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Abstract
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Doctor of Philosophy

A Transportable Distributional Semantics Architecture

by Siamak Barzegar

Distributional semantics is built upon the assumption that the context surround-
ing a given word in text provides important information about its meaning (Dis-
tributional hypothesis). A rephrasing of the distributional hypothesis states that
words that occur in similar contexts tend to have a similar meaning. Distribu-
tional semantics focuses on the construction of a semantic representation of a word
based on the statistical distribution of word co-occurrence in texts. Distributional
Semantic Models (DSMs) represent co-occurrence patterns under a vector space
representation. In recent years, word embedding/distributional semantic mod-
els have evolved to become a fundamental component in many natural language
processing (NLP) architectures due to their ability of capturing and quantify-
ing semantic associations at scale. Distributional Semantics have been applied
for different tasks in NLP area such as finding similar or related phrase/words,
the computation of semantic relatedness measures, semantic relation classifica-
tion and so forth. Distributional semantic models are strongly dependent on
the size and the quality of the reference corpora, which embeds the common-
sense knowledge necessary to build comprehensive models. While high-quality
texts containing large-scale common-sense information and domain-specific in-
formation are present in English, such as Wikipedia, other languages may lack
sufficient textual support to build comprehensive distributional models. Distribu-
tional Semantic Models are also often limited to semantic similarity/relatedness
between two entities/terms with no explicit relation type. Often, it is not possible
to assign a direct semantic relation between entities. This thesis seeks to analyse
transportability aspects (Language and Domain) as and explores both coarse &
fine-grained semantics for direct and indirect relation classification using a uni-
fied architecture (Indra) for developing language and domain independent DSM
models with advanced (compositional) relation classification capabilities.
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Chapter 1

Prologue

1.1 Introduction

The creation of real-world Artificial Intelligence (AI) applications is dependent
on leveraging a large volume of commonsense knowledge. Simple semantic inter-
pretation tasks such as understanding that if A is married to B then A is the
spouse of B or that car, vehicle, auto have very similar meanings are examples of
semantic approximation operations/inferences that are present in practically all
applications of AI that interpret natural language. Many AI applications depend
on being semantically flexible, i.e. coping with the large vocabulary variation
that is permitted by natural language. Sentiment Analysis, Question Answering,
Information Extraction, Semantic Search and Classification tasks are examples
of tasks in which the ability to do semantic approximation is a central require-
ment. Natural Language Processing (NLP) is a sub-field of Artificial Intelligence
concerned with bridging the communication divide between computers and hu-
mans. NLP enables computers to understand and process human language, to get
closer to a human-level understanding of language. In order to understand human
language it is necessary to interpret not only the linguistic entities (e.g., words
and short phrases), but also knowing how they related together semantically. By
analysing language for its meaning, NLP helps to resolving ambiguity in different
languages and different domains and adds useful information for many different
tasks such as translation, relation extraction, text entailment, sentiment analysis
and question answering. These tasks require a certain amount of understanding
of the “meaning” of the linguistic entities. Methods in computational semantics
can be used that focus on how to automate the process of constructing and rea-
soning with meaning representations of linguistic entitles. Formal Semantics
and Distributional Semantics are two significant semantic frameworks in
Computational Linguistics. Formal Semantics study meaning by focusing mostly
on grammatical words and the behaviour of the logical words (Aloni and Dekker,
2016). On the other hand, Distributional semantics are statistical and data-
driven and focuses on aspects of meaning related to descriptive content (Boleda
and Herbelot, 2016). Distributional Semantics Models and Word Vector models
have emerged as successful approaches for supporting semantic approximations
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due to their ability to build comprehensive semantic approximation models and
to their simplicity of representation.

Distributional Semantics is built upon the assumption that the context surround-
ing a given word in a text provides important information about its meaning
(Distributional hypothesis) (Harris, 1954). A rephrasing of the distributional hy-
pothesis states that words that occur in similar contexts tend to have a similar
meaning. Distributional semantics focuses on the construction of a semantic rep-
resentation of a word, based on the statistical distribution of word co-occurrence
in texts. Distributional Semantic Models (DSMs) represent co-occurrence pat-
terns under a vector space representation (VSMs) and compute a semantic inter-
pretation of a term as a set of weighted concepts.

Definition (Distributional hypothesis) (Harris, 1954): "Words that occur
in similar contexts tend to have similar meanings".

1.2 Distributional Semantic Models (DSMs): A Fun-
damental Part of the AI Infrastructure

In the last few years, word embedding/distributional semantic models have be-
come a fundamental component for supporting automatic semantic interpretation
in many natural language processing (NLP) architectures and AI infrastructure
as pre-trained-vectors, due to their ability to capture and quantify semantic as-
sociations at scale. Distributional Semantics have been applied to different tasks
in the NLP such as computation of semantic similarity and relatedness between
words/phrases and Word Sense Disambiguation (Stevenson and Wilks, 2003) as
well as relation classification among others. More recently, DSMs have been as-
sociated with many classification tasks in NLP, serving as a mechanism for coping
with vocabulary variation (Freitas and Curry, 2014).

1.2.1 The Transportability Problem

Distributional semantic models are highly dependent on the size and the quality
of the reference corpora, which embeds the commonsense knowledge necessary
to build comprehensive models. While high-quality texts containing large-scale
commonsense information and domain-specific information are present in English,
such as Wikipedia, other languages may lack sufficient textual support to build
comprehensive distributional models. Furthermore, the majority of discussions
surrounding Distributional Semantic Models have concentrated on the construc-
tion and the evaluation of models based on open-domain and large-scale corpora
and domain specific modes are under-resourced and under-researched. (Sahlgren,
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2006; Speer, Chin, and Havasi, 2017; Kiela and Clark, 2014).

1.2.2 Coarse vs. Fine Grained Semantics

Distributional Semantic Models tend to compute only semantic similarity/relatedness
between two entities/terms, which can be very informative (course grained se-
mantics). However, this does not provide any information about the semantic
type of relation between two given entities (fine grained semantics). On
the other hand, structured knowledge based systems represent such relationships
explicitly, but ignore the semantic similarity between entities and are bounded
by the limitation of the human curation/annotation effort. The combination of
distributional semantics and structured knowledge-based systems provide rich
complementary semantic perspectives (More details are provided in Section 2.2).

1.2.3 Engineering Distributional Semantic Models

Building and consuming specific distributional semantic models require the set-
ting of complex configurations, such as corpus-dependent parameters, distance
measures as well as compositional models. Therefore, multiple models can be
built, using different ways to compose vectors with different underlying approxi-
mation properties. Despite their increasing relevance as a component in NLP ar-
chitectures, existing frameworks (S-SPACE : Jurgens and Stevens (2010a), GEN-
SIM : Rehurek and Sojka (2011), DEEPLEARNING4J : Team (2016), DISSECT :
Dinu and Baroni (2013)) provide limited options in their ability to systematically
build, parameterize, compare and evaluate different models.

1.2.4 Heterogeneity of Existing Distributional Models

There is a large spectrum of distributional models. However, experimentation is
limited to a constrained set, inhibiting the experimentation with different mod-
els. In this thesis, we assume that different models might fit better to different
approximation tasks and requirements where there is not be a one-size-fits-all so-
lution for DSMs. Hence the goal here is to reduce the barriers for experimenting
with DSMs.

1.2.5 Performance

As mentioned earlier, Several complex configurations are needed to be set for
building and consuming specific distributional semantic models. Also, there is a
large spectrum of distributional models which makes the process of exploration
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time-consuming and computationally costly. For querying operations of Distri-
butional semantic models query execution time and index construction time play
an important rule.

1.3 Core Requirements

1. Language & Domain Transportability:
A system is transportable (As we explained at Section 1.2.1) if it can be
easily adapted to new domains and languages (domain and language inde-
pendence) (Grosz et al., 1987; Pearl and Bareinboim, 2014). In Machine
Learning tasks, when there is insufficient data to train a model, transfer-
learning technique can be used, which is a machine learning technique to
adapt an existing model (trained model on a huge data) to new domains
(Ruder, 2017; Lehmann and Voelker, 2014). Many Artificial Intelligence
applications such as, Sentiment Analysis, Question Answering, Information
Extraction, Semantic Search and Classification are increasingly using Distri-
butional Semantics, which are often instantiated/generated across multiple
languages and domains which may lack sufficient textual support to build
comprehensive distributional models. Therefore it is necessary to have dis-
tributional semantics which is transportable across different languages and
domains. In this thesis we analyse the role of machine translation ap-
proaches such as state-of-the-art machine translation (such as Google and
Bing MT) and lightweight MT (the Combination of word translation table
and English DSM (See Chapter 3, Section 3.2.2 for details)) to support the
construction of better distributional vectors

2. Coarse & Fine Grained Semantic:
Distributional semantic models should provide not only semantic related-
ness/similarity (Coarse-grained) between entities, but also classify them
and provide extra information(Fine-grained), such as semantic relations,
on the top of semantic relatedness. Through Coarse-grained semantics
on Distributional models we can cope with information incompleteness in
large KBs and also eliminate non meaningful paths (See Chapter 3, Sec-
tion 3.4.3.3 for more details). And also through fine-grained semantics on
commonsense knowledge bases (KBs) we can enrich distributional semantic
models (as we explained at Section Chapter 2, Section 2.1.3), which enable
us to predict the existence of missing relationships and therefore complet-
ing the KBs. Therefore, unified distributional semantics and commonsense
knowledge bases (KBs) provide complementary semantic perspectives (Bor-
des et al., 2013; Lin et al., 2015; Shi and Weninger, 2017; Freitas, Hand-
schuh, and Curry, 2015).
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3. Expressive Set of Operations:
The architecture should have expressive querying operations (Vector Re-
trieval (Clark, 2015; Jurgens and Stevens, 2010a), Semantic Relatedness
queries (Freitas et al., 2013b; Team, 2016), kNN1 queries (Beyer et al.,
1999; Rehurek, 2014)), and model construction operations (context win-
dows, weighting schemes, dimensions).

4. Reducing the Barriers for Experimenting with Different DSMs:
DSMs require the easy configuration of different parameters such as dimen-
sionality, window size, context, weighting schemes (Kiela and Clark, 2014;
Freitas, 2015a). These are due to the underlying parameter space, which
is often too large to analyse and experiment exhaustively. Hence, there is
a clear demand for an architecture which provides support for the genera-
tion of distributional semantic models directly from plain text files as well
the configuration of the parameter space and the model generation itself,
allowing users to experiment with different models and novel parameters.

5. Single Point of Access/Unified API/Distributional Semantics as
a Service (Modularization, Decoupling):
With the growing and recurring use of word embeddings (Ruder, Vulić,
and Søgaard, 2017), graph embeddings (Ristoski et al., 2018) and asso-
ciated compositional functions (Kartsaklis, 2014), there is demand for an
efficient and uniform API services for different DSMs across multiple lan-
guages and domains, enabling end-users and applications to consume and
operate over multiple word embedding spaces. Natural language processing
(NLP) tasks, specially Question Answering (QA) tasks usually contain of
many individual functions that require to be used jointly to solve real-world
issues. For example, a question answering task is: What types of relations
can exist between two entities for a specific given domain and language?.
In order to solve this task we need to use the different function/API, which
requiring multi-lingual support, domain-specific support and composite se-
mantic relation classification.

6. Performance: All operations over the transportable distributional se-
mantic architecture should have fast response times for online requests
(102 − 103 operations per second).

The set of requirements is used as qualitative dimensions to evaluate the effec-
tiveness of a transportable distributional semantics architecture (Figure 1.1).

1k-Near Neighbours
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Figure 1.1: High-level Transportable Distributional Semantics
Architecture

1.4 Research Questions

While distributional semantic models have been applied as a fundamental com-
ponent in different tasks such as Sentiment Analysis, Question Answering, Infor-
mation Extraction, Semantic Search and Classification tasks (Dai and Le, 2015;
Gouws, Bengio, and Corrado, 2015; Tang, Qin, and Liu, 2015; Wang et al., 2016;
Lai et al., 2015; Liu et al., 2015; Lin et al., 2015; Jurgens and Stevens, 2010a;
Santos, Xiang, and Zhou, 2015b; Silva et al., 2018), there is no proper formal-
isation of the components which are underlying different distributional models.
Moreover, DSMs have been mostly applied within the NLP scientific discourse
in the context of open domain, English corpora. As a fundamental component
of contemporary NLP practice, we argue that DSMs should be conceptualised
as a principled architecture, reflecting the recurring operations for building and
consuming these models and their associated products.

Taking all the requirements list above into account , the following dimensions of
i) language and ii) domain transportability iii) the intersections between differ-
ent DSMs iv) and relation classification models all emerge as gaps in delivering
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a complete architecture (aiming for the completeness of the requirements and for
delivering the architecture depicted in Figure 1.1). This thesis concentrates on
these two dimensions, which are reflected and detailed in the following research
questions:

For the language transportability aspect, we aim to answer the following research
questions:

• RQ 1.1 How do different distributional semantic models built from cor-
pora in different languages and with different sizes perform in computing
semantic relatedness similarity and relatedness tasks?

• RQ 1.2 Does machine translation of non English input to English perform
better than the word vectors in the original language (for which languages
and for which distributional semantic models)?

• RQ 1.3 Which DSMs and languages benefit more and less from the trans-
lation

• RQ 1.4 What is the quality of state-of-the-art machine translation ap-
proaches for word pairs (for each language)?

• RQ 1.5 Can a lightweight MT model over an English DSM provide higher
quality word vectors compared to native word vectors?

• RQ 1.6 How does a lightweight MT model compare with state-of-the-art
MT models?

• RQ 1.7 Are there DSMs which are more/less robust with respect to the
quality of the MT?

For domain transportability aspect, we answer the following research questions:

• RQ 2.1 Which types of Distributional Semantic Models are most cost-
effective with respect to smaller, domain-specific corpora?

• RQ 2.2 What type of discourse expressed in small-scale corpora leads to
better domain-specific Distributional Semantic Models (dsDSMs)?

• RQ 2.3 How to evaluate dsDSMs?

In additional, we answer the following research question in relation to coarse &
fine grained semantics:

• RQ 3.1: How do we complement distributional semantic relatedness mod-
els with composite semantic relations?

• RQ 3.2: How to evaluate composite semantic relation classification?



8 Chapter 1. Prologue

Also we address the following research questions for having a single infrastructure:

• RQ 4.1 What are the fundamental components of Distributional Semantic
Models and how they can be unified into a single architecture?

• RQ 4.2 How do they these components interact with each other?

1.5 Hypothesis

This thesis focuses on the corroboration of the following core research hypothesis:

• “Distributional Semantics Models can be realised in a transportable distri-
butional semantics architecture.”

The core research hypothesis can be detailed into the following research hypothe-
ses:

• Research Hypothesis I: A lightweight machine translation provides higher
quality multi-lingual Semantic Relatedness.

• Research Hypothesis II: High quality Distributional Semantic Models
can be generated from domain-specific corpora

• Research Hypothesis III: The proposed DSM based classification of
composite semantic relations can support a coarse & a fine grained semantic
model.

• Research Hypothesis IV: The transportable distributional semantics ar-
chitecture provide a single infrastructure that is language & domain trans-
portable and also provide coarse and fine grained semantics, and allows
users to have uniform access to all canonical (recurrently used) functional-
ities of a Distributional Semantics Architecture.

The hypotheses can be directly mapped to the core requirements (Section 1.3) of
the proposed architecture (Table 1.1).

Table 1.1: Mapping of the core requirements to the hypothesis.

Requirements Hypothesis

Language & Domain Transportability Hyp. I & II

Coarse & Fine Grained Semantic Hyp. III

Expressive Set of Operations Hyp. IV

Reducing the barriers for Experimenting with Different DSMs Hyp. IV

Single Point of Access/Unified API/Distributional Semantics as a Service Hyp. IV

Performance Hyp. IV
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1.6 Research Methodology

The research methodology in this thesis aims at providing a rigorous method of
validating the hypotheses defined in the previous section. This thesis follows the
research methodology described below:

1. Comprehensive literature survey of the state-of-the-art in the problem space.

2. Comparative Analysis & evaluation of Distributional Semantic Models.

3. Developing a lightweight machine translation for multi-lingual aspect of
DSMs.

4. Evaluation complex machine translations as baselines for multi-lingual as-
pect of DSMs.

• Creation of multi-lingual test collections.

5. Creation of two domain-specific knowledge discovery test sets & evaluation
them.

6. Provide a systematic methodology for evaluating Distributional Semantic
models under relation classification.

• Creation of a test collection for composite relation classification task.

• Evaluation of the results (measures: precision, recall, f1 score and
accuracy).

7. Post-processing the distributional semantic models on specific semantic re-
lations and lexical categories.

8. Implementation of the transportable distributional semantics architecture.

9. Analysis of the results and conclusions.

1.7 Contributions

This work provides the following contributions:

1. The experimental set-up consists of:

• The instantiation of four distributional semantic models: Explicit
Semantic Analysis - ESA (Gabrilovich and Markovitch, 2007a), La-
tent Semantic Analysis - LSA (Landauer, Foltz, and Laham, 1998),
Word2Vector - W2V (Mikolov et al., 2013a) and Global Vectors -
GloVe (Pennington, Socher, and Manning, 2014a).
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• Furthermore the above models are instantiated in 11 different lan-
guages - English, German, French, Italian, Spanish, Portuguese, Dutch,
Russian, Swedish, Arabic and Farsi - using Wikipedia (2014 and 2017)
as a corpus.

• For the experiment the vector dimensions for LSA, W2V and Glove
were finally set to 300 dimensions, while ESA was defined with 1500.

2. Each distributional model is evaluated for the task of computing semantic
similarity and relatedness measures for each word pair using three human
annotated gold standards: Miller & Charles - MC (Miller and Charles,
1991), Rubenstein & Goodenough - RG (Rubenstein and Goodenough, 1965),
WordSimilarity 353 - WS353 (Finkelstein et al., 2001) and SIMLEX-999
(Hill, Reichart, and Korhonen, 2016). As these gold standards were origi-
nally in English, for every other language, the word pairs were translated
and reviewed by professional translators, skilled in data localisation tasks.

3. Two complex and a lightweight machine translation approaches were evalu-
ated: Google and Bing as complex Machine Translations and our lightweight
Machine Translation.

4. Creation of two finance domain test sets.

• Syntagmatic Word Pairs

• Paradigmatic Word Pairs

1.8 Thesis Outline

The thesis is structured in the following chapters:

• Chapter II - Background: This chapter explains Distributional Semantic
Models and Word Vector Models as successful approaches for supporting
semantic approximations due to their ability to capture and quantify se-
mantic associations in a scalable manner and their simplicity of represen-
tation. The chapter also discusses the semantic relation classification task,
the importance of capturing the relations between two concepts for semantic
interpretation tasks and the importance of deep learning in these tasks.

• Chapter III - A Transportable Distributional Semantics Architecture:

This Chapter introduces the main principles and the motivation behind the
development of a transportable distributional semantic architecture. It pro-
vides i) a solution to the problem of language and domain transportability
in the context of distributional semantic models ii) addresses the connection
between coarse and fine grained semantic models iii) integrate these con-
tributions to existing recurring operations into the distributional semantics
space into a unified distributional semantic architectures.
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• Chapter IV - Software & Services: The implemented transportable dis-
tributional semantics architecture provides software infrastructure, which
facilitates the experimentation and customisation of multilingual Distribu-
tional Semantic Models, allowing end-users and applications to consume
and operate over multiple word embedding spaces as a service. In this
chapter we describe our DSM API services.

• Chapter V - Evaluation of Language and Domain Transportability: De-
scribes the experimental methodology for Language and Domain trans-
portability components of the implemented distributional semantics archi-
tecture, collects the evaluation metrics and analyses the results of the ex-
periments.

• Chapter VI - Evaluation of the Composite Semantic Relation Classification:
Describes the experimental methodology for the composite semantic rela-
tion classification, collects the evaluation metrics and analyses the results
of the experiments.

• Chapter VII - Epilogue: This chapter analyses the results on the evaluation
of the research hypotheses, discusses the limitations of the transportable
distributional semantics architecture and proposes a future work research
agenda based on the limitations.

1.9 Associated Publications

Different aspects of this work were disseminated on the following publications:

• Siamak Barzegar, Brian Davis, Siegfried Handschuh and André Freitas,
“Classification of Composite Semantic Relations by a Novel Distributional-
Relational Model”, Data & Knowledge Engineering Journal, 2018.

• Siamak Barzegar, Brian Davis, Siegfried Handschuh and André Fre-
itas, “Multi-lingual Semantic Relatedness using lightweight machine trans-
lation”, Semantic Computing (ICSC), 2018 IEEE 12th International Con-
ference on, IEEE, 2018.

• Siamak Barzegar, Brian Davis, Siegfried Handschuh and André Freitas,
“SemR-11: A Multi-Lingual Gold-Standard for Semantic Similarity and
Relatedness for Eleven Languages”, Proceedings of the Eleventh Interna-
tional Conference on Language Resources and Evaluation (LREC 2018),
Miyazaki, Japan, May, 2018.

