: Amharic Factoid Question Answering System

The researches in [9] implemented handwritten rules in question classification and
answer extraction component of the QA system. The named entity (gazetteer) and
pattern-based answer pinpointing algorithms have been developed in order to locate
possible answer particles in a document. The overall system has four stages. In the first
stage, the question processing component classifies questions to appropriate question
types, determines the expected answer type and generates proper information retrieval
query. The second stage, the document retrieval component retrieves relevant documents
that will be further processed by the later part. The third is sentence/paragraph ranker
that re-ranks sentences and paragraphs based on the relevance of the candidate answer
particle of the sentence and paragraph. The final component, the answer selection
component, selects five top-ranked answers for the users.

The researchers have developed algorithms for the different components of the system,
and tested the performance of them and got promising results. But the indexing
component of the system is done using lucent indexer. Lucent uses the IDF (Inverse
document frequency) approach for indexing. As IDF is a keyword-based method, the
words (i.e., those words which are used to represent documents) may not be capable of
reflecting the semantics of the documents and can’t to capture the implicit relation
among them or the semantics of words in the document. If the question and the index
have no word in common, then the system will respond no result to the user (low recall).

Besides, it will retrieve irrelevant document to the user (low precision).
Towards Amharic Semantic Search Engine

This research was conducted to build a semantic search engine, AmhS2Eng, which

returns a list of Amharic documents very similar to the user query either directly or
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indirectly [5]. Documents extracted from the Web and user queries are annotated with
semantic concepts extracted from the football domain. It is composed of four major
components: 1) The Ontology is built manually with the help of domain and language
experts. It contains concepts, the relationship between concepts and instances of each
concept and similarity between knowledge entries. 2) The crawler extracts URLs and
content of Amharic document and stores them in a document repository. 3) The indexing
component is responsible to annotate the crawled document with semantic information
(Concept, Instance, Words) and associate semantic information with weight.4) The query
processor responsible to annotate the original user query with semantic information,
conduct document retrieval, rank the resulting documents based on relevance as

explained in the next sub-sections.

The researcher has tested the system based on the relevant information provided by
domain experts, and 138 football news articles and 25 queries were used. But this
retrieval system has some weakness. The first is that the system was limited to searching
for information in a single domain, football domain (i.e. searching on only one kind of
information). But there are user’s queries which are much complex and need integration
of information from different related data sources. As it was work on a specific
knowledge base (i.e. closed domain), it did not need to integrate different schemas and
knowledge bases and thus suffer less from ambiguity. However, it lacks flexibility and
requires high costs when adopting such a system to a new domain or implementing a
new system. The second is that the system is Ontology-based information retrieval: It
annotates and index documents, and expands user query using background ontology. It
uses background knowledge to enhance retrieval accuracy. However, they did not utilize
the background knowledge for semantically answering user queries. By improving query
processing, and answer extraction and retrieval component of the system, we plan
semantic searching on the open domain. The other one is that the system had lack of
delivering readymade (or direct) information to the user, instead it retrieved documents
contain the needed information, which the user must then scan to search for pertinent

information.
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3.2 Search/Query Engine for Other Languages
3.2.1 Template based Approaches

CASIA: A Question Answering System over Linked Data

This research [13] was conducted to build a question answering system over Linked
Data, which translate the natural language questions into the standard RDF data queries
(SPARQL). The pipeline of the system consists of three main components, including
question analysis, resource mapping, and SPARQL generation. In specific, they used
shallow (POS tagging, NER), deep linguistic analysis (dependency parsing), and
question type analysis to transform each natural language question into query triple
(graph pattern template). Their main heuristic to construct query triple from parsing tree
was extracting subject-predicate-object and proposition phrases relations. Then they used
PATTY, WordNet and other free external resources for mapping the phrases in the query
triple to the right resource in linked data to generate SPARQL query. At last, based on
the identified question type, they generated the SPARQL queries and used the DBpedia

endpoint to validate them.

The researchers have evaluated the system based on the QALD-3 test dataset and
achieved an F-measure score of 0.36, an average precision of 0.35 and an average recall
of 0.36 over 99 questions. But the system has some weakness. The first one is that the
system cannot address questions which contain comparative, superlatives and negation
words. The second one is that the system cannot answer complex questions with relative
sentences and conjunctions. This is because the linguistic analysis of the system cannot
identify all relations (i.e. wrong relation mapping) in questions. The second problem is
that they did not resolve the entity disambiguation (i.e. entity linking) problems; some
entities extracted from question are wrong using string matching. In addition, their
heuristic to generate query triple is not sufficient and generates wrong query triples for
some questions. The other problem is they cannot detect the right order between subject

and object.
TBSL: Template-based Question Answering over RDF Data

TBSL [54] is a question answering system that focuses on transforming natural language
questions into SPARQL queries in such a way that the query is a faithful representation
of the semantic structure of the question. To this end, TBSL first produces a SPARQL
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template that mirrors the internal structure of the question and that is then instantiated
with URIs by means of statistical entity identification and predicate detection. For
parsing user question, they rely on developing a lexicon, which used to specify for each
expression a syntactic (i.e. trees from Lexicalized Tree Adjoining Grammar) and a
semantic representation (i.e. Underspecified Discourse Representation Theory). Such a
lexicon consists of two parts. One part comprises domain-independent expressions,
which were specified manually and can be re-used across all domains. The other part of
the lexicon comprises domain-dependent expressions which are built on-the-fly on the
basis of part-of-speech information, and a set of simple heuristics that specify which

POS tag corresponds to which syntactic and semantic properties.

The general workflow of the system is: The input question, formulated by the user in
natural language, is first processed by a POS tagger. Then both domain dependent and
independent lexicon are used for parsing, which leads to a semantic representation of the
question, which is then converted into a SPARQL query template. The templates contain
slots, which are missing elements of the question that have to be filled on-the-fly during
parsing. To fill them, they first generate natural language expression based on a set of
heuristics for possible slot filler from the user question using WordNet expansion (i.e.
synonym). In a next step, they used approaches relying on identifying and retrieving the
most common synonym set (or synset) from WordNet and computing string similarity
for entity identification, and using of the pattern library extracted by the BOA
(Bootstrapping Linked Data, is a framework to compute natural language expressions
that stand for predicates from an arbitrary input corpus) framework in addition to string
matching to detect properties. This process yields a range of different query candidates
as potential translations of the input question. Thus they combined string similarity
values, prominence values, and schema conformance checks to rank those query

candidates

The researchers have evaluated the system based on QALD-1 benchmark on DBpedia. It
comprises two sets of 50 questions over DBpedia, annotated with SPARQL queries and
answers. Each question is evaluated with respect to precision (humber of correct
resources returned by system/number of resources returned by the system) and recall
(number of correct resources returned by system/number of resources in the gold
standard answer). Based on the evaluation they achieved a precision of 0.61, a recall of

0.63 and F-measure of 0.62. The main strength of their approach is that the generated
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SPARQL templates can capture the semantic structure of the natural language query.
Thus, questions containing quantifiers like the most and more than, comparative like
higher than and superlatives like the highest can be answered by the system. However,
as the writer said, “in some cases, the semantic structure of the question and the triple
structure of the query do not coincide, thus faithfully capturing the semantic structure of
the input question sometimes leads to too rigid templates”. They suggested two
approaches to solve the problem. The first one concentrates on more flexible processing;
the relaxation of templates, such that the triple structure is not completely fixed but is
discovered through exploration of the RDF data. The second approach concerns
incorporating a more flexible fallback strategy in case no successful SPARQL query is
found; combining active learning method that allows the user to give feedback on the
presented query result. This system uses regularities in how syntactic patterns map to

semantic ones (i.e. their heuristics) to create templates.

The linguistic analysis component, pattern library component, domain-independent
expression, and rules used to generate domain-dependent lexicon are language
dependents which support only the English language. Beside its language dependency,
this system has some weakness. The first drawback of this approach is the limited
coverage of templates, making them brittle when it comes to unconventional question
formulations. Their approach does not support complex questions that require multiple
KG predicates to obtain an answer. For example, the question “Which were the alma
maters of the PR managers of Hillary Clinton?” is answered by a chain of KG predicates.
The other drawback is that the approach doesn’t incorporate inference techniques for
semantically light expression (e.g. preposition), this leads the hard case for entity
identification when a property in the intended target query does not have a correspondent
in the natural language question. And their query-dataset semantic matching strategies
strongly rely on WordNet which is restricted to taxonomic/synonymic relations, but there
are cases which require more exploration for semantic approximation (or semantic
relatedness measure), hard to find a match using WordNet relation only. So, these cases

would require the incorporation of additional semantic similarity measures.
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3.2.2 Template Free Approaches based on Mapping Linguistic Structures to

Ontology-Compliant Semantic Structures

PowerAqua: Supporting Users in Querying and Exploring the Semantic Web

PowerAqua [55] is a question answering system focusing on querying multiple datasets
(ontologies) on the Semantic Web, that is able to answer queries by locating and
integrating information, which can be distributed across heterogeneous semantic
resources. To this purpose, PowerAqua supports query disambiguation, knowledge
fusion (to aggregate similar or partial answers), and ranking mechanisms, to identify the
most accurate answers to queries. The input for the system is based on natural language
queries. To do so, PowerAqua follows the pipeline architecture: The first step consists in
a linguistic analysis of the question using GATE natural language processing tool, in
order to detect the question type and to translate the natural language question into a
triple-based representation, into so-called query triples (is defined by the following
structure: <subject, predicate, object>).

The second step, The Element Mapping Component, then searches for candidate
instantiations of the occurring terms. This involves detecting ontologies on the Semantic
Web that are likely to contain the information requested in the question and finding
vocabulary elements that match the terms. The mapping process for crossing the
semantic gap between user queries and dataset are concentrated in the PowerMap
component (i.e. Element Mapping component), consists of three phases. The first phase
has the objective of identifying candidate mappings for the query terms in different
ontologies. The matching is based on a string similarity approach, using edit distance and
WordNet to lookup synonyms and hyponyms. From the set of ontologies and mappings
identified in the first phase, PowerMap excludes terms which are not semantically
consistent, exploring the ontology hierarchies to determine the correct sense of the word
and using WordNet-based semantic similarity measures to map between query terms and
ontology classes. The third phase has the objective of identifying mappings that better
represent the query domain determining the ontologies which better cover the query
domain. The output is a set of tables containing matching semantic elements for each
term occurring in the query triples. These mappings can be used to turn query triples into

ontology triples.
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Next, the relation similarity service (RSS) component determines the most likely
interpretation both of the terms in the query triples and the question as a whole, on the
basis of the linguistic analysis of the question and the ontological context. This can also
involve modifying query triples, e.g. by splitting compound terms. Finally, given a
ranked list of ontology triples, answers are retrieved from the involved data sources.
Since these can be multiple different sources, this step also involves identifying
semantically equivalent or overlapping information in the answer set, in order to avoid
duplicate results, a ranking of answers, as well as integrating answer fragments from

different sources.

The researchers have conducted six main evaluations to test the system. The first type of
evaluation focuses on assessing whether the exploitation of PowerAqua as a query
expansion module, provided an improvement in precision over a keyword-based retrieval
baseline. To represent the semantic information space, they collected and indexed in the
PowerAqua’s storage platforms around 2GB of metadata comprising different domains.
The system successfully generated a query expansion for 20% of the queries. The
second type of evaluation focuses on the analysis of the capability of the system to
answer queries using the information provided by multiple datasets defined by multiple
vocabularies. The evaluation primarily assesses the ability of the system to map a user
query into ontology triples in real time. A dataset of 69 questions was built manually by
asking volunteers to build questions based on data available in one or more datasets.
Each question is self-contained with no references to previous queries. Just precision is
measured. The ontologies are based on datasets such as SWETO DBLP or SWETO
(approximately 800.000 entities and 1.600.000 relations). 2GBs of data stored in 130
sesame repositories were collected. In this evaluation, the authors report an average
precision of 69.5% of the queries with an average execution time per query of 15

seconds.

In a second evaluation, PowerAqua is also evaluated using the Question Answering over
Linked Data (QALD-1) test collection, where precision and recall are collected over a set
of 50 natural language queries over DBpedia. The schema size of DBpedia, containing
thousands of open domain predicates and millions of instances provides a suitable
dataset for the evaluation of schema-agnostic scenario. Queries within the QALD test
collection explore complex natural language query patterns. The third type of evaluation

focuses on the analysis of merging and ranking capability of the system. A dataset of
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total of 40 questions was collected and selected from the example queries in the
PowerAgua demo website and from the previous PowerAqua evaluation. As judgments
to evaluate the merging and ranking algorithms, the researchers prepare two ontology
engineers and then they provided a True/False manual evaluation of answers for each

query. Precision and recall were selected as evaluation metrics.

PowerAgua's main strength is that it locates and integrates information from different,
heterogeneous semantic resources, relying on query disambiguation, and ranking and
fusion of answers. The linguistic analysis component is language dependent which
supports only the English language. Beside its language dependency, this system has
some drawbacks. The linguistic component of the system is based on a mapping of a
natural language question to a triple-based representation. But, the semantic structure of
the question cannot be faithfully captured by using this representation, thus complex
questions containing quantifiers, comparatives, and superlatives pose a problem. This is
its main weakness. The other weakness is that, the mapping mechanism which is the
element responsible for matching the query terms to vocabulary terms relies on WordNet
and taxonomical information within the ontologies for computing semantic
approximations. In relation to the vocabulary gap, many query-dataset mappings go
beyond synonymic or taxonomic relations as we have discussed in Chapter two, this

provides an incomplete solution for the semantic matching problem.
3.2.3 Graph Exploration Approaches

Treo: Schema-Agnostic Querying using Distributional Semantics Approach

Treo [56] is question answering system focus on addressing the vocabulary mismatch
problem which is central for schema-agnostic querying over large schema and
heterogeneous linked datasets. To address this problem the approach used the
distributional semantic hypothesis to automatically construct a semantic model based on
the statistical distribution of word co-occurrence in texts, allowing the creation of an
associational and quantitative model which captures the degree of semantic relatedness

between words.

The general workflow of the system is: The first step is constructing of a distributional
semantic model based on the extraction of co-occurrence patterns from large corpora
(e.g. Wikipedia), which defines a distributional semantic vector space (i.e. uses concept

vectors to semantically represent data and queries, by mapping datasets elements and
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query terms to concepts in the distributional space). In the second step, the RDF graph
data is embedded into space, defining the T — Space, a structured distributional semantic
vector space (i.e. indexing Linked data into T — Space), built using the Explicit Semantic
Analysis (ESA) as the distributional model. It used as large-scale common-sense
information embedded in the distributional model to be used in the semantic
matching/approximation process. The above two steps are made offline to index-linked

data into T — Space; it is ready to be queried.

The question analysis step (step 3) consists in recognizing and classifying entities and
operations in the question, as well as in mapping the natural language question into a
partial and ordered dependency structure (PODS), a triple-like pattern, and a set of query
features. The analysis consists of the following specific operations: parsing of the
question according to its dependency structure and the occurring parts of speech,
detection of the query focus and answer type based on rules over part-of-speech tags,
determine the type of detected entity candidates (instances, classes and properties) using
part-of-speech tag pattern rules, detect operations and associated parameters in the
question using part-of-speech tags and keyword patterns, reduces the dependency
structure constructed when parsing the input question to a set of PODS by applying two
sets of operations: the removal of stop words and their associated dependencies, and the
re-ordering of the dependencies based on the core entity position in the query, and
classifies the query according to query features that represent database primitives on the
schema level (instances, properties, classes), on the operational level (e.g. aggregation
and ordering), and on the structural level (conjunction, disjunction, property

composition).

After the query is analyzed, a query processing plan is generated, which maps the set of
features and the semi-structured query into a set of search, navigation and transformation
operations (step 4) over the data graph embedded in the T — Space; Search operations
consist of keyword and distributional search operations over the data graph in the T —
Space, in particular, instance term search (over a term space), distributional class search,
and property search. Graph navigation and transformation operations consist of graph
composition and on the application of order, user feedback, aggregation, and conditional

operators.

The researchers have conducted an evaluation using the Question Answering over

Linked Data 2011 challenge test collection (QALD-1). The query set contains 76 natural
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language queries over DBpedia 3.6 containing rdf:type links to YAGO classes. The
dataset was indexed into the T — Space. The Easy-ESA distributional infrastructure based
on Wikipedia 2006 was used.

