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Abstract. The increase in large scale data available from different sources has
demanded advancement in information retrieval. As a result, information retrieval
based on learning from high dimensional vectors based on the words adjacent
to other words or surrounding terms has become more attractive in recent times.
The meaning is extracted from the context of words but not using the actual sense
of words. The system responds to relevant results for the users by expanding the
original queries from semantic lexical resources constructed automatically from a
text corpus using neural word embedding. In this study, we propose query expan-
sion for Amharic information retrieval using semantic vocabulary. The semantic
vocabulary is automatically constructed from a text corpus using neural word
embedding. The user’s query is expanded based on the word analog prediction.
Information retrieval using semantic vocabulary based on ranked and unranked
retrieval increases by a recall of 24 and 15%, respectively albeit at the expense of
some precision.

Keywords: Query expansion - Semantic vocabulary - Word embedding -
Amharic information retrieval

1 Introduction

Due to a growing need of users to search for relevant documents, much attention has been
given over the years to improve the performance of information retrieval systems. Query
expansion has been one of the core issues considered for improvement of information
retrieval systems. It is the process of reformulating the original query into a set of addi-
tional multiple similar terms to retrieve more relevant documents from data sources [1].
Query expansion is traditionally implemented by making use of manually constructed
linguistic resources such as thesaurus, dictionary and WordNet [2]. Query expansion
based on semantics has recently become more popular due to the understanding that
meaning is subjective [1, 3]. However, manual construction of such resources is difficult
as the task is labor-intensive and time consuming. On the other hand, the availability of
large corpora and high-speed processing power of computers has brought an opportunity

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2021
Published by Springer Nature Switzerland AG 2021. All Rights Reserved

M. A. Delele et al. (Eds.): ICAST 2020, LNICST 384, pp. 407416, 2021.
https://doi.org/10.1007/978-3-030-80621-7_29


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-80621-7_29&domain=pdf
https://doi.org/10.1007/978-3-030-80621-7_29

408 B. Getnet and Y. Assabie

for automatic construction of linguistic resources. Thus, there has been a growing inter-
est among researchers and developers in automation and data-driven linguistic analysis
where lexical resources like semantic vocabulary, thesaurus, dictionary, and WordNet
can be constructed either automatically from natural language texts [3-5].

One of the theories effectively applied for analyzing linguistic data is distributional
semantics. Distributional semantics assumes that the meaning is extracted from word
contexts and its distributions across a vector space [6—8]. In this case, the meaning of
words is extracted from the text considering that words occurring in similar contexts are
semantically similar. Thus, semantic vocabulary can be constructed automatically from
a corpus based on the assumption that words distributed across a multidimensional vec-
tor space could have the similar meaning. The multidimensional vector space is created
using word embedding technique [2, 9]. Then, semantically related words are organized
into semantic vocabulary using word clustering technique. Words are clustered based
on the similarity of words. Various information retrieval systems employed semantic
vocabulary for query expansion [1-3]. In this work, we present Amharic information
retrieval system with query expansion. Query expansion relies on the semantic vocab-
ulary constructed automatically from a text corpus using word embedding technique
followed by clustering of word senses.

The remaining part of this paper is organized as follows. Section 2 presents linguistic
characteristics of Amharic. In Sect. 3, we present the proposed Amharic information
retrieval system. Experimental results are discussed in Sect. 4 our conclusion is presented
in Sect. 5.

2 The Amharic Language

2.1 Ambharic Writing System

Ambharic is the working language of Ethiopia. Although many languages are spo-
ken in Ethiopia, it is serving as the lingua franca of the country. Amharic is written
using Ethiopic script which has 34 characters with 7 vowels. The seven vowels are
h ldl, & lul, k. [il, & lal, b lel, & 12/ and & /o/. Each character is modified with the vow-
els yielding seven orders. For example, the character h /k¢/ is modified using vowels as
t/kul, 0. /kil, ' [kal, v /kel,  [kal and v /ko/.In addition, there are also labialized charac-
ters like ' /kual, Q. /sual, A. /lual, @3. /mual, etc. Ethiopic script uses punctuation marks
such as comma (), semicolon (%), full stop (), colon (¢) and preface colon (:-). The script
has its own characters for numbers as well.