• Juliano Efson Sales, Leonardo Souza, Siamak Barzegar, Brian Davis,
Siegfried Handschuh and André Freitas, “Indra: A Word Embedding and
Semantic Relatedness Server”, Proceedings of the Eleventh International
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Conference on Language Resources and Evaluation (LREC 2018), Miyazaki,
Japan, May, 2018.

• Siamak Barzegar, André Freitas, Siegfried Handschuh and Brian Davis,
“Composite Semantic Relation Classification”, 22nd International Confer-
ence on Natural Language & Information Systems (NLDB), 2017.

• André Freitas, Siamak Barzegar, Juliano E. Sales, Siegfried Handschuh
and Brian Davis, “Semantic Relatedness for All (Languages): A Compara-
tive Analysis of Multilingual Semantic Relatedness using Machine Transla-
tion”, 20th International Conference on Knowledge Engineering and Knowl-
edge Management (EKAW), 2016.

• Siamak Barzegar, Juliano Efson Sales, André Freitas, Siegfried Hand-
schuh, Brian Davis, “DINFRA: A One Stop Shop for Computing Multilin-
gual Semantic Relatedness”, 38th Annual ACM SIGIR Conference, Santi-
ago, Chile, 2015.
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Chapter 2

Background

2.1 Distributional Semantic Model

Distributional semantics is built upon the assumption that the context surround-
ing a given word in a text provides important information about its meaning
(Distributional hypothesis). A rephrasing of the distributional hypothesis states
that words that occur in similar contexts tend to have similar meaning (Harris,
1954). Distributional semantics focuses on the construction of a semantic repre-
sentation of words based on the statistical distribution of word co-occurrence in
texts. Distributional Semantic Models (DSMs) represent co-occurrence patterns
under a vector space representation.

Definition (Distributional hypothesis) ((Harris, 1954)): "Words that oc-
cur in similar contexts tend to have similar meanings".

2.1.1 Introduction

Computers need to understand the meaning of human language (Natural Lan-
guage Processing) to have a high level interaction. In order to understand human
language, it is necessary to understand not only the words, but also the concepts
and how they are linked together to create meaning. By analysing language for its
meaning, NLP helps to develop different tasks such as Translation, Relationship
Extraction (Katukuri, Raghavan, and Xie, 2013), Question Answering (Freitas,
2015a; Molino et al., 2012), Textual Entailment (Mehdad, Moschitti, and Zan-
zotto, 2010; Baroni et al., 2012) and Sentiment Analysis (Malandrakis et al.,
2013). Distributional Semantic Models due to their ability to capturing meaning
of linguistic entitles (e.g., words and short phrases) from a given corpus, become
a fundamental component in many natural language processing architectures.

A list of several hypothesis that are embraced by the term distributional semantics
mentions below.

• Difference of meaning correlates with difference of distribution (Harris,
1954).
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• Words which are similar in meaning occur in similar contexts (Rubenstein
and Goodenough, 1965).

• The semantic similarity of two words is a critical function of their inter-
changeability, without a loss of plausibility (Miller and Charles, 1991).

• Words with similar meanings will occur with similar neighbours if enough
text material is available (Schütze and Pedersen, 1995).

• Word meanings as a function of keeping track of how words are used in
context (Lund and Burgess, 1996).

• A representation that captures much of how words are used in natural
context will capture much of what we mean by meaning (Landauer and
Dumais, 1997).

• Words with similar distributional properties have similar semantic proper-
ties (Sahlgren, 2006).

• The degree of semantic similarity between two linguistic expressions A and
B, is a function of the similarity of the linguistic contexts in which A and
B can appear (Lenci, 2008).

Although, the general idea behind all distributional hypotheses is clear enough,
— differences in the meanings of linguistic entities correlate in their distributional
properties — but such hypotheses do not clarify the variety of distributional in-
formation that should be taken into account.

In order to generate a semantic distributional model to capture the distributional
information, two fundamental questions must be answered (Sahlgren, 2006).

1. What kind of distributional properties of entities should be taken into ac-
count?

2. How should different kinds of distributional patterns be interpreted?

Based on which distributional properties of entities are chosen and how they
should be interpreted, different types of semantic similarities can be captured.
Section 2.1.2 answers to these questions.

There are at least two different representation frameworks for interpreting dis-
tributional semantics: (i) the probabilistic and (ii) vector space frameworks. A
probabilistic-based model of distributional semantics takes advantage of proba-
bility theory and Bayesian statistics. A probabilistic method1 associates each
word with probability distributions based on the linguistic context surrounding

1Which indicates semantic similarity in this framework
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that word, as well as calculating conditional and join probabilities of contexts.
One example of this method is Latent Dirichlet Allocation (LDA) (Blei, Ng,
and Jordan, 2003). Vector Space models construct n-dimensional space from the
given text collection. In these models, each linguistic entity/term is represents
by a weighted vectors where each dimension represents a linguistic context in
which the entity/term occurs in the text collection (Corpus). Semantic Simi-
larity between entities/terms is computed by calculating the distance between
their vectors (Entities are close together in n-dimensional space are semantically
similar). The well-known example in this category is Latent Semantic Analysis
(LSA) (Landauer, Foltz, and Laham, 1998). In this thesis, we focus on the vector
space frameworks for distributional models of semantics.

2.1.2 Distributional Semantic Models (DSMs)

Distributional Semantic Models (DSMs) are represented as a distributional vec-
tor space. A vector space is defined as a real vector space V SR is a set that
is closed under finite vector addition (V × V → V ) and scalar multiplication
(R× V → V ). In this section, the core components of a distributional semantic
model are described. The following definition summarizes the core elements of a
distributional semantic model.

A Distributional Semantic Model (DSM) is a tuple (T ,C,R,W ,M , d,S), where:

• T are the target words, i.e. the words for which the DSM provides a con-
textual representation.

• C are the context patterns in which T co-occur.

• R is the relation between T and the context patterns C.

• W is the context-weighting scheme.

• M is the distributional matrix, T ×C.

• d is the dimensional reduction function, d : M →M ′.

• S is the distance measure, between the vectors in M ′.

DSMs represent co-occurrence patterns under a vector space representation, where
each dimension represents a linguistic context C in which the target word T occurs
in the text collection.

Definition 2.1.1. (Target word): A target word is the word in the text collec-
tion/corpora for which the distributional vector representation is generated.

Definition 2.1.2. (Context Pattern): Two different approaches for modelling
co-occurrence pattern (context pattern) exist: window-based and dependency-
based. In window-based methods, contexts are words (based on the window-size)
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surrounding a target term, which can be a few words, sentences, paragraphs or
documents. In dependency-based methods, contexts are co-occurrence words that
have a particular syntactic relation with a target word. (e.g. target word Mike
is the subject of love, where love_subj is the context).

Definition 2.1.3. (Weighting Schemes): Weighting Schemes help to underline
the contexts are much more informative about the meaning of the target word.
Having higher co-occurrence frequencies does not lead to have a strong association
with the target word.

For example, using a weighting scheme dog co-occurs with bark is more informa-
tive than its co-occurrence with the. Different types of weighting schemes can
apply (Kiela and Clark, 2014). Table 2.1 considers some of them. At this table,
Fij denotes the target word frequency in a particular context, fi is the total target
word frequency, fj is the total context frequency, N is the total of all frequencies,
nj is the number of non-zero contexts).

Table 2.1: Term weighting schemes

Scheme Definition

None wij = fij

TF-IDF wij = log(fij)× log( Nnj
)

TF-ICF wij = log(fij)× log(Nfj
)

Okapi BM25 wij =
fij

0.5+1.5×
fj
fj
j

+fij

log(
N−nj+0.5
fij+0.5 )

ATC wij =
(0.5+0.5×

fij
maxf

)log( N
nj

)√∑i=1
N

[(0.5+0.5×
fij

maxf
)log( N

nj
)]2

LTU wij =
(log(fij)+1.0) log( N

nj
))

0.8+0.2×fj× j
fj

MI wij = log P (tij |cj)
P (tij)P (cj)

Which P (tij | cj) is defines as fij

fj
and P (tij) as fij

N

PosMI wij = max(0,MI)

T-Test wij =
P (tij |cj)−P (tij)P (cj)√

P (tij)P (cj)
Which P (tij | cj) is defines as fij

fj
and P (tij) as fij

N

χ2 See (Curran, 2004), P. 83

Lin981 wij =
fij×f
fi×fj

Lin98b wij = −1× log nj

N

Grecf94 wij =
log fij+1
logni+1

Definition 2.1.4. (Distributional Matrix): A Distributional Matrix determines
numeric associations between target word and context patterns (Figure 2.2).
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This association between target word and context patterns in its simplest form
is a binary value, which, shows the absence or presence of the occurrences of a
target word with a context pattern. However, it can be a weighted value, which
usually correspond to the frequency of the observation of the co-occurrences of
target word and context patterns and applying the weighting scheme on them.

Table 2.2: Distributional matrix built from the context vectors
of the target words.

Context

Target Words

school husband born footbal play ...
wife 0 4 1 1 3
girl 7 0 2 3 6
boy 7 0 2 3 6
... ...

Definition 2.1.5. (Dimensionality Reduction): A Distributional Matrix builds
on different distinct context patterns, where the number of distinct context pat-
terns determines the dimensionality of the vector space. The dimensionality of
the vector space has a solid impact2 on the performance of the distributional
semantic model. To address this issue Dimensionality Reduction techniques are
applied to reduce the number of context pattern (dimensionality) employed for
the construction of a vector space.

Truncated Singular Value Decomposition (SVD) is the most familiar dimension-
ality reduction technique in the vector space models. Truncated SVD is a linear
transformation method which is used to obtain the optimal rank d factorisation
by taking advantage of the Euclidean Norm of context elements (Deerwester et
al., 1990).

Definition 2.1.6. (Similarity Measurement): Similarity Measurement is for cal-
culating the similarity/relatedness between two vectors,

The Distributional Semantics Model (Vector Space Model) contains a set of words
represented by their weighted co-occurrence context patterns. According to the
distributional hypothesis, words that contain similar contexts will tend to have
similar meanings. Also, words with similar contexts will tend to have vectors
which are geometrically closer, in contrast to words in dissimilar contexts. We
consider the similarity metrics in Table 2.3 (Kiela and Clark, 2014).

2computational impact
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Table 2.3: Similarity Measures between vectors v and u, where
vi is the ith component of v

Measure Definition

Euclidean 1
1+
√∑n

i=1(vi−ui)2

Cityblock 1
1+
√∑n

i=1|vi−ui|

Chebyshev 1
1+maxi|vi−ui|

Cosine u·v
|u||y|

Correlation (u−µu)·(v−µy)
|u||y|

Dice 2
∑n

i=0 min(ui,yi)∑n

i=0 ui+yi

Jaccard u·y∑n

i=0 ui+yi

Jaccard2
∑n

i=0 min(ui,yi)∑n

i=0 max(ui,yi)

Lin
∑n

i=0 ui+yi

|u|+|y|

Tanimoto u·v
|u|+|y|−u·v

Jensen-Shannon Div 1−
1
2 (D(u‖u+v

2 )+D(y‖u+v
2 ))√

2 lg 2

α-skew 1− D(u‖αv+(1−α)u)√
2 lg 2

2.1.2.1 Syntagmatic & Paradigmatic Relations

Distributional Semantic Models can be categorised by the type of semantic rela-
tion (syntagmatic or paradigmatic relations) between their respective target items
.

• Syntagmatic Relation Two words have a syntagmatic relation if they co-
occur together (more frequently than expected by chance) but have different
grammatical roles in the sentence. In the other words, these relations are
indicated by possibilities of combination. For instance, the relation between
green and paint in the sentence she buys a green paint is a example of a
syntagmatic relation.

• Paradigmatic Relation Two words have paradigmatic relation if they can
substitute one another in a sentence without affecting the grammar of the
sentence. For example, for the given sentences a she buys a green paint and
he eats blue clay, the pair of words she and he, buys and eats, green and



2.1. Distributional Semantic Model 19

blue, as well as paint and clay have a paradigmatic relationship. Synonymy
and antonymy are also examples of such paradigmatic relations.

Distributional Semantic Models that count the co-occurrence of words capture
a syntagmatic relationship between them. In contrast, if Distributional Seman-
tic Models count the frequency of shared neighbours between words capture a
paradigmatic relationship. Therefore wider windows sizes — such as paragraphs
or documents— tend to capture syntagmatic relations3; while narrow windows
sizes will capture paradigmatic relations4(Sahlgren, 2008; Lenci, 2008).

2.1.2.2 Preprocessing

The most important part of generating a high quality DSMs, is preprocessing
the text collection/corpus. A corpus pre-processor is responsible for defining the
tokenisation strategy and the tokens’ subsequent transformations. It defines, for
example, if United States of America corresponds to a unique token or to multiple.
Stem, lowercase, stopwords, accent, replacement number and token size are other
popular transformations, which explained in below.

• Stopwords: Because stopwords5 are often too uninformative, ignoring
them not only reduces the model size and computational effort, but also to
makes for a more informative distributional vector space (Kiela and Clark,
2014). However, it has to be done carefully, e.g. removing negation de-
creases performance of sentiment analysis.

• Stem: Stemming is clearly a useful transformation of our word-similarity
representation, but on the other hand, it tends to lose information. For ex-
ample, after applying a stemmer, the term University is represented in the
model as univers. Soricut and Och (2015) have shown that keeping mor-
phological relationships help to have a better representation of similarities
between words.

• Lowercase: applying lowercase improves performance by eliminating the
difference between capitalised and non-capitalised item words. It also im-
proves performance because it reduces dimensionality, and puts Uppercase
and Lowercase tokens into the same class, and this amplifies the most fre-
quent patterns.

• Accent: Eliminating accents6 from words leads to corpus and query be
normalised.

3Words with different meaning which frequently co-occur in the same context, such as car
and road, child and cradle.

4Words that occur in very similar syntagmatic contexts, typically synonyms and antonyms.
5Such as: a, the, and, as, below, that and so forth.
6For example, convert á to a.
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• Number: The replacement with a meta token for numbers could be an
important saving in unique vocabulary count for large corpus training.

• Token Size: Setting a minimum and a maximum acceptable token size
lead to eliminate uninformative item words such as characters, punctuation
and so forth.

2.1.2.3 Different Distributional Semantics Models (DSMs)

This section describes the five DSMs:

Latent Semantic Analysis (LSA) (Landauer, Foltz, and Laham, 1998) is an
algorithm that uses a collection of documents to construct a semantic space. The
algorithm constructs a word-by-document matrix where each row corresponds to
a unique word in the document corpus and each column corresponds to a doc-
ument. The value at each position is how many times the row’s word occurs
in the column’s document. Singular Value Decomposition is calculated for the
word-document matrix to produce three matrices (UΣV ), U - the wordspace,
Σ – the singular values, and V – the document space. The columns of U are
then truncated to a small number of dimensions (typically 300), which produces
the final semantic vectors. LSA models can handle Synonymy problems to some
extent, but it can not capture capture polysemy7.

Random Indexing (RI) (Sahlgren, 2005) is a word co-occurrence based ap-
proach to statistical semantics. RI uses statistical approximations of the full
word co-occurrence data to achieve dimensionality reduction. This results in a
much quicker running time and fewer required dimensions.
In most co-occurrence models, a word-by-word matrix is constructed, where the
values denote how many times the column’s word occurred in the context of the
row’s word. RI instead represents co-occurrence through index vectors. Each
word is assigned a high-dimensional, random vector that is known as its index
vector. These index vectors are very sparse - typically 7± 2 non zero bits for a
vector of length 2048, which ensures that the chance of any two arbitrary index
vectors having an overlapping meaning (i.e. a cosine similarity that is non-zero)
is very low. Word semantics are calculated for each word by keeping a running
sum of all of the index vectors for the words that co-occur.

Explicit Semantic Analysis (ESA) (Gabrilovich and Markovitch, 2007a) is
a vectorial representation of text (individual words or entire documents) that
uses a document corpus as a knowledge base. Specifically, in ESA, a word is
represented as a column vector in the tf − idf matrix of the text corpus and a

7i.e., multiple meanings of a word.
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document (string of words) is represented as the centroid of the vectors repre-
senting its words.

Global Vectors (GloVe) (Pennington, Socher, and Manning, 2014a) is an unsu-
pervised learning algorithm for obtaining vector representations for words. Train-
ing is performed on aggregated global word-word co-occurrence statistics from a
corpus, and the resulting representations showcase interesting linear substruc-
tures of the word vector space. It can be used to solve word analogy problems
like man is to king as woman is to ’?’.
Word2Vector (W2V) (Mikolov et al., 2013a) provides an efficient implemen-
tation of the continuous bag-of-words and skip-gram architectures for computing
vector representations of words. These representations can be subsequently used
in many natural language processing applications and for further research.

2.1.2.4 Evaluation

The ability to automatically determine and quantify the degree of semantic sim-
ilarity and semantic relatedness between pairs of words or expressions is one
of the archetypal tasks for assessing the ability of a system to perform seman-
tic interpretation. The ability to quantify semantic relatedness can provide a
lightweight semantic interpretation operation which can be applied in different
areas of Artificial Intelligence, Natural Language Processing and Information Re-
trieval. Examples of applications include coping with lexical and semantic gaps
in Question Answering Systems (Freitas, 2015b; Freitas and Curry, 2014), us-
ing the semantic relatedness score as a ranking function in Information Retrieval
systems (Freitas, Curry, and O’Riain, 2012a) and serving as a semantic scoping
mechanism in deductive/abductive methods, which provide a semantic justifica-
tion under the structure of the relational graph (Freitas et al., 2014).

Due to its simplicity in comparison to other tasks such as Question Answering,
Text Entailment and Machine Translation, semantic similarity and relatedness
gold standards have been initially used to support the evaluation of the inter-
action between semantic distance measures and of linguistic and knowledge re-
sources (Resnik, 1995; Lin, 1991; Wu and Palmer, 1994; Agirre et al., 2009).
With the advent of large-scale corpora, distributional semantic models automati-
cally built from textual corpora were created (Turney and Pantel, 2010a) using, in
most cases, a vector space representation of meaning. Since distributional seman-
tic models can induce models with a more comprehensive underlying vocabulary
and also capture a broader set of semantic relations, new gold-standards emerged
(Finkelstein et al., 2001), evolving from capturing semantic similarity to seman-
tic relatedness behaviour. More recently, the creation of neural/predictive word
embedding models such as Glove (Pennington, Socher, and Manning, 2014a) and
Word2Vector (Mikolov et al., 2013a) pushed semantic similarity and relatedness
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gold-standards to evolve in the direction of quantifying more fine-grained seman-
tic relations (Hill, Reichart, and Korhonen, 2015).

Currently, most of the existing gold-standards for evaluating semantic similarity
and relatedness have focused on the English language, with some initiatives pro-
viding initial gold-standards for few other languages8 (Faruqui and Dyer, 2014a).
Multi-lingual DSMs are under resourced and researched

The problem of measuring the semantic similarity and relatedness of two concepts
can be stated as follows: given two concepts A and B, determine a numerical
measure f(A, B) which expresses the semantic similarity or relatedness between
concepts A and B. The notion of semantic similarity is associated with taxonomic
(is-a) relations, while semantic relatedness represents more general relations. Car
and train are examples of similar concepts (both share a common taxonomic an-
cestor, vehicle) while car and wheel are related concepts (a wheel is part of a car).
As a consequence, semantic similarity is considered a particular case of semantic
relatedness.

Alternatively semantic similarity can also be defined as two concepts sharing a
high number of salient features (attributes): synonymy (car/automobile), hyper-
nymy (car/vehicle), co-hyponymy (car/van/truck), while semantic relatedness
can be defined as two words semantically associated without being necessarily
similar: function (car/drive), meronymy (car/tyre), location (car/road), attribute
(car/fast) (Freitas, 2015b).

The four main gold standards are used are:

• Wordsimilarity 353: WS-353 (Finkelstein et al., 2001) is the most pop-
ular evaluation gold standard for distributional semantic models. The
dataset is focused on semantic relatedness. The dataset contains two
subsets: set 1 (153 word pairs, evaluated by 13 subjects), and set 2 (200
word pairs evaluated by 16 subjects) each one containing pairs from differ-
ent parts-of-speech, a proper noun and pairs involving subjective bias.

• Rubenstein & Goodenough: RG (Rubenstein and Goodenough, 1965)
contains 65 pairs which are often used to evaluate Distributional Seman-
tic Models. RG reflects semantic similarity of words rather than their
relatedness. It was engineered using 15 annotators to rate the semantic
similarity of each pair.

8For WS-353 dataset: Arabic, French, German, Spanish, Romanian, Italian, Russian. For
RG dataset: German, Spanish, Farsi. For MC: Arabic, Romanian, Spanish. For SIMLEX-999
dataset: German, Italian, Russian.
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• Miller & Charles: MC (Miller and Charles, 1991) is a subset of 30 noun
pairs from the RG gold standard which are re-annotated following new sim-
ilarity guidelines. Ten pairs were selected from the highest level (between
3 and 4 on a scale from 0 to 4), ten pairs from the intermediate level (be-
tween 1 and 3), and ten pairs from the lowest level (0 to 1) of semantic
similarity.