They used five metrics to measures the relevance of the results returned by the schema-
agnostic query mechanism: % of queries answered, precision, recall, f-measure, mean
reciprocal rank (MRR) for each query and the averages for the whole query set. In this
evaluation, the authors report an average precision of 0.63, an average recall of 0.79, an
average F-Measure of 0.70, an average of MRR of 0.49, % of queries answered 0.79.
Treo’s main strength is that it provides a more robust semantic matching that addresses
previous limitations of WordNet-based semantic matching. The linguistic analysis
component is language dependents which supports only the English language. Beside its
language dependency, this system has some drawback. Treo’s approach combines entity
search, spreading activation search, and semantic relatedness to navigate over the linked
data Web graph. Thus, its main drawback is that more complex queries involving
aggregation cannot be answered as they do not have a one-to-one correspondence to a

path in the graph.
3.2.4 Approaches based on Formal Grammars

Pythia: Ontology-Specific Question Answering

Pythia [57] is the ontology-based question answering system. This means that ontologies
play a central role in interpreting user questions (i.e. user questions are interpreted with
respect to an ontology underlying the dataset that is queried). For example, ontological
knowledge is used for drawing inferences, e.g. in order to resolve ambiguities or to
interpret semantically light expressions. Pythia constructs meaning representations
whose vocabulary is already aligned to the vocabulary of the ontology. To this end, they
rely on ontology-lexica that make the possible linguistic realizations of ontology
concepts in a particular language explicit (i.e. in lemon format, is a model for the
declarative specification of multilingual, machine-readable lexica in RDF that capture
syntactic and semantic aspects of lexical items relative to some ontology). The meaning
of a lexical item is given by reference to an ontology element, i.e. a class, property or

individual, thereby ensuring a clean separation between the ontological and lexical layer

The general workflow of the system is: First, the ontology-lexicon is used to

automatically construct principled linguistic representations. Pythia builds on
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Lexicalized Tree Adjoining Grammars (LTAG) as syntactic formalism and Dependency-
based Underspecified Discourse Representation Structures (DUDES) for specifying
semantic representations. Those linguistic representations together with domain-
independent representations, e.g. for determiners and auxiliary verbs, constitute the
grammar (i.e. are constructed offline) that is used for parsing and interpreting an input
question (step 2). In particular, the interpretation process is compositional, meaning that
the semantic representation of the input is recursively computed on the basis of the
meaning of the words in the input as well as the way the words are connected
syntactically. Finally, the resulting meaning representations are transformed into formal

queries, in particular, F-Logic and SPARQL queries.

Pythia used the Tang & Mooney [24] test collection (865 user questions) to evaluate the
quality of the approach and they reached a recall of 67% and precision of 82 %, leading
to an F-measure of 73,7%. Its main strength is that it Implemented deep linguistic
analysis allows to construct formal queries even for complex natural language questions,
e.g. involving quantification and superlatives. And they used a vocabulary that is aligned
to the vocabulary of the ontology (i.e. ontology lexicon) therefore offers a very precise
and correct way of matching natural expressions with ontology concepts. Pythia thus is
domain-specific question answering system that requires an ontology lexicon for the
domain that is queried. The main limitation consists in the effort required for building the
support lexica, either manually or semi-automatically. And although a grammar-based
interpretation process offers high precision, systems relying on domain grammars usually

suffer from limited coverage.
3.2.5 Machine Learning Approaches

IBM Watson's DeepQA

The IBM Watson DeepQA system [58] is a question answering system where
information sources are both unstructured and structured data. The main components of
the systems are: The Question analysis component consists of a mixture of question
analysis methods including shallow and deep parsing, extraction of logical forms,
semantic role labeling, co-reference resolution, relations extraction, named entity
recognition. The Question decomposition component consists of the decomposition of
the question into separate phrases, which will generate constraints that need to be

satisfied by evidence from the data. The Hypothesis generation component consists of

49



two steps: primary search and candidate answer generation. The primary search step
focuses on finding all content that can support the question (maximizing recall).
Different information retrieval techniques for document and passage retrieval are used
over unstructured data sources and SPARQL queries are used over triple stores. Triple
store queries in the primary search step are based on detected named entities, relations or
lexical answer types in the question. The second step consists of the candidate answer
generation, where information extraction techniques are applied to the search results to

generate candidate answers.

The soft filtering component consists of the application of lightweight (less resource
intensive) scoring algorithms to a larger set of initial candidates to prune the list of
candidates before the more intensive scoring components. The Hypothesis and evidence
scoring component consist of two steps: supporting evidence retrieval and deep evidence
scoring. The supporting evidence retrieval step seeks additional evidence for each
candidate answer from the data sources while the deep evidence scoring step determines
the degree of certainty that the retrieved evidence supports the candidate answers. The
system uses more than 50 scoring components that produce scores which range from
probabilities and counts to categorical features. Scores are then combined into an overall
evidence profile which groups individual features into aggregate evidence dimensions.
The Answer merging component consists of merging answer candidates (hypotheses)
with different surface forms but with related content, combining their scores. The
Ranking and confidence estimation component is the last step, in which the system ranks
the hypotheses and estimate their confidence based on the scores, using machine learning

approaches over a training set. Multiple trained models cover different question types.

Despite the fact that most of the evidence analysis in the IBM Watson DeepQA system is
based on unstructured data, different components of the system rely on structured and
semi-structured data and certain question types are answered by structured data sources.

In particular, the DeepQA system uses three types of structured data sources:

v' structured data available online (entity and associated types, movie databases)
v" specific structured data extracted from unstructured data
v’ curetted data providing additional information to the system (e.g. question and

answer types)
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3.2.6 Other Approaches

An HMM-based Approach to Question Answering against Linked Data

This research [12] was conducted to build a QA system enabling NL questions against
Linked Data. The system integrates lexical semantic modeling and statistical inference
within a complex architecture that decomposes the NL interpretation task into a cascade
of three different stages: (1) The selection of key ontological information from the
question (i.e. predicate, arguments and properties), (2) the location of such salient
information in the ontology through the joint disambiguation of the different candidates
and (3) the compilation of the final SPARQL query.

They used Hidden Markov Models (HMM) to select the proper ontological triples
according to the graph nature of DBpedia. In the first step, the syntactic dependency
graph of the question is analyzed to find all grammatical relevant elements (nouns, verbs,
and adjectives) and initialize the HMM. This information is used for computing the
optimal sequence of states including disambiguation which is finally used to convert the
sequence to a SPARQL query. In this way, they solved the localization and retrieval of
ontological elements evoked by a question without relying on strict hypothesis on the
resource vocabulary, and the different ambiguities arising in the interpretation by
integrating question grammatical structures and ontology information. The researcher
has evaluated the system based on the QALD-3 test dataset and achieved an F-measure
score of 0.33, an average precision of 0.32 and an average recall of 0.34 over 99
questions. The major source of the smaller recall and precision of the system (drawback)
was incapable of properly locating relation (predicate) in the question. This is because
the system did not resolve anaphoric references, unable to identify implicit arguments
(i.e. they basically work on the predicate that has an explicit lexical reference), and
sentence segmentation and identification of predicates with their arguments basically
dependent on the dependency graph, makes use of no semantics, e.g. no access to the
DBpedia resources.

FREyYA: An Interactive Way of Querying Linked Data Using Natural

Language

FREyYA [59] is a question answering system which employs feedback and clarification
dialogs to resolve ambiguities and improve the domain lexicon with the help of users.

User feedback is used to enrich the semantic matching process by allowing manual
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query-vocabulary mappings. The query processing workflow starts with the syntactic
parsing and analysis (using the C-structures from the Stanford Parser) (question analysis
component). The question analysis components also identify candidate question terms
which can be potentially mapped to dataset concepts, using a rules-based approach over

the query the C-Structure and POS Tags.

The ontology-based lookup component maps question terms to the dataset entities. If the
system fails to generate a mapping between question and dataset, it returns a dialog to
the user through the consolidation algorithm component. The consolidation algorithm
detects ambiguous concepts (through the disambiguation dialog) or provides alternative
mappings based on a relaxation of the query-ontology mapping using neighboring terms
(mapping dialog). The mappings are stored by the combination of the question-dataset
terms and the surrounding context terms, allowing the improvement of the performance
over time. After the mappings are completed, the system detects the answer type and
combines the entities identified in the dataset into triples by taking into account the

dataset structure

FREYA is evaluated using precision and recall under the Question Answering over
Linked Data 2011 test collection (using MusicBrainz and DBpedia datasets with 100
training and test questions) and reached a recall of 0.54 and precision of 0.63, leading to
an F-measure of 0.58. The core contribution behind the FREyA system is the exploration

of user interaction/feedback element into for disambiguation and semantic enrichment.
3.2.7 Summary

Previous template based question answering systems exhibited as good approaches to
capture the semantic structure of the natural language question. Accordingly, the systems
can answer more expressive queries containing quantifiers, comparative, and superlative
in contrast to approaches that map natural language input to purely triple-based
representations. However there are still gaps that require more studies; the first is that the
question analysis and parsing are language specifics, and rely on manually built in

domain-specific lexicon, manually crafted grammer and linguistic features.

The second is that the query-dataset semantic matching techniques which they used are
strongly rely on Wordnet and domain specific Ontologies which they are restricted to
taxonomic/synonymic/hyperneym relations, but there are cases which require more

exploration for semantic approximations and as full fledged Amharic wordnet is not
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available, require long time and language experts to built it manually. The other is that
they do not support compex questions that require multiple KG predicates from different

data sources to obtain answers.

We propose a novel approach to Amharic Semantic Query answering over Linked Data
that relies on a deep linguistic analysis (via neural semantic parsing, learning based)
yielding a SPARQL template with slots that directly mirrors the internal structure of
Ambharic question, need to be filled with URIs. In order to fill those slots, possible
datasets were disambiguated, and entities were identified using string similarity as well
as semantic relatedness using distributional semantic model developed from text
documents. The remaining query candidates were then ranked on the basis of scores
attached to the entities and BGPs and finally top ranked query was selected to be

executed as the final result.
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Chapter 4 - Design of Natural Language Semantic Question

Answering

4.1 Overview

In this Chapter, the design and implementation of the proposed Amharic semantic query
answering over Web of Data are presented in detail. As depicted in Figure 4-1, the
proposed system architecture is composed of five major components: Word Embedding,
Data Indexing, Query Template Generation, Resource Matching and Disambiguation,
and Query Ranking and Execution. The Data Embedding part composed of pre-
processing of Amharic reference text corpora (such as Normalizing, Stemming, and Stop
word removal) and Distributional word embedding model. The result of this component

IS a vector representation of words, which is used later in Data indexing component.

The major activities during Query Template Generation are Question preprocessing
(such as Stemming, Normalization...), Deep neural semantic parser that map
preprocessed input question to formal meaning representation (its logical forms),
Template generator which is responsible to translate meaning representation to domain-
independent SPARQL query templates by using manually curetted Templates, which

they are later instantiated using entity matching and disambiguation component.

The Resource Matching and Disambiguation component is responsible for entity
matching and resource disambiguation to generate Templates with disambiguated slots.
The SPARQL query Templates generated by Query Analysis component contains slots,
which are missing elements of the query that have to be filled with disambiguated
entities. And our dataset where the query is processed is an interlinked data (collected
from different data sources) rather not a single dataset, thus it needs disambiguation of

resources and federated query to retrieve answers from disambiguated resources.

To do so, this component composed of three sub-components; entity matching
subcomponent, it returns matched candidate entities through term-based matching and
distributional semantic searching from indexed data. Those returned candidate entities
are used by disambiguation subcomponent to select (rank) important data resources for
the query. The rewriting/merge subcomponent uses the selected data resources to rewrite
SPARQL query Templates generated from the Template generation component and
generate candidates of federate SPARQL query templates with slots, which they are
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ranked and processed using Ranking and Answer processing component of the system.
Ranking and Answer processing component is a response to rank SPARQ queries, and to
retrieve top-ranked answers to the user. Word Embedding and Data Indexing are the two

offline components. The other components are an online one.
4.2 Word Embedding

It is responsible to build word embedding model that embrace the vectors representation
of words in the given input Amharic text corpus. This component has the following sub-

components:
4.2.1 Corpora Preprocessing

As we have discussed at the beginning, the goal of this module is generating indices
which are important for computing semantic relatedness between natural language
expressions in the query and labels of vocabulary elements in the datasets. As we have
reviewed in Chapter two, existing semantic matching approaches currently strongly rely
on WordNet and on explicit taxonomical relations (domain-specific ontology) in the data
to support lexical/semantic approximation in the dataset. But these approaches have
limitations in order not to use in our works; no full-fledged Amharic WordNet (and they
consume time and resource to manually prepare) available, can’t capture domain-specific
semantics, restricted to semantic approximations techniques which strongly rely on
taxonomic/synonymic relations, limited in addressing the computation of similarity
between terms crossing part-of-speech boundaries or containing multi-word expressions,

and inability to capture uncommon and new terms or term senses.

Instead, we rely on a distributional semantic that address the above limitations; it is an
approach that automatically encodes large semantic and commonsense knowledge bases
from large unstructured text corpus (in our case Amharic text corpus). To do so, we need
to first preprocess the Amharic text corpus that increases performance and reduces
runtime of the extraction. This process is language dependent and includes the following
activities; building a corpus, removing unnecessary words, changing characters and

words into their common form, and stemming.
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Building Corpus

We collect and build a corpus by crawls the Web, and from a set of publicly available
Ambaric text collections. Its’ contents are mainly news articles based on a local Amharic
newspaper, Amharic editions of international news networks, Amharic version of the

bible, and Amharic Wikipedia dump.
Removal of Extraneous Characters

The numbers, punctuation marks and control characters in the text of each file were not
considered for building a distributional model as they do not provide important
information about target word meaning. Words containing numbers like (2™ i.e. 2% or
Ah103862) were excluded at the first phases of preprocessing. Moreover, the standard
control character; Amharic punctuation marks : ¢ = £ :- and symbols borrowed from

other languages (2, !, “, ™, *, /,\, etc.) were ignored.
Normalization

In Amharic, there are words which can be written in different formats. It would
unnecessarily increase the number of words to be indexed which could reduce the
efficiency and accuracy of the indexer. So, this activity normalizes these spelling
variations by changing the different forms of a character into one common form. The
other normalization issue is related with shorthand representation of words like /A, /1.
and &/0t. Therefore, these forms should be converted into their expanded long forms.
Table 4-1 shows an example of the character redundancy where more than one symbol is
used for the same sound.
Table 4-1: Redundant Amharic characters

Consonant Other symbols with the same sound
v (hd) Ychhdah
( (s&) w
A () K09
& (tsa) g

The other normalization activity is stemming, the process of reducing inflected (or
sometimes derived) words to their stem. In our work, it is sufficient that related words

map to the same stem (even if this stem is not in itself a valid root), and it provides a
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means to minimize index terms and hence save storage space, increases the performance
of indexer (accuracy and efficiency). In this thesis, we employ the stemming algorithm
developed in [60]. Normally proper names, dates, and numbers (i.e. resources and
values) should not be subjected to stemming since they will not be reduced to root

words.
Formation of Compound words

Compound words are used as a single word in some instances (either by fusing the two
words or by inserting a hyphen between them) and as two separate words at other
instances. Inconsistent usage of compound words could result in redundant word features
by creating more words. A compound word (example A%.a A0A) can be treated as two
separate words A%.0 and ANA. In order to minimize this difficulty, the popular compound
nouns are known in each domain are identified and stored as knowledge to be used

appropriately whenever required.
Sub-sampling Frequent Words

It removes most frequently occurring words from the text that do not provide important
information about target words meaning. The assumption is that words which occur
frequently in almost all text are non-informative. Removal of frequent words during
training results in a significant speedup (around 2x - 10x), and improves the accuracy of
the representations of less frequent words [63]. We identified two kinds of frequent
words: Common Stop Words: Like other languages, some words in Amharic are used
very frequently in the normal usage of the language. The other is Amharic news specific
words: as our data is more collected from Amharic news, there are vocabularies that are
peculiar and frequently used by reporters and journalists. Thus, we collected very
frequent words by randomly picking words (wi) whose frequency f(w;) is higher than
threshold t=1 x e~> (Authors [64] suggest 1 xe™3 — 1 x e™> as a useful range) with a

probability (p(w;)> 0.9999) of computed by the formula:

t
w)=1— |—— 4.1
We used this sub-sampling formula because it aggressively subsamples words whose
frequency is greater than t while preserving the ranking of the frequencies. We final

aggregated both kind of frequent words and removed them from the collected corpus.
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4.2.2 Neural Word Embedding

As we have reviewed in Chapter two, most current distributional semantic models
exploit the distributional hypothesis; the idea that the context surrounding a given word
in a text provides important information about its meaning. This sub-component focuses
on the construction of a semantic representation of words based on the statistical
distribution of word co-occurrence in the text corpus; the meaning of words is
represented by their corresponding vectors. We used model (i.e. Skip-gram Word2vec
algorithm) presented by authors [63] to construct our semantic model that enclose the
semantic representation of all words in the pre-processed Amharic Corpus. As we have
reviewed, Skip-gram is a type of predict neural word embedding algorithm that uses the
current word to predict the surrounding window of context words, and it has many
advantages compared to earlier algorithms of distributional models. Next, we discuss

briefly the model.
The Skip-Gram (SG) Model

The objective of the model is to find word representations that are useful for predicting
the surrounding words in a given pre-processed Amharic texts. We’d like to predict ¢
context words having one target word on the input as it is shown in Figure 4-2 (Mikolov
et al [63]). More formally, given a sequence of training words wi,wW,,ws, . . . Wt , the

objective of the model is to maximize the average log probability:

%ZT: Z logp(wt+j|wt) (4.2)

t=1—c<j<c,j#0

Where -c and c are limits of our context window (size of context window). The
basic model formulation defines p(w.j [w:) using the softmax function:
T T
exp (0 vur)
p(WOIwl) = —5 (4.3)

exp(vv{,TvW,)
w=1

where vy, and vy, are the “input” and “output” vector representations of w, and W

is the total number of words in pre-processed Amharic corpus.
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Figure 4-2: Skip gram model
4.3 Data Indexing

It is an offline process to index-linked datasets for the purpose of speeding up the query
answering process. Particularly, it is important to match natural language expressions in
the query with labels of vocabulary elements in the datasets. This component generates
four independent indices corresponding to each element of the reference data model.
This module has the following sub-modules;

4.3.1 Data Model Mapper

As we have stated above, our goal is to generate separate indices for resources
(instances), properties, and classes by querying for the labels of such elements (or by
separating natural language descriptors from URI) in the used datasets store. Thus, the
main task of this sub-module is identifying data model categories for elements in the
RDF(S) data model and then producing the normalized and stemmed form of them, and
uses them as input for indexer. So, this section discusses how the proposed system
categorizes each element of RDF statements into their data model categories (instances,
properties, and classes). The task is composed of three major Activities as described

below:
Activity 1: Defining Amharic Linked Data

As we have stated in Chapter two, we use RDF data model as a reference data model that
represents information about resources with a <subject, predicate, object> structure
(Triple structure), and Linked data as data integration. The subject denotes the instance,
and the predicate denotes attributes of the resource and expresses a relationship between

the subject and the object (i.e. < {instance |[class} - {property|type} - {instance
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||class||value} >). Our linked dataset, which is important for both answering query and
building indices, is collected, and interlinked from different domains (such as people,
companies, films, music, locations, online communities, and scientific and government
data) under Linked Data Principles (rather not a single dataset). The dataset is collected
from a different source (such as Amharic DBpedia, Government open data portals,
companies) having different data formats and then convert them to RDF data format

using RDF free mapping tools.
Activity 2: Identifying Data Model Categories

To categorize elements of RDF to their data model, we consider two cases: the lexical
categories of the label of elements and Link Types of RDF graph, and we implemented
Algorithm 4-1. We discuss each case below:

Case 1: Link Types RDF Data Model
The following link types are identified:

Class link: Expresses a relationship between an instance and the unary predicate (i.e. <
instance — type — class>). The link connects unary predicates with a ‘is a’ semantics. For
example, dbpedia: A€ 4nais a dbpedia: #7<7 In this type of link, the subject (A€ An4)
refers resource and the object (#77) refers class, ‘is a’ refers type property.

Relation link: Expresses the relationship between two instances (i.e. < instance/class -
property- instance/class>). In this type of link two different links are identified. The first
link is where both subject and object are resources (i.e. < instance — property -
instance>). For Example, dbpedia: 420 AN0 dbpedia:?s ht+o7 dbpedia: A +e%f (i.e.
Both A0 ANQ and A &€ refers resources). The second link is where both subject and
object are class (i.e. < class — property — class >). So, we need to identify lexical
categories of the subject and the object. The predicate simple mapped to the property

data model.

Attribute link: Expresses the attribute of an instance (i.e. < instance - property - value>).
In this case the subject can be resources or class so we need to identify lexical categories
of the subject. But the object is simple literal value so it is mapped to whether numeric
values or instance (if values are strings). Here the attributes are mapped to the property
data model.
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Co-reference link: Expresses the identity or equivalence relationship between two
instances, two properties or two classes (e.g. owl:sameAs, rdfs:equivalentClass,

rdfs:equivalentProperty).

Description link: A link which provides a natural language descriptor for the dataset

element (e.g. rdf:label, dcterms:description, rdfs:seeAlso).

Taxonomic link: terminology-level link which expresses a specialization/generalization
relation (taxonomical) between classes or properties (e.g. rdfs:subClassOf,
rdfs:subPropertyOf ).

Case 2: Lexical Categories for the Data Model Elements

We used this case to distinguish whether the subject/object is instance or class in the
above two links (i.e. Attribute link, Relation link). To get their Lexical category we used
POS done by [84].

Instances: Map to named entities which refer to the description of entities. A named

entity is defined by one or more proper nouns (NNP) in a noun phrase (NP).

Classes: Classes are unary predicates which map to non-rigid designators. Non-rigid
designators are descriptors for sets of instances. A class is defined by one or more nouns
(NN), adjectives (JJ), adverbs (RB), superlatives (JJS, RBS)) in a noun phrase (NP) or
adjectival phrase (AP).

Input: ALD: Amharic Linked data

Intermediate: TEle: Triple Elements,
PSe: POS tag of Subject,
POb: POS tag of Object,
LType=Link Type

Output: LI: List of Instances,

//normalized and stemmed set of individuals

LP: List of Properties,
LC: List of class,
LV: List of Value,

Begin:

For each triple t in Amharic Linked data ALD
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TEle = Tokenize (t, Y 7)
// returns ordered set of triple elements {s,p,o}
LType= identifyLinkTypes (TEle)
If LType= ”“Class Link” then
LI.add(TEle[O0]) LC.add (TEle[2])
els if LType= "Relation Link” then
PSe =POS(TEle[0]))
//part of speech of subject and object
POb = POS(TEle[2]))
If PSe="NNP” and POb="NNP” then

//both subject and object are entities

LI.add (TEle[0]) LP.add (TEle[1])
LI.add(TEle[2])

els
// both subject and object are descriptors
LC.add (TE1le[0]) LP.add(TEle[1])

LC.add (TEle[2])
end if
els if LType= ”"Attribute Link” then

PSe =POS(TEle[0]))

POb = POS(TEle[2]))

If PSe="NNP” then //subject is named entity
LT.add(TEle[0]) LP.add(TEle[1])
LV.add(TEle[2])

els // subject 1is descriptor
LC.add(TE1le[0]) LP.add(TEle[1])
LV.add(TEle[2])

end if

els If LType= "“Co-reference Link” then
PSe =POS(TEle[0]))
POb = POS(TEle[2]))

If PSe="NNP” and POb="NNP” then
LT.add(TEle[0]) LT.add(TEle[2])

Els
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LC.add(TEle[0]) LC.add(TEle[2])
end if
els If LType= "Description Link” then
PSe =POS(TEle[0]))
POb = POS (TEle[2]))
If PSe="NNP” and POb="NNP” then

LI.add(TEle[O0]) LI.add(TEle[2])
Els
LC.add (TEle[0]) LC.add (TEle[2])
end if
end if

End for
LI=normalize (LI) LP= normalize (LP)
LC= normalize (LC) LV= normalize (LV) //normalize each
set
LI=stemming (LI) LP= stemming (LP)

LC= stemming (LC) LV= stemming(LV) // stemming each set

End

Algorithm 4-1: Data Model Mapper

Activity 3: Normalization

Preprocessed activities discussed in Section 4.2 are used to preprocess identified lexical
categories list. Such as normalizes spelling variations by changing the different forms of
a character into one common form and removal of extraneous characters and stemming

are included.
4.3.2 Indexer

As we have stated above, the major goal of data indexing is creating indices for the RDF
elements, this sub-component does the main task of indexing through requesting vector
of target term and by calculating TFIDF of target term, it implement Algorithm 4.2. The

task is composed of two major Activities as described below:
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Activity 1. Requesting Terms Vectors

This activity is responsible to extend the formal semantics of RDF symbol with a
distributional semantic description by requesting context vectors of terms from the
trained distributional model. It begins by acquiring each target terms from each list of
RDF elements (list of instances, list of classes, list of properties, list of values), and then
request context vectors for each target terms from the pre-trained embedding model. If
the target term is composed of more than one words (phrase), it asks for context vector

for each word and calculates element-wise average sum. More formally, acquired target

term T consists of words w; , w, ,ws, ..., wy with their corresponding context vectors
(CV) Wy, W, , Ws ..., W, , the context vector of term (T’) given by:
dim

iwk] (44)

k=1

II
Sl

~.
Il
[y

Where dim is a dimension of context vector and n is the number of words in the

target term.
Activity 2: Calculating weighting TFIDF of Terms

Its objective is to determine how a term is discriminative in relation to the relative
distribution of other terms in the dataset. To do this we use a keyword-centric indexing
approach, originating from the information retrieval research community [66]. Similarly
to the way in which text documents are determined by a set of keyword terms in the
classical information retrieval setting, each RDF documents is determined by a set of
target terms. Our structure consists of inverted indices, where each row represents target

terms and each column represents RDF documents.

More formally, Let S is the set of symbols (i.e. instances, properties, classes) in the
preprocessed Amharic linked dataset and T is the set of target terms associated with the
symbols S. Each t € T is composed of a set of k words. Let K be the set of all words in
the dataset Lexicon. Let w;; > 0 be a weight associated with each word k; contained in
RDF document d; , where for a ki word not contained in a document d; , w;; = 0. In this
work we use TF/IDF weighting scheme for calculating weight associated with each term

(The approach used in this study for term weighting is developed by modifying the
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classical TF/IDF method used in lucene indexer) [67]. That means the TFIDF of target

term is the average sum of each words TFIDFs’ be present in the term. Where,

Index Structure

___________________________________________________________________________

Instance Index

class_uri instance_uri

class_terms instance_terms

class stemmed terms

|

|

|

|

|

|

|

|

|

|

| mstance stemmed terms
class WTFIDF |

|

|

|

|

|

|

|

|

|

|

|

|

| |
! |
| |
| |
: |
. I
I |
! |
| :
: |
: istance WTFIDF i
| :
| |
| |
| |
: |
. I
| |
| |
| :

class_dist (payload) instance_dist (payload)

Xe 1, Wp.1|  Xc,2, Wp2 Xc.n, Wp.n Xi.1, Wp,1 | Xi,2, Wp.2 Xi,1, Wp. 1
L ———
IR R S R R R T R R R R R R e R R R R R R R R R T 1 |- T~ T T T T T T T T T T T T T T T TS TS T T T T T T T 1
Property Index Value Index
prop_uri value_terms
prop_terms value stemmed terms

value WTFIDF
value_dist (payload)

| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
' prop_stemmed terms |
: prop_WTFIDF :
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |
| |

prop_dist (payload)

Figure 4-3: Lucene indices structures
Term Frequency (TF)

Let freq;; be the frequency of term k; in the RDF document d;. Let count (d;) is the
number of words inside the document d;. The normalized term frequency tf;; is given by:.

freq;;
tf; i = ———— 4.5
fl’] count(dj) (4:5)

Inverse Document Frequency (IDF)

Let n,, be the number of RDF documents containing the word kjand N the total number

of Documents in the dataset. The inverse document frequency idf; for the word k; is

given by:
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_ N
idf; = loga (4.6)

Term Frequency/Inverse Document Frequency
The final TF/IDF weight value of word based on the values of tf and idf is defined as:
Wi,j = tfl,j X lOg% (4‘7)

Thus, TFIDF of the term given by:

n
1
Tfldfy == ) Wigiay, (48)
k=1

Thus, the weight given by TF/IDF provides a measure on how a target term is
discriminative in relation to the relative distribution of other terms in the dataset

Input: LI: List of Instance terms and their urls,
LP: List of Property terms and their urls,
LC: List of class terms and their urls,
LV: List of Value terms,
Intermediate: WTfIdf: weight TfIdf of term,
Trmvector: weight term vector,
EDim: Embedding Dimension,
TfIdf = TfIdf of word
Output: InIndex: Instances index //index of instance terms
PIndex: Properties index,
CIndex: class index,
VIndex: Value index

Begin:

for each term t, url u in List of Instances LI

Tstem=stemming (t) //stemming term

trm = Tokenize (Tstem, ‘' 7)

for each word w in trm
WrdsVec=[][] WTfIdf=0.0 1indx=0
EDim=embeddingDim ()
TfIdf=calculateTfIDF (w) //calculating TfIfd of word
WTfIdf= WTfIdf + TfIdf // Averaging TfIdf of term

indx++ //increment indx
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end for
for n=1 to EDim //calculate multi-words term vector
Trmvector[n]=0.0

for k=0 to size (wrdsVec)

Trmvector [n]= 1/ size(wrdsVec) (Trmvector[n]
+
WrdsVec [k] [n]) //element-wise addition of vectors
end for
end for

InIndex.add(u) InIndex.add(t)
InIndex.add (Tstem)

InIndex.add (WTfIdf) InIndex.add (Trmvector)
end for

for each term t, url u in List of Property LP
//the same steps as the above steps to built Instance index

PIndex.add (u) PIndex.add(t) PIndex.add(Tstem)
PIndex.add (WI'fIdf) PIndex.add(Trmvector)
end for

for each term t, url u in List of Class LC

//the same steps as the above steps to built Instance index

CIndex.add(u) CIndex.add(t) CIndex.add (Tstem)
CIndex.add (WTfIdf) CIndex.add (Trmvector)
end for

for each term t in List of Value LV

//the same steps as the above steps to built Instance index

VIindex.add (t) VIindex.add (Tstem)
VIindex.add (WTfIdf) VIindex.add (Trmvector)
end for

End

Algorithm 4-2: Data Indexing
Activity 3: Building Indices

It is responsible to build Lucene index by combining the final result of the above

two activities. The core index structure consists of four indices, as depicts in Figure 4-3;
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the instance index for instances, the class index for classes, the property index for
properties and the value index for values. While uri stores the element URI, the field
terms/stemmed terms cover the content of the parsed and stemmed URIs (word space),
WTFIDF stores the weighted TFIDF of terms and the distributional context vector field,
stores the distributional context vectors (distributional space). The distributional context

vector is serialized as a byte array under the Lucene framework.
4.4 Query Template Generation

It is responsible to generate the corresponding domain independent SPARQL query
template for user-provided natural language question input, and then the template is
grounded to domain-specific entities via resource matching and disambiguation
component. It gets natural language question from a user, process it, and produces a
query template. To do so, first it preprocesses the given query using a shallow natural
language processing technique, and then parsing semantically via deep neural learning
and produces its corresponding semantic meaning representation, and lastly, semantic
representations are finally translated into SPARQL templates. In general, it has the

following three subcomponents:
4.4.1 Question Preprocessor

It is the former sub-module that admits user question and preprocess it via simple NLP
tools such as normalizing and stemmer (words in question are normalized and stemmed).
To do so, the preprocessor uses the same techniques to normalize and stemming as used
in Corpora preprocessing (in Section 4.2.1). The output, the preprocessed question, is
used by deep neural semantic parser sub-module as input to increase the performance of

parsing instead of using the raw input question.
4.4.2 Deep Neural Semantic Parser

Semantic parsing (which captures the semantic structure of the user question) is a
mapping of natural language utterances into a formal machine-understandable
representation of its meaning (i.e. Logic form) [68]. Traditional ways of building a
semantic parser [70-73] rely on high-quality lexicons, hand-crafted grammars and
linguistic features which are limited by applied domain or representation. The rise of
sequence to sequence (Seg2Seq) model [69] provides an alternative method to tackle the
mapping problem and reduces the need for domain-specific assumptions, grammar
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learning, and more generally extensive features engineering by taking into account

semantic parsing as sequential problem.

Several types of supervision have been explored to train semantic parsing; full
supervision, given a set of input sentences and their corresponding logical forms; training
on utterance-denotation pairs and distant supervision to alleviate the annotation burden.
In this work we propose to use a domain-independent neural semantic parsing that learns
from natural language questions paired with meaning representations (full supervision
based) and generate the semantic parser (model) to predict the meaning representation of
new user’s question. We use a recurrent neural network with long short-term memory
(LSTM) model to encode sentences and decode logical forms. Our model can tolerate a
number of additional difficulties for the Amharic language such rich morphology and
larger freedom in sentence composition (e.g. U2A aAG AT a7 TF@? Or vh dAG AT
ABT haF@? (i.e. how many children does Haile Sellase have?)). The following sub-

section discusses specifications and components of our model.
Problem Setup

We briefly review the model presented by authors [74], which we base our model on. As
we have stated, our model’s training setup is fully supervised making use of utterance-
logical form pairs. Thus, our aim is to learn a model which maps natural language input
d =x1...xq to a logical form representation of it meaning a =y;... y|4. The entire model

is trained end-to-end (depicted as Figure 4-4) by maximizing p (a\q):

la|

p@\p) =] [poely <t.9) (49)

Where y<t =y;...y:_1.