2.2 Characteristics of Amharic Language

Ambharic exhibits complex morphological processes through derivation and inflec-
tion that apply mainly on word classes such as verbs, nouns and adjectives [10,
11]. Typically, Amharic verbs are generated through a two-step process from ver-
bal roots: stem formation and verb formation. Amharic verbal stems, from which
various forms of verbs are formed, can be derived from verbal roots by affixing
vowels. For example, the verbal stem anc- /sabdir-/ is derived from the verbal root
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A-0-C /s-b-r/. The process of Amharic verb formation is usually completed by mark-
ing stems for any combination of person, gender, number, case, tense/aspect and
mood. Accordingly, the following verbs can be generated from the verbal stem:
OANCh /sdbdrku 'T broke'/, ANChv /sdbdrkuh 'T broke you'/, AOC?% /sibdrn 'we broke'/,
+anche /tisibérku 'l was broken'/, ANt /sdbdrdc 'she broke'/, etc. The characteristic
feature that a single instance of a verb can be marked for a combination of person,
case, gender, number, tense, aspect, mood and others leads to the possibility of gen-
erating tens of thousands of verbs from a single verbal root through the processes of
derivation and infection.

From the perspective of morphological structure, Amharic nouns can be derived
and non-derived [10, 11]. Derived nouns are formed though morphological pro-
cesses applied on various word origins. Words like (Lt /bet 'house'/, 71C /hagéir 'country'/
and A®- /s¢iw 'human'/ are non-derived nouns. On the other hand, words like
o\ /mdls 'response'/ and L1t /ddgandit 'generosity'/ are nouns derived from the ver-
bal root 9°- -0 /m-I-s 'to respond/ and the adjective £ /ddg 'generous'/, respectively.
Similar to nouns, Amharic adjectives can be derived and non-derived [10, 11] where
derived adjectives can be formed from verbal roots by infixing vowels between con-
sonants (e.g. &-C-% /d-r-q 'to dry'/ — £4% /diirdq 'dry'/), nouns by suffixing bound mor-
phemes (e.g. té¢ /tdrara 'mountain’/ — +¢-¢1 /tdrarama 'mountainous'’) and stems by
prefixing or suffixing bound morphemes (e.g. &n9°- /dikam-/ — £a7 /diikama 'weak'/).
Ambharic nouns and adjectives are inflected for number commonly by suffixing
-&F /- ocl or -PF [-wocl, definiteness by suffixing -4 /-u/ or -@. /-wu/, objective case by
suffixing -7 /-n/, possessive case by suffixing different morphemes depending on the
subject, and gender by suffixing -4+ /-it/. These inflections can appear alone or in com-
bination at the same time, along with prepositions and negation markers which leads
to the generation of thousands of word forms from a single noun or adjective. For
example, PAOANFE fyaldbalibetocu ‘without the owners of the house’/ is generated from
the morphemes yd-?ali-bald-bet-oc-u (yd- ‘preposition- of/with’, Pald- nega- ‘negation
marker- not/without’, bald- 'possessive ‘possessive marker- owner of’, bet ‘house’, -oc
‘plural marker’, and —u ‘definite marker - the’) where the core morpheme is the noun
0+ /bet 'house/ .

3 The Proposed Solution

The proposed Ambharic information retrieval system performs query expansion using
semantic vocabulary. The semantic vocabulary is automatically generated from a collec-
tion of Amharic documents by applying text processing. The processed text is used for
neural word embedding from which clustering is made based on the similarity of word
senses. Then, the semantic vocabulary is constructed from clusters of related words.
On the other hand, the processed text is used for generating index terms representing
Ambharic documents. From the users side, the same text processing task is performed
on the queries. Then, query expansion is made using the semantic vocabulary. Finally,
the search of relevant documents is made by matching expanded query terms against
index terms. Figure 1 shows system architecture of the proposed Amharic information
retrieval system.
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Fig. 1. System architecture

3.1 Text Processing

In general, information retrieval systems undergo text processing for a better document
representation. However, the specific tasks may vary due to differences in the charac-
teristics of languages. In our work, text processing involves character normalization,
stopword removal and stemming. Text processing is performed on Amharic document
collection during indexing and construction of semantic vocabulary. Similarly, it is also
applied on user query.