• SIMLEX-999: SIMLEX-9999 (Hill, Reichart, and Korhonen, 2016; Le-
viant and Reichart, 2015) is aimed to measure how well Distributional
Semantic Models capture semantic similarity, rather than relatedness.
SIMLEX-999 contains a range of 111 adjective, 666 noun and 222 verb
pairs with an independent rating for each pair. It was built by using 500
annotators via Amazon Mechanical Turk.

2.1.3 Enriched Distributional Semantic Models

This part concentrates on assessing the impact of enriching distributional seman-
tic models by structured Knowledge Bases (KBs), which are a kind of information
network that represents knowledge in a triple set (h, l, t) that composes two en-
tities h, t ∈ E the set of entities and a relationship l ∈ L the set of relationships.

2.1.3.1 Post-Processing Word Embeddings

Faruqui et al. (2014) proposed a graph-based learning technique to obtain higher
quality word embeddings by using lexical relational resources such as Wordnet
(Fellbaum, 2005), Freebase (Bollacker et al., 2008). This technique known as
retrofitting, brings semantically similar words close together while keeping them
(relatively) close to their initial distributional vectors (Table 2.4) (Mrkšić et al.,
2016). It is a post-processing approach, whereby semantic constraints are injected
into existing distributional vector spaces. The inputs of retrofitting technique
are an existed vector space model (m× n dense matrix) and a list of semantic
relationships from a lexical relational resources such as WordNet. Retrofitting
method helps to minimise a sum of distance of a word from its neighbours in
the lexical relation resource and its distance from its original vector in the exited
vector space models.

9In this thesis we called it SIMLEX
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Table 2.4: Nearest neighbours for target words (First Row) us-
ing GloVe vectors before and after injecting synonym relation.

east expensive British

Before

west pricey American

north cheaper Australian

south costly Britain

southest overpriced European

northest inexpensive England

After

eastward costly Brits

eastern pricy London

easterly overpriced BBC

pricey UK

afford Britain

Speer, Chin, and Havasi (2017) introduced an ensemble method known as ConceptNet-
Numberbatch, which combines data from pre-trained word embeddings and knowl-
edge graphs, using a variation on retrofitting (Faruqui et al., 2014) to produce a
high-quality word embeddings. They achieve this goal by applying the following
method:

• Expanding the retrofitting algorithm (Faruqui et al., 2014) to benefit from
structured links outside the original vocabulary.

• Using ConceptNet (Speer and Havasi, 2012) as a resource of structured
connections between words.

• Merging two pre-trained DSMs (Word2Vec and Glove) using a local linear
interpolation. This combination performs better than each of the models
separately.

• Applying expanded retrofitting method on the combined vector space model
by using ConceptNet as a lexical relational resource.

Speer, Chin, and Havasi (2017) called their word embedding ConceptNet-Numberbatch,
showing that the combined embedding outperformsW2V on word-similarity eval-
uations.

Speer et al. consider the data in ConceptNet as a symmetric matrix of asso-
ciation between words to apply the expanded retrofitting method. Therefore,
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they eliminate non-symmetric relations in ConceptNet and disregard the these
relation types to generate new word embeddings. We argue that in order to
achieve a high quality semantic relation classification, all relations must be taken
into account. Hence a more comprehensive approach is needed which includes
knowledge about how both asymmetric and symmetric allowing us to inject all
semantic constraints into existing word embeddings.

2.1.3.2 Embedding Entities and Relations

Bordes et al. (2013) proposed an energy-based model for learning low-dimensional
embeddings of entities which is materialised into the TransE model. Relation-
ships are represented as translations in the embedding space. In other words, the
basic idea behind behind the model is, in a triple set (h, r, t) that composes two
entities h, t ∈ E the set of entities and a relationship r ∈ L (the set of relation-
ships), the embedding of the entity t should be close to the embedding of the
head entity h plus some vector that depends on the relationship r.

h+ r ' t

To learn such embeddings, they minimise a margin-based ranking criterion over
the training set (Yang et al., 2014), where the scoring function of TransE is

−(2gar (yh, yt)− 2gbr(yh, yt) +
∥∥∥Vr∥∥∥2

2
)

where:

gar (yh, yt) = ATr

(
yh

yt

)
and gbr(yh, yt) = yThBryt

and ATr , Br are relation-specific parameters and equal to (V T
r − V T

r ) and I,
respectively.

The motivation behind translation-based parametrisation is that the structure of
the hierarchical relationships are very common in Knowledge based systems and
translations are the natural transformations for representing them. Their model
relies on a reduced set of parameters as it learns only one low-dimensional vector
for each entity and each relationship. The optimisation is carried out by stochastic
gradient descent (using minibatches), and also the embedding vectors of the
entities are normalised. TransE has fewer parameters comparison with other
approaches, leading to a simplification of the training process and preventing
under-fitting.
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2.2 Complementary Semantic Perspectives

Commonsense Knowledge Bases (KBs) are a kind of information network that
represents knowledge in a triple set (h, l, t) that composes two entities h, t ∈ E
the set of entities and a relationship l ∈ L the set of relationships. They have
been applied to different tasks including semantic search (Ramkumar and Poorna,
2014), entity linking (Moussallem et al., 2017) and semantic relation classification
(Girju, 2008) and they provide the fine grained semantics. However, most KBs
are often noisy and incomplete. There are a few large commonsense KBs.

• ConceptNet: ConceptNet (Speer and Havasi, 2012) is a semantic network
built from existing linguistic resources and crowd-sourced. It is built from
nodes representing words or short phrases as observed in natural language
and labelled abstract relationships between them.

• WordNet: WordNet (Miller, 1995) is a large lexical database including
Nouns, Verbs, Adjectives and Adverbs, which grouped into different synsets
(cognitive synonyms). The most frequently relation are Synonymy, Hyper-
nymy10, Hyponymy11 and Meronym12.

• Microsoft Concept Graph: Microsoft Concept Graph (Wang et al., 2015)
is a taxonomy of English nouns13 containing IsA relations

• DBpedia: DBpedia (Auer et al., 2007) is focused on named entities and
basic factoid-style attributes.

Although Distributional Semantic Models provide only the coarse grained se-
mantic, through Distributional Semantic Models, we can cope with information
incompleteness in large KBs (Freitas et al., 2014) and eliminate non meaningful
paths (See Chapter 3, Section 3.4.3.3 for more details). Also with post-processing
techniques through commonsense knowledge bases (KBs) on word embeddings
(As we explained at Section 2.1.3), we can enrich distributional semantic models,
which are able to predict the existence of missing relationships and therefore com-
pleting the KBs. Therefore, unified distributional semantics and commonsense
knowledge bases (KBs) provide complementary semantic perspectives (Shi and
Weninger, 2017; Freitas, Handschuh, and Curry, 2015).

2.3 Neural Networks

As explained earlier, Natural Language Processing (NLP) aims to convert human
language into a semantic presentation that is understandable for computers. How-
ever full natural understanding is still a distant goal. Machine Learning/Deep

10Y is a hypernym of X if every X is a (kind of) Y.
11Y is a hyponym of X if every Y is a (kind of) X.
12Y is a meronym of X if Y is a part of X.
135.4 million concepts
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Learning algorithms already have made impressive advances in different fields
such as computer vision. Deep Learning contains many layers to produce the
output once a large data is fed, and nowadays has become popular because it
can extract features and classification easily (in one shot) and we have access to
very large data. Following this trend, much effort has been invested in apply-
ingMachine Learning/Deep Learning algorithms on Natural Language Processing
tasks such as part-of-speech (POS) tagging, machine translation and word em-
bedding. For several years, Machine Learning techniques such as Support Vector
Machine (SVM) (Hearst et al., 1998), Decision Trees (Quinlan, 1986), Logistic
Regression (Harrell, 2015) and shallow neural networks) have been applied on
NLP tasks. In the last new years, Deep Learning techniques have been applied
in NLP task increasingly, due to their abilities to learn the features. Early lay-
ers in Deep Learning model learn how to detect low level features and following
layers combine features from earlier layers into a more complete representation
(LeCun, Bengio, and Hinton, 2015). Deep Learning models can be categorised
into supervised and semi or unsupervised approaches. In Supervised Ap-
proaches a predictive model is trained by a sufficient amount of labelled training
data. Supervised learning models, such as Recurrent neural networks (RNNs)
(Elman, 1990; Mikolov et al., 2010), Long Term Short Memory (LSTM) (Hochre-
iter and Schmidhuber, 1997) and Convolutional deep neural networks (CNNs)
(Kim, 2014) can perform very well, but it is necessary to have an enough anno-
tated data, which can be a critical bottleneck. Supervised Deep Learning can
learn multi-level feature representation automatically. In contrast, traditional
machine learning based NLP systems depend on hand-crafted features which are
time-consuming and often incomplete. Semi or Unsupervised Approaches
do not have the limitation of supervised methods for manually annotating of suf-
ficient amounts of training data (LeCun, Bengio, and Hinton, 2015).

2.4 Semantic Relation Classifications

2.4.1 Introduction

Semantic relation classification is the task of classifying the underlying abstract
semantic relations between target entities (Nominals) present in texts (Qin, Xu,
and Guo, 2016). The goal of relation classification is defined as follows: given
a sentence S with pairs of annotated target nominals e1 and e2, the relation
classification system aims to classify the relations between e1 and e2 in given
texts within the pre-defined relation set (Hendrickx et al., 2009). For instance,
the relation between the nominal burst and pressure in the following example
sentence is interpreted as Cause-Effect(e2, e1).
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The < e1 > burst < /e1 > has been caused by water hammer
< e2 > pressure < /e2 >.

2.4.2 Approaches

Different approaches have been explored for relation classification, including su-
pervised and semi or unsupervised relation discovery and classification (Zeng
et al., 2014).

Supervised Approaches are machine learning methods in which a predictive
model is trained by a sufficient amount of labelled training data to predict a true
relation between two given entities on a test set. Supervised learning models
can perform very well, given sufficient annotated data, which can be a critical
bottleneck. Second, learning models should be designed very well to acquire
a representatives set of features and the performance of supervised approaches
strongly depend on the quality of their designed features. Approaches can be
grouped into two types: feature-based and kernel-based (Zeng et al., 2014). In
feature-based methods (Kambhatla, 2004), classifiers 14 combine a large number
of features, such as Dependency Parse (De Marneffe, MacCartney, and Man-
ning, 2006), WordNet (e.g. hyponyms, Common-parents, distance) (Miller et al.,
1990), Part-Of-Speech (POS) (e.g. Noun, Verb, ...) and so forth. In kernel-based
methods (Zelenko, Aone, and Richardella, 2003) relations have been identified
through evaluating the similarity between two trees or sequences. Some example
of supervised learning models are Support Vector Machine (VSM) Long Short
Term Memory (LSTM) and Convolutional neural network (CNN) (See Chapter
3, Section 3.4.2 for more details).

Semi or Unsupervised Approaches do not have the limitation of supervised
methods for manually annotating of sufficient amounts of training data which is
time-consuming. Semi-supervised approaches solve this problem by pre-defining
some initial seeds for any individual relation, and after that bootstrap from the
seeds for acquisition of the relation. On the other hand, it is complicated to
choose representative seeds for achieving high accuracy. The distributional hy-
pothesis (Harris, 1954) indicates that words that have similar meanings, probably
occur in the same context. Accordingly, we can assume that the pairs of words
that occur in similar contexts tend to have similar relations.

14Such as Support Vector Machine (SVM, Max-Entropy model



2.4. Semantic Relation Classifications 29

2.4.3 Task & Dataset

SemEval 2010 Task 8 (Hendrickx et al., 2009) focuses on Multi-Way classification
of semantic relations between pairs of nominals. For instance, student and as-
sociation are in an Member-Collection relation in "The student association is
the voice of the undergraduate student population of the State University of New
York at Buffalo". This task includes around 11, 000 labelled sentence, which is
enough data for deep learning methods to be learned.
The tasks provides for nine general relations plus "OTHER" is as follows:

• Cause-Effect. An event or object leads to an effect. Example: < e1 >

Smoking < /e1 > causes < e2 > cancer < /e2 >.

• Instrument-Agency. An agent uses an instrument. Example: < e1 >

Laser < e/1 > < e2 > printer < /e2 >

• Product-Producer. A producer causes a product to exist.Example: The
< e1 > farmer < /e1 > grows < e2 > apples < /e2 >

• Content-Container. An object is physically stored in a delineated area
of space, the container. Example: < e1 > Earth < /e1 > is located in the
< e2 > MilkyWay < /e2 >.

• Entity-Origin. An entity is coming or is derived from an origin (e.g.,
position or material). Example: < e1 > Letters < /e1 > from < e2 >

foreigncountries < /e2 >.

• Entity-Destination. An entity is moving towards a destination. Example:
The < e1 > boy < /e1 > went to < e2 > bed < /e2 >.

• Component-Whole. An object is a component of a larger whole. Exam-
ple: My < e1 > apartment < /e1 > has a large < e2 > kitchen < /e2 >.

• Member-Collection. A member forms a nonfunctional part of a collec-
tion. Example: There are many < e1 > trees < /e1 > in the < e2 >

forest/ < e2 >.

• Communication-Topic. An act of communication, whether written or
spoken, is about a topic. Example: The < e1 > lecture < /e1 > was about
< e2 > semantics < /e2 >.

The dataset contains a set of 10, 717 instances, where 8, 000 instances are defined
as the training set. Table 2.5 shows the distribution of categories for the dataset.
The second column (Frequency) shows the absolute and relative frequencies of
each relation.
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Table 2.5: Annotation Statistics of relation types with absolute
and relative frequency in the dataset.

Relation Frequency

Cause-Effect 1331 (12.4%)
Component-Whole 1 253 (11.7%)
Entity-Destination 1137 (10.6%)
Entity-Origin 974 (9.1%)
Product-Producer 948 (8.8%)
Member-Collection 923 (8.6%)
Message-Topic 895 (8.4%)
Content-Container 732 (6.8%)
Instrument-Agency 660 (6.2%)
Other 1864 (17.4%)

Total 10717 (100%)

2.5 Summary

The discussion in this chapter started by giving an overview of the core technolo-
gies underlying this thesis. Section 2.1 provided a brief history of distributional
semantic models, vector space models parameters and how distributional seman-
tic models can be enriched by injected semantic constraints from knowledge base
systems. We have also explained about the commonsense knowledge bases (KBs)
and how distributional semantics provide complementary semantic perspectives
in Section 2.2. We have discussed briefly the different neural networks in Section
2.3. Finally in Section 2.4 we described the semantic relation classification tasks,
which is the basis for composite semantic relation classification which will be
described in Chapter 3. The following research gaps in distributional semantics
field can be summarised as : (i) a severe lack of efficient approaches for addressing
multilingual distributional semantic models and a significant deficit availability
of multilingual test collections for evaluation. (ii) need for more comprehensive
analysis and evaluation on distributional semantic models with respect to smaller
and domain-specific corpora . (iii) need for complementary semantic perspectives.
(iv) Knowledge Graph completion which is one main part of having complemen-
tary semantic perspectives. The contribution of this thesis concentrates on the
implementation of a transportable distributional semantic architecture which ad-
dress these gaps in Chapter 3.
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Chapter 3

A Transportable Distributional
Semantics Architecture

3.1 Introduction

In Chapter 1 the motivation and the main principles behind the development of a
transportable distributional semantic architecture were introduced. This chapter
will describe the main contributions aimed by this work, namely:

1. Providing a solution to the problem of language transportability in the con-
text of distributional semantic models. The key strategy used to address
this problem is the development of a language l-to English lightweight ma-
chine translation layer, the output of which is sent to an English distribu-
tional model. This contribution is described in Section 3.2.

2. Providing a solution to the problem of domain transportability in the con-
text of distributional semantic models. This is achieved by providing a
systematic study on how different types of discourse and different types
distributional model configurations perform in a domain-specific setting
(financial domain). This is described in Section 3.3.

3. Addressing the connection between coarse-grained (distributional seman-
tics) and fine-grained (relational) semantic models. Using the problem of
Composite Semantic Relation Classification (CSRC) to link both types of
models, where users can have access to both the distributional semantic
scores between pairs of terms and also interpretation pathways (composi-
tions of semantic relations) between the terms. This contribution is de-
scribed in Section 3.4.

4. Integrate these contributions as existing recurring operations of the dis-
tributional semantics space into a unified distributional semantics architec-
ture. This is addressed by the specification of a common architecture which
encapsulates the previous contributions, integrating them with existing re-
curring operations. This contribution is described in Section 3.5.
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3.2 Language Transportability

Distributional Semantic Models (DSM) have consolidated themselves as funda-
mental components for supporting automatic semantic interpretation in different
application scenarios in natural language processing. From question answering
systems, to semantic search and text entailment, distributional semantic mod-
els support a scalable approach for representing the meaning of words, which
can automatically capture comprehensive associative commonsense information
by analysing word-context patterns in large-scale corpora in an unsupervised or
semi-supervised fashion (Freitas, 2015b; Turney and Pantel, 2010b; Sales et al.,
2016).

However, such DSMs are strongly dependent on the size and the quality of the
reference corpora, which embed the commonsense knowledge necessary to build
comprehensive models. While high-quality texts containing large-scale common-
sense and domain-specific information are present in English, other languages
may lack sufficient textual support to build comprehensive distributional models.

To address this problem, this thesis investigates how different distributional se-
mantic models built from corpora in different languages and with different sizes
perform in computing semantic relatedness similarity and relatedness tasks. Ad-
ditionally, we analyse the role of machine translation approaches to support the
construction of better distributional vectors and for computing semantic similar-
ity and relatedness measures for other languages. In other words, in the case
that there is not enough information to create a DSM for a particular language,
this work aims at evaluating whether the benefit of corpora volume for English
outperforms the error introduced by machine translation. Also for more investi-
gation this section proposes the combination of a lightweight machine translation
(MT) model (See Section 3.2.2) and an English DSM as a mechanism to provide
knowledge-rich word vectors for languages other than English. While the prob-
lem of delivering high-quality sentence MT requires large parallel corpora and
resource-intensive ML models, we claim that the MT for accessing distributional
word vectors can be achieved with a lightweight model. In the context of this
work, a lightweight MT model is a model which accesses the unigram-level source-
target probabilities which can be directly computed from the parallel corpora.

In the proposed model the word-pairs datasets are translated into English as a
reference language and the distributional vectors are defined over the target end
model (Figure 3.1). Despite the simplicity of the proposed method based on
lightweight machine translation, there is a high relevance for the distributional
semantics user/practitioner due to its simplicity of use and the significant im-
provement in the results (See Chapter 6, section 5.2).
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Figure 3.1: Depiction of the experimental setup of the experi-
ment. i) Translate word-pairs into English by a Machine Trans-
lation and evaluate them over English DSM. ii) Evaluate words-

pairs over language-specific models.

3.2.1 RelatedWork: Multi-lingual Distributional Semantic Mod-
els

The majority of related work has concentrated on leveraging joint multi-lingual
information to improve the performance of semantic similarity/relatedness mod-
els. Faruqui and Dyer (2014b) use the distributional invariance across lan-
guages and propose a technique based on canonical correlation analysis (CCA) for
merging multi-lingual evidence into vectors generated in a monolingual fashion.
The authors evaluate the resulting word representations on semantic similar-
ity/relatedness evaluation tasks, showing the improvement of the multi-lingual
scenario over the monolingual one. Utt and Padó (2014) developed methods
that take advantage of the availability of annotated corpora in English using
a translation-based approach to transport the word-link-word co-occurrences to
support the creation of syntax-based DSMs. Navigli and Ponzetto (2012) pro-
pose an approach to compute semantic relatedness exploiting the joint contri-
bution of different languages mediated by lexical and semantic knowledge bases.
The proposed model uses a graph-based approach of joint multi-lingual disam-
biguated senses which outperforms the monolingual scenario and achieves com-
petitive results for both resource-rich and resource-poor languages. Zou et al.
(2013) describe an unsupervised semantic embedding (bilingual embedding) for
words across two languages that represent semantic information of monolingual
words, but also semantic relationships across different languages. The motivation
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for their work was on the difficulty of identifying semantic similarities across lan-
guages, especially when word co-occurrences are rare in the training parallel text.
Al-Rfou, Perozzi, and Skiena (2013) produced multi-lingual word embeddings for
about 100 languages using Wikipedia as the reference corpora.

3.2.2 Lightweight Machine Translation

The lightweight MT model is built by processing the set of source|target word
alignments within the parallel corpora and by computing the ω(s|t) word trans-
lation table 1. Given this alignment, it is quite straight-forward to estimate a
maximum likelihood lexical translation table. Given a word pair w1,w2 in a
language L other than English, the semantic similarity sim(w1,w2) will be cal-
culated by first collecting all English translations of w1 and w2 into the sets T1,
T2. For a set which is defined by the cross product of T1, T2, the word vectors for
each element τ i1, τ

j
2 are produced (~τ1

i, ~τ2
j). The final similarity score is given by

getting the top-most similarity score sim(~τ1
i, ~τ2

j).

sim(w1,w2) = arg max
τ i

1,τ j
2

sim(~τ1
i, ~τ2

j)

Algorithm 1 describes the lightweight MT model.