The model consists of an encoder which encodes natural language input q into a vector
representation and a decoder which learns to generate y;, ... ,y|q conditioned on the

encoding vector.
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Sequence-to- Sequence Model (Sec2Sec)

This model considers both input “g” and output “a” as sequences. It is an encoder-
decoder model (as shown in figure 4.4) with two different L-layer recurrent neural
networks with long short-term memory (LSTM) neuron cell to handle long-range

dependency (i.e. long user question).
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We also extend the model with Bidirectional RNN to embrace the context of input and
employing attention-based copying mechanism to learn soft alignment at each time step
of the decoder. Below we briefly discuss the basic component of the model (encoder,

decoder), and attention mechanism we used in this work.

Encoder: The encoder converts the input (user question) sequence x; ...xjq into a
sequence of context sensitive embeddings b, ... bjgusing a bidirectional RNN. First, a
word embedding function @@ maps each word x; to a fixed-dimensional vector. These
vectors are fed as input to two RNNs: a forward RNN and a backward RNN. The
forward RNN starts with an initial hidden state hj, and generates a sequence of hidden

states hf, ..., hfq|by repeatedly applying the recurrence:

hf = LSTM(9%™ (x)),hf ;) (4.10)
where LSTM refers to the LSTM function being used.

The backward RNN (hB) similarly generates hidden states hﬁ”, ..., h% by processing the
input sequence in reverse order. Finally, for each input position i, we define the context-

sensitive embedding b; to be the concatenation of hf and h¥.

Decoder: our decoder is a sequence decoder that generates output tokens one at a time.
Once the tokens of the input sequence x; ...x|, are encoded into vectors, they are used
to initialize the hidden states of the first time step in the decoder. Next, the hidden vector
of the top most LSTM At in the sequence, decoder is used to predict the t-th output token

as:

p(yely <t q) = tanh(Wyh)"e(y,) (4.11)

Where W, is a parameter matrix, e(y;) a one-hot vector for computing y;’s
probability from the predicted distribution, and tanh is Activation function which
is adopted in the output layer to predict each word’s probability.

Attention Mechanism: As shown in Equation (4.9), the hidden vectors of the input
sequence are not directly used in the decoding process. However, it makes natural sense
to integrate encoder-side information (in the form of a context vector) at each time step
of the decoder to better predict the current token. Our attention model takes the
alignment history into consideration (it helps to adjust future attention and guide the
decoder towards unprocessed source words) through explicitly modeling the decoding
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coverage of the source words. In order to find relevant encoder-side context for the
current hidden state ht of decoder, we compute its attention score with the k-th hidden

state in the encoder:

exp {by. ht}
M exp {b;. h}

st = (4.12)

Where b, ... b, are the hidden vectors of top-layer of encoder. Then, the context

vector is the weighted sum of the hidden vectors in the encoder:

lql

ot = Z st by (4.13)

k=1
Instead of Equation (4.9), we use this context vector which acts as a summary of the

encoder to compute the probability of generating y; in our model as:
h?tt = tanh(Wlh% + cht) (414’)
p(yely <t q) = tanh(W,h*) e(y,) (4.15)

Where W, , W;, W, are the three parameter matrices and e(y,) a one-hot vector

for computing y,’s probability from the predicted distribution.

1. a Ade&e @0t 07 VST Ak?
b. answer (count (A), ve® (A), 1503 ( A, hFPRE))
C. select count (?A) where {
?A rdf:type ?c.
?A ?p ?z
¥
slots:
e (?c, class, ve®)
e (?p, property, a1503)
o (?z, resource, AE%F)
Where, slots are missing elements of the query that are filled with appropriate

URIs.
4.4.3 Template Generator

This subcomponent translates the semantic representation (logic form) of user question,
resulting from the previous subcomponent, into domain independent SPARQL template.
The template specifies the query type and the operation types as well as the number and
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form of its triples. Another part of a template is the slots, which provide an appropriate
URIs for the subject, predicate, and object of a triple. They are a tuple of a variable, the
type of the intended URI (resource, class or property), and the natural language
expression; (variable, intended URI, natural language expression). For example, for the
question (1a) with its logic form (1b) the SPARQL template is given in (1c) is built (i.e.
aggregation query type).

This component utilized 14 offline manually built up templates. Our template selection is
based on the query type, its query form, and operation type as presented in Algorithm 3.
We have identified three types of question and their corresponding query form (i.e.
factoid or list — Select, Yes/No — Ask, Definition — Select), and four types of operation

such as filter, aggregation, superlative, comparison.

Input: LF: Logic form,
STs: SPARQL Templates
Intermediate: AnsPart: Answer part of Logic Form,
TriPart: Triple part of Logic Form
Output: SST: Selected SPARQL Template
Begin:
1.l SepLF= Tokenize (LF, ”,”)
AnsPart=SepLF[0]
TriPart=SepLF[1-]
If AnsPart contain “?” and TriPart contain “7)”

SST=”Template 2" //Question type="yes/no” Operation type=” comparison”

end 1if

If AnsPart contain “?” and TriPart contain “g0ATNN"
SST=”Template 1 //Question type="yes/no” Operation type="

comparison”

end if

If AnsPart contain “who” and TriPart contain “&0ATMN”
SST=”Template 4" //Question type="select” Operation type="

comparison”

end if

If AnsPart contain “who” and TriPart contain “f)”
SST="Template 57 //Question type="select” Operation type="

comparison”

end if

If AnsPart contain “?”
SST="Template 3” //Question type="yes/no”  Operation type="

end if

If AnsPart contain “count”

SST="Template 6" //ouestion type="select” Operation type="
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aggregation”
end if

If AnsPart contain “count” and TriPart contain “1Ag”

SST=”Template 7 //Question type="select” Operation type="
aggregation+filter”
end 1if
If AnsPart contain “count” and TriPart contain “QFF~
SST=”Template 8" //Question type="select” Operation type="
aggregation+filter”
end 1if
If AnsPart contain “A” and TriPart contain “argmax”
SST=”Template 97 //Question type="select” Operation
type="superlative”
end 1if

If AnsPart contain “A” and TriPart contain “argmin”
SST=”Template 10” //ouestion type="select” Operation

type="superlative”

end if

If AnsPart contain “A” and TriPart contain “NAg”
SST="Template 11” //Question type="select” Operation type="filter”

end if

If AnsPart contain “A” and TriPart contain “OQ3F”

SST=”Template 127 //Question type="select” Operation type="filter”
end if
If //none of the above conditions

SST="Template 13" //ouestion type="select” Operation type="entity
description”
end 1if

End

Algorithm 4-3: Template Generator
4.5 Resource Matching and Disambiguation

This component is responsible to ground domain independent SPARQL query, which

has generated from the previous component to a given linked dataset to produce domains

specific query. To do so, it first produces all candidate resources for each slot in the

template, together with their URL and a matching score, by considering their type.

Secondly, for each triple pattern (TP) in SPARQL template, data resources are sorted

based on their coverage. Thus, the resources that have candidate matches for all or most

of the terms in the TP are selected first. Then for each TP and each covering graph with
candidate matches, the search for basic graph patterns (BGPs) is performed through an

exploration of datasets. Finally merging of BGPs across resources is done by finding join
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term, as well as one BGP with a common mapping. In general, it has the following sub-

components;
4.5.1 Resource Matching

This component retrieves and assigns a score to resources (i.e. instances, classes,
properties, and values) that are similar to the input string s from the given sub-indices for
each data model category. The result is a Mapping Table per linguistic term, containing
the matching score and the candidate URIs for each underlying dataset to be queried. The
matching is based on exact (or approximate) string index searches, string distance metric
and distributional semantic index searches over the entity labels for instances, properties,
and concepts, as well as literal values. We used those matching techniques to rank and
select only matches over a minimum threshold and up to a maximum number. This

component can also return ranks of candidate terms that are pruned.

In this work, we performed two major techniques for candidate terms retrieval and
ranking; term-based matching and distributional semantic matching. Instance search
prioritizes term-based matching, due to the lower variability in the naming of instances
and to the potential higher dimensionality of the distributional vector space (due to the
proportionally higher number of instances in the linked datasets). But the other types of
search (i.e. classes search, property search, and value search) used both matching
techniques. The search operation consists of mapping the terms in the SPARQL template

slots to the terms in indices.

In term-based searching, given a query term (i.e. term in slots) g* in each data model
categories over the term indices (i.e. corresponding to each data model index), the

ranking function @(q*, t), vt € T is given by a combination:

e TF/IDF of terms in the indices: s« (q%,t)
idf

e String similarity function: between the indices terms and the query
term simy;..(qt, t). Prioritizes closer string matching between query terms and
indices terms. We used the Dice similarity coefficient [75] for comparing the
similarity of two terms.

e Node cardinality (i.e. prominence score): number of triples n(t)associated
with t.
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Input: T: Set of Terms which are Indexed,
qt: Query Term,
LLS: lucene Index space

Nefsiap Naice * thresholds
Intermediate: @ qp: tf/idf value of term,
Qgice: Dice Coefficient of term,

@, : Number of triples associated to term

Output: R;: set of matched and ranked terms to the query

term qt
Begin:
for each term t in Set of Terms T
Difriar = sis(qh t)
If  Bijiar > Nefjiar then
Baice = SiMgice(qht)
If Qgice > Ny then
@, = n(t)
Ry, add ( t = (@n, Daice 1) //add term with its two values (£ (B Baice ))
into set
end if
end if
end for
R;= rank (R, @, Bgice) //rank terms based on their B e values

End

Algorithm 4-4: Term-based Search

Ser/iar(qh,t) and simg;ce(q*, t) are used as filters: terms with values below a threshold
are filtered. simg;..(qt t) and n(t) are used as ranking functions. The term search
returns a list of URIs associated with the term t which has at least one associated
matching word to g* . For all the terms containing at least one of the keywords
associated with the query, the list is ranked according to string similarity. The ranking

policy based on the node cardinality states that for homonymous terms, more popular
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instances are prioritized. The ranking algorithm for the term search is given by
Algorithm 4-4. This algorithm is similar for all type of search (i.e. instances search,

properties search...).

Input: T: Set of Terms which are Indexed,
qt: Query Term,
LLS: lucene Index space
Ngise © thresholds
DSM: Distributional semantic model
Intermediate: Q@ i: distributional semantic relatedness
value,
Output: R;: set of matched and ranked terms to the query
term qt
Begin:
6? = weighted word embedding (DSM, q')// Average vector of
query term

for each term t in Set of Terms T

Daist = Sus(qﬁf)//compute semantic relatedness between

two vectors | a?,f)
If  Qaise > Ny then
Ry. add (t— Quist) //add term with its value
(t = (Dgise )) into set
end if
end for
R,= rank (R;@gice) // rank terms based on their Qg

values

End

Algorithm 4-5: Distributional semantic search

The distributional semantic search operation is defined by the computation of the
semantic relatedness measure between the corresponding distributional vector of the

query term g* and terms vector in term indices. We compute the cosine similarity [76]
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between two distributional vectors to calculate the semantic relatedness measure between
two terms. If query term is multi-words, we first request vector for each words and then
we compute weight vectors for a term. The ranking algorithm for the distributional
semantic search is given by Algorithm 4.5.

4.5.2 Disambiguation and Merging

As we have stated in Chapter two, our dataset which is essential to fill users need is an
interlinked of different datasets employ heterogeneous schemas and each one may only
contain a part of the answer for a certain question (i.e. Queries require fused
information). Accordingly, we need to construct a federated formal query across
different datasets. Thus, this component is in charge for disambiguating and ranking
resource datasets, where each triple pattern (TP) in the SPARQL template will map,
based on their coverage of candidate URLs, and merging of triples across datasets.
Finally, it gives us candidate federated SPARQL templates. This component does the

following two activities.
Activity 1: Disambiguating Datasets

This activity performs disambiguating of datasets and returns candidate BGPs for each

TP in the given SPARQL Template. It has the following steps:

Step 1.1: For each TP, datasets are sorted based on their coverage. Thus, datasets that
have candidate URL matches for all or most of terms in the TP are selected first. Here
matching of candidate URLs and terms in TP is done by taking into account data model

types of both to reduce search space.

Step 1.2: Then for each TP and each covering dataset with candidate URL matches, the
search for BGPs is achieved through exploration of datasets. The search of BGPs begins
by taking the given TP pattern, but, if it doesn’t exist we consider the reverse pattern (i.e.
so, the search result is either <?s, ?P , 20> or <?0, ?p, ?s>). Here, we may get more
than one BGPs for one TP because of the number of candidate datasets we got for one
TP (it depends on the number of candidate URL matches we had for terms).

Activity 2: Merging across Datasets

Partial answers from BGPs across datasets that are translations to different TPs need to
be combined to generate complete answers. For BGPs to be merged they need to have at

least one variable (binding) in common, as well as one BGP with a common mapping
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(the subject or object) that corresponds to the join term. However, when merging across
datasets, the join term may not necessarily be represented by the same URI across
datasets, even if they refer to the same real-world entity. It applies the following steps to
merge BGPs across datasets:

Step 2.1: The first step is to find the join term between each pair of BGPs to be merged.
To do this, we first identify TPs to be merged and join term for them; in our case, the
join term and TPs to be merged are explicitly identified in SPARQL template: this means
TPs that can be merged have at least one similar term (i.e. syntactically similar or similar
variable). But we obtain this explicit information from SPARQL template that enclosed
TPs, not BGPs. Then we generate a table that includes merged BGPs and their
corresponding join terms of each merges, and candidate matches of each join terms
obtained from both merged BGPs.

Step 2.2: the second step is on-the-fly term co-reference to retrieve the common
bindings for the join terms across datasets, which will likely have different URIs even if
they represent the same real-world entity. Thus, we perform two types of merging:
syntactic and semantic. The semantic merging relies on the linkage across terms through
equivalence relations. We have identified owl.sameAs, rdfs: equivalejntClass and rdfs:
equivalentProperty equivalence relations types in our dataset. To find the linkage
between the join variables we have added new BGPs formed from join terms and those
identified equivalence relations. For example, lets we have two join terms (?s, ?r)
determined from two merged BGPs across datasets, thus we link this two terms by
constructing new BGP from join terms and equivalence relations; like { <?s ?rel ?r>
union <?r ?rel ?s> FILTER (?rell == owl.sameAs || rdfs: equivalejntClass || rdfs:
equivalentProperty ) }. However, as equivalence links across entities are often sparse or
may not be present, we also perform syntactic merging. An index search is added to the

merged GP to find those instances from each join with similar labels.

Finally, this component generates candidate federated query templates with URL slots
that have to be ranked by the coming component to fulfill user information needs.

4.6 Query Ranking and Execution

4.6.1 Query Ranking

After identifying BGPs and their combination (in the same and across datasets), we
arrive at a range of possible SPARQL query templates. The task now is to rank these
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queries and to pick one, which is then used to retrieve the answer to the input question.
The score of query computed as the average of the score of BGPs. As we have stated
above, one TP in a template can be translated to several BGPs, as a result, we do have

numerous query templates.

Given a TP that is to be translated, we compute score for each possible BGP that can be
the best translator: for each BGP average score of each individual mapping (candidate
entities) is computed (A higher score is assigned to BGPs that combine more candidate
URL matches), thus each BGP is ranked based on their score. The score is defined as;

score(BGP) = 1/nz o(qt,t;) (4.16)
i=1

Where n is the number of terms in BGP, @(q*, t;) is the score of each term which
is computed based on string similarity and node cardinality (i.e. @(q%t;)=
0 (Daice) +(o — 1) 0,,), Where the vaue of o € [0, 1] is decides on the impact of
similarity and prominence on the score term). But, this calculation is not

applicable for semantic matching

The final score of each query template is then defined as:

score(Q) = 1/stcore(BGPj) (4.75)
j=1

Where score(BGPj) is score of each BGP; (j=1, 2, , , m). Hence, finally we have

ranked list of query templates for question.
4.6.2 Query Execution

Once a ranked list of SPARQL queries is available, we need to decide which of those
ranked queries are to be executed to catch the answer. If only the highest-ranking query
would be returned, the problem arises that most of those queries actually do not return a
result. The reason for this is that the query ranking method of ours only takes limited
information into account for reasons of efficiency. It uses string similarity, prominence
of entities. However, this does not guarantee that the combination of triple patterns in a
query is meaningful and leads to a non-empty result. Therefore, our system is executed
and tests queries before returning a result to the user, and finally, it retrieves top-ranked

answer to the user.
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Chapter 5 - Experiment and Evaluation

5.1 Overview

In this Chapter, the set of experiments conducted to validate the proposed Semantic
Question Answering over Amharic linked data approach are presented. We have
followed some set of procedures to conduct the experiment. The test environment, the set
of activities defined under the procedures, the experiment settings and the findings from

the experiments are described in detail in the following sub-sections.
5.2 Experimental Procedure

In this sub-section, we describe datasets important for conducting different experiments
corresponding to each component of the system and the overall system, and we present

our experiment setting including programming languages.
5.2.1 Data Set Collection

Three different sets of data were required in order to undertake the experiments. The first
set of data is a collection of Amharic structured data referred to as “Ambharic linked
dataset”. This data was used to build indices and to find an answer for user question. The
source for the data was the Amharic version of DBpedia dump version 2016-10 which is
downloaded online as turtle (ttl) serialization, and the other source was open data Web
portals. Data obtained from the data portal was in .CSV and in .XML format where we
converted them into RDF data format through RDB2RDF, mapping tool downloaded
from the Internet. The collection was domains independent and encompasses interlinked
heterogeneous sources via linked data principles explained in Chapter two. The dataset
contains 30,000 RDF triples.