Text Normalization. Text normalization is an essential step in Ambharic text pro-
cessing. Amharic is known to have a few set characters with similar pro-
nunciation but different symbols. The base characters having such properties
are: {U /hdl, ch [hél, 1/hdl, and R /hal}, {a /sl and w /sél}, {A /2 and 0 /?¢/}, and
{& /séil and @ /sdi/}. Furthermore, the fourth orders of {v /hdl, ch /hdil, *1 /hdil, and & /héil}
and {A/2i/and 0/7i/} have similar pronunciation with the respective base forms.
As there are no standards established on how to use characters, a single word
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may be written differently. For example, 8hg /sdhdy 'sun'/ may also be written as
ch® [sdhdyl, UL [sihdyl, 838 Isdhayl, 08 [sihayl, 278 Isdhayl, etc. where all of them
are considered as the same word (and pronounced the same). Thus, to avoid such vari-
ations in a word, we applied character normalization where v /hdl, A /sdl, & /2i/ and
68 /sdl are used to represent the respective characters with similar pronunciation. We also
use the first orders of characters to represent the respective fourth orders having similar
pronunciation.

Stopword Removal. Stopword removal is a typical step in information retrieval. The
objective is to remove non-content-bearing terms from documents and queries. Although
standard stopwords are available for various languages, there are no standard and ready-
made stopwords for the purpose of Amharic information retrieval. In our work, we
identified stopwords from the document collection by considering frequently occurring
words across each document. We used a total of 1200 terms are identified as stopwords.
Examples include 1., 10c, e, AS, 106, HIANPH, AOFOP, TGUPA, NAPH, DL, etc. A
list of stopwords is created and stored in a file to filter out non-content-bearing terms
during document and query processing.

Stemming. Stemming is required for conflating terms to a common form so as to avoid
term variations arising as a result of morphological process. In our work, we modified
the Ambharic stemmer developed by Alemayehu and Willet [12] for stemming words.

3.2 Semantic Vocabulary Construction

The semantic vocabulary is used as a resource for query expansion. It is constructed
automatically from the processed text. To this effect, we apply neural word embed-
ding followed by clustering based on word senses. Neural word embedding vectorizes
words on a multidimensional space using Word2vec based on the notion that words
surrounding another word can be contextually similar. Word sense clustering automati-
cally clusters vectors of similar terms across the n-dimensional spaces. The dimension
of the word-space model is determined by the number of words to be plotted across
the n-dimensional space. Dimension reduction is performed to get the most important
features of the document.

Neural Word Embedding. The preprocessed and stemmed words are feed into the
word-space modeling which embeds the words across a multidimensional space via the
contexts of the words. The word embedding is implemented using Word2vec based on
the continuous bag of words (CBOW) model. The CBOW model learns the embedding
by predicting the current word based on its context. The idea behind CBOW architecture
is that meaning can be inferred from a word surrounding another word. The Word2vec
takes a text corpus as input and produces the word vectors as output. To vectorize the
words, we consider the parameters like context window size, minimum occurrence count
of words, dimension size, workers, architecture, mean value, hierarchical softmax, and
negative sampling. To improve the overall performance of the system, we reduce the
vector size to 300. The maximum distance between the target and the context word is
considered to be 10. Training is carried out using parallel processing. Then, we apply
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vector normalization for better performances and memory use. It implies computing
the semantic distances between vectors by forgetting the previously learned vectors.
Figure 2 shows sample word vector visualized using #-distributed stochastic neighbor
embedding (+-SNE).
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Fig. 2. Visualization of word vector

Word Sense Clustering. In order to construct the semantic vocabulary, semantically
related words are clustered based on their similarity. The similarity of words is computed
based on the cosine values which are implemented with vector orientation. Higher cosine
values (approaching 1) indicate higher word relatedness. Based on their orientation words
close to each other are grouped into a certain semantic cluster across the n-dimensional
spaces without predefined labels or categories. An example of clusters of words in
technology domain is shown in Fig. 3.