Algorithm 1 The algorithm for computing the semantic similarity between two
words with the translation.
WP : word pair (w1,w2) in a language other than English
τ1 ← Collects all English translations of w1 from the Lexical translation table.
τ2 ← Collects all English translations of w2 from the Lexical translation table.
CP : Cross product of τ1 and τ2

for all pairs ∈ CP do:
Scores← Calculate sim(~τ1

i, ~τ2
j).

end for
Return top-most similarity score in Scores

1IBM alignments models (Gal and Blunsom, 2013) or GIZA++ (Gal and Blunsom, 2013)
can provide this information
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Algorithm 2 The algorithm for looking up distributional vectors for a single
word as a disambiguation mechanism.
SENT : Sentence in a language other than English
for all W ∈ SENT do:

MW← Meaningful words in SENT related to W .
τw ← Collecting all English translations of W from the Lexical translation

table.
for all M ∈MW do:

τm ← Collecting all English translations of M from the Lexical trans-
lation table.

end for
CP : Cross product of τw and τm
for all pairs ∈ CP do:

Scores← Calculate sim( ~τw
i, ~τmj).

end for
~τw
i ← Based on the top-most similarity score in Scores

end for

In many cases, users of distributional semantic models need to use the word
vectors directly instead of the similarity function (typically the case when using
distributional word vectors as features for a machine learning model). An anal-
ogous procedure could be used as a disambiguation mechanism when looking up
single word vectors. In this case, collocated words in the sentence can serve as
a supporting mechanism for disambiguation. Algorithm 2 shows the variation of
the model for looking up distributional vectors for a single word.

3.3 Domain Transportability

Distributional semantic models (DSMs) have emerged as simplified semantic rep-
resentation models which are used in many different Natural Language Processing
(NLP) tasks, such as Question Answering (Molino et al., 2012), Textual Entail-
ment (Mehdad, Moschitti, and Zanzotto, 2010; Baroni et al., 2012) and Sentiment
Analysis (Malandrakis et al., 2013). However, most of the discussions surround-
ing DSMs have concentrated on the construction and on the evaluation of models
based on open-domain and large-scale corpora. This work aims to provide a sys-
tematic analysis of the construction, performance and usage of domain-specific
DSMs.

Due to the reduced size and availability of domain-specific corpora, domain-
specific DSMs (dsDSMs) suffer from scarcity of lexical associations, which are
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much more frequent in very large generic corpora. This affects the parameteri-
sation assumptions of dsDSMs: taking into account this scarcity, more system-
atic and rational decisions should be performed with regard to the selection of
the parameters for a domain-specific setting. In addition to parameters such as
weighting schemes, window size, distance measures and dimensionality reduction
approaches, the quality and type of the discourse within the corpora (news, defi-
nitional and encyclopedic) may significantly impact the performance of the model.

This work investigates which distributional models and supporting corpora have
better performance for domain-specific DSMs. Additionally, still within the scope
of model rationalisation, we provide a model for the quantification of the amount
of data necessary for building effective dsDSMs.

For that purpose, this section uses the financial domain of discourse for the analy-
sis of dsDSMs. As existing test collections for evaluating dsDSMs are still limited,
this work also introduces two new test collections, named Syntagmatic Financial
Word Pairs - 422 (SFWP-422)2 consists of 422 word pairs from the financial do-
main, which were manually annotated for semantic relatedness and Paradigmatic
FinNet Word Pairs - 3920 (PFWP-3920)3 consists of 3029 word pairs from the
financial domain, which were annotated for semantic relatedness, to support the
evaluation of the model.

3.3.1 Related Work: Domain-Specific Distributional Semantic
Models

The contemporary understanding of distributional semantic models (DSMs) were
introduced by (Landauer and Dumais, 1997; Schütze, 1998) and have since been
applied to a vast range of semantic tasks in Natural Language Processing (see
(Turney and Pantel, 2010a) for a survey). They have been deployed as lightweight
semantic representations which are able to capture meaning at scale.

DSMs have been used to support semantic approximations in different tasks, im-
proving the generalisation over classification tasks (as in Sentiment Analysis),
where a word vector over a distributional vector space is used to represent a clus-
ter of words within the vector space, allowing a concept-based generalisation, or
to support semantic matching to address a vocabulary problem (Freitas et al.,
2012; Furnas et al., 1987) as in Question Answering (Freitas, 2015a; Molino et al.,
2012) and Textual Entailment (Mehdad, Moschitti, and Zanzotto, 2010; Baroni
et al., 2012) tasks.

2Available at http://bit.ly/SFWP-422
3Available at http://bit.ly/PFWP-3920

http://bit.ly/SFWP-422
http://bit.ly/PFWP-3920
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Different applications induce variations in the way the parameterization of the
DSM is defined, including the nature of the corpora, the size and type of con-
text windows and their weighting schemes, the associated dimensional reduction
strategy and the distance measures. While systematic evaluations of DSMs have
been performed (Kiela and Clark, 2014), and different applications have done
systematic comparisons between different models, there has not been a system-
atic evaluation of domain-specific DSMs with regards to the parameterizations
required for smaller and more domain-specific corpora.

Domain-specific DSMs have been explored for the domains of health (Ghosh et al.,
2016; Henriksson, 2015; Henriksson et al., 2015; Moen et al., 2015), recruitment
(Shalaby et al., 2016), and Spoken Language Understanding (Anastasakos, Kim,
and Deoras, 2014). In these domains, where annotated data are often scarce,
large amounts of unstructured text are leveraged as lightweight semantic repre-
sentations. Some applications require the injection of small amounts of structured
knowledge.

Ghosh et al. (2016) build a word2vec model on the HealthMap corpus (Freifeld et
al., 2008), a collection of Internet media reports on disease outbreaks. Structured
information is added in the shape of disease vocabularies. They build not-curated
taxonomy of health terms and their attributes in an unsupervised fashion which
outperforms traditional distributional methods and only shows some taxonomic
gaps due to the nature of reporting.

Henriksson (2015) create an ensemble of DSMs on clinical text for Named Entity
Recognition (NER). Distributional representations for each category of Named
Entities (NEs) are learned by calculating the centroid vector over all NEs of a
given type. The results show that these distributed representations, when used as
features in supervised classification, significantly enhance supervised NER. Hen-
riksson et al. (2015) make use of DSMs in every step of their Information Extrac-
tion process for identifying adverse drug events in clinical text (NER, attribute
labelling, Relation Extraction), using distributed representations as features in
supervised classification. They report performance gains on all tasks when using
DSMs.

Moen et al. (2015) focus on Finnish Electronic Health Records (EHRs), which are
unstructured clinical notes about patients and their medical history. Using DSMs
built on EHRs combined with semi-structured disease classification codes, they
outperform the state-of-the-art in Information Retrieval. The role of the DSMs
here is a lightweight representation which replaces a costly knowledge base or
human judgement.
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Shalaby et al. (2016) focus on entity classification in the recruitment domain.
They combine a generic DSM learned from a Wikipedia-based corpus with a
domain-specific DSM trained on 60 million job postings. The addition of this
domain-specific component significantly outperforms the Wikipedia-based state-
of-the-art.

Anastasakos, Kim, and Deoras (2014) apply DSMs to Spoken Language Under-
standing (SLU). They build DSMs on noisily labelled spoken queries from three
domains (games, movies, music) and use them as additional features in a Condi-
tional Random Field SLU system. The addition of domain-specific distributional
representations improves results compared to using only generic data.

3.4 Composite Semantic Relation Classification

3.4.1 Semantic Relation Classification

Semantic relation classification is the task of classifying the underlying abstract
semantic relations between target entities (terms) present in texts (Qin, Xu,
and Guo, 2016). The goal of relation classification is defined as follows: given
a sentence S with pairs of annotated target nominals e1 and e2, the relation
classification system aims to classify the relations between e1 and e2 in given
texts within the pre-defined relation set (Hendrickx et al., 2009). For instance,
the relation between the nominal burst and pressure in the following example
sentence is interpreted as Cause-Effect(e2, e1).

The < e1 > burst < /e1 > has been caused by water hammer
< e2 > pressure < /e2 >.

SemEval 2010 Task 8 (Hendrickx et al., 2009) focuses on Multi-Way classifica-
tion of semantic relations between pairs of nominals. For instance, student and
association are in an Member-Collection relation in "The student association
is the voice of the undergraduate student population of the State University of
New York at Buffalo". They selected nine general relations plus "OTHER" is as
follows:

• Cause-Effect. An event or object leads to an effect. Example: < e1 >

Smoking < /e1 > causes < e2 > cancer < /e2 >.

• Instrument-Agency. An agent uses an instrument. Example: < e1 >

Laser < e/1 > < e2 > printer < /e2 >

• Product-Producer. A producer causes a product to exist.Example: The
< e1 > farmer < /e1 > grows < e2 > apples < /e2 >
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• Content-Container. An object is physically stored in a delineated area
of space, the container. Example: < e1 > Earth < /e1 > is located in the
< e2 > MilkyWay < /e2 >.

• Entity-Origin. An entity is coming or is derived from an origin (e.g.,
position or material). Example: < e1 > Letters < /e1 > from < e2 >

foreigncountries < /e2 >.

• Entity-Destination. An entity is moving towards a destination. Example:
The < e1 > boy < /e1 > went to < e2 > bed < /e2 >.

• Component-Whole. An object is a component of a larger whole. Exam-
ple: My < e1 > apartment < /e1 > has a large < e2 > kitchen < /e2 >.

• Member-Collection. A member forms a nonfunctional part of a collec-
tion. Example: There are many < e1 > trees < /e1 > in the < e2 >

forest/ < e2 >.

• Communication-Topic. An act of communication, whether written or
spoken, is about a topic. Example: The < e1 > lecture < /e1 > was about
< e2 > semantics < /e2 >.

The final dataset contains a set of 10, 717 instances, where 8, 000 instances are
defined as the training set. Table 3.1 shows the distribution of categories for
the dataset. The second column (Frequency) shows the absolute and relative
frequencies of each relation.

Table 3.1: Annotation Statistics of relation types with absolute
and relative frequency in the dataset.

Relation Frequency

Cause-Effect 1331 (12.4%)
Component-Whole 1 253 (11.7%)
Entity-Destination 1137 (10.6%)
Entity-Origin 974 (9.1%)
Product-Producer 948 (8.8%)
Member-Collection 923 (8.6%)
Message-Topic 895 (8.4%)
Content-Container 732 (6.8%)
Instrument-Agency 660 (6.2%)
Other 1864 (17.4%)

Total 10717 (100%)
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3.4.2 Existing Approaches for Single Semantic Relation Classifi-
cation

Different approaches have been explored for relation classification, including un-
supervised and supervised relation discovery and classification. Existing lit-
erature have proposed various features to identify the relations between entities
using different methods, which are described in the following paragraphs.

In the unsupervised methods, contextual features are used. The distribu-
tional hypothesis Harris (1954) indicates that words that have similar meanings,
probably occur in the same context. Accordingly, it is assumed that the pairs of
words that occur in similar contexts tend to have similar relations. Hasegawa,
Sekine, and Grishman (2004) used the contexts of nominal words using a hier-
archical clustering method which represents the relationship between the words
by using the most frequent words in the contexts as contextual features. Further
work by Chen et al. (2005) suggested an unsupervised algorithm based on model-
order selection and discriminative label identification.

In the supervised methods, approaches can be grouped into two types: feature-
based and kernel-based (see Zeng et al. (2014) for more details). The performance
of these models strongly depend on the quality of the designed features. Re-
cently, neural network-based approaches have achieved significant improvement
over traditional methods based on human-designed features (Qin, Xu, and Guo,
2016). Existing neural networks for relation classification are usually based on
shallow architectures (e.g., one-layer convolutional neural networks or recurrent
networks). In exploring the potential representation space at different abstraction
levels, they may fail to perform (Xu et al., 2016). The performance of supervised
approaches strongly depends on the quality of the designed features (Zeng et al.,
2014). Complementarily, some models are exploring automatic feature learning
strategies. Xu et al. (2015b) apply gated recurrent networks, in particular, Long
Short-Term Memories (LSTMs) to relation classification. Zeng et al. (2014) also
use Convolutional Neural Networks (CNNs) for the same task. Additionally, San-
tos, Xiang, and Zhou (2015a) replace the common Softmax loss function with a
ranking loss in their CNN model. Xu et al. (2015a) design a negative sampling
method based on CNNs. From the viewpoint of model ensembles, Liu et al.
(2015) combine CNNs and recursive networks along the Shortest Dependency
Path (SDP), Nguyen and Grishman (2015) incorporate CNNs with Recurrent
Neural Networks (RNNs).

Additionally, much effort has been invested in relational learning methods that
can scale to large knowledge bases. The best performing neural-embedding mod-
els are NTN (Socher et al., 2013a) and TransE and TATEC models (Bordes et al.,
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2013; Garcia-Duran et al., 2016), respectively.

In summary, supervised learning approaches can perform very well, depending
on how shallow or deep the models describing the features of a given relation
are.(Nastase et al., 2013).

3.4.3 From Single to Composite Semantic Relation Classification

3.4.3.1 Introduction

The goal of this work is to propose an approach for semantic relation classifi-
cation using one or more relations between entities/term mentions. The reason
for the emphasis on composite semantic relation classification (CSRC) is the fact
that distributional semantic relatedness cannot always be associated with a sin-
gle named relation, and the link between the quantified view of distributional
semantic relatedness scores (called in the context of this thesis coarse-grained se-
mantics) and the named semantic relations (fine-grained semantics) are achieved
with CSRC.

In the example below, the relationship between Child and Cradle cannot be
directly expressed by one of the nine abstract semantic relations from the set
described in (Hendrickx et al., 2009).

The < e1 > child < /e1 > was carefully wrapped and bound into the < e2 >

cradle < /e2 > by means of a cord.

Assume R1 be a relation from X to Y , and R2 be a relation from Y to Z. Then
a relation written as R1 ◦R2 is called a composite relation of R1 and R2 where

R1 ◦R2 = {(x, z)|x ∈ X ∧ z ∈ Z ∧ (∃y)(y ∈ Y ∧ (x, y) ∈ R1 ∧ (y, z) ∈ R2))}

We can also write the composition as

R1 ◦R2 = {(x, z)|x ∈ X ∧ z ∈ Z ∧ (∃y)(y ∈ Y ∧ xR1y ∧ yR2z)}

Based on the definition of relation composition, we need to instantiate the relation
set taking into account a specific ontology. While the Semeval dataset provides
a possible ontology, a commonsense KB (in this case, ConceptNet V 5.4), can
provide an initial instantiated set of composite relationships, while keeping a
similar set of relations to Semeval. For the previous example:

< e1 > child < /e1 > CreatedBy ◦Causes ◦AtLocation < e2 >

cradle < /e2 >
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With the increase in the number of edges which can be included in the set of
semantic relation compositions (the size of the semantic relationship path), there
is a dramatic increase in the number of paths which connect the two entities.
For example, for the words child and cradle there are 15 paths of size 2, “1, 079”
paths of size 3 and “95, 380” paths of size 4. Additionally, as the path size grows,
many non-relevant relationships (less meaningful or redundant relations) will be
included.

The challenge in composite semantic relation classification is to provide a classi-
fication method that provides the most meaningful (see more details on Section
3.4.3.3) set of relations for the context at hand. This task can be challenging
because, as previously mentioned, a simple KB lookup based approach would
provide all semantic associations at hand. To achieve this goal we propose an
approach which combines sequence-based machine learning models, distributional
semantic models and commonsense relational knowledge bases to provide an accu-
rate method for composite semantic relation classification. The proposed model
(Fig 3.2) relies on the combination of the following approaches:

i Using existing structured commonsense KBs to define an initial set of se-
mantic relation compositions.

ii Using a pre-filtering method based on the Distributional Navigational Al-
gorithm (DNA) as proposed by (Freitas et al., 2014; Silva, Handschuh, and
Freitas, 2018a).

iii Using a sequence-based Neural Network based model to quantify the se-
quence probabilities of the semantic relation compositions. We call this
model Neural Entity/Relation Model (NERM); an analogy to a Language
Model.

3.4.3.2 Commonsense KB Lookup

The first step consists in the use of a large commonsense knowledge base for
providing a reference for a sequence of semantic relations. ConceptNet (Speer
and Havasi, 2012) is a semantic network built from existing linguistic resources
and crowd-sourced. It is built from nodes representing words or short phrases as
observed in natural language and labelled abstract relationships between them.
There are a few alternatives for large commonsense KBs, such as WordNet, Mi-
crosoft Concept Graph and DBpedia. In the list below, ConceptNet is contrasted
to other KBs:

• WordNet: ConceptNet has more relation types than WordNet (Miller,
1995). Additionally, ConceptNet’s vocabulary4 is much larger and contains

428 million statements
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"The <e1>child<e1> was carefully wrapped and 
bound into the <e2>cradle<e2> by means of a cord."
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Figure 3.2: Depiction of the proposed model relies on the com-
bination of our three approaches.

more links between the Concepts. ConceptNet does not assume that words
fall into synsets. Furthermore, synonymy in ConceptNet is a relation like
any other. ConceptNet reuses some relations from WordNet. Moreover
their importance is weighted higher, given that the knowledge in WordNet
is handcrafted, accurate and of high quality.
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• Microsoft Concept Graph: Microsoft Concept Graph (Wang et al., 2015)
is a taxonomy of English nouns5 containing IsA relations

• DBpedia: DBpedia (Auer et al., 2007) is focused on named entities and ba-
sic factoid-style attributes. In contrast, ConceptNet focuses on noun/verb-
level entities and their abstract relations.

ConceptNet is used as a large commonsense knowledge base for the proposed
model. The intuition is that any type of relation classification task would need
to be based on large-scale commonsense knowledge either in a distributional or
structured/relational form. ConceptNet6 has been built from several sources,
such as:

• Information extracted from parsingWiktionary (Zesch, Müller, and Gurevych,
2008).

• Open Multilingual WordNet (Bond and Foster, 2013).

• Open Mind Common Sense (Singh, 2002).

• A subset of DBpedia (Auer et al., 2007).

ConceptNet has a long-tail distribution of relations. However, the more frequent
relations expressed at ConceptNet are7:

• Symmetric relations: Antonym, DistinctFrom, EtymologicallyRelatedTo,
LocatedNear, RelatedTo, SimilarTo, and Synonym.

• Asymmetric relations: AtLocation, CapableOf, Causes, CausesDesire,
CreatedBy, DefinedAs, DerivedFrom, Desires, Entails, ExternalURL, For-
mOf, HasA, HasContext, HasFirstSubevent, HasLastSubevent, HasPrereq-
uisite, HasProperty, InstanceOf, IsA, MadeOf, MannerOf, MotivatedBy-
Goal, ObstructedBy, PartOf, ReceivesAction, SenseOf, SymbolOf, and Used-
For.

For our target example, 1, 094 paths were extracted from ConceptNetfor two
given entities (e.g. child and cradle) such that they contained no corresponding
semantic relation from the SemEval 2010 Task 8 test collection (Figure 3.2(i)).
Examples of paths are8:

• child/CanBe/baby/AtLocation/cradle

• child/IsA/animal/HasA/baby/AtLocation/cradle

• child/HasProperty/work/CausesDesire/rest/Synonym/cradle
55.4 million concepts
6Version 5.5
7https://github.com/commonsense/conceptnet5/wiki/Relations
8Paths in bold are considered semantically relevant.

https://github.com/commonsense/conceptnet5/wiki/Relations
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• child/InstanceOf/person/Desires/baby/AtLocation/cradle

• child/DesireOf/run/CausesDesire/rest/Synonym/cradle

• child/CreatedBy/havesex/Causes/baby/AtLocation/cradle

Although ConceptNet can provide a large commonsense Knowledge Base, as we
transcend immediate single relations, paths start to conceptually drift away from
the source and target concepts. In order to filter these relations into a set of
semantically relevant paths, we apply the Distributional Navigational Algorithm
(DNA), described in the next section.

3.4.3.3 Distributional Navigational Algorithm (DNA)

The Distributional Navigational Algorithm (DNA) consists of an approach which
uses distributional semantic models as a relevance-based heuristic for selecting
relevant facts attached to a contextual query over a structured KB. DNA pro-
vides an abductive reasoning style mechanism which operates over Distributional-
Relational Models (Freitas, 2015a; Freitas, Handschuh, and Curry, 2015; Freitas
and Silva, 2014; Freitas, Curry, and Handschuh, 2014; Freitas et al., 2013a), i.e.
models which enrich structured logical (triple-style) KBs with word-embedding
style information.

The DNA approach focuses on addressing the following problems: (i) providing
a semantic selection mechanism for facts which are relevant and meaningful in a
particular reasoning & querying context and (ii) allowing coping with information
incompleteness in large KBs. The DNA model starts from the source entity and
navigates through the KB, computing the distributional semantic relatedness
between the set of lexical elements associated with neighbouring nodes in the
graph and the target entity. The semantic relatedness function is defined as:

sr(−→p1,−→p2) = cos(θ) = −→p1.−→p2

where sr : V Sdist × V Sdist → [0, 1].