The second set of data is a collection of Amharic texts documents referred to as
“Amharic reference corpora” which was gathered from different sources including
Ambharic news from WIC information center, Amharic Wikipedia dump and Amharic
version of the bible. This data was used to build our distributional semantic model
(word2vec). A total of 35877 Amharic text files (593.5 MB) has been collected, and then

we preprocessed each file and minimize the size of corpus to 506.66 MB.
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The third set of data is a collection of Amharic questions and their annotations referred to
as “Amharic Natural Language questions”. To the best of our knowledge, no benchmark
for Amharic semantic query answering over Linked Data has been created so far. Thus,
we created a benchmark consisting of 2300 queries on Amharic interlinked dataset for
the purposes of our experimentation. This data was used to build and test deep semantic
parser, and to test the overall system performance. The dataset is split into a training set
of 2250 queries and 50 test queries to build semantic parser models. The training queries
are annotated with corresponding Logic Form (LF) whereas the test set prepared into two
formats: the first format enclose queries annotated with corresponding Logic Form (LF)
in order to evaluate the built semantic parser model and the other format enclose queries
annotated with corresponding SPARQL queries and answers to evaluate our system
performance. The second format annotations are presented in XML format as shown in
Figure 5-1.

<question id="10" answertype="resource” aggregation="false" order=" true”
comparison="false” >
<string> AL PILTT@ LHIP Hénd- TT10-?7</String>
<query>
SELECT ?uri WHERE {
?url rdf:type <http://am.geo.org/resource/té-¢->
2url <http://am.geo.org/property/hdd> ?0
?0<http://am.geo.org/property/v1c> <http://am.dbpedia.org/resource/A. 9% 2>
2url <http://am.dbpedia.org/property/ne:3> ?B
}
ORDER BY DESC (?B) LIMIT 1 OFFSET 0
</query>
<answers>
<answer>
<uri> http://am.geo.org/resource/¢-0807_té-é- </uri>
<string>¢-0 407 </string>
</answer>
</answers>

</question>

83



In this work, we adopted FunQL (i.e. less expressive than lambda calculus but it is
simple) as the semantic formalism of logic form. We used similar primitive domain-
general functional operators defined by authors [77] to define FunQL formalism as
shown in Table 5-1. The test data consists of 8 aggregate questions, 6 comparison
questions, 8 yes/no question, 8 superlative questions, 5 questions require fused
information across different dataset sources, 15 list, and factoid questions. Some of these
questions with their corresponding annotations are presented on Annex F. We walk
through the following steps to create the test data benchmark: first, we gathered queries
from graduate classmates, and then secondly we annotated them via their corresponding
LF and/or SPARQL query, and finally we prepared expert review questionnaires to

validate the benchmark and evaluated by three independent language and semantic Web

experts.
Table 5-1: Domain general functional operators to define FunQL formalisms
Description Examples
Operator
creates a unary logical form whose
Entity denotation is a singleton set containing P8TIE PRALPAN,
that entity
Logic Form AZT (284 £7An,
Acts on an entity and returns as A) corresponds to the
Relation detonation the set of entities that satisfy | question “¢ 284 A0 AT
the relation. A1 Fo-?
count(A, ALT (P24 AAn,
Count Returns the cardinality of a set of A)) corresponds to the
entities. question “22A A0, 07T
AST RAF@?”
Expression argmax(ief
argmax or operator returns a subset of entities (P20 A0, A), h&T)
. whose specific property is maximum or | corresponds to the question
argmin .
minimum “PILA AN, PaPEaVSP N B
TP
Expression filter(A2F (224
. Returns a subset of entities where a £2Ak), >(h&%, 52)) .
Filter comparative constrain is satisfied corresponds to the question
“h 2N 200 AST heTim-
n52 e.0Ama- T710-?”
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The verification criteria on the questionnaire are used to ensure that the selected test data
collections satisfy the characteristics necessary to support the evaluation of the thesis’
hypothesis and core requirements (mainly, comprehensiveness of question set; the
expressiveness of questions over open domain) and they are adopted from paper
presented by authors [56]. Based on the experts’ feedback, some questions have
incorrect corresponding SPARQL queries and logic forms and they suggested that they
have to be corrected. In addition, some experts suggested that the attribute fused is false
in some question, this means it is not contributing to the diversification of the questions.
Except for these comments and recommendations, the finding of experts result shows
that the test collections are satisfied the core research requirements. Expert questioner

form is attached as Annex E.
5.2.2 Experiment Setting

In this section, we discuss experiment settings including tools and programming
languages to employ different experimentations corresponding to components of the
system. In the next sub-sections, we describe each experiment.

Experiment Setting to Train Word Embedding Model

This experiment focused on training of semantic word embedding model. Here we
performed three experiment settings based on the dataset we used to train the model, and
then we built three different semantic models. The first setting utilized “normalized but
not stemmed Amharic reference corpora” dataset, the second is “normalized and
stemmed Amharic reference corpora” whereas the other setting utilized “stemmed and
sub-sampled Amharic reference corpora” dataset to recognize the effect of data
stemming and corpora sub-sampling to the rest of components and on the whole system.
Other than dataset settings we specified hyper parameters (or training parameters) to

train the models as shown in Table 5-2.

Table 5-2: model training parameters

) ] ] Window Sub- )
Model | Dimensionality ) Negative | Freg.thresh
size sample
SG 300 10 1xe™3 10 10

As we can see from Table 5-2, we used Skip Gram (SG) word2vec model with vector

dimension of size 300, context window of size 10, and negative sampling with k values
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of 10 as a maximization algorithm. We used the same training parameters for the above
two mentioned dataset settings to build two different word embedding models. Both

models were implemented in Python programming language with genism integration.
Experiment Setting to Train Deep Neural Parser

The model was trained by a prototype (one parts of the prototype) implemented in a
python programming language with Theano integration [78]. Similar to the above
setting, we prepared three settings; the first setting is based on “normalized but not
stemmed Amharic Natural Language questions”, the second is based on “normalized
and stemmed Amharic Natural Language questions” (i.e. Words in natural language
questions were stemmed using HornMorpho) and lastly our setting is “stemmed but
without an attention mechanism” . In all settings, we replaced word vectors for words
that occur only once in the training set with a universal <unk> (unknown) word vector in
the questions, but we but kept all tokens in the logical forms. To train our models we
used deep LSTMs with 2 layers, with 200 cells at each layer and 200-dimensional word
embeddings. Word embeddings were initialized with Word2Vec embeddings. The

complete training details are given below:

e We initialized all of the LSTM’s parameters with the uniform distribution
between -0.08 and 0.08

e We used the RMSProp algorithm (with batch size set to 20) to update the
parameters. The smoothing constant of RMSProp was 0.95.

e Gradients were clipped at 5 to alleviate the exploding gradient problem.

e The dropout rate was set to 0.5, which computes the softmax activation of the
next action or token.

e We trained the model for 30 epochs with an initial learning rate of 0.1, and
halved the learning rate every 5 epochs, starting from epoch 15.

e We used beam search with beam size 5 to generate logical forms during

inference.

Java Programming language, the Lucene API (Lucene 3.7), and a number of other third-
party Java libraries such as Jena framework (i.e. used to execute SPARQL query on the
linked data) were used in implementing other components of our system/prototype. All
experiments were implemented in a PC laptop with Intel(R) Core (TM) i3-5005U CPU
2GB Hz, 4GB memory RAM, and 500 GB disk running Windows’ 8.1.
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5.3 Evaluation
5.3.1 Offline Evaluation

Evaluation of Deep Neural Parser

The evaluation is based on the created test data benchmark on Amharic linked dataset. It
comprises set of 50 questions over Amharic linked dataset, annotated with logic form.
Each model is evaluated by calculating the bilingual evaluation understudy score (BLEU
[79], is a metric for evaluating a generated logic form to a reference logic form) scores to
get a quantitative idea of how well the model has performed. We computed different
cumulative BLEU scores by adjusting weights; BLEU-1(1, 0, 0, 0), BLEU-2(0.5, 0.5, 0,
0), BLEU-3(0.33, 0.33, 0.33, 0) and BLEU-4 (0.25, 0.25, 0.25, 0.25) and results of
models are presented in Table 5-3.

Table 5-3: Evaluation results of different Neural Semantic Parsers by calculating four
cumulative BLEU scores

cores | BLEU-1(1-gram) | BLEU-2(2-gram) | BLEU-3(3-gram) BLE;Jr—:)M_

Models g

NSPM with
Stemmed 0.60 0.57 0.57 051
NSPM not 0.60 055 0.5 010
Stemmed

NSPM Stemmed
No Attention 0.50 0.48 0.47 0.44

As shown in Table 5.3, the NSPM (Neural Semantic Parser Model) with both Stemmed
and attention mechanism is superior to other models in all BLEU scores. It achieved 0.51
score of BLEU-4 (i.e. which provides an upper bound on what we might expect from this
model), and outperforms NSPM Not Stemmed and NSPM with Stemmed and No
attention mechanism by 2.47% and 7.41% respectively (taking BLEU-4 score). This is to
be expected since the hidden vectors of the input sequence were directly used in the
decoding process (i.e. means it considers relevant information from the encoder-side to
better predict the current token), and different forms of each token appeared in the
training questions were changed into their stemmed form. All individual BLEU scores

for each test question of NSPM with Stemmed model is presented on Annex C.

Comparing our reference model (i.e. NSPM with Stemmed) to other deep neural based

semantic parser model developed for other languages, it performs less score. This is due
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to: the stemmer we used has less quality; For instance, let’s take these two questions
which they are taken from stemmed question set “UPA a7 Po1ATav 8.0+ (1F-8:0 tarnT
Pav@H hd9® O 107 and “ANN (LLA AFLP +avANTF NaP@H API® AG7T OFLP LNAMA”,
words ¢?aveH (from the first question) and ne»#t (from the first question) stemmed into
different forms(but they should have the same stemmed form, ov¢H), and they are
expected to be mapped to the same token (+erdn:_AP9°) in corresponding logic forms.
Thus, the probability of each word mapped to token +erdnf AP9° is smaller than the
probability of their stemmed form (i.e. ev#H). In general, stemmer quality has a direct

impact on the performance of our reference semantic parser.

The second case is rare words; because the training question set size is relatively too
small, some question words and semantically light expressions, such as the verbs to be
and to have, and prepositions are rare in the training set, which makes it hard to estimate
reliable parameters for them (or difficult to handle their context and meaning). Our data
size has also affect to get good precision for each question forms of the same question,
and question types (simple-complex). The last case is a number of layers; we used two
layers for encoder and decoder models, where they don’t provide more representational
capacity for the model. This is due to the performance bound of a computer we used for
experimentation is limited (need GPU) to train the model with >2 hidden layer and more
epochs (we leave this future work).

Evaluation of Word Embedding Models

We evaluated word embedding models described above based on collected term pairs set
(wordsim100, provide human annotated scores of relatedness between term pairs). We
used word relatedness evaluator (i.e. one type of intrinsic evaluator [80]) to measure how
well human perceived relatedness is captured by the word vector representation; we
measured the correlation between the mean score provided by the 10 language experts
datasets and cosine scores calculated by our models, using Spearman’s correlation
coefficient [81]. The questioner form used to collect relatedness scores to pairs of words
from experts, and the collected human’s mean score and cosine scores obtained from
embedding models are attached as Annex A and Annex B respectively. We computed the
Spearman’s correlation coefficients between each embedding model and human-
provided mean score using statistical software tool, IBM SPSS statistics (version 19).
Table 5-4, Table 5-5, and Table 5-6 show the result of each computation.
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Table 5-4: It presents Spearman's correlation coefficient rs, is 0.64, it’s statistically
significance value (p=0.0) and the sample size (100) that the calculation was based on in
a matrix, between WVM with Stemmed cosine score and human mean semantic relation

score
Correlations
WVM with Human
Stemmed mean
Semantic
_relation
_score
Spearman's | WVM with Stemmed | Correlation 1.000 6397
rho Coefficient
Sig. (2-tailed) : .000
N 100 100
Human mean Correlation 6397 1.000
Semantic _relation Coefficient
_score Sig. (2-tailed) .000 .
N 100 100

**_Correlation is significant at the 0.01 level (2-tailed).

Table 5-5: It presents Spearman's correlation coefficient rs, is 0.56, it’s statistically
significance value (p=0.0) and the sample size (100) that the calculation was based on in
a matrix, between WVM not Sampled cosine score and human mean semantic relation

score
Correlations
WVM not Human
Sampled mean
Semantic
_relation
_score
Spearman's | WVM not Sampled Correlation 1.000 5617
rho Coefficient
Sig. (2-tailed) : .000
N 100 100
Human mean Correlation 561" 1.000
Semantic _relation Coefficient
_score Sig. (2-tailed) .000 .
N 100 100

**_ Correlation is significant at the 0.01 level (2-tailed).
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Table 5-6: It presents Spearman's correlation coefficient rs, is 0.43, it’s statistically
significance value (p=0.0) and the sample size (100) that the calculation was based on in

a matrix, between WVM not Stemmed cosine score and human mean semantic relation

score
Correlations
WVM not Human
Stemmed mean
Semantic
_relation
_score
Spearman's | WVM not Stemmed | Correlation 1.000 4307
rho Coefficient
Sig. (2-tailed) . .000
N 100 100
Human mean Correlation 430" 1.000
Semantic _relation Coefficient
_score Sig. (2-tailed) .000 .
N 100 100

** Correlation is significant at the 0.01 level (2-tailed).

Table 5-7: Spearman’s rank-order correlation, rs, between the word relatedness scores

of the word vector models and mean score provided by humans

WVM with WVM not WVM not Sub-
Stemmed Stemmed sampled
rs 0.64 0.43 0.56

As shown in Table 5-7, WVM (Word Vector Model) with Stemmed is superior to other
models in Spearman’s correlation score. It achieved 0.64 scores of rs. Our models and
human’s mean score have a positive correlation in relatedness assessment, with most of
the correlation coefficient higher than 0.5, which means the relationship represented in
vector space is consistent with human annotations. As a result, we suggested that
developing word embedding via stemmed Ambharic corpus is more effective to compute
words semantic relatedness, and we used WVM with Stemmed as reference word
embedding model.
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5.3.2 Online Evaluation

In this evaluation, we evaluated the overall system performance under the created test
data benchmark on Amharic linked data. We used relevance metrics [82] to measure the
relevance of the results returned by the system and to test its effectiveness. We evaluated
the system with the three different setting of semantic parser models and used WVM
with Stemmed as a semantic model for all settings. Each question (and the averages for
the whole query set) is evaluated with respect to precision (p@3), recall (r@3), and f-

measure (f@3) (i.e. we consider all answers until ranked position 3) defined as follows:

Precision: provides a measure of how accurate is the answer set, i.e. the fraction of

retrieved results that are relevant for the query, and it is given by the following

expression:
number of correct answers returned by sthe ystem
p= (5.1)
number of all answers returned by the system

The average precision is given by:

n
1
avg.p = N z i (5.2)

i=1

Recall: provides a measure of the completeness of the query set and consists of the

fraction of relevant results that are retrieved, and it is given by the following expression:

number of correct answers returned by system
r= : (5.3)
number of answers in gold standard answers

The average recall is given by:
n
1
avg.r = N Z T (5.4)
1=

F-measure: is a harmonic mean which aggregates precision and recall into a single

measure:

precision * recall
Fmeasure = 2 * — (5.5
precision + recall
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Table 5-8: Aggregate relevance results for the query results on each neural semantic

parsing model

Stemmed Stemmed No Attention
Avg. Recall 0.58 0.55 0.49
Avg. Precision 0.43 0.40 0.35
Avg. F-Measure 0.50 0.46 0.41

As shown in Table 5-8, Question answering system with NSPM with Stemmed is
superior to the systems with other models in all relevance metrics. It achieved mean avg.
F-Measure of 0.50 (50%), Avg. Precision of 0.43, Avg. Recall of 0.58. The medium-
recall of the system showed us the effectiveness of the ability to survive with the
conceptual/vocabulary (semantic gaps) and structural gaps, even where the performance
of semantic parser is low. All relevance metrics for each test question of NSPM with

Stemmed is presented on Annex D.
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Figure 5-2: system performance curves for all relevance metrics on the NSPM with
Stemmed (BLEU-4 score)

We also demonstrated the performance of our system by enhancing the performance of
semantic parser. As shown in Figure 5-2, we have carried out four different experiments
by raising the value of NSPM with Stemmed, and the result showed us, system

performance is increased with parsing performance (NSPM with Stemmed) is increase,
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indicates our system can capture faithfully the semantic structure of the natural
languages in test set, thus complex questions containing quantifiers, comparatives,
superlatives, and requiring fusion of information from different resources pose no
problem, and the system can cope with the conceptual/vocabulary (semantic gaps) and
structural gaps. This indicates if problems of our semantic parser we have discussed on

section 5.3.1 will minimized for the future, our system will perform well.
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Chapter 6 - Conclusion and Future Work

6.1 Conclusion

Since digital technology has emerged, a massive amount of data has been produced in a
structured format. Large data is available from online transactions, social networking
sites, statistical data, online data portals, and etc. In addition, data which had been held in
paper or hard copy for a long time has been converted to soft copy to share them with the
public. For instance, the Ethiopian government as part of the eOffice project to decide to
change part of the paper-based reports to be converted into its equivalent electronic
version. Accordingly, the Ethiopian government developed an open data Web portal that
allows organization to publish their data. As these large collections of data contain a set
of facts in multiple domains, mechanisms to support users interacting, querying and
exploring data without the needs to understand its specific representation, lexicon and

structure become a fundamental demand for contemporary data management.