3.3 Searching

Searching of relevant documents is performed by matching index terms with expanded
query terms. Index terms represent Amharic documents whereas expanded query terms
represent users’ needs. During the process of indexing, text processing activities of
normalization, stopword removal and stemming are applied to Amharic documents. We
also apply similar text processing on the queries. When the user provides the queries,
the system expands the original query automatically from the semantic vocabulary. The
queries are reformulated and words are matched against the indexed data which will
return more relevant documents for the user based on the score for query terms and
document ranks.
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Fig. 3. Cluster of semantically related words in technology domain

4 Experiment

4.1 Corpus Collection and Implementation

Ambharic text documents are collected from various sources covering 9 domains and
another general domain. A total of 8,540 Amharic documents are used for training and
testing purpose. Table 1 shows the domains long with the corresponding number of
documents.The proposed information retrieval system is implemented using Python.
We have constructed a total of 44,497 lists of semantically related vocabulary from all
domains. Indexing and searching are implemented using Whoosh library.

Table 1. Amharic corpus used for training and testing.

Domain Number of documents
Religion 1,189
Business 1,317

Sport 900
Politics 1,002
Law 1,037
Art 1,016
Health 272
Technology | 978
Health 529

General 300
Total 8,540
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4.2 Test Result and Discussion

For testing purpose, we use 9 queries and a total of 90 relevant and 518 indexed documents
expanded with the top 5 number of similar words. When increasing the number of
expanded words, the probability of returning the relevant documents increases. As a
result, the recall increasing while precision is decreasing. This is expected due to the
increasing number of retrieved documents. Relevance is measured using both ranked and
unranked sets of retrieval. Table 2 presents mean average recall and precision for ranked
and unranked retrieval sets evaluated with and without the use of semantic vocabulary
for query expansion.

Table 2. Evaluation of the proposed system

Retrieval Set Without semantic vocabulary With semantic vocabulary
Recall (%) Precision (%) Recall (%) Precision (%)

Unranked 69 44 84 24

Ranked 45 81 69 77

Generally, our system is better for recall-oriented applications as recall increases
with the use of semantic vocabulary. The use of semantic vocabulary for query expansion
helps the system perform better with the top five most similar terms. Figure 4 shows a
comparison of retrieval effectiveness for unranked retrieval set with and without the use
of semantic vocabulary for query expansion. The values in each test case show recall with
semantic vocabulary (Rwsv), precision with semantic vocabulary (Pwsv), recall without
semantic vocabulary (Rwosv), and precision without semantic vocabulary (Pwosv).

m Rwsv H Pwsv Rwosv H Pwosv

0.9
0.8
0.7
0.6
0.5
0.4
0.3
0.2
0.1

1 2 3 4 5 6 7 8 9

Number of similar words used for query expansion

Fig. 4. Retrieval effectiveness of the proposed system

We show that ranked retrieval is generally better than unranked retrieval. Using
ranked retrieval many relevant documents are retrieved in their priority relevance based
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on the ranks in descending order. When the indexed documents are too huge ranked
retrieval could save searching time than an unranked retrieval system. For ranked
retrieval, we compare the performance of three ranking functions: TF-IDF, BM25F and
frequency. Experimental results show that the BM25F ranking function outperforms
better than other ranking functions.

5 Conclusion

The need to use and access lexical resources to enhance information retrieval using query
expansion has become more fundamental in natural languages including Amharic. The
resources made available for query expansion may be either manually built or auto-
matically created from large document collections. Contextual meaning extraction also
becomes more essential these days. Creating resources manually is labor-intensive, and
time-consuming when the dataset is huge. Thus, we proposed an automatic way of creat-
ing Amharic semantic vocabulary using neural word embedding which helps to extract
contextual meaning. The semantic vocabulary is used for query expansion where exper-
imental results show significant improvement in recall albeit at the expense of some
precision. Thus, future work is directed at employing additional techniques for improv-
ing precision. Moreover, we also recommend to deal further with the morphological
characteristics of Amharic language.
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