An important point to emphasise is the fact that the distributional semantic re-
latedness function is defined over an external/independent corpus (in contrast to
many existing approaches which define the embeddings based on the KB). The
DNA method is not coupled to a specific distributional/word embedding model
and can use different types of models.

A threshold η ∈ [0, 1] can be used to establish the desired semantic related-
ness between two vectors: sr(−→p1,−→p2) > η. The information provided by the
semantic relatedness function sr is used to identify elements in the KB with a
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similar meaning from the reference corpus perspective. The threshold is cal-
culated following the semantic differential approach proposed in (Freitas et al.,
2014). Multiword phrases are handled by calculating the centroid between the
concept vectors defined by each word in the Distributional Navigation Algorithm
(DNA) (Algorithm 3) (Freitas et al., 2014; Silva, Handschuh, and Freitas, 2018a).

Algorithm 3 Distributional Navigational Algorithm
η : threshold
(source, target) : pair of terms such as that sr(−−−−→source,−−−−→target) > η
l : path length
RankedPaths : a set of ranked score paths < (t0, ..., t1), score > such that
t0 = source and t1 = target

t0 ← source
Paths← 0
ExplorePaths← [(< t0 >, sr(−→t0 ,−−−−→target))]
while ExplorePaths 6= 0 do

remove (< t0, ..., tk >, sr(−→tk ,−−−−→target)) from ExplorePaths
if k < l - 1 then

for all (n ∈ neighbours(tk) : sr(−→n ,−−−−→target) > η and n /∈ { t0, ..., tk })
do

append (< t0, ..., tk,n >, sr(−→n ,−−−−→target)) to ExplorePaths
end for

else if k = l - 1 then
append (< t0, ..., tk, target >, 1) to Paths

end if
end while
RankedPaths← sort(Paths)
return RankedPaths

In summary, given two semantically related terms source and target wrt a thresh-
old η, the algorithm finds all paths from source to target, with length l, formed
by concepts semantically related to target wrt η.

The source term is the first element in all paths. From the set of paths to be
explored (ExplorePaths), the DNA selects a path and expands it with all neigh-
bours of the last term in the selected path that are semantically related wrt
the threshold η and but do not appear in that path. The stop condition is
sr(target, target) = 1 or when the maximum path length is reached.

The paths p =< t0, t1, . . . , tl > (where t0 = source and tl = target) found
by DNA are ranked according to the following formula:

rank(p) =
l∑

i=0
sr(
−→
ti ,
−−−−→
target)
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Algorithm 3 can be modified to use a heuristic that allows to expand only the
paths for which the semantic relatedness between all the nodes in the path and
the target term increases along the path. The differential in the semantic related-
ness for two consecutive iterations is defined as ∆target(t1, t2) = sr(

−→
t2 ,−−−−→target)

- sr(−→t1 ,−−−−→target), for terms t1, t2 and target. This heuristic is implemented by
including an extra test i.e., ∆target(tk,n) > 0.
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Figure 3.3: Selection of semantically relevant paths.

In Freitas et al. (2014), DSMs are used as a complementary semantic layer to
the relational model, which supports coping with semantic approximation and
incompleteness. For large-scale and open domain commonsense reasoning sce-
narios, model completeness, and full materialisation cannot be assumed. A com-
monsense KB would contain vast amounts of facts, and a complete inference over
the entire KB would not scale to its size. Although several meaningful paths may
exist between two entities, there are a large number of paths which are not mean-
ingful in a specific context. For instance, the reasoning path which goes through
path (1) at Figure 3.3 is not related or relevant to the classification goal of the
entity pairs (the relation between Child of human and Cradle) and should be
eliminated by the application of the Distributional Navigation Algorithm (DNA)
(Freitas et al., 2014; Silva, Handschuh, and Freitas, 2018a), which computes the
distributional semantic relatedness between the entities and the intermediate en-
tities in the knowledge base path as a measure of semantic coherence. In this
case, the algorithm navigates from first entity (e1) in the direction of target entity
(e2) in the Knowledge Base using distributional semantic relatedness between the
target node e2 and the intermediate nodes en as a heuristic method.

3.4.3.4 Neural Entity/Relation Model (NERM)

The Distributional Navigational Algorithm provides a pre-filtering of the rela-
tions maximising the semantic relatedness coherence. This can be complemented
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by a predictive model which takes into account the likelihood of a sequence of
relations, i.e. the likelihood of a composition sequence (Algorithm 4). The goal is
to systematically compute the sequence of probabilities of entity-relation compo-
sitions, in a similar fashion to a language model. As such, the model will capture
the notion of a sequence compatibility between entities and relations.

Various machine learning models are used in the context of NLP in order to induce
language models and KB-based models for having a relation classification, Recur-
sive Neural Networks (Socher et al., 2013b), Recurrent Neural Networks (Elman,
1990; Mikolov et al., 2010), Long Short Term Memory Networks (Hochreiter and
Schmidhuber, 1997), Neural Tensor Networks(Socher et al., 2013a) and Convo-
lutional Neural Networks (Kim, 2014). In this work, due to the nature of the
prediction task, which is similar to the language model (identifying semantically
coherent sequences of relations), we will target recurrent sequence classification
types of models (see Figure 3.5).

Algorithm 4 Composite Semantic Relation Classification
I : sentences of semeval 2010-Task 8 dataset
O : predefined entity pairs (e1, e2)
W : words in I
R : related relations of w
for all s ∈ I do:

S ← If entities of s are connected in an OTHER relation
end for
for all s ∈ S do:

ep← predefined entity pairs of s
p← find all path of ep in ConceptNet (with maximum paths of size 3)
for all i ∈ p do:

sqi ← avg similarity score between each word pairs (Barzegar et al.,
2015)

end for
msq ← find max sq
for all i ∈ p do:

filter i If sqi < msq - msq
2

end for
dw ← convert s into a suitable format for deep learning

end for
model← learning LSTM with dw dataset

Long Short-Term Memory (LSTM) (Hochreiter and Schmidhuber, 1997) is a type
of recurrent neural network (RNN ) architecture whose advantages over other
RNN models have been proved in different tasks in NLP (Barzegar et al., 2017;
Sutskever, Vinyals, and Le, 2014; Cortis et al., 2017). The advantage of LSTM
against RNN is that allows the network to capture information from inputs for
a long time using a special hidden unit (zt). A LSTM unit at a timestep t is
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described by the following equations:

it = δ(Wx,ixt +Wz,izi−1) (input gate)

ft = δ(Wx,fxt +Wz,fzf−1) (forget gate)

ot = δ(Wx,oxt +Wz,ozo−1) (output gate)

gt = tanh(Wx,gxt +Wz,gzg−1) (input modulation gate)

mt = ft ◦mt−1 + it ◦ gt (memory cell)

zt = ot ◦ tanh(mt)(hidden state)

Figure 3.4: Long Short-Term Memory unit at timestep t. (Small
circles with dots are elementwise vector multiplications).

The memory vector mt is a function of two parts: (1) its previous value mt−1

modulated by the forget gate ft (2) the information of the current input xt and
previous hidden state (zt) which modulated by the input modulation gate (gt).
Long Short-Term Memory unit at timestep t has four nonlinearity nodes (it, gt,
ft, and ot) all have, as inputs, xt and zt−1. (Pichotta and Mooney, 2016; Kong et
al., 2018). LSTM can memorise long sequences. The model’s input is a sequence
of entities and their relations with a specific order. For example, an input for
our LSTM model is child− cradle− baby− cause− havesex− creadtedby which
model should predict atlocation label. The model is depicted graphically in Fig-
ure 3.4.
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Figure 3.5: An overall picture of the Architecture of the Neural
Entity/Relation Model that describes a predictive model which

takes into account the likelihood of a sequence of relations

3.5 Indra: An Unified Architecture

Word embedding is a popular semantic model which represents words and sen-
tences in computational linguistics systems and machine learning models. In
recent years a large set of algorithms for both generating and consuming word
embedding models (WEMs) have been proposed, which includes corpus pre-
processing strategies, WEM algorithms or weighting schemes, vector composi-
tions and distance measures (Turney and Pantel, 2010a; Lapesa and Evert, 2014;
Mitchell and Lapata, 2010). Determining the optimal set of strategies for a given
problem demands the support of a tool that facilitates the exploration of the
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configuration space of parameters. Furthermore, given the applicability and ma-
turity achieved by these systems and models, they have been promoted from
academic prototypes to industry-level applications (Loebbecke and Picot, 2015;
Hengstler, Enkel, and Duelli, 2016; Moro, Cortez, and Rita, 2015). In this new
production scenario, a candidate tool should be able to scale to large number
of requests and to the construction of models from large corpora, making use of
parallel execution and traceability. From the functional point of view, Integrated
corpus pre-processing, Generation of predictive-based and count-based models and
Unified access as a service are key features.

In recent years Distributional Semantic/Word Embedding Models evolved to be-
come a fundamental component in many natural language processing (NLP) ar-
chitectures due to their ability of capturing and quantifying semantic associations
at scale. Word embedding models can be used to satisfy recurrent tasks in NLP
such as lexical and semantic generalisation in machine learning tasks, finding
similar or related words and computing semantic relatedness of terms. However,
building and consuming specific word embedding models require the setting of a
large set of configurations, such as corpus-dependant parameters, distance mea-
sures as well as compositional models. Despite their increasing relevance as a
component in NLP architectures, existing frameworks provide limited options in
their ability to systematically build, parametrize, compare and evaluate different
models. To answer this demand, this thesis describes Indra as an unified ar-
chitecture, a multi-lingual word embedding/distributional semantics framework
which supports the creation, use and evaluation of word embedding models. In-
dra provides a software infrastructure to facilitate the experimentation and cus-
tomisation of multilingualWEMs, allowing end-users and applications to consume
and operate over multiple word embedding spaces as a service or library.
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Figure 3.6: High-level architecture of the Indra framework in-
cluding implemented features.

Indra is designed to encapsulate the set of recurring semantic tasks associated
with word embeddings (both their generation and their consumption) through a
well defined API. This API is materialised as a software which can be consumed
as a stand-alone library and also a REST service.

Figure 3.6 depicts the main components of its architecture. IndraIndexer sup-
ports the generation of WEMs directly from text files (Wikipedia-dump or plain-
text formats), passing through the corpus pre-processing and multiword expres-
sion identification, to the model generation itself. Indra dynamically builds the
pipeline based on the metadata information produced during the model gener-
ation. This strategy guarantees that the same set of pre-processing operations
are consistently applied to the input query. Additionally, the translation-based
word embedding (Freitas et al., 2016; Barzegar et al., 2018a) can be conveniently
activated in the pipeline as described in Chapter 4.

Different languages (Section 3.2), domains (Section 3.3) and application scenarios
(including the link to semantic relation classification - See Section 3.4) require
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different parameterizations of the underlying embedding models. Together with
the availability of pre-generated models, Indra’s system architecture favors the
exploration of a large grid of parameters. Indra currently shares more than 65
pre-computed models which vary in languages, model algorithms and corpora
(general-purpose and domain-specific). The list of available models is in the
Github project’s Wiki.

Indra is available from two repositories (github.com/Lambda-3/Indra and github.
com/Lambda-3/IndraIndexer) both licensed as open-source software. Addition-
ally, Indra also provides a Python client (pyindra) available via pip and from
github.com/Lambda-3/pyindra.

3.5.1 Related Work: Distributional Semantics and Word Em-
beddings Libraries

S-Space is a library to support the construction of count-based distributional
methods unifying different approaches in a common Java API (Jurgens and
Stevens, 2010b). DeepLearning4J9, on the other hand, is a library which con-
centrates predictive-based models. DeepLearning4J is also written in Java and
its API contains methods to access word vectors and to find nearest neighbours
(kNN). GenSim is one of the most popular word-embedding tool-kits, mainly
credited to its efficient implementation of nearest neighbours function (Řehůřek
and Sojka, 2010). GenSim is written in Python and apart from its kNN func-
tion, it supports the generation of predictive-based models and methods to access
word vectors. Following a different motivation, DISSECT (DIStributional SE-
mantics Composition Tookit) focuses on vector compositions (Dinu, Pham, and
Baroni, 2013). DISSECT is a Python library containing methods to gener-
ate vector representation of sentences from the vector of its constituting words.
DISSECT partially supports the generation of count-based models and brings an
integrated baseline framework for evaluation purposes. JoBimText is a seman-
tic similarity tool that implements its own algorithm named JoBim (Biemann
et al., 2013). The tool supports the construction of the JoBim model and also
calculates semantic relatedness of pairs of terms, finds nearest neighbours and of-
fers a native web server. EasyESA (Carvalho et al., 2014) and DInfra (Barzegar
et al., 2015) are also two initiatives to deliver distributional semantics capabilities
under a more specific set of distributional semantic models.

Table 3.2 summarises a comparative analysis of the main frameworks and their
features. Apart from Indra, none of the listed frameworks gives support to
corpora pre-processing (which will be detailed in Section 3.5.2.1). Other lim-
itations addressed by Indra are (i) the generation of both count-based and

9https://deeplearning4j.org/

github.com/Lambda-3/Indra
github.com/Lambda-3/IndraIndexer
github.com/Lambda-3/IndraIndexer
github.com/Lambda-3/pyindra
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predictive-based models, (ii) the support for vector composition and (iii) the
support for translation-based models. Finally those libraries offer a limited set
of pre-computed models, which makes the process of exploration time-consuming
and computationally costly. Indra shares more than 65 pre-computed models
in 14 languages. Indra aims at covering these gaps by providing an end-to-
end infrastructure to build, consume and evaluate multi-lingual word embedding
models.

Table 3.2: List of functionalities and framework coverage. In
the line Support to model generation, P stands for predictive-based
models and C for count-based models. *DISSECT partially sup-

ports the generation of count-based models.

Features Indra GenSim DeepLearning4J S-Space JoBim DISSECT

Word Embeddings

Simple vectors X X X X X

Composed vectors X X

Translation-based vectors X

Word embeddings as a service X

Semantic Relatedness

Word pair relatedness X X X X X X

Top-k nearest neighbours X X X X X

Score-based nearest neighbours X X

Translation-based relatedness X

Composed-vector relatedness X X

Multiple score functions X X

Relatedness as a service X X

Model Generation and Other Functions

Integrated corpus pre-processing X

Support to model generation P/C P P C JoBim C*

Support to sparse vector models X X X X

Built-in word disambiguation X

English pre-computed models X X X

Multi-lingual pre-computed models X

Multi-model querying X

Semantic Relation Classification X
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3.5.2 Distributional Semantic Models

3.5.2.1 Text Pre-processing

One important step in the construction of word embeddings models is pre-processing
the texts. Defining the tokenization strategy, which depends on the language,
whether or not words must be lower-cased or stemmed is part of the pre-processing
step. Furthermore, the pre-process strategy should be stated consistently during
both construction and consumption phases as exemplified further.
The corpus pre-processor is responsible for defining the tokenization strategy
and the tokens’ subsequent transformations. It defines, for example, if United
States of America corresponds to a unique or to multiple tokens. Stem and low-
ercase are two other popular transformations also supported by the pre-processor.
Indra uses the Lucene’s StandardTokenizer, which implements the Unicode
Text Segmentation algorithm based on the word breaking rules defined in the
Unicode Standard Annex #29 (Davis and Iancu, 2017). Additionally, Indra al-
lows users to specify a customised list of multi-word expressions which will be
considered a unique token, independently of the tokenizer rules. This mechanism
allows, for example, modelling a unique vector for named entities such as Nelson
Mandela and Republic of Austria.

As in the context of WEM numbers are usually disregarded tokens, the pre-
processing step allows replacing them by a default placeholder (<NUMBER>). In-
dra pre-processor also allows specifying stopwords, whose occurrences are re-
moved from the text. Table 3.3 shows the full list of operations supported by the
pre-processor.

The pre-processor is defined as a package that is attached to both IndraIndexer
and Indra in order to guarantee that the consuming functions apply the same
set of operations in retrieval time.

Table 3.3: Parameters supported by the Indra’s pre-processing
package.

Parameter Description/Options

input format Wikipedia-dump format or plain texts from one or multiple files.
language 14 supported languages.
set of stopwords a set of tokens to be removed.
set of multi-word expressions set of sequences of tokens that should be considered a unique token.
apply lowercase lowercase the tokens.
apply stemmer applies the Poter Stemmer in the tokens.
remove accents remove the accents of words.
replace numbers replaces numbers for the place holder < NUMBER >.
min set a minimum acceptable token size.
max set a maximum acceptable token size.
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3.5.2.2 Model Generation

IndraIndexer is the module responsible for the generation of word embedding
models. It defines a unified interface to generate predictive-based models (e.g.
Skip-gram (Mikolov et al., 2013b) and Global Vectors (Pennington, Socher, and
Manning, 2014b)) and count-based models (e.g. Latent Semantic Analysis (Du-
mais et al., 1988) and Explicit Semantic Analysis (Gabrilovich and Markovitch,
2007b)) whose implementation comes from the libraries DeepLearning4J10 and
S-Space (Jurgens and Stevens, 2010b) respectively. In addition to creating a
unified interface for WEM algorithms, IndraIndexer integrates the corpus pre-
processor package.

IndraIndexer receives as input the pre-processed corpus and outputs the vec-
tors in binary files in a format compatible with GenSim (Řehůřek and Sojka,
2010). In addition to the vector file, IndraIndexer also generates a metadata
file containing all the parameters from both the pre-processing and generation
steps. Figure 3.7 shows an example of a metadata file.

{
"windowSize" : 5,
"minWordFrequency" : 5,
"corpusMetadata" : {

"corpusName" : "wiki-2014",
"stopWords" : ["been", "don't", ...],
"replaceNumbers" : false,
"applyStemmer" : 3,
"removeAccents" : true,
"maxTokenLength" : 100,
"minTokenLength" : 3,
"description" : null,
"language" : "en",
"encoding" : "UTF-8",
"applyLowercase" : true

},
"vocabSize" : 1181258,
"sparse" :false,
"model" : "w2v",
"dimensions" : 300

}

Figure 3.7: Example of metadata file generated by IndraIn-
dexer which describes how the user configured both the pre-

processor and the WEM generator.

During the consumption phase, Indra applies the same set of options to guaran-
tee consistence. For instance, let’s assume a given model was generated by apply-
ing the stemmer and lowercase to the tokens. It means that the term University

10https://deeplearning4j.org/
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is represented in the model as univers. When it is required to retrieve the vector
representation of University, Indra guarantees this consistence by executing
the pre-processing steps in the query at runtime. This method simplifies the exe-
cution of experiments that consumes models using different set of pre-processing
transformations.

3.5.3 Semantic Relatedness

Natural language understanding systems use semantic relatedness in fine-grained
tasks such as word disambiguation (Freitas et al., 2013c) or more coarse-grained
such as paraphrase detection (Sales et al., 2016; Silva, Handschuh, and Freitas,
2018b), semantic parsing (Sales, Freitas, and Handschuh, 2018) and question an-
swering (Freitas, 2015b). Indra implements two semantic relatedness methods.
The first is the pair-wise semantic relatedness in which the user provides pairs
of terms to calculate their semantic relatedness. The other option is integrated
to the nearest neighbours function which returns the relatedness of the k clos-
est terms. Additionally Indra can support the application of various distance
or correlation measures (Lapesa and Evert, 2014). Currently Indra supports
more than ten different distance and correlation functions, including Cosine,
Alphaskew, Chebyshev, CityBlock, Pearson, Dice, Euclidean, Jaccard, Jaccard2,
JensenShannon and Spearman Correlation.

3.5.4 Nearest Neighbours

Given a term and an integer k, the Nearest Neighbours function lists the set of its
k closest terms. This method is applied, for instance, in topic modeling (Řehůřek
and Sojka, 2010) and vocabulary expansion (Atzori, Balloccu, and Bellanti, 2018).
Indra implements this function using the Spotify Annoy library11, since a
preliminary study suggests Annoy’s performance is an order of magnitude better
performing than GenSim’s (Řehůřek, 2014). In addition to the identification of
term’s neighbours, the function also accepts a vector as input. Another related
function present in Indra is the selection based on thresholds, in which Indra
gets a query term and a set of target terms as inputs, and returns those target
terms whose relatedness score is greater (or lower) than a given threshold. The
threshold can be determined both statically or dynamically (Freitas, Curry, and
O’Riain, 2012b).

3.5.5 Vector Compositions

As a primary use, Indra acts as a central repository of WEMs, serving vectors
for terms in different languages and models. The set of pre-processed models
allows the user to experiment different WEMs configurations in a one-stop-shop
fashion. Indra can act as a central server in an enterprise context, or as a local

11https://github.com/spotify/annoy
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library in more constrained environments. In simple terms, vector composition
aims at generating a vector representation of phrases and sentences from the
combination of individual vectors of its compound terms. The popular methods
are Sum (Mitchell and Lapata, 2008), Normalised Sum, Average, Tensor prod-
uct (Clark and Pulman, 2007), Deep learning models (such as recursive neural
networks Socher et al. (2012) (Kartsaklis, 2014). For example, the vector repre-
sentation of modern Democratic Party is generated by the composition of the
corresponding vectors of the three compounding terms modern, Democratic and
Party. Currently, Indra implements three composition methods (Sum, Nor-
malised Sum and Average) and supports the extension of user-defined functions
as described in Section 3.5.8. Vector composition is automatically associated to
the semantic relatedness function or the retrieval of vectors. Whenever a expres-
sion comprehending more than one token is submitted, Indra composes their
corresponding vectors before executing the required function.