We presented an approach to Amharic semantic suestion answering over linked data that
relies on a deep linguistic analysis (by neural semantic parser) yielding a SPARQL
template with slots that need to be filled with URIs. In order to fill those slots, possible
datasets were disambiguated, and entities were identified using string similarity as well
as semantic relatedness using distributional semantic model developed from text
documents. The remaining query candidates were then ranked on the basis of scores
attached to the entities and BGPs and finally top ranked query was selected to be

executed as the final result.

One of the strengths of this approach is that the generated SPARQL templates capture
the semantic structure of the Amharic question input. Therefore, questions containing
quantifiers, comparatives, and superlatives do not pose a problem. In some cases, the
semantic structure of the question and the triple structure of the query do not coincide; to
solve this problem we investigated the relaxation of templates, such that the triple
structure is not completely fixed but is discovered through exploration of the RDF data
(i.e. this is the second strength of the approach). The other strength is that the system can
answer questions requiring the fusion of information from different resources via
disambiguating and ranking resource datasets and constructing a federated query across

different datasets.
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The overall system performance was evaluated under the created test data benchmark on
Amharic linked data. We used relevance metrics to measure the relevance of the results
returned by the system and to test its effectiveness. Each question (and the averages for
the whole query set) is evaluated with respect to precision, recall, f-measure. We
evaluated the system with the three different setting of semantic parser models. Question
answering system with NSPM with Stemmed is superior to the system with other models
in all relevance metrics. It achieved mean avg. F-Measure of 0.50 (50%), Avg. Precision
of 0.43, Avg. Recall of 0.58. We also demonstrated the performance of our system by
enhancing the performance of semantic parser. The result showed us increasing system

performance with increasing parsing performance is increased.
6.2 Contribution
The contributions of this thesis work are summarized as follows:

e Making use of link type of RDF graphs and lexical categories (we used POS to
determine lexical category) of the label of elements to categorize elements of
RDF to their data model (Instances, Properties, class, and values).

e Extending the formal semantics of RDF symbol with a distributional semantic
description by requesting context vectors of terms from the trained distributional
model.

e Making use of deep learning approach to maps Amharic natural language
question into its corresponding logical form representation.

e Making use of 14s offline built up query templates to translate logical form
representation of user question into corresponding domain independent SPARQL
template.

e Appling tfidf of terms, dice similarity coefficient for comparing the similarity of
two terms, and node cardinality (i.e. prominence score) for filtering and ranking
in term-based searching.

e Appling distributional semantic relatedness matching approach so as to determine
the semantic relatedness between the query and dataset terms.

e Appling disambiguating datasets and merging across datasets to construct a
federated SPARQL query for question requiring fusing of information across
different datasets. Partial answers from different datasets to be merged they need
to have at least one variable (binding) in common, as well as one BGP with a
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common mapping (the subject or object) that corresponds to the join term. To do
this, we perform semantic and syntactic merging. The semantic merging relies on
the linkage across terms through equivalence relations. We have identified
owl.sameAs, rdfs: equivalentClass and rdfs: equivalentProperty equivalence
relations types. Syntactic merging is through an index search to find instances
from each join with similar labels.

Making use of graph exploration of the RDF data to coincide the semantic
structure of the question and the triple structure of the query via the relaxation of
templates.

Preparing test data benchmark to evaluate the proposed model. The benchmark
contains 50 questions and each question presented in XML format and has
question ID, question type, answer type, corresponding logic form representation,
corresponding SPARQL query, and list of one or more answers The test data
consists of 8 aggregate questions, 6 comparison questions, 8 yes/no questions, 8
superlative questions, 5 questions require fused information across different
dataset sources, 15 list and factoid questions.

Appling word relatedness evaluator to evaluate word embedding models. Here
we collected 100-word pairs (wordsim100), then provided to 10 language experts
and finally we measure the correlation between the mean score provided by
experts’ datasets and cosine scores calculated by our models using Spearmans’
correlation coefficient.

6.3 Future Work

In this research, we have made an attempt to explore the use of a new approach to build a

semantic question answering. The following directions are pointed out so that this

research can be further pursued.

As it is mentioned in Section 4.4.2, the semantic parser is trained with full
supervision, given a set of input sentences and their corresponding logical forms,
but it is highly costly to annotate logical forms. Therefore, we will investigate
ways to refine training supervision to alleviate the annotation burden.

As described in Section 4.4.2.2, the number of layers we used to train encoder

and decoder models is too small (2 layers), where they don’t provide more
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representational capacity for the parser. We recommend developing a semantic
parser that is trained with >2 hidden layer (especially 4-layers) and more epochs.
Provide an inference engine, which infers additional triples given a set of triples.
For instance, when we look at question No 10 in the test data “A4¢&¢ ¢oL7T70-
ZHav e ei@-?” and it’s corresponding logic form “answer (A, argmax ( ( +éé (A
), @15 vic (A, hrexe), hed (A, B )), B ) ), the direct triple ?uri
<http://am.geo.org/property/vic>  <http://am.dbpedia.org/resource/aA te-%>  cannot
retrieve resources type of <http://am.geo.org/resource/+¢¢> in the given dataset.
Therefore, the system should infer additional triples such as ?uri
<http://am.geo.org/property/hd&> ?0 and ?0 <http://am.geo.org/property/v1c>
<http://am.dbpedia.org/resource/a &>,

A lot of information is still available only in textual form, both on the Web and in
the form of labels and abstracts in linked data sources. Therefore, we recommend
developing a hybrid question answering that can retrieve answers for questions
that required the integration of data both from linked data and from textual
sources, processing both structured and unstructured information.

Provide bilingual question answering, structured data on the Web (including
DBpedia) and local organizations (open data portals) available in both Amharic
and English languages form. Thus, it needs to integrate data from sources
existing in both languages and allows natural language questions in both

languages.
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Annexes

Annex A: Questionnaire form offered to Language Experts to Estimate

Semantic Relatedness of Words

We kindly ask you to assist us in a psycholinguistic experiment, aimed at estimating the
relatedness of various words in the Amharic language. The purpose of this experiment is
to assign relatedness scores to pairs of words, so that the word semantic relatedness
evaluator measures how well human perceived relatedness is captured by the word
vector representation model; it correlate the distance between word vectors and human

perceived semantic relatedness.

Below is a list of pairs of words. For each pair, please assign a numerical relatedness
score between 0 and 10 (0 = words are totally unrelated, 10 = words are very closely
related). By definition, the relatedness of the word to itself should be 10. You may assign
fractional scores (for example, 7.5). The symbols in column 2 (Similarity_type) indicate
how pair words are related and give hint to you when you fill their relatedness score; the

symbols have the following meaning:

v i=lidentical tokens

v/ s =synonym (at least in one meaning of each)

v/ a=antonyms (at least in one meaning of each)

v' h =first is hyponym of second (at least in one meaning of each)

v H =first is hyperonym of second (at least in one meaning of each)
v S =sibling terms (terms with a common hyperonymy)

v'm = first is part of the second one (at least in one meaning of each)
v" M =second is part of the first one (at least in one meaning of each)
vt =topically related, but none of the above

Specific instructions:
1) The questionnaire starts on the next page.

2) Please fill in your full name at the beginning of the questionnaire. We need the names
to ensure individual estimations do not get mixed, and to be able to contact you should

any clarifications become necessary.

3) Please fill in the relatedness scores in the appropriate column of the table.

106



4) If you do not know the meaning of a particular word - please use Amharic dictionary

(eom20 PAT), or ask a native Amharic speaker.

5) Please DO NOT consult your friends on assigning the relatedness scores — it is highly

important that the scores you assign be independent of someone else’s assessment.

6) When estimating relatedness of antonyms, consider them "similar” (i.e., belonging to

the same domain or representing features of the same concept), rather than "dissimilar”.

Full Name:

Table: Questionnaire for Estimation of Words semantic relatedness

No Similarity_type Word 1 Word 2 Semantic _relation _score
1 H tenPT ATd

2 t L7 e P T
3 t +7 héget
4 t tenPT AN
5 i 27 27

6 t .0t A

7 t U1y ot

8 h LI\ haa

9 M RAIC {laVa\
10 t TIPUCTH +a94
11 t Havy havt
12 S TIHA NG

13 t THA 07h

14 h Ade%e A1C

15 H LH1O JAth
16 h av-f, & aliGE
17 s avH 5 H4-7%

18 S hCO7 agny
19 S S7040 7T
20 h onh T80
21 S 100 oce
22 t ahavt AT
23 S 08P 074.¢
24 m 0N 45
25 H WOt P24
26 H &k nams
27 t fCe Foet
28 t £2°107% Foet
29 t Lnr UH?

30 M Ade%e hedh
31 S U0, 00

32 h TN Ppoid
33 t AL Tkt o
34 t ACATA AILAL
35 t ant A

36 t 00 Tt
37 t goanc olbt
38 h You Pl ncotey
39 t TG CHavit
40 S oheP IOhsA
41 t (Y3 At
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42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88

89
90
91
92
93
94
95
96
97
98
99
100

RCER
0,79,
Fgoqr
V@At
(A
hGFhI°
eracot:
AT
5By
ANt
&CP
8P
KGN
2087
HEA
av-(\§
B.avk
O-PeTN
PO
Pt
P9t
The T
e L1PL:
PCh
&CT
£9o04
N&A7
me,y
g
Aheé
YA RAY N
&rF
av-{ié-
frgeanc
A+
H

0,

It
LA
ATICE
196
o7
neq
A78C
B
FRITC
(rhebE,

He
72
Kng

a9y a0yt
ACA
PALD-L
Feeel:
e9chth
05
pao’

Ak (1981,
U1

A0t

@y
CHITY

av A (LS
907
s
PLavgol $
unge

na

24890

U

hers
BN
nA+hCte7
A0S
vt
avf:l4
X A
ATPAT,
ATPIh,
EXih i
T.shA
BuAT?
ezan
aQy-tge
A
AT&0
mg
hWIIEC
g VA
ag
oy
aca
ALIP(NG
ATEUL
Ta7CH
Ko
PALY
ndh
ACT14
L7H.Y
moCh
N2LaN
A%1ns
&L
+a-pt
70

KA
TN
mg
TCELT
708
A2
Feé.n
wheat
h&avg?
NPAs
ABLG4
AIC
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Annex B: Human’s mean semantic relatedness score and scores obtained from different semantic Embedding models.

Huma
Si n
WV | WV
mi M M WV | mean
lar M Sema
it Word Word | with | not not ntic Ur|{Ur|Ur|{Ur|Ur|Ur|Ur| Ur | Ur | Ur
Y1 2 Ste | Ste 1| 2| 3| 4| 5| 6| 7| 8] 9] 10
_ m i Sam | _relat
ty pled ion
No\| pe ed ed _scor
e
1 H | tenPT | AT¢ | 065 | 06 069 | 063 | 7 | 5|6 |7 |2 |58 8 8 7
2 t &7 | ten®F | 065 | 061 | 069 | 064 | 6 | 7 | 5| 7 | 8| 8|6 6 5 6
3 t 7 he*t+ | 037 | 029 | 031 | 038 | 4| 5| 0|5 |4]|6]|s:s 4 0 5
4 | t | tem®F | AOADT | 065 | 063 | 059 | 056 | 6 | 9 | 5| 7 | 8|6 |6 2 0 7
5 i (&7 (&7 1.0 1 1.0 1.0 10 110 |10 |10 | 0 | 10 | 10 10 10 10
6 t TGN A 061 | 057 | 059 | 065 | 7 | 6 | 4| 8|9 9 5 7
7 t (1 T'a ot 0.78 0.7 0.77 | 0.72 7 6 8 % 9 5 8 7 7 6
8 | h | a7iAf had | 066 | 058 | 066 | 061 | 8 | 7 65' 75 1 7 | 6 5 4 9
9 M AC hdad 0.58 | 0.57 | 0.52 0.65 % 5 % 7 3 7 6 7 9 9
0 | ¢ *ﬁ”c +o9s | 067 | 050 | 069 | 066 | 8 | 8|3 |6 |8 |7 6| 5 | 7|8
n t Haoy havt | 0.61 | 056 | 0.64 | 0.63 Z__’ 7 2‘ % 8 6 7 7 5 4
12 | s 770 ¢ 071 | 068 069 | 075 | 8 | 7 | 7| 9| 9| 7| 8 9 7 4
13|t T azh 063 | 064 |067 | 070 | 8 | 8 | 4 | 7 |7 | 7|8 8 5 8
4 | h ”;M mc | 074 | o072 078|080 | 9|7 |7 8|96 |8| 8|9 |09
15 H (LHIO J0th | 0.47 | 056 | 0.64 0.50 5 2 8 6 5 5 7 4 5 3
16 | h | oo | UGG | 0.74 | 064 | 0.72 | 068 | 7 | 8 é 718 |87 7 5 9
17 | s | i | H&T | 076 | 069 | 075 | 080 [ 9 | 8 | 7|9 |9 |6 | 7| 9 8 8
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Annex C: All indivisual BLEU scores for each test question of NSPM with Stemmed model

BLE BL | BL | BL
Question Target Predicted U1 | EY- | BYU- | EU-
e 2 3 4
ID
Wé hdd o answer (count (A), | answer (count (A),
1 | e9LTRT VST AT ved (A), 15 had (| Ve (A), 9215 _had ( 1.0 | 1.0 | 1.0 | 1.0
o A, 046 _had)) A, 046 _hAA))
ACTLL hadh o TTH answer ( ?, answer ( ?, e711C_%7%
2 C1ICA PLC_R7 ( ( AELe 54’\4\ ﬁqﬁ—)) 1.0 | 1.0 | 1.0 | 1.0
ACTLe_hAd , 0919)) - ’
answer ( A, a32e9 (
A8 PTLTT @+ (132090 B),% 03 (B, answer (A, 1503 (
3 | epmo- oo Y- K41, T+ (B, | A, h8e)) 0.34 | 0.30 | 0.25 | 0.15
- ( (A)
answer ( count ( A
" | answer (count (A),
AG0 ANQ PILTE: nZee (B), 0.70
4 | e o SF- oo 03 (A a1 03 (A, A%.0_hNN 0.70 | 0.70 | 0.70
A%0_A00)) ))
answer ( A, answer (A,
5 | T @O% ANFAL OHE | o) g ac ( ghavha0_AC ( 10 | 10 | 10 | 10
AC AT RN
TP 0N ,A)) TP_0A ,A))
answer (count (A),
PChAPRE COKT B | TRPT ( f":;;";’,e% g count (A ),
6 | (&7 aovd ATe O AOXe AT %P 0.61 | 0.61 | 0.59 | 0.58
G- e A) a0 ( 219:9)_){1,%_11%&«‘8_&
A, Uh_hTd)) ’
answer (A, ve® (A), | answer (A, ve® (A),
7 N7 Fav<H hAd a7E had (A, aE had (A, 10 10 | 10 | 10
POUTRET URST TP ML7A7HA_TerH_hAA ) | L7ATTA_T9PH_hdd ) ' ' ' '
) )
8 | TG ed PIUIT @ VLS answer (2,215 _haA | answer (?,e715 haa (| 1.0 | 1.0 | 1.0 | 1.0
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11

12

13

14

15

héod 1o+

(L789° LI°m, L1580+
avy ATE N AL 1@+

NATELE POLTT @+ L Hav
AL T

PABORU 400 AVPT
amag art NG
AQIPHI(

P4YA 200 AT Az T
NnocPy NHF HNANAT

ANN (LA 25000 TG
AL Ll [

WP 0% £.00 OFF hZiow
WU RO

a1l R4C 9P 9%
héoB), AL FAt4NT

(19_tee , vié_hah
)

answer ( ?,
haca_ten Pt (
0.789°_L9°m, ) ,
RPF_0F (

079> LI9°m,
aydh_hte))

answer (A, argmax (
(tee (A), 15 _vIc
(A, ATe%e), hed (
A.,B)).B))

answer (count (A),
et+avH10_NC (B, A),
At (B, AZo%0-_400
))

answer ( ?,
etavHIN_oce (
T4T0_400,B),
etaviN_oce (A, C)
e (A), 20aMA (
B.C))

answer ( ?,
PNt 4o AT (
ANN_(.A , 5000 7%+C
), heer (ANO_(LeA )

answer (count (A),
W (A, REORU- 800
) b (A))

answer ( A,
erATENT_Gom AT (
a0t P4CL,A))

TG e, V46 DAA))

answer ( ?,
hacha_ten Pt (

799 _L9°m, ) ,
mPF_03 (
(.289°_L9°m, ,
ayd_Art))

answer (A, argmax ( (
téd- (A), 15 _01C (
A, hteRe), hed (A
,B))

answer (count (A),
ehavi10_1wa (B, Avt (
B,avt (B, vt (B,
AVt (B, Avt (B, Avt
(B,avt (B ,avt (B,
hvt

answer ( ?,
etavHIN_oCP (
P4A_L00
etavHIN_oCP (
T410_400,B))

answer ( ?,
AL 4o AR (
ANO_(L&A |, 5000_9%+C
), A& (ANN_LEA ) )
answer (count (A),
At (A, aut (A AVT
(A,nt (A, avt (A
, WUt

answer (A,
PrAtLOT_Gom Ao (
aalt R4C,A))

1.0

0.86

0.15

0.34

1.0

0.14

1.0

1.0

0.86

0.13

0.33

1.0

0.12

1.0

1.0

0.86

0.15

0.31

1.0

0.14

1.0

1.0

0.86

0.10

0.28

1.0

0.10

1.0
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2471 ap(ao( A91Ch0
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200 N7LEAL NHT 977
£

LLMF hocha han
P77 (o LO-Ph

P14 NPA APF 0458
ASAT AL At

A7 RULS DA PS
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PR (FG PO OT° 717
20aa

K0 UeP N4t hng
Ved LA

A0 787N oo hAA
LT FSh® NFo-F7
HCHC

090, had @7 7174
£1%PTT 07t TR

answer ( A ,
raca_ten Pt (A),
wPF_ 03 (A, a1d))

answer ( who , 72484.¢
(8eCt b, A),
a.80.° (77H0,_%.00, B
), 274 (count (A),
count(B)))

answer ( ? , P7ra_-0H+F
( LLMA_Aaca_han,
A))

answer (count (A),
etAteNt_som_he'rt (
+12a_0da, A))
answer (7, P¢_htat (
V6 _NAA , A%91))
answer (A, $2H_ag°
(891 06, A))
answer ( ?, agt(
ANg_ Ve, A), 0d(
Mq_ved, B), £14 (
A,B))

answer ( A, Féhe_ns
(A), 5 _haa (A,
L0-0_NEC_N%LANT_h
Ad))

answer (count (A),
a1 (

ao9a, had , A))

answer (A,
racha_ten Pt (A,
Ard))

answer (who , 7280. (
77H0,_%.00, A), count
(B)), £ (count (
A),count(B)),
£ (count (A),
count (B)), £7a (
count (A), count (B)
), £ (count (A
answer ( ?, Pre5_(H+
(
LLMt AaCA_hAaN ¢
T0A_haN , Prem,_ AHT (
LLM T AaCA_hAN_hA
1,A))

answer (count (A),
PN _dom_heht (
¢4 _0Ph, A))
answer (7, PS_hhat (
V6 _hAA , A%91))
answer (A, ¢20_a9° (
877 (v, A))

answer ( ?, agr(
ms_ved, B), £1a (A
,B))

answer (A, Féhe_ng
(A),
L0-0_N%C_N%00F _h
Ad )

answer (count (A),
Po11C_21% (

0994, had , A))

0.63

0.29

0.67

1.0

1.0

1.0

0.69

0.72

1.0

0.63

0.27

0.62

1.0

1.0

1.0

0.69

0.72

1.0

0.63

0.28

0.59

1.0

1.0

1.0

0.69

0.69

1.0

0.61

0.23

0.49

1.0

1.0

1.0

0.67

0.66

1.0
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answer ( ?, U8 _hert
(H7S_ved,
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answer (A, haa (A)
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answer ( ?, ov15_hdA
(BAN_tee
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)
answer (A, vee (A),
15 hdd (A,

ACTLE hAA ))

answer ( A, argmin ( (
+téé (B), P15 hda (
B, vdé_had ), hed (
B.A)).A))
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a5 hdad (B,
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(count (A), count (
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answer (A, haa (A,
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answer ( ?, vnN_QHt(
A4C_hoa, A),
UHA_H(
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answer (A,

Lo BO T _ (187 (
havg hhs  A))
answer (2, ved_herk
(H7S_ved,
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answer (A, haa (A),
eo e 1% (A, 0CH)
)

answer (2, 215 _haé (
5 ted
L7070 _1a2H_hdA ) )

answer (A, ve® (A),
a5 had (A,
ACT1.2_hAA ))

answer (A, argmin ( (
téé (B), 15 _hda (
B), ), he(B),

aE had (B),), hed
(B), 15 _haa (B),)
, e (B

answer ( who ,

a7 hdd (A,
AT90,_hAA ), 915 _hAd
(B, 948 _had),
2namA (count (A),
count(B)))

answer (A, haa (A,
ACULE ) , h&er (A))

answer ( ?, UH-0_H+(
ACT1L had, A))

1.0

1.0

1.0

0.91

1.0

0.26

0.97

1.0

0.25

1.0

1.0

1.0

0.85

1.0

0.22

0.95

1.0

0.23

1.0

1.0

1.0

0.80

1.0

0.23

0.94

1.0

0.20

1.0

1.0

1.0

0.70

1.0

0.18

0.91

1.0

0.15
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34

35

36

37

38

39

40

41

42

PrTm- Phad PS hta?
1@< 70 UHA RTC
PAD-

F91¢-2 O L:09° tavp\nF
No@H AP9° NhLnO ANO
03290 LAANA

P40 N7 AZ°CT ha
av’f fav( (ot

NCHavt FAE té-é- T
hAd @O 2154

Ueh TNL0AN o1 1o-
POA LD+

NHF P78, POAD- $-T0A
L7 9910~

LGt He PTTT@Y
NATF +61C

ALTEXEL NP (27
NH 1A PO0D- +enPT
T

AL ANCVI® 077
Al1C0 ha APariNC
1o~

enama (A,B))
answer (A, argmin ( (
?G_ht91(B,A),
Ui it (A,C)),
C))

answer ( ?,
tavp T Adge (

a6 _0Feee A,
tavp\nF hdge (
ALN_ANO_n3 e B)
,e0hma (A,B))
answer ( A, °ae 47
(40 _h19r_han, A)
)
answer ( A, argmax (
(tee(B),

a5 had (B, A),
het(B,C)),C))
answer (A,
To-aL g (
V&A0,_1N40AG , A))
answer (A, argmax (
(¢r0A_han(A),
Prm, vt (A,B)),
B))

answer ( A, A&7 (
4Gt B, A))
answer ( A, argmax (
(P (

ATERe NP7,
A), it (A,B)
).B))

answer ( A, A.arNC
(A, ag_aNicor),
¢<+0A_han (A))

answer (A, argmin ( (
PS_hto1 (A),
vi0_uk (A,C))

answer ( ?,
TavpnT_hdge
T8 _0FL29°,B))

answer (A, o0l 7
(40h_h171_han,A))

answer (A, argmax ( (
tée- (B, A))

answer (A,
To-AL 0 (
VeA_T040A0 , A))

answer ( A, argmax (
count(,A))

answer (A, a1t (
LGt b, A))

answer (A, argmin (
KRS LD+,
A))l

answer (A, Aar70C (
A, Lag_xh0cor),
¢<r0H_ha (A))

0.73

0.28

1.0

0.32

1.0

0.30

1.0

0.25

1.0

0.71

0.28

1.0

0.32

1.0

0.27

1.0

0.24

1.0

0.69

0.27

1.0

0.31

1.0

0.23

1.0

0.21

1.0

0.66

0.25

1.0

0.30

1.0

0.19

1.0

0.17

1.0
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43

44

45

46

47

48

49

50

o738 Az T avhhA
NH 72840 LhavHN@-
TPy@-

1500 9%FC héB) AL
e+t P TERS
W& 6Ty HCHC

NACTLE hAA P17 -
NZHavt o téd- T~

Jehe (1A o 1
PTOALD-

b8, AGE PATACLA
PIYAD- PAANI® (19°
N@-am- A7 HEST At

21942 hAd PS nt?
PUHN &TC 07 10

PANEC ADP ¢RLeRLIP PTLAD-
PANNY® A9° avF +APP

heoPU- NN B8
Pa9.0AD AANY® N@AM-
POHF@7 ACOPT TN

answer ( A, argmax (
(23 (A, 078),

e (A), 73808 (A
,B)),count(B)))
answer (A,
etatdNt_Gom_hohrt (
A, 1500 9%+c),
hapr (A))

answer (A, argmin ( (
téd (A), P18 _hdé (
A, hCTLE_ DA ),
het(A,B)),B))

answer ( A,
To-aL 3 (

Féh N, A))
answer (count (A),
Hé7 (B9 _h&C),
AAOP (59, _h&C,B),
AAO_A9° (B,
POTACEA ) , ACONT (B
A))

answer (A, P¢_htat (
42 _hdd,B),
vVH_ut (B,A))
answer (A, 47 (
ANEC_ho$ ) |, hANg® (
AMEC_h@e B,
AAON°_a° (B, e lP )

, eFaPPOt_¢7 (B, A))
answer (A, H47 (
AB0Pu- 00D ) | AANY (
A8 pPp-_tnaw-, B),
AANg®_ae (B, 85),
acont (B, A))

answer (A, argmin ( (
23 (A), 72802 (A,
ATeRL) W& (A))

answer (A,
AT G hett (
A, 1500 _9%1C) , A
(A))

answer (A, argmin ( (
téd- (A), P15 _hda (
A, hCTLL_hoA ), het
(A, hCTLe_had),
nhed (A, A2 _had)
, hed (A, heTe_haa
answer (A,
TO-NL_0F ( Féhe_NPA
A))

count (count (A),
count (B))

answer (A, P9_brhat (
942 _hda,B),
vH-_ut (B, A))

A, (count (A), count
(A)),count(A)),
count (A)), count (

count (A),count (B)
))

0.63

1.0

0.27

1.0

0.15

1.0

0.19

0.15

0.58

1.0

0.24

1.0

0.14

1.0

0.12

0.12

0.54

1.0

0.27

1.0

0.11

1.0

0.10

0.14

0.48

1.0

0.22

1.0

0.10

1.0

0.11

0.15
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Annex D: All relevance merics for each test question of NSPM with Stemmed

This table shows recall, precision and f-measure values for each processed question.

Questions printed in cells with red background were not parsed, questions in white cells

succeeded. Questions in yellow cell fail due to an inference problem.

Q Question Recall | Precision F-measure
ID

1 024 hdd QT L7UTTTT VST AT GFo- 1.0 0.8 0.89

2 ACTLE hAA @0 190 S114-4 1.

o1 NS

A9.0 ANO PTTHF O FLP9° AT SFR@-
@ WAL, MM PAL 07T NC AONTTHA

1.

1.0 1.0
0.0 0.0

0.50

0 1.0 1.0
AR P PO T NBEP (-7 aPUA ATd A7
6 0.0 0.0 0.0
Fm-
1.0 0.8

0 . .
A897 RTLTT @ (FLR9° P10 @+ avF 1@ 0.0
1.0

0.67

7 OO0 TATHA T H DAA PTLTTHT VRS T TP 0.89

8 TG Pl PUULIT @ V26 DA 1@ 1.0 1.0 1.0

9 | (L7090 &9°m, PTIBD D aPUN ATE (3 AL 1 1.0 1.0 1.0

10 | OAFEXL eTLTTD- LHID: Hind 110D 0.0 0.0 1.0
PAE %Y 200 AURT A PAL A7 C AdaPHI(: 0.0

12 P40 %00 Wt hZe T 0OCe i FaANAT 0.0

13 | AN (kA 25000 TG hZer 1o 1.0 1.0 1.0

14 AED%u- 200 A7F AZ AUPT KA 0.0 0.0 0.0

15 | a0l £4C 97T 7 héeom AL HAt4AT 1.0 0.50 0.67

16 | 247t avaavC hacha tenPYTT PPOAT 1.0 1.0 1.0

18
19
20
21

23

24

NeL-Ck B A NTZHO, 200 0728AL 1T 777
[T\

LA AICO AN Prom, (AR LO-FA

P10 (PN A7F 0408 ARRT AR Tt

AR VLS DA PS it -

PALS9T (FG PEA AP 717 LOAA

A0 VeP NO4T hMG ved LA

A07A7FA FooH hAA CTLTTF7 360 0 Fo-+7
HCHC
(90, hAA OO 999174 £IRPTT O SFo-

1.0
1.0
1.0

1.0

1.0

1.0
0.8
0.33

0.50

1.0

0.89
0.50

0.67

1.0

120



25 | ko khé eHoRO+OAFD- hARTT TP 1.0 0.50 0.89

26 | H71S V2P 13U @V ULP 10 1.0 1.0 1.0

27 NG T hAA 10 297110+ 1.0 0.8 0.89

28 | WAL Tl PTUIT D LV TTTHN TP H hAA 10+ 1.0 0.5 0.67

29 ACT1L hAA P9LTHTT VRSP PP 1.0 0.50 0.89
Ve hAA LTt -G aPhnd NCHavt i A a6
téd NGFO AP 10

31 NA4-C hAA AT 0142 hAA (Tee- 1 717 Lo 033 0.50
LnAMA

32 | £27°0A hAA TOAS: QU7 W67 HCHC 1.0 0.8 0.89

33 PA4-C DA (UHA T DE9e-L hdd 20ATA 0.0 0.0 0.0

34 P @ Phad PS rthe? 10 +70 PUHA ¢7C LAD- 0.50 0.67

1.0
1928, (1 FLP9° +avplt NavPH API° hALO ANQ
35 0.0 0.0 0.0
0FL&09° LNANA
36 1.0 0.5

P4-(Le\ N197 A7°CF hAN ovF Fav(dt 0.67

37 ONCHavt AR Téd- 0T hAA OO £15A 0.0 0.0 0.0

38 1.0 0.8 0.89

39 A PR CNAD- $0A (&7 T 0.0 0.0 0.0

40 | L&CrE B PTTTOT TATIHT +61C 1.0 0.33 0.50
AAFPRE NP (FL7 1 1 LA1D- T, PT

0.0 0.0
TPy m-
_«mg ANCUI® 0977 hoCa A A.ParI0C 10+
No7%e haigrt avnnd NH- 92840 POHaPHIND-
0.0 0.0
TPy @-
1500 9%1C hé-o7 AL POt PATPLL AT
44 1.0 0.5 0.67
HCHC
NACTLL hAA PILTTT* (LHIVT T e 110+
46 | Jéhe (A O 100+ FOALD- 1.0 1.0 1.0
058, AGC POTACLA LTLAD- PAANI® A9° ND-(m-
47 0.0 0.0 0.0
OrF HEST At
48 | P42 hAA PS 1t PUHN &TC O 10+ 1.0 0.5 0.67
PANEC ADP 6hLehulP P9L.AD- PAANY® (9P aviF
49 0.0 0.0 0.0
+aPpP
PAL 20U~ TINND- B8, P99.0AD- AANI® (DA
50 0.0 0.0 0.0
POHFM®Y ACOPT PP
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Annex E: Expert Review Questionnaire to Validate Test Data Benchmark for Semantic Question Answering over
Amharic Linked Data

Strongly | Agree | Undecided Disagree Strongly | No |dea

. . . . agree i
Core Verification criteria g Disagree
Requirement 5 2 3 5 . ;

The question set contains instance

reference

The question set contains class

reference

The question set contains operator

reference

The query set provide a
comprehensive combination of

different query patterns

The set of unique triple patterns are
evenly distributed
Comprehensive complex queries have fair
question set (i.e. distribution as queries asking for

Maps to hypotheses | an instance and an attribute

context: expressive The question set contains
queries over open INSTANCE-PREDICATE-
VARIABLE triple pattern

reference

domain dataset.)