3.5.6 Support for Translation-based Models

Some languages do not have large text corpora publicly available. As word em-
bedding models are sensitive to the corpus size, (Freitas et al., 2016; Barzegar
et al., 2018b) propose the use of translation-based models. In simple words, the
translation-based strategy translates the original query terms to a second lan-
guage for which a high quality WEM is available. On the other hands, Lample
et al., 2018 assumed that they have access to high quality word embeddings for
each language. and they trained an MT model without access to any transla-
tion resources at training time. Indra gives native support to this operation as
described in Section 3.2 and Chapter 4, Section 4.2.5.

3.5.7 Single/Composite Semantic Relation Classification

Indra supports single and composite Semantic relation classification which is the
task of classifying the underlying abstract one or more semantic relations between
target entities (terms). The link between the quantified view of distributional
semantic relatedness scores (called in the context of this thesis coarse-grained se-
mantics) and the named semantic relations (fine-grained semantics) are achieved
with Composite Semantic Relation Classification(CSCW) function. This function
is combined of sequence-based machine learning models, distributional semantic
models and commonsense relational knowledge bases.

3.5.8 Extensibility

Indra implements a plugin-based extensible mechanism built on the top of the
Java Service API which allows including new compositional methods, score
functions and threshold functions without recompiling Indra’s code. To do so, it
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is required to pack the new functions’ implementations in a JAR file and place it
in the Indra’s classpath12.

3.6 Summary

All contributions which are aimed and described by this thesis, have been imple-
mented and explained at Chapter 4.

12For more information about The Java Archive (JAR) and CLASSPATH, please refer to
official Java documentation.
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Chapter 4

Software and Services

This chapter describes the details of Indra as a transportable distributional
semantic architecture.

…

…

A B

H

C

D

G

E

F

Figure 4.1: High-level Transportable Distributional Semantics
Architecture

The Indra Project is divided into two major modules: IndraIndexer and
Indra. IndraIndexer is responsible for the pre-processing the corpora and gen-
eration of the models, whereas Indra implements the consumption components
such as Vector Look-Up, Vector Compositions,Nearest Neighbours, Semantic Re-
latedness and so forth. Figure 4.1 depicts the main components of Indra which
are described in the below.
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4.1 IndraIndexer

4.1.1 Pre-processing

Pre-Processing (Figure 4.1(A))is one most important component of the trans-
portable distributional semantic architecture. Defining the tokenization strategy,
which depends on the language, whether or not words must be lower-cased or
stemmed as part of the pre-processing step. Furthermore, the pre-processing
strategy should be stated consistently during both construction and consump-
tion phases as exemplified below. Table 4.1 shows the parameters are supported
by pre-processing component.

Table 4.1: Parameters supported by the Indra’s pre-processing
package.

Parameter Description/Options

input format Wikipedia-dump format or plain texts from one or multiple files.
language 14 supported languages.
set of stopwords a set of tokens to be removed.
set of multi-word expressions set of sequences of tokens that should be considered a unique token.
apply lowercase lowercase the tokens.
apply stemmer applies the Poter Stemmer in the tokens.
remove accents remove the accents of words.
replace numbers replaces numbers for the place holder < NUMBER >.
min set a minimum acceptable token size.
max set a maximum acceptable token size.

For using the command-line tool to pre-process a given text file, the following
command (Figure 4.2) has been provided.

4.1.2 Model Generation

IndraIndexer (Figure 4.1(B)) is the component responsible for the generation
of word embedding models. At Figure 4.2, the command-line tool to gener-
ate a model from a pre-processed corpora has been provided. There are sev-
eral parameters that is necessary to set in the Indexing component such as,
Weighting Scheme which the user can select between W2V, GLOVE, LSA and
ESA, Dimension1, Windows Size and min-word-frequency (low frequency cut-
off) (See Chapter 2, Section 2.1 for more details of these parameters). The
generation time mostly is dependent to the size of both available corpora and
sufficient computer memory.

The final generated model stores the set of applied transformations as a meta-
data information. When using models, Indra applies the same set of options to

1Vector Size
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$ java -cp indra-preprocessing.jar IndraPreProcessorCommandLine

Usage: IndraPreProcessor [options] [command] [command options]
Options:

--help
You know this..

Commands:
pp Pre process text corpora.

Usage: pp [options]
Options:
* -f, --files

Input text corpus files or directories.
* -o, --output

The output directory.
* -ft, --file-type

File type (wiki or text)
Possible Values: [TEXT, WIKI]

* -ct, --contentType
Content type (line or file)
Possible Values: [LINE, FILE]

* -n, --name
Corpus name.

* -l, --lang
Corpus language.

-r, --regex
Regex to filter files into the directories.

-d, --desc
Corpus description.

-e, --encoding
File text encoding.

--stemmer
Number of times the stemmer must be applied. 0 for none.
Default: -1

--remove-accents
Remove accents before query?

--lower
Lowercase words before query?

--replace-numbers
Replace numbers for <NUMBER>.

--min
Min length of each word
Default: -1

--max
Max length of each word
Default: -1

--stop-words
File containing the set of stop-words to be removed.

--multi-word-tokens
File containing the set of multi-words tokens.

Figure 4.2: Command-line of pre-processing components.

guarantee consistence. For instance, ensuring that a given model was generated
by applying stemming and converting tokens to lowercase. Figure 4.4 shows an
example of a metadata file.
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$ java -cp indra-index.jar IndraIndexerCommandLine

Usage: Indra Indexer [options] [command] [command options]
Options:

--help
You know this...

Commands:
index Generate Models.

Usage: index [options]
Options:
* -m, --model

Input name of the model.
* -c, --corpus-dir

A directory in which there are two files. The first is
'copus.metadata' containing the metadata information and the
second is 'corpus.txt' contaning the data it self.
'corpus.metadata' file is generated automatically during the
preprocess step. In the case that your data was not preprocessed
by Indra, please generate the metadata file before starting the
model generation.

* -d, --dimensions
The number of dimensions.
Default: -1

* -o, --output
The output directory.

-w, --windows-size
Window Size.
Default: 5

-f, --min-word-frequency
Min word frequency.
Default: 5

Figure 4.3: Command-line of model generation components.

Indra loads the generated models into two types of data sources: Annoy in-
dexes2 (for dense vectors models), Lucene indexes3 (for sparse vectors models).
The Annoy4 is a library to search for points in space that are close to a given
query point. In addition to the identification of term’s neighbours, the function
also accepts a vector as input. Annoy library has different features such as
using static files as indexes it means index creation is separate from look-up, and
it leads to sharing index across processes. Annoy library works well for vector
space models which have low dimensions (like <100). Therefore, for sparse vectors
models, such as ESA does not work well. For this reason in Indra (Sales et al.,
2018), Lucene has been used for indexing and searching capability.

2https://github.com/spotify/annoy
3https://lucene.apache.org
4(Approximate Nearest Neighbours Oh Yeah)
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{
"windowSize" : 5,
"minWordFrequency" : 5,
"corpusMetadata" : {

"corpusName" : "wiki-2014",
"stopWords" : ["been", "don't", ...],
"replaceNumbers" : false,
"applyStemmer" : 3,
"removeAccents" : true,
"maxTokenLength" : 100,
"minTokenLength" : 3,
"description" : null,
"language" : "en",
"encoding" : "UTF-8",
"applyLowercase" : true

},
"vocabSize" : 1181258,
"sparse" :false,
"model" : "w2v",
"dimensions" : 300

}

Figure 4.4: Example of metadata file generated by IndraIn-
dexer which describes how the user configured both the pre-

processor and the Word embedding model generator.

4.2 Indra

Indra’s service exposes the functions as POST5 methods, whose data are passed
as a JSON6 payload. For simplicity, we suppress the request headers to con-
centrate our attention in the payload itself. Every request has at least three
mandatory fields: i) language, ii)model and iii)corpus. The first naturally cor-
responds to the language of the request to API. The second field corresponds
to the model algorithm which third specifies the corpus from which the word
embedding model was generated. These three fields correspond to the model’s
unique identifier.

4.2.1 Vector Look-up

Figure 4.5 shows a payload to the endpoint /vectors (Figure 4.1(F)) which
returns the respective word embedding vectors of the terms. In case term
is composed of more than one token, termComposition (See more details on
4.2.2) is applied, With termComposition component we can find a vector for a
phrase/sentence.Figure 4.6 also shows a public endpoint of requesting the word
embedding of the terms love, mother and the expression santa claus.

5https://en.wikipedia.org/wiki/POST(HT T P )
6JavaScript Object Notation

/vectors
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{
"corpus": "googlenews300neg",
"model": "W2V",
"language": "EN",
"terms": ["love", "best of you"],
"termComposition" : "AVERAGE"

}

Figure 4.5: Payload to request the word embedding of the term
love and the expression best of you.

curl -X POST -H "Content-Type: application/json" -d '{
"corpus": "wiki-2018",
"model": "W2V",
"language": "EN",
"terms": ["love", "mother", "santa claus"],
"termComposition" : "SUM"

}' "http://indra.lambda3.org/vectors"

Figure 4.6: Public Endpoint for requesting the word embedding
of the terms love, mother and the expression santa claus.

{
"corpus":"wiki-2018",
"model":"W2V",
"language":"EN",
"terms":{

"love":[2.2182834,-1.7239775, ..., -0.9383560],
"mother":[0.3326052,-0.5156235, ..., -0.8851330],
"santa claus":[0.4912644,0.8073116, ..., 0.2683054]

}
}

Figure 4.7: Result of requesting the word embedding of the
terms love, mother and the expression santa claus.

4.2.2 Vector Compositions

The Vector Composition component (Figure 4.1(E)) aims at generating a
vector representation of phrases and sentences from the combination of individual
vectors of its compound terms. For example, the vector representation of santa
claus (Figure 4.6) is generated by the composition of the corresponding vectors
of the two compounding terms santa and claus. Currently, Indra implements
three composition methods (Sum, Normalised Sum and Average). The Vector
Composition function is automatically associated to the semantic relatedness
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function (Section 4.2.3) or the retrieval of vectors (Section 4.2.1). Whenever an
expression containing more than one token is submitted, Indra composes their
corresponding vectors before executing the required function.

4.2.3 Semantic Relatedness

Indra implements two semantic relatedness methods (Figure 4.1(C)). The first
is the pair-wise semantic relatedness in which the user provides pairs of terms to
calculate their semantic relatedness. The second option is integrate the nearest
neighbours function (Section 4.2.4), which returns the relatedness of the k closest
terms.

4.2.3.1 Pair Relatedness:

The endpoint /relatedness returns the semantic relatedness of the pairs. The
relatedness operation is defined by the field scoreFunction as shown in Figure
4.8. Currently Indra supports more than ten different distance and correlation
functions, including Cosine, Alphaskew, Chebyshev, CityBlock, Pearson, Dice,
Euclidean, Jaccard, Jaccard2, JensenShannon and Spearman Correlation (More
details at Chapter 3, Table 2.3) In the case that termComposition is not defined,
the default function which is SUM is used.

{
"corpus": "wiki-2018",
"model": "ESA",
"language": "PT",
"scoreFunction": "COSINE",
"pairs": [{

"t1": "economia",
"t2": "Rio de Janeiro"
},
{
"t1": "economia",
"t2": "soja"

}]
}

Figure 4.8: Payload to request the cosine relatedness of two
pairs of terms in Portuguese.

Figure 4.9 shows the public endpoint of requesting the cosine relatedness of two
pairs of terms in English from W2V model, generated from Wikipedia 2018. Fig-
ure 4.10 shows the output of the requested command at Figure 4.9.

/relatedness
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curl -X POST -H "Content-Type: application/json" -d '{
"corpus": "wiki-2018",
"model": "W2V",
"language": "EN",
"scoreFunction": "COSINE",
"pairs": [{

"t2": "love",
"t1": "mother"

},
{

"t2": "love",
"t1": "santa claus"

}]
}' "http://indra.lambda3.org/relatedness"

Figure 4.9: Public Endpoint of requesting the cosine relatedness
of two pairs of terms in English.

{
"corpus":"wiki-2018",
"model":"W2V",
"language":"EN",
"pairs":[{

"t1":"santa claus",
"t2":"love",
"score":0.07129745797653386

},
{

"t1":"mother",
"t2":"love",
"score":0.31881560236682005}

],
"scoreFunction":"COSINE"

}

Figure 4.10: Result of requesting the cosine relatedness of two
pairs of terms in English.

4.2.3.2 One-to-many Relatedness:

The endpoint /relatedness/otm returns the semantic relatedness of one term
against a set of many terms. Similarly to the previous operation, the relatedness
operation is defined by the field scoreFunction as shown in Figure 4.11.

/relatedness/otm
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{
"corpus": "wiki-2018",
"model": "ESA",
"language": "EN",
"scoreFunction": "JACCARD",
"one": "Germany",
"many" : ["France", "China", "Brazil"]

}

Figure 4.11: Payload to request the Jaccard relatedness of the
implicit pairs [Germany, France], [Germany, China] and [Ger-

many, Brazil].

curl -X POST -H "Content-Type: application/json" -d '{
"corpus": "wiki-2018",

"model": "ESA",
"language": "EN",
"scoreFunction": "JACCARD",
"one": "Germany",
"many" : ["France", "China", "Brazil"]

}' "http://indra.lambda3.org/relatedness/otm"

Figure 4.12: Public Endpoint of requesting the Jaccard relat-
edness of the implicit pairs [Germany, France], [Germany, China]

and [Germany, Brazil]

Figure 4.12 shows the public endpoint of requesting the Jaccard relatedness of
the implicit pairs [Germany, France], [Germany, China] and [Germany, Brazil] in
English from ESA model which generated based on Wikipedia 2018. Figure 4.13
shows the output of the requested commend at Figure 4.12.
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{
"corpus":"wiki-2018",
"model":"ESA",
"language":"EN",
"one":"Germany",
"many":{

"France":0.00985682774033495,
"China":0.002684318455401879,
"Brazil":0.0021421896656059897

},
"scoreFunction":"JACCARD"

}

Figure 4.13: Result of requesting the Jaccard relatedness of
the implicit pairs [Germany, France], [Germany, China] and [Ger-

many, Brazil].

4.2.4 K-Nearest Neighbours

The Nearest Neighbours component (Figure 4.1(D)) is exposed in two methods.
The endpoint /neighbors/relatedness (Section 4.2.3) returns the semantic re-
latedness score between the target terms and their top-k neighbours (Figure 4.17),
according to the payload depicted in Figure 4.14.

{
"corpus": "wiki-2018",
"model": "GLOVE",
"language": "SV",
"topk": 10,
"scoreFunction": "COSINE",
"terms": ["ekonomi", "flicka", "frihet"]

}

Figure 4.14: Payload to request the 10 most related terms indi-
vidually to ekonomi, flicka and frihet. This call returns three set

of 10 terms, each one corresponding to one of the terms.

/neighbors/relatedness
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$curl -X POST -H "Content-Type: application/json" -d '{
"corpus": "googlenews",
"model": "W2V",
"language": "EN",
"topk": 9,
"scoreFunction": "COSINE",
"terms": ["love", "mother"]

}' "http://indra.lambda3.org/neighbors/relatedness"

${
"corpus":"googlenews",
"model":"W2V",
"language":"EN",
"topk":10,
"terms":{

"love":{
"loved":0.6907791930663534,
"loves":0.6618633482720202,
"loving":0.5886635736527813,
"absolutely_adore":0.5536840696305002,
"cherish":0.5405279722821222,
"romance":0.5208202320566526,
"undying_passion":0.512841160945286,
"smitten":0.5122916703806815,
"friendship":0.510301842100534},

"mother":{
"daughter":0.8706234116051772,
"father":0.7901483043348325,
"son":0.7683206236942329,
"sister":0.7633353128000974,
"wife":0.7550681994420887,
"stepmother":0.7531879825136341,
"maternal_grandmother":0.7467763015862634,
"daughters":0.7415745621301421,
"husband":0.741405003066323}

}
}

Figure 4.15: Public endpoint for requesting the 10 most related
terms individually to love, mother and its result which is the relat-
edness score between the target terms and their top-k neighbours.

When submitting the same payload to the endpoint /neighbors/vectors (Sec-
tion 4.2.1), the service returns the list of the neighbours and their respective
vectors (Figure 4.17).

/neighbors/vectors
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$curl -X POST -H "Content-Type: application/json" -d '{
"corpus": "googlenews",
"model": "W2V",
"language": "EN",
"topk": 9,
"terms": ["love", "mother"]

}' "http://indra.lambda3.org/neighbors/vectors"

${
"corpus":"googlenews",
"model":"W2V",
"language":"EN",
"topk":10,
"terms":{

"love":{
"love":[0.10302734,-0.1523437,..., 0.0649414],
"loving":[0.1396484,0.1142578,..., -0.0483398],
"romance":[0.2373046,-0.1875,... ,0.3476562],
"smitten":[0.1337890,0.1923828,..., 0.2255859],
"absolutely_adore":[-0.0334472,-0.0834960,...,0.1127929],
"friendship":[0.1835937,-0.0805664,...0.1015625],
"loved":[0.0405273,-0.09619140,...-0.1186523],
"undying_passion":[0.3261718,-0.046875,..., 0.1513671],
"loves":[0.2197265,-0.0537109,... ,0.0045776],
"cherish":[0.1191406,0.1269531,... -0.0037078]},

"mother":{
"daughters":[-0.0183105,-0.0024414,...,0.1030273],
"son":[0.1079101,-0.0300292,... ,0.1757812],
"maternal_grandmother":[0.0023956,-0.1835937,... ,-0.1611328],
"wife":[0.0393066,-0.1962890,... , -0.0839843],
"father":[0.0473632,-0.0317382,... ,0.0883789],
"husband":[-0.03735351,-0.2636718, ..., 0.0795898],
"stepmother":[0.0169677,-0.3105468,..., 0.0932617],
"daughter":[0.0296630,-0.1279296, ..., 0.0786132],
"sister":[-0.2363281,-0.07177734,... , 0.0534667]}}}

Figure 4.16: Public endpoint and its result for requesting the
10 most related terms individually to love, mother and frihet.
The result which is a list of their neighbours and their respective

vectors.

4.2.5 Translation-based Word Embeddings

These requests support the translated-based function (Figure 4.1(H)), in which
the vectors is extracted from the corresponding English corpus after translating
the terms from the original query. The translation-based function is activated
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by appending "mt"=true in the payload. Indra offers seven pre-computed light-
weight translation models.

$curl -X POST -H "Content-Type: application/json" -d '{
"corpus": "wiki-2018",
"model": "W2V",
"language": "PT",
"scoreFunction": "COSINE",
"mt" : true,
"pairs": [{

"t2": "amor",
"t1": "mãe"

}]
}' "http://indra.lambda3.org/relatedness"

${
"corpus":"wiki-2018",
"model":"W2V",
"language":"PT",
"pairs":[{

"t1":"amor",
"t2":"mãe",
"score":0.4818156543722112

}],
"scoreFunction":"COSINE"

}

Figure 4.17: Public endpoint for requesting the 10 most related
terms individually to love, mother and its result which is the relat-
edness score between the target terms and their top-k neighbours.

For a complete description of the methods and parameters, please refer to the
project documentation7.

4.3 Python Client

Our project also offers a client to access the service from Python application.
The pyindra package is available in the pip repository. The client source code
is at https://github.com/Lambda-3/pyindra.

7https://github.com/Lambda-3/Indra/wiki

https://github.com/Lambda-3/pyindra
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Chapter 5

Evaluation of Language and
Domain Transportability

5.1 Introduction

This chapter evaluates the transportability of the distributional semantic archi-
tecture across different languages (Section 5.2) and domains (Section 5.3).

5.2 Multilingual Analysis

5.2.1 Introduction

This chapter investigates how different distributional semantic models built from
corpora in different languages and with different sizes perform in computing se-
mantic similarity and relatedness tasks. Additionally, we analyse the role of
heavyweight Google that is based on GNMT (RNN Models) (Wu et al., 2016)
and Bing1 machine translation approaches to support the construction of better-
performing distributional vectors in the context of computing semantic similarity
and relatedness measures for other languages. Also, this chapter aims at pro-
viding an analysis of the impact of a lightweight machine translation over an
English DSM. It also reports on the underlying MT quality necessary to deliver
word vector models with quality comparable to English.

This chapter addresses the following research questions:

• RQ 1 How do different distributional semantic models built from corpora
in different languages of varied corpus size perform in computing both se-
mantic similarity and relatedness tasks?

• RQ 2 Does machine translation of non English input to English perform
better than the word vectors in the original language (for which languages
and for which distributional semantic models)?