The question set contains
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VARIABLE-PREDICATE-
VARIABLE triple pattern
reference

The question set contains
VARIABLE-TYPE-CLASS triple

pattern reference

The question set contains
VARIABLE-PREDICATE-
VALUE triple pattern reference

The question set contains ORDER

triple pattern reference

The question set contains
AGGREGATE triple pattern

reference

The question set contains
COMPARISON triple pattern

reference

The set of different question types
are fairly distributed (fact/list,
yes/no, aggregation, comparison,
superlative , and questions require
fused information across different

dataset sources )

Semantic

formalism

Question ID | The corresponding

logic form maps to
# 8 p

guestion convinced
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(hints: the other
guestion IDs have
same format as
Question ID #1)

in terms of:
entity/variable

The corresponding
logic form maps to
question convinced
in terms of:

relation/predicate

The corresponding
logic form maps to
guestion convinced

in terms of:
operator
entity/variable
Question ID - -
relation/predicate
#2
operator
entity/variable
Question ID - -
relation/predicate
#3
operator
entity/variable
Question ID - -
relation/predicate
#50

operator
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Annex F: Part of Amahric Query Set
The list below provides the set of natural language queries and the corresponding
SPARQL queries and logic forms for the Amharic Semantic Query Answering over
Linked Data test collection.

<question id="" answertype="number" aggregation="true" order="false" fused="false" comparison="false">
<string> U4 NAA OO P7LTTH7 URST OFF GFO<</string>
<If> answer (count (A) , UB# (A ), P15 HAA (A, ULé hAA ) ) </If>
<query>
SELECT COUNT(?uri) WHERE {
?uri <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type> <http://am.geo.org/resource/USP>.
?uri <http://am.geo.org/property/NQ\é\> <http://am.geo.org/resource/Ulé>.

}
</query>
<answers>
<answer>
<number>0</number>
</answer>
</answers>
</question>
<question id="2" answertype="boolean" aggregation="false" order="false" fused="false" comparison="false">
<string> AP IAD BONT 5T L7746 </string>
<If> answer ( 7, PPLIIC X% (ACLL hAQ , 15T ) ) </If>
<query>
ASK
WHERE {
<http://am.geo.org/resource/AC91.9> <http://am.geo.org/property/PTL 114 £7%> "NGA" @am.
}
</query>
<answers>
<answer>
<string>false</string>
</answer>
</answers>
</question>
<question id="3" answertype="literal" aggregation="false" order="false" fused="false" comparison="false">
<string> 4497 PPL77@- (FLF9° P1 740D IOF jD-? <[string>
<If> answer (A, AF€P9° (B ), @75 (73 (B, A597 ), 720797 (B, A ) ) </If>
SELECT ?uri WHERE {
?A <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type> <http://am.geo.org/resource/03 £ 9"
?A <http://am.sport.org/property/Pe.T iVt (3> <http://am.geo.org/resource/A97T>.
?A <http://am.sport.org/property/€ 1100 $7> ?uri.
}
</query>
<answers>
<answer>
<string>1972 A?°</string>
</answer>
</answers>
</question>
<question id="4" answertype="number" aggregation="true" order="false" fused="false" comparison="false">
<string> A40 Al PPLTFF AFLPI° W2 §FD-2[string>
<If> answer (count (A ), 5LF9° (B ), @15 0AF (A, A2 401 ) ) </If>
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<query>
SELECT COUNT(?uri) WHERE {
?uri <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type> <http://am.geo.org/resource/(17£:L9">
2uri <http://am.sport.org/property/®LT T\ (3> <http://am.dbpedia.org/resource/A%0_ANNs.

}
</query>
<answers>
<answer>
<number> 2 </number>
<[/answer>
</answers>
</question>
<question id="5" answertype="number" aggregation="false" order="false" fused="false" comparison="false">
<string> 779° DAL, AnFAL 137 1L ANTIEA % string>
<If> answer (A, P1PHULAC (7777 DA , A ) ) </If>
<query>
SELECT ?uri WHERE {
<http://am.sport.org/resource/ 19°_DANL> <http://am.sport.org/property/(1C_AMPAL> ?uri.
}
</query>
<answers>
<answer>
<number>¢1 407 </number>
</answer>
</answers>
</question>
<question id="6" answertype="number" aggregation="true" order="false" fused="false" comparison="false">
<string> PATPESP PUAFT N1%2-P (163 7PUA APP N3 TTO2<[string>
<If> answer (count (A ), 1 PF (/‘L']‘f"ﬂ',ﬂd’ﬁ'?‘i’ﬂgd-?_ﬂ‘.‘.’?, A), P 0F (A, 72U A7) ) </If>
<query>
SELECT count(?uri) WHERE {
<http://am.sport.org/resource/A &L 0T 2P AICHA (17> <http://am.sport.org/property/TenPT>
2uri.
?uri <http://am.sport.org/property/PTLBOF(T (13> "PaPUN ATE"@am.
}
</query>
<answers>
<answer>
<number> 3 </number>
</answer>
</answers>
</question>
<question id="7" answertype="resource" aggregation="false" order="false" fused="false" comparison="false">
<string> (U 1376\ 7071 RAA PPLTFT? DREF Plic/string>
<> answer (A, UL® (A ), 15 BAA (A, B3T3 777 hAa ) ) </If>
SELECT ?uri WHERE {
?uri <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type> <http://am.geo.org/resource/US®>.
?uri <http://am.geo.org/property/NAA> <http://am.geo.org/resource/(L7ATHN_T0 N>,
}
</query>
<answers>
<answer>
<uri>None</uri>
<string>None</string>
</answer>
</answers>

</question>
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<question id="8" answertype="boolean" aggregation="false" order="false" fused="false" comparison="false">
<string> 7§ T PPLITW Uld hAA 1D-?[string>
<If> answer ( 7, 275 hAA ( 71, Us had ) ) </If>
<query>
ASK
WHERE {
<http://am.geo.org/resource/ G _té-é-> <http://am.geo.org/property/NA\A\> <http://am.geo.org/resource/Ud.6>.

}
</query>
<answers>
<answer>
<string>false </string>
</answer>
</answers>
</question>
<question id="9" answertype="boolean" aggregation="false" order="false" fused="false" comparison="false">
<string> (L 297 £9°my P7LBD1D- 7Y\ ATE (17 1€ 1D?[string>
Af> answer (7, ATCHO1RPT (1L79°.L9°m, ), B PF (17 (L7397 L9, , 7PUA ATe ) ) </If>
<query>
ASK
WHERE {

<http://am.sport.org/resource/(L787°_LI°M.> <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type>
<http://am.sport.org/resource/ACICRA TR P>,

<http://am.sport.org/resource/(L7f9° £I°M.> <http://am.sport.org/property/SULEADT(T (> "PaPUH
ATE"@am .
}
</query>
<answers>
<answer>
<string> true </string>
</answer>
</answers>
</question>
<question id="10" answertype="resource" aggregation="false" order="true" fused="false" comparison="false">
<string> (MAACEP PTLTED LHIP* fdd “FID2[string>
Af- answer (A, argmax ( (1 (A ), P15 VIC (A, ATPEP), heF (A, B)), B) ) </If>
<query>
SELECT ?uri WHERE {
?uri rdfitype <http://am.geo.org/resource/t¢-é->.
?uri <http://am.geo.org/property/NA\A> ?o.
?0 <http://am.geo.org/property/U1C> <http://am.dbpedia.org/resource/A % 0>,
?uri <http://am.dbpedia.org/property/n&J=> ?B.
}
order by desc(?B) limit 1 offset 0
</query>
<answers>
<answer>
<uri> http://am.geo.org/resource/ &8 7_T¢-¢ <[uri>
<string>¢&-0 407 </string>
</answer>
</answers>
</question>
<question id="11" answertype="resource” aggregation="false" order="true" fused="false" comparison="false">
<string> PABIRU- 400 AVFT AmPAL (77 AC AQTPH I [string>
<Af> answer (count (A ), ProPHI01C (B, A ), AUT (B, AE %401 ) ) <[If>
SELECT ?uri WHERE {
A <|1ttp://am.sport.org/property/h’d'?& <http://am.sport.org/resource/?\ED?U*_&qQ> .
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?A <http://am.sport.org/property/N1C_AMPAL> ?uri.
}
</query>
<answers>
<answer>
<string> 2 </string>
<[/answer>
<answer>
<string> 4 </string>
<[/answer>
</answers>
</question>
<question id="12" answertype="boolean" aggregation="false" order="false" fused="false" comparison="true">
<string> P§2T 400 hbT- 6T AOCE T HIATDAT[string>
<If> answer (7, Pooi{I) @CP (TSI, B ), PaPHINOCP (A, C), A& (A ), LAADA (B, C))
</If>
<query>
ASK
WHERE |
<http://am.sport.org/resource/T410_4.00> <http://am.sport.org/property/ @CP_hmPAL> ?B.
?A <http://am.sport.org/property/@CP_AmPAL> 2C.
FILTER (?B > ?C)
}
</query>
<answers>
<answer>
<string> true </string>
</answer>
</answers>
</question>
<question id="13" answertype="boolean" aggregation="false" order="false" fused="false" comparison="false">
<string> AlM] 1.24 £5000 “B7C AFB 1D-2[string>
<If> answer (2, PraTd.07F B ALK ( AN (.24, 5000 “BTC ), AP (AN 124 ) ) </If>
<query>
ASK
WHERE {
<http://am.sport.org/resource/A_(LLA> <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type>
<http://am.sport.org/resource/A&R>.
<http://am.sport.org/resource/AN(1_(LEA> <http://am.sport.org/property/PAt4.D h5B> "5000 T4 HC"@am.

}
</query>
<answers>
<answer>
<string> true </string>
</answer>
</answers>
</question>
<question id="14" answertype="number" aggregation="false" order="false" fused="false" comparison="false">
<string> AR~ 200 (137 A B> AVFTF AA.7<[string>
<Af> answer (count (A ), AUT (A, ABIRy- 4010 ) , A8 (A ) ) </If>
<query>
SELECT COUNT (?uri) WHERE {
?uri <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type> <http://am.sport.org/resource/h$-5%>.
?uri <http://am.sport.org/property/AUt> <http://am.sport.org/resource/AZ: %0~ 4.00>.
}
</query>
<answers>

<answer>
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<number> 2 </number>
</answer>
</answers>
</question>
<question id="15" answertype="literal" aggregation="false" order="false" fused="false" comparison="false">
<string> @2 R4C 973 973 /15 AL 14T string>
Af> answer (A, Pra1407 ¢B ACH ( 7Plit £4C, A ) ) </If>
<query>
SELECT ?uri WHERE {
<http://am.sport.org/resource/9P({t 24-C> <http://am.sport.org/property/S 4.0 héF> 2uri.

}
</query>
<answers>
<answer>
<string>PCNI° ACPT hg-B </string>
</answer>
<answer>
<string>3000 THC </string>
</answer>
<answer>
<string>5000 % +C </string>
<[/answer>
<answer>
<string>2 124N (0T @AOT) </string>
<[/answer>
</answers>
</question>
<question id="16" answertype="resource" aggregation="false" order="false" fused="false" comparison="false">
<string> F&F PR ATCHAN 168 PFF? PHOA K string>
If> answer (A , AUBA 4R PF (A ), BPFAF (A, hTe ) ) </If>
<query>
SELECT ?uri WHERE {
?uri <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type> <|1ttp://am.sport.org/resource/?\“IChh_ﬁ‘m‘P?z
?uri <http://am.sport.org/property/CTLBOTF (3> "YU ATE" @am .
}
</query>
<answers>
<answer>
<uri> http://am.sport.org/resource/AA9.7 AL </uri>
<string>AA49.7 AL </string>
</answer>
<answer>
<uri> http://am.sport.org/resource/331V_NNL. </uri>
<string>37"1V 0L </string>
</answer>
<answer>
<uri> http://am.sport.org/resource/Ad?L: hhé </uri>
<string>A0P& Ahéb</string>
<[/answer>
<answer>
<uri> http://am.sport.org/resource/4P T &34 </uri>
<string>APT ¢4 </string>
<[/answer>
<answer>
<uri> http://am.sport.org/resource/AF&I°_hATP</uri>
<string>h&&7° haq </string>
</answer>

<answer>
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<uri> http://am.sport.org/resource/Q10PAN_(1PA</uri>
<string>(9PAN0 (1PA </string>
</answer>
<answer>
<uri> http://am.sport.org/resource/(L7€9°_L£9°Mu.</uri>
<string>(L7£9° £9°m, </string>
<[/answer>
<answer>
<uri> http://am.sport.org/resource/AlZ 17 _(LH</uri>
<string>hZL7T7 (LH </string>
<[/answer>
<answer>
<uri> http://am.sport.org/resource/07&_AOh</uri>
<string>("2 AQA </string>
</answer>
<answer>
<uri> http://am.sport.org/resource/’ﬂC’#h’?_‘Pd«/uri>
<string>ICEN7 Pé </string>
</answer>
</answers>
</question>
<question id="17" answertype="resource" aggregation="false" order="false" fused="false" comparison="true">
<string> REACE #k AS h72H(L 400 178548 1117~ 977 P2 < /string>
<It> answer (who , 34940 ( £CEtlt, A ), “B5A.€ ( 773 4201, B ) , £294\ (count (A ), count (B) ) )
</If>
<query>
SELECT ?uri WHERE {
<http://am.sport.org/resource/24-CE_Ete> <http://am.sport.org/property/ b0 8PT> 2A
<http://am.sport.org/resource/T?H(,_%.00> <http://am.sport.org/property/ 4N 0P F> ?B.
bind (if(count(?A)<count(?B),<http://am.sport.org/resource/L.&-Ck klr>,<http://am.sport.org/resource/T7H(,_-4.00>
) as ?uri)
}
</query>
<answers>
<answer>
<uri> http://am.sport.org/resource/2&-Ct_ e </uri>
<string>8&-Ck Rk </string>
</answer>
</answers>
</question>
<question id="18" answertype="boolean" aggregation="false" order="false" fused="false" comparison="false">
<string> ,£EMAT ATCHN hadl P22 (IAF PO-F4 2 [string>
Af> answer (2, P2 A ( LLAA ATICHA hAl, A ) ) </If>
Ask
WHERE {
<http://am.sport.org/resource/2L(L:F PhIC_AO_NA> <http://am.sport.org/property/fP 78, _(\Ht> ?uri.
FILTER (?uri > 0)

}
</query>
<answers>
<answer>
<string>false </string>
</answer>
</answers>
</question>
<question id="19" answertype="number" aggregation="true" order="false" fused="false" comparison="false">

<string> 27249 191 0% Peem AePT 46 147142 [string>
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> answer (count (A ), Pra14.07 3 Aerl ( P124.0¢4, A ) ) </If>
<query>
SELECT COUNT(?uri) WHERE {
<http://am.sport.org/resource/P124_(1PA> <http://am.sport.org/property/PTAT4.0 h55%> ?uri.

}
</query>
<answers>
<answer>
<number> 4 </number>
<[/answer>
</answers>
</question>
<question id="20" answertype="boolean" aggregation="false" order="false" fused="false" comparison="false">
<string> A477 FULE hAA PT W17 1D-2<[string>
<Af> answer (7, PLI197 (Vs hAA , 44577 ) ) </If>
<query>
ASK
WHERE |

<http://am.geo.org/resource/l)dé> <http://am.geo.org/property/‘?q_h'i“’?> <http://am.geo.org/resource/)‘\-‘%"‘b.

}
</query>
<answers>
<answer>
<string>false</string>
</answer>
</answers>

</question>

<question id="50" answertype="literal" aggregation="false" order="false" fused="false" comparison="false">

<string> PAEICL- (MAD< ZZ P7L0AD- AANI° NDOen- POHT D3 ACOPTF PPN<[string>

Afsanswer (A, H4F ( ABIFo- 0D ) , 5AM9° ( AEF0- 090, B ), KAN (97 (B, BE ), ACOHT (B, A)

)</If

<query>
SELECT ?A WHERE {
<http://am.Artists.org/resource/A8: 2P0~ TINND > <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#type>
<http://am.Artists.org/resource/H4-¥>..
<http://am.Artists.org/resource/A€ 2P0~ NN~ <http://am.Artists.org/property/AANI°> 2uri.

?uri <http://am.dbpedia.org/property/hAN9°NI°> "B & "@am.
?uri <http://am.dbpedia.org/property/hCotrt> ?A.

}
</query>
<answers>
<answer>
<string>T& 4A </string>
</answer>
<answer>
<string>a®71€E </string>
</answer>
<answer>
<string>T® A7t A0 </string>
</answer>
<answer>
<string>A0& </string>

</answer>
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<answer>

<string>0A PO7E </string>
</answer>
<answer>

<string>T¢-"1%0 </string>
</answer>
<answer>

<string>(1@- ACTH </string>
</answer>
<answer>

<string>%2977 </string>
</answer>
<answer>

<string>0U7 </string>
</answer>
<answer>

<string>H71% </string>
</answer>
<answer>

<string>AlbT Ot </string>
</answer>
<answer>

<string>G4.+" </string>
</answer>
<answer>

<string>h&P </string>
</answer>

</answers>

</question>
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