1http://bing.com/translator

http://bing.com/translator
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• RQ 3 Which DSMs and languages benefit more and less from the transla-
tion?

• RQ 4What is the quality of state-of-the-art machine translation approaches
for automatically translating word pairs (and per language pair)?

• RQ 5 Can a lightweight MT model over an English DSM provide higher
quality word vectors compared to native word vectors?

• RQ 6 How does a lightweight MT model compares with state-of-the-art
MT models?

• RQ 7 Are there DSMs which are more/less robust with respect to the
quality of the MT?

5.2.2 Evaluation Methodology

The evaluation methodology focuses on making explicit the steps necessary to
evaluate the research hypotheses. It consists of the following steps:

1. Creation of multi-lingual test collections.

2. Development of a lightweight machine translation system.

3. Generating language-specific DSMs.

4. Experimental set-up and evaluation.

5. Evaluation of the full machine translations as baselines for the
multi-lingual aspect.

5.2.3 Creating a Multi-Lingual Gold Standard for Evaluation

Currently, the majority of the existing gold-standards for evaluating semantic sim-
ilarity and relatedness have tended to focus on the English language, with some
initiatives providing initial gold-standards for few other languages (Faruqui and
Dyer, 2014a). Camacho-Collados et al. (2017) developed a multi-lingual gold-
standard which includes 518 word pairs for five languages (English, German,
Italian, Spanish and Persian). It is composed of nominal pairs of multi-word
expressions, domain-specific terms and named entities that are manually scored
between 0 to 4 where 0 indicates that they are completely dissimilar and 4 de-
notes that the two words are synonymous. The dataset developed by (Camacho-
Collados et al., 2017) focuses on semantic similarity. Bruni, Tran, and Baroni
(2014) introduced a test collection containing 3000 word pairs.
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The MEN dataset was obtained by crowdsourcing using Amazon Mechanical Turk
2 via the CrowdFlower3 interface. The dataset focuses on semantic relatedness
pairs on the English language (similarly to the WS-353 dataset (Finkelstein et al.,
2001)). It was specifically developed to test multimodal Distributional Semantic
Models 4. Compared to WS-353, MEN is sufficiently large enough and the hu-
man judgements are relative rather than absolute5. At Bruni, Tran, and Baroni
(2014), each rater chose the word pair that was more similar out of two random
pairs of words. They used this technique to have a comparative judgement rather
than absolute scores for single pairs, which was used in the WS-353.

In order to conduct a comprehensive evaluation over several languages, we need a
multi-lingual gold standard, to fill this gap we created SemR-11, which is a multi-
lingual dataset for evaluating semantic similarity and relatedness for 11 languages
(German, French, Russian, Italian, Dutch, Chinese, Portuguese, Swedish, Span-
ish, Arabic and Persian). Semantic similarity and relatedness gold standards
have been initially used to support the evaluation of semantic distance measures
in the context of linguistic and knowledge resources and distributional semantic
models. SemR-11 builds upon the English gold-standards of Miller & Charles -
MC (Miller and Charles, 1991), Rubenstein & Goodenough - RG (Rubenstein
and Goodenough, 1965), WordSimilarity 353 - WS-353 (Finkelstein et al., 2001),
and SIMLEX (Leviant and Reichart, 2015), providing a canonical translation
for them. The final dataset consists of 15, 917 word pairs and can be used to
support the construction and evaluation of semantic similarity/relatedness and
distributional semantic models. Table 5.1 quantifies the vocabulary and token
distribution for each language. Since some of words are multi-word expressions
they are counted once as vocabulary i.e multi tokens. For example maison de
fous is one count of vocabulary but it contains three tokens. The SemR-11 test
collection was used to evaluate how different distributional semantic models built
from corpora in multiple languages and of varied corpus size perform in comput-
ing semantic relatedness similarity and relatedness tasks.

The process of creating SemR-11 (Table 5.2) consisted in the translation of the
three gold-standards WS-353, MC, RG for eleven languages (German, French,
Russian, Italian, Dutch, Chinese, Portuguese, Swedish, Spanish, Arabic and Per-
sian) and of the SIMLEX for seven European languages (German, French, Ital-
ian, Dutch, Portuguese, Swedish and Spanish). Also SemR-11 has been compared
with a most recent multi-lingual gold standard that only covers four languages

2https://www.mturk.com/mturk/welcome
3http://crowdflower.com/
4Based on textual and visual information.
5The authors rather than ask annotators to give an absolute score to show how much a word

pair is semantically related, they requested them to make comparative judgements on two pair
examples at a time.
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Table 5.1: The vocabulary and token distribution for each lan-
guage of four gold-standards

Language Parameters MC RG WS-353 SIMLEX

German # of Tokens 40 52 431 1094
Vocabulary Size 40 52 431 1094

French # of Tokens 37 45 430 1106
Vocabulary Size 37 43 424 1097

Russian # of Tokens 38 48 435 N/A
Vocabulary Size 36 46 426 N/A

Italian # of Tokens 34 43 426 1051
Vocabulary Size 34 43 424 1051

Dutch # of Tokens 37 45 426 1025
Vocabulary Size 37 45 426 1018

Chinese # of Tokens 37 51 471 N/A
Vocabulary Size 37 51 471 N/A

Portuguese # of Tokens 37 46 434 1149
Vocabulary Size 37 46 434 1141

Swedish # of Tokens 35 44 430 1002
Vocabulary Size 35 44 430 995

Spanish # of Tokens 35 44 437 993
Vocabulary Size 35 44 437 991

Arabic # of Tokens 38 54 448 N/A
Vocabulary Size 36 49 448 N/A

Persian # of Tokens 34 43 456 N/A
Vocabulary Size 34 43 436 N/A

(Camacho-Collados et al., 2017). The word pairs were translated by paid profes-
sional translators6, skilled in data localisation tasks. The datasets are available
on the Web7.

All translated pairs followed the protocol below:

1. Given a pair of words, translators should assume the most similar senses
associated with the pair.

2. Translators should preserve the lexical category of the sense identified for
that word.

6Lionbridge Natural Language Solutions
7https://github.com/Lambda-3/Gold-Standards/tree/master/SemR-11

https://github.com/Lambda-3/Gold-Standards/tree/master/SemR-11
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Table 5.2: SemR-11 and its relation to existing multi-lingual
gold standards.

Language SemR-11 SE17- T2
MC RG WS 353 SIMLEX

German X X X X X

French X X X X

Russian X X X

Italian X X X X X

Dutch X X X X

Chinese X X X

Portuguese X X X X

Swedish X X X X

Spanish X X X X X

Arabic X X X

Persian X X X X

The SemR-11 gold-standard assumes that the translations are preserving the
similarity and relatedness scores of their original English human annotation.
The target task was described to the human translators, who had access to the
word pairs and scores. Tables 5.3 and 5.4 show examples of translated pairs of
SIMLEX9 test collection (with the associated average similarity score) into Por-
tuguese and French languages, respectively, while Table 5.5 provides example of
word-pairs for each language and dataset.

Table 5.3: Comparison between English and Portuguese gold
standards in SemR-11.

English Portuguese

hard;difficult;9.69 difícil;difícil;10
apparent;obvious; 9.08 visível;óbvio;9.15
disease;infection;7.08 doença;infecção;4.46
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Table 5.4: Comparison between English and French gold stan-
dards in SemR-11

English French

woman;wife;283 Femme;femme;10
girl;child;4.77 Fille;enfant;5
understand;know;5.69 Comprendre;connaître;6.92

Table 5.5: Examples with all the languages for each of four
datasets

Word-Pairs MC RG WS-353 SIMLEX

English food;rooster monk;oracle closet;clothes clothes;closet

German nahrung;hahn mönch;orakel Wandschrank;Kleidung Kleider;Schrank

French nourriture;coq moine;oracle cabinet;vêtements vêtements;placard

Russian N/A

Italian cibo;gallo monaco;oracolo ripostiglio;vestiti vestiti;armadio

Dutch voedsel;haan monnik;orakel kast;kleren kleding;kast

Chinese 食物;公鸡 僧侣;甲骨文 壁橱;衣服 N/A

Portuguese comida;galo monge;oráculo armário;roupas roupas;roupeiro

Swedish mat;tupp munk;orakel garderob;kläder kläder;förråd

Spanish comida;gallo monje;oráculo armario;ropa ropa;armario

Arabic N/A

Persian N/A

5.2.4 Experimental Setup

The experimental setup consists of the instantiation of four distributional se-
mantic models (Explicit Semantic Analysis - ESA (Gabrilovich and Markovitch,
2007a), Latent Semantic Analysis - LSA (Landauer, Foltz, and Laham, 1998),
Word2Vector - W2V (Mikolov et al., 2013a) and Global Vectors - GloVe (Pen-
nington, Socher, and Manning, 2014a)) in 11 different languages - English, Ger-
man, French, Italian, Spanish, Portuguese, Dutch, Russian, Swedish, Arabic and
Farsi.
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DSMs were generated from Wikipedia dumps (January 2015), which were pre-
processed by converting word to lower case as well as stemming and removing
stopwords. For LSA and ESA, the models were generated using the SSpace Pack-
age (Jurgens and Stevens, 2010b), while W2V and GloVe were generated using
the open source code developed by each of the respective model’s authors. For
the experiment, the vector dimensions for LSA, W2V and GloVe were set to
300 while ESA was defined with 1500 dimensions. The difference in size occurs
because ESA is composed of sparse vectors. All models used default parameters
defined their respective implementation in the generation process. .

Each distributional model was evaluated for the task of computing semantic
similarity and relatedness measures using four human-annotated gold standard
datasets: Miller & Charles - MC (Miller and Charles, 1991), Rubenstein & Good-
enough - RG (Rubenstein and Goodenough, 1965), WordSimilarity 353 - WS353
(Finkelstein et al., 2001) and SIMLEX (Hill, Reichart, and Korhonen, 2016). Ex-
cept for a few languages in previous works (Faruqui and Dyer, 2014a; Camacho-
Collados, Pilehvar, and Navigli, 2015; Hill, Reichart, and Korhonen, 2016), all
the four mentioned word-pair gold-standards were originally in English. These
four gold-standards were translated and reviewed with the help of paid profes-
sional translators.

In the word-pair translation task, in case of word sense ambiguity, the translators
were instructed to select the senses which are most related to the other word. In
order to support reproducibility and comparability, the datasets (Barzegar et al.,
2018c) are available on the web8.

As baselines for the machine translation approach (Figure 3.1 (i)), we used the
Google Translate Service and the Microsoft Bing Translation Service to compare
with our lightweight machine translation (As explained on Chapter 3, Section
3.2.2). The lightweight MT was generated using three combined parallel corpora:
Europarl, DGT and OpenSubtitle2016 (Tiedemann, 2012). Table 5.6 shows de-
tails of the parallel corpora size.

8https://github.com/Lambda-3/Gold-Standards/tree/master/SemR-11



82 Chapter 5. Evaluation of Language and Domain Transportability

Table 5.6: Details of Parallel Corpora Size (scale of 106 ).

Parallel Corpora Parameters Europarl DGT OpenSubtitle2016 All

Source = German
Target = English

Sentence Alignments 2 3.2 13.9 19.1
Source Tokens 45.4 48.4 84.7 178.5
Target Tokens 53.1 53.1 88.3 194.5

Source = French
Target = English

Sentence Alignments 2 3 33.8 38.8
Source Tokens 53.6 57.7 214.6 325.9
Target Tokens 51.3 52.8 221.7 325.8

Source = Spanish
Target = English

Sentence Alignments 2 3.2 49.9 55.1
Source Tokens 52.7 60.4 297.4 410.5
Target Tokens 50.2 52.9 320 423.1

Source = Portuguese
Target = English

Sentence Alignments 2 3.2 24.9 30.1
Source Tokens 51 56.5 147.7 255.2
Target Tokens 50.3 52.6 160 262.9

Source = Italian
Target = English

Sentence Alignments 1.9 3.2 26.3 31.4
Source Tokens 49 54.6 161.1 264.7
Target Tokens 50.7 53 172.2 275.9

Source = Swedish
Target = English

Sentence Alignments 1.9 3.2 11.9 17
Source Tokens 42.2 47.1 69.4 158.7
Target Tokens 46.7 53 81.2 180.9

Source = Dutch
Target = English

Sentence Alignments 2 3.2 28.8 34
Source Tokens 51.2 53.4 182.8 287.4
Target Tokens 50.6 52.8 197.4 300.8

The lightweight MT over DSMs was implemented over the Indra service 9 (Barze-
gar et al., 2015; Sales et al., 2018).

5.2.5 Spearman Correlation and Corpus Size

Table 5.8 shows the correlation between the average Spearman correlation values
for each DSM and two indicators of corpus size: # of tokens and # of unique to-
kens. W2V is consistently more robust (on average 61%) than the other models in
relation to the corpus size due the fact that W2V caters a large context windows
(10) in comparison to the other distributional models (except of ESA that its
density is 0.59), which captures syntagmatic relations. These captured relations
are appropriate for computing semantic relatedness measure in the multi-lingual
scenario. While ESA considers the whole document as its context window, the
other models are restricted to five (LSA) and ten (Word2Vec and GloVe) words.

9https://github.com/Lambda-3/Indra
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Another observation is that the evaluation of the WS-353 dataset is more de-
pendent on the corpus size, which can be explained by the broader number of
semantic relations expressed under the semantic relatedness umbrella.

Table 5.7 shows the size of each corpus in different languages regarding the num-
ber of unique tokens and the number of tokens.

Table 5.7: The sizes of the corpora in terms of the number of
unique tokens(types) and tokens (scale of 106).

lang unique tokens tokens

en (English) 4.238 902.044
de (German) 4.233 312.380
fr (France) 1.749 247.492
ru (Russian) 1.766 202.163
it (Italian) 1.411 178.378
nl (Dutch) 2.021 105.224

pt (Portuguese) 0.873 96.712
sv (Swedish) 1.730 82.376
es (Spanish) 0.829 76.587
ar (Arabic) 1.653 46.481
fa (Farsi) 0.925 32.557

Table 5.8: Correlation between corpus size and different models.

ρ Density MC RG WS353

/unique tokens /tokens /unique tokens /tokens /unique tokens /tokens
ESA 0.40 0.34 0.51 0.65 0.17 0.41
LSA 0.51 0.62 0.52 0.67 0.51 0.69
W2V 0.42 0.56 0.54 0.65 0.64 0.84
Glove 0.29 0.28 0.36 0.45 0.50 0.69

5.2.6 Language-Specific DSMs

In the first part of the experiment, the Spearman correlations (ρ) between the hu-
man assessments and the computation of the semantic similarity and relatedness
for all DSMs instantiated for all languages were evaluated (Figure 3.1 (ii)). Table
5.9 shows the Spearman correlation for each DSM using language-specific corpora
(without machine translation), for the four word-pair datasets. The compara-
tive language-specific analysis indicates that for English is the best-performing
language (0.70), followed by German (0.62). The lowest Spearman correlation
was observed in Arabic 10 (0.35). From the tested DSMs, W2V is consistently
the best-performing DSM (0.52 With SIMLEX, 0.61 Without SIMLEX). The

10Based on three datasets (MC, RG, WS353)
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language-specific DSMs achieved higher correlations for RG and MC (0.61 and
0.60, respectively), in comparison to 0.44 for WS-353 and 0.21 for SIMLEX.

Table 5.9: Spearman correlation for the language-specific mod-
els. (M. AVG represents the average of the models and DS. AVG

represents the average of the datasets)

DS DSMs en de fr it nl pt sv es ru ar fa Model AVG. DS. AVG

MC

ESA 0.69 0.67 0.54 0.54 0.58 0.78 0.54 0.65 0.66 0.37 0.56 0.60

0.60
LSA 0.79 0.70 0.55 0.69 0.60 0.50 0.69 0.72 0.63 0.46 0.45 0.62
W2V 0.89 0.69 0.54 0.65 0.62 0.46 0.57 0.78 0.64 0.38 0.68 0.62

GLOVE 0.69 0.64 0.64 0.38 0.38 0.69 0.56 0.71 0.76 0.38 0.45 0.57

RG

ESA 0.80 0.68 0.58 0.63 0.64 0.63 0.63 0.69 0.63 0.36 0.57 0.62

0.61
LSA 0.72 0.65 0.47 0.61 0.58 0.44 0.65 0.51 0.51 0.35 0.46 0.54
W2V 0.85 0.78 0.66 0.71 0.67 0.54 0.69 0.73 0.64 0.36 0.55 0.65

GLOVE 0.74 0.69 0.62 0.57 0.55 0.62 0.61 0.71 0.70 0.32 0.59 0.61

WS353

ESA 0.50 0.42 0.36 0.40 0.55 0.44 0.48 0.38 0.44 0.26 0.37 0.42

0.44
LSA 0.54 0.48 0.40 0.38 0.49 0.39 0.44 0.37 0.40 0.28 0.43 0.42
W2V 0.69 0.57 0.54 0.53 0.60 0.54 0.49 0.54 0.53 0.44 0.53 0.54

GLOVE 0.49 0.44 0.38 0.40 0.43 0.38 0.38 0.33 0.42 0.26 0.36 0.39

Lang AVG. (above DS) 0.70 0.62 0.52 0.54 0.56 0.53 0.56 0.59 0.58 0.35 0.50 0.55

SIMLEX

ESA 0.17 0.16 0.19 0.15 0.15 0.19 0.19 0.22 N/A N/A N/A 0.18

0.21
LSA 0.18 0.16 0.22 0.14 0.19 0.20 0.19 0.24 N/A N/A N/A 0.19
W2V 0.25 0.23 0.27 0.24 0.23 0.24 0.25 0.30 N/A N/A N/A 0.25

GLOVE 0.27 0.19 0.24 0.19 0.17 0.22 0.20 0.28 N/A N/A N/A 0.21

Lang AVG. (all DS) 0.58 0.51 0.45 0.45 0.46 0.45 0.47 0.51

5.2.7 Google and Bing MT vs. Language-Specific DSMs

In the second step of the evaluation, the results11 for the language-specific DSMs
were contrasted to the machine translation (MT) approach, according to the dia-
gram depicted in Figure 3.1 (i). The Spearman correlation for the MT-mediated
approach by Bing and Google MT are shown in Tables 5.10 and 5.12, respectively.
Using the Bing MT model, W2V is consistently the best performing DSM (aver-
age 0.50 with SIMLEX, 0.59 without SIMLEX), while ESA and LSA are consis-
tently the worst performing models (average 0.42). We can interpret this result
by stating that the benefit of using machine translation for ESA does not intro-
duce significant performance improvements in comparison to the language-specific
baselines. The best performing language is French (ρ = 0.64). The Spearman
correlation variance across languages in the Bing MT models is low, as the impact
of the use of the English corpus on the DSM model has a higher positive impact
on the results in comparison to the variation of the quality of the Bing machine
translation. The results for all languages achieve very similar correlation values.

11Because of not existing SIMLEX dataset for all eleven languages, the mentioned scores
without any extra information — With/Without SIMLEX dataset — are counted with SIMLEX
dataset
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Table 5.10: Spearman correlation for the Bing machine trans-
lation models over the English corpus (M. AVG represents the
average of the models and DS. AVG represents the average of the

datasets).

DS DSMs de fr it nl pt sv es ru ar fa Model AVG. DS. AVG

MC

ESA 0.46 0.67 0.38 0.72 0.48 0.70 0.64 0.60 0.48 0.14 0.53

0.58
LSA 0.59 0.69 0.33 0.75 0.64 0.72 0.64 0.76 0.48 0.21 0.58
W2V 0.55 0.76 0.46 0.68 0.70 0.79 0.75 0.79 0.69 0.20 0.64

GLOVE 0.48 0.74 0.45 0.67 0.51 0.71 0.71 0.74 0.52 0.17 0.57

RG

ESA 0.54 0.74 0.53 0.72 0.58 0.62 0.69 0.49 0.36 0.24 0.55

0.56
LSA 0.56 0.59 0.48 0.66 0.59 0.63 0.68 0.43 0.19 0.26 0.51
W2V 0.62 0.79 0.56 0.69 0.71 0.70 0.79 0.52 0.26 0.27 0.59

GLOVE 0.56 0.77 0.58 0.69 0.60 0.64 0.74 0.56 0.35 0.26 0.57

WS353

ESA 0.37 0.44 0.37 0.44 0.37 0.42 0.41 0.39 0.25 0.31 0.38

0.42
LSA 0.41 0.47 0.40 0.49 0.39 0.46 0.43 0.44 0.28 0.30 0.41
W2V 0.57 0.63 0.55 0.62 0.57 0.60 0.55 0.56 0.42 0.34 0.54

GLOVE 0.35 0.41 0.36 0.43 0.36 0.41 0.42 0.41 0.22 0.25 0.36

Lang AVG. (above DS) 0.51 0.64 0.45 0.63 0.54 0.62 0.62 0.56 0.37 0.25 0.52

SIMLEX
ESA 0.18 0.24 0.17 0.21 0.22 0.24 0.21 N/A N/A N/A 0.21

0.22
LSA 0.16 0.23 0.19 0.18 0.21 0.24 0.20 N/A N/A N/A 0.20
W2V 0.17 0.25 0.22 0.23 0.24 0.28 0.23 N/A N/A N/A 0.23

GLOVE 0.21 0.28 0.21 0.24 0.25 0.28 0.25 N/A N/A N/A 0.25

Lang AVG. (all DS) 0.42 0.54 0.39 0.53 0.46 0.53 0.52

The impact of the Bing MT model can be better interpreted by examining the
difference between the Bing machine translation and the domain-specific models
(depicted in Table 5.11). Including the SIMLEX dataset for seven languages,
GLOVE accounts for the largest average percent improvement (3.68%), while
ESA accounts for the lowest value (−1.52%). Without taking into consideration
the SIMLEX dataset, W2V accounts for the largest average percent improve-
ment (2.26%), while ESA accounts for the lowest value (−7.81%).

This can be explained by the sensitivity of these models to the corpus size due to
the dimensional reduction strategy (W2V, GLOVE) or the broader context win-
dow (ESA). The remaining models are (LSA = 0.79%, W2V = −0.35%). French
and Dutch achieved the highest percent gains (19.0% and 15.6%, respectively),
whileGerman accounts for worst results (−13.4%). The score per language is con-
sistent with its respective corpus size (Table 5.1). For German, the result shows
that the corpus volume of the German Wikipedia crossed a threshold size (34% of
the English corpus) above which improvements for computing semantic similarity
for the target word-pairs dataset might be marginally relevant, while the trans-
lation error accounts negatively in the final result. The average improvement
for the Bing MT over the language specific models for each word-pairs dataset
is: MC = 1.8%, RG = −5.7%, WS353 = −2.1% and SIMLEX = 8.7%. SIM-
LEX works better than other because only seven European language have been
accounted (Bing MT in Farsi and Arabic works Worst, have not been considered).
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Table 5.11: Difference (%) between the Bing machine trans-
lation model and the language-specific (M. AVG represents the
average of the models and DS. AVG represents the average of the

datasets).

DS DSMs de fr it nl pt sv es ru ar fa Model AVG. DS. AVG

MC

ESA -31.3 24.4 -29.4 24.0 -38.6 29.5 -1.9 -8.7 30.0 -75.0 -7.7

1.8
LSA -15.0 24.0 -52.6 25.3 28.1 3.7 -10.3 20.8 3.0 -53.7 -2.7
W2V -20.2 40.1 -29.8 10.2 53.0 38.1 -3.9 24.1 81.5 -70.0 12.3

GLOVE -25.5 14.7 17.3 73.2 -26.8 25.6 0.1 -2.8 38.8 -63.5 5.1

RG

ESA -21.2 27.2 -16.1 12.6 -6.9 -2.1 0.4 -22.6 -1.7 -57.8 -8.8

-5.7
LSA -13.2 24.7 -21.5 13.6 36.6 -2.7 32.0 -16.9 -44.9 -42.4 -3.5
W2V -19.9 19.5 -20.5 3.1 30.7 2.2 8.1 -19.4 -28.5 -51.4 -7.6

GLOVE -18.4 24.3 0.3 26.1 -3.7 3.4 4.6 -20.1 9.3 -56.2 -3.0

WS353

ESA -12.3 23.0 -7.4 -19.3 -16.0 -12.6 8.4 -10.4 -5.8 -16.8 -6.9

-2.1
LSA -14.7 16.6 3.4 0.0 -0.3 4.6 14.7 10.6 0.8 -28.8 0.7
W2V 1.4 16.7 4.5 3.7 4.9 22.1 2.5 5.6 -6.0 -34.8 2.1

GLOVE -19.9 9.6 -9.8 -0.7 -4.0 6.7 25.9 -2.2 -16.6 -31.7 -4.3

Lang AVG. (Above DS) -17.5 22.1 -13.5 14.3 4.7 9.9 6.7 -3.5 5.0 -48.5 -2.0

SIMLEX

ESA 13.6 24.7 10.0 43.0 16.0 22.5 -8.2 N/A N/A N/A 17.4

8.7
LSA 2.8 5.6 39.6 -3.0 4.0 28.5 -17.6 N/A N/A N/A 8.6
W2V -27.7 -7.9 -8.0 -1.6 -0.4 12.0 -23.7 N/A N/A N/A -8.2

GLOVE 6.9 16.8 14.1 39.2 14.5 38.7 -11.7 N/A N/A N/A 16.9

Lang AVG. (All DS) -13.4 19.0 -6.6 15.6 5.7 13.8 1.2 0.6

Using the Google MT model, W2V is consistently the best performing DSM (av-
erage 0.58 with SIMLEX, 0.70 without SIMLEX), while ESA is consistently the
worst performing model (average 0.47 with SIMLEX). We can interpret this re-
sult by stating that the benefit of using machine translation for ESA does not
introduces significant performance improvements in comparison to the language-
specific baselines. The best performing languages are French and Spanish (ρ =
0.68). The Spearman correlation variance across languages for the Google MT
models is low, as the impact of the use of the English corpus on the DSM model
has a higher positive impact on the results in comparison to the variation of the
quality of the Google machine translation. The results for all languages achieve
very similar correlation values.
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Table 5.12: Spearman correlation for the Google machine trans-
lation models over English corpus (M. AVG represents the av-
erage of the models and DS. AVG represents the average of the

datasets).

DS DSMs de fr it nl pt sv es ru ar fa Model AVG. DS. AVG

MC

ESA 0.57 0.69 0.71 0.68 0.56 0.67 0.82 0.42 0.31 0.58 0.60

0.70
LSA 0.68 0.73 0.72 0.70 0.72 0.73 0.81 0.65 0.69 0.75 0.72
W2V 0.72 0.82 0.82 0.71 0.81 0.82 0.87 0.68 0.71 0.74 0.77

GLOVE 0.57 0.78 0.73 0.65 0.60 0.65 0.85 0.67 0.69 0.79 0.70

RG

ESA 0.61 0.75 0.74 0.76 0.68 0.67 0.75 0.52 0.38 0.71 0.66

0.70
LSA 0.66 0.65 0.74 0.70 0.67 0.68 0.65 0.59 0.55 0.70 0.66
W2V 0.72 0.82 0.81 0.77 0.78 0.76 0.75 0.69 0.57 0.79 0.75

GLOVE 0.65 0.79 0.79 0.76 0.69 0.68 0.74 0.71 0.65 0.80 0.73

WS353

ESA 0.44 0.48 0.44 0.46 0.31 0.45 0.42 0.41 0.42 0.32 0.42

0.47
LSA 0.50 0.51 0.49 0.52 0.38 0.51 0.45 0.47 0.37 0.43 0.46
W2V 0.63 0.63 0.60 0.66 0.56 0.61 0.58 0.57 0.50 0.52 0.59

GLOVE 0.44 0.47 0.45 0.46 0.32 0.43 0.42 0.42 0.33 0.37 0.41

Lang AVG. (above DS) 0.60 0.68 0.67 0.65 0.59 0.64 0.68 0.57 0.52 0.63 0.62

SIMLEX

ESA 0.19 0.20 0.16 0.20 0.22 0.22 0.19 N/A N/A N/A 0.20

0.22
LSA 0.18 0.20 0.18 0.19 0.20 0.23 0.19 N/A N/A N/A 0.20
W2V 0.20 0.24 0.23 0.24 0.24 0.25 0.24 N/A N/A N/A 0.23

GLOVE 0.24 0.25 0.23 0.25 0.26 0.28 0.25 N/A N/A N/A 0.25

Lang AVG. (all DS) 0.50 0.56 0.55 0.54 0.50 0.54 0.56

The impact of the Google MT model can be better interpreted by examining
the difference between the Google machine translation and the domain-specific
models (depicted in Table 5.13). Taking into account the SIMLEX dataset for
seven languages, GLOVE accounts for the largest average percent improvement
(22.57%), while ESA accounts for the lowest value (7.22%). Without taking into
account SIMLEX dataset, GLOVE accounts for the largest average percent im-
provement (23.55%), while ESA accounts for the lowest value (5.59%).

This can be explained by the sensitivity of these models to the corpus size due
to the dimensional reduction strategy (GLOVE) or the broader context window
(ESA). The remaining models are (LSA = 18.27%, W2V = 14.72%). Without
taking into account the SIMLEX dataset, French and Italian achieved the highest
percent gains (29.4% and 18.2%, respectively), while German accounts for worst
results (−2.1%). These numbers are consistent with the corpus size. As previ-
ously noticed for German, the result shows that the corpus volume of the German
Wikipedia crossed a threshold size (34% of the English corpus) above which im-
provements for computing semantic similarity for the target word-pairs dataset
might be marginally relevant, while the translation error accounts negatively in
the final result. The average improvement of Google MT over the language spe-
cific model for each word-pairs dataset is: MC = 23.5%, RG = 21.5%, WS353 =
10.3% and SIMLEX = 7.5%. In summary, machine translation to English consis-
tently performs better for all languages. The lightweight MT approach provides
an average improvement of 15.12% over language-specific distributional semantic
models.
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Table 5.13: Difference (%) between the Google machine trans-
lation model and the language-specific (Model. AVG represents
the average of the models and DS. AVG represents the average of

the datasets).

DS DSMs de fr it nl pt sv es ru ar fa Model AVG. DS. AVG

MC

ESA -15.3 27.4 31.1 16.9 -27.8 25.2 26.4 -36.3 -16.4 3.2 3.4

23.5
LSA -2.8 31.1 4.3 17.0 43.1 6.0 12.6 4.3 50.3 67.8 23.4
W2V 4.6 51.5 24.7 15.4 76.8 43.9 11.4 6.7 87.5 9.4 33.2

GLOVE -11.8 22.1 92.3 68.8 -13.3 14.7 19.0 -11.5 84.5 74.8 34.0

RG

ESA -10.2 29.1 18.3 19.8 8.3 5.9 9.3 -17.6 5.8 25.2 9.4

21.5
LSA 2.4 36.0 20.5 20.3 53.5 4.2 26.6 14.3 57.5 51.5 28.7
W2V -7.4 24.1 14.6 13.8 44.0 10.4 2.2 8.2 58.7 43.6 21.2

GLOVE -5.3 27.7 37.1 39.4 12.1 10.7 4.2 1.0 103.8 35.5 26.6

WS353

ESA 5.4 33.6 11.6 -15.3 -28.6 -6.3 10.9 -7.2 59.5 -13.5 5.0

10.3
LSA 4.0 27.8 29.0 5.7 -1.4 14.8 19.2 18.9 34.2 1.3 15.3
W2V 11.4 16.3 14.6 10.1 3.7 25.1 7.3 9.1 12.0 -0.5 10.9

GLOVE 0.1 25.8 11.8 7.1 -15.4 13.0 26.8 0.0 27.5 3.6 10.0

Lang AVG. (above DS) -2.1 29.4 25.8 18.2 12.9 14.0 14.7 -0.8 47.1 25.2 18.4

SIMLEX

ESA 18.0 8.5 5.9 31.9 12.7 14.0 -13.7 N/A N/A N/A 11.0

7.5
LSA 16.0 -10.4 31.4 2.9 0.0 20.9 -21.2 N/A N/A N/A 5.7
W2V -13.1 -11.5 -3.8 2.8 -1.1 2.3 -20.6 N/A N/A N/A -6.4

GLOVE 25.1 6.1 23.4 42.1 15.6 37.0 -11.6 N/A N/A N/A 19.7

Lang AVG. (all DS) 1.3 21.6 22.9 18.7 11.4 15.1 6.8

5.2.8 Lightweight Machine Translation vs. Language-Specific
DSMs

In the third part of the experiment we evaluate how the semantic similarity
supported by the lightweight MT model performs in comparison to DSMs built
over native language corpora. The Spearman Correlation (ρ) between human
assessments was calculated for all native-language DSMs and English lookups
supported by lightweight MT (Chapter 3, section 3.2.2 ).

The impact of the MT model can be better interpreted by examining the dif-
ference between the lightweight machine translation and the language-specific
models (depicted in Table 5.15). GLOVE accounts for the largest average per-
cent improvement (19.76%) using the lightweight MT model, while LSA accounts
for the lowest value (12.96%). The remaining models accounted for substantial
improvements (W2V = 13.91%, ESA = 13.84%). In terms of improvement per
language, Portuguese achieved the highest percent gains (22.30%), while Dutch
accounts for lower results (9.45%). The average improvement for the MT over
the language specific model for each word-pair dataset is consistently significant:
MC = 26.90%, RG = 16.73%, WS353 = 6.58% and SIMLEX = 10.26%. The
results shows in overall the results of lightweight MT outperforms the results of
the language-specific models.
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Another aspect that we can observe is with regard to which language benefited
more from the application of the MT model. The comparative analysis between
the models (Table 5.14) indicates that Spanish is the best-performing language
(0.59), followed by Swedish (0.57). The lowest Spearman correlation was observed
in Dutch (0.50). From the tested DSMs, W2V is consistently the best-performing
DSM (0.62).

Table 5.14: Spearman correlation for the lightweight machine
translation models over the English corpus.

DS Model de fr it nl pt sv es Model AVG. DS AVG.

MC

ESA 0.80 0.72 0.70 0.63 0.80 0.72 0.80 0.74

0.76
LSA 0.72 0.71 0.67 0.65 0.67 0.80 0.78 0.72
W2V 0.80 0.86 0.75 0.72 0.82 0.89 0.87 0.82

GLOVE 0.79 0.78 0.70 0.61 0.80 0.78 0.82 0.75

RG

ESA 0.71 0.77 0.68 0.68 0.79 0.73 0.81 0.74

0.72
LSA 0.60 0.60 0.63 0.62 0.66 0.75 0.72 0.66
W2V 0.75 0.78 0.70 0.75 0.78 0.78 0.86 0.77

GLOVE 0.69 0.75 0.70 0.63 0.78 0.76 0.80 0.73

WS353

ESA 0.46 0.41 0.39 0.44 0.44 0.42 0.41 0.42

0.47
LSA 0.52 0.43 0.45 0.47 0.45 0.47 0.45 0.46
W2V 0.66 0.59 0.58 0.61 0.59 0.59 0.60 0.60

GLOVE 0.45 0.39 0.37 0.41 0.42 0.41 0.42 0.41

SIMLEX

ESA 0.21 0.16 0.22 0.19 0.23 0.23 0.24 0.21

0.22
LSA 0.20 0.16 0.20 0.18 0.21 0.23 0.23 0.20
W2V 0.21 0.20 0.23 0.22 0.24 0.27 0.27 0.24

GLOVE 0.25 0.20 0.26 0.23 0.27 0.27 0.29 0.25

Lang AVG. 0.55 0.53 0.51 0.50 0.56 0.57 0.59 0.54
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Table 5.15: Difference (%) between the lightweight machine
translation model and the language-specific.

DS Model de fr it nl pt sv es Model AVG. DS AVG.

MC

ESA 19.35 33.02 29.18 7.98 3.34 34.04 23.45 21.48

26.90
LSA 2.78 28.21 -3.27 10.03 33.76 15.04 9.49 13.72
W2V 15.70 59.27 14.92 17.32 78.78 55.52 10.72 36.03

GLOVE 23.27 21.41 82.90 57.73 15.72 37.98 15.53 36.36

RG

ESA 5.01 31.75 8.79 6.35 25.71 15.62 17.52 15.82

16.73
LSA -7.72 26.71 3.03 6.93 51.64 16.14 40.81 19.65
W2V -3.79 18.15 -0.48 10.91 42.95 13.70 17.46 14.13

GLOVE 1.07 21.74 21.24 15.24 26.02 23.70 12.39 17.34

WS353

ESA 8.06 12.65 -1.78 -19.20 0.80 -11.18 7.06 -0.51

6.58
LSA 7.82 6.24 17.73 -5.02 14.40 6.61 21.27 9.87
W2V 15.96 10.05 10.70 2.32 10.07 20.19 11.34 11.52

GLOVE 3.71 2.61 -6.86 -4.47 9.68 6.53 26.94 5.45

SIMLEX

ESA 30.30 -14.49 43.77 25.28 18.70 17.78 8.57 18.56

10.26
LSA 25.98 -28.37 47.90 -6.55 4.97 21.53 -5.14 8.62
W2V -9.17 -26.35 -0.58 -4.82 -0.84 7.44 -7.86 -6.03

GLOVE 28.13 -15.10 37.04 31.12 21.10 32.99 3.85 19.88

Lang AVG. 10.41 11.72 19.01 9.45 22.30 19.60 13.34 15.12

In terms of impact of the lightweight model for computing the Spearman correla-
tion for different gold-standards: MC, RG and SIMLEX showed higher percent-
age improvements when compared to WS-353. The explanation can be found
in the fact that the three former datasets focus on similarity computations (thus
requiring more sensitive and informative semantic models) while WS-353 targets
semantic relatedness.

On average the results show that the lightweight Machine translation consistently
performs better for all languages.

5.2.9 Lightweight vs. Google and Bing Machine Translation

This section provides a comparative analysis of the lightweight MT model and
the Google and Bing Services MT baselines. The Spearman correlation for the
lightweight MT approach and their difference in relation to Google & Bing are
shown in Tables 5.14, 5.16 and 5.17, respectively.
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Table 5.16: Difference (%) between the lightweight machine
translation model and the Google machine translation service.

DS Model de fr it nl pt sv es Model AVG. DS AVG.

MC

ESA 40.85 4.43 -1.45 -7.64 43.10 7.06 -2.31 12.01

6.08
LSA 5.79 -2.18 -7.26 -5.98 -6.55 8.58 -2.78 -1.48
W2V 10.58 5.11 -7.83 1.69 1.11 8.04 -0.60 2.59

GLOVE 39.72 -0.57 -4.91 -6.56 33.49 20.25 -2.91 11.22

RG

ESA 16.87 2.05 -8.06 -11.24 16.12 9.17 7.54 4.63

0.62
LSA -9.88 -6.85 -14.51 -11.08 -1.21 11.41 11.21 -2.99
W2V 3.95 -4.81 -13.18 -2.51 -0.69 2.99 14.89 0.09

GLOVE 6.78 -4.69 -11.56 -17.35 12.42 11.77 7.89 0.75

WS353

ESA 2.55 -15.69 -12.00 -4.63 41.20 -5.20 -3.48 0.39

-1.53
LSA 3.70 -16.90 -8.72 -10.11 16.04 -7.16 1.72 -3.06
W2V 4.06 -5.39 -3.42 -7.07 6.12 -3.90 3.80 -0.83

GLOVE 3.59 -18.42 -16.70 -10.77 29.65 -5.76 0.10 -2.61

SIMLEX

ESA 10.38 -21.15 35.73 -5.00 5.34 3.30 25.74 7.76

2.93
LSA 8.56 -20.09 12.54 -9.17 4.96 0.51 20.30 2.51
W2V 4.52 -16.82 3.36 -7.40 0.31 5.02 16.02 0.72

GLOVE 2.45 -19.97 11.06 -7.71 4.72 -2.90 17.52 0.74

Lang AVG. 9.65 -8.87 -2.93 -7.66 12.88 3.95 7.17 2.03

Table 5.17: Difference (%) between the lightweight machine
translation model and the Bing machine translation service.

DS Model de fr it nl pt sv es Model AVG. DS AVG.

MC

ESA 73.62 6.91 82.99 -12.92 68.40 3.49 25.83 35.47

22.75
LSA 20.90 3.39 104.06 -12.21 4.45 10.89 22.03 21.93
W2V 45.04 13.66 63.67 6.42 16.84 12.61 15.27 24.79

GLOVE 65.57 5.81 55.90 -8.95 58.01 9.84 15.37 28.79

RG

ESA 33.29 3.61 29.67 -5.56 35.02 18.10 17.07 18.74

13.38
LSA 6.27 1.58 31.33 -5.83 11.02 19.31 6.69 10.05
W2V 20.05 -1.14 25.17 7.63 9.38 11.20 8.71 11.57

GLOVE 23.92 -2.04 20.84 -8.58 30.83 19.57 7.47 13.14

WS353

ESA 23.22 -8.38 6.09 0.09 19.99 1.57 -1.28 5.90

5.45
LSA 26.40 -8.92 13.83 -5.05 14.80 1.94 5.69 6.96
W2V 14.31 -5.67 5.89 -1.37 4.88 -1.55 8.58 3.58

GLOVE 29.45 -6.35 3.27 -3.79 14.25 -0.17 0.84 5.36

SIMLEX

ESA 14.74 -31.42 30.73 -12.37 2.34 -3.83 18.25 2.63

2.65
LSA 22.53 -32.17 5.93 -3.67 0.90 -5.46 15.10 0.45
W2V 25.55 -20.04 8.06 -3.31 -0.40 -4.06 20.74 3.79

GLOVE 19.84 -27.34 20.14 -5.77 5.76 -4.13 17.66 3.74

Lang AVG. 29.04 -6.78 31.72 -4.70 18.53 5.58 12.75 12.31

In the analysis, word pairs were sent to the baseline machine translation services
which translated them to English. The translated words were then used to com-
pute the semantic relatedness using the native English DSMs and their Spearman
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correlations with the translated pairs were computed.

The lightweight MT on average performs equivalently or better than Google and
Bing MT (with the exception of WS353 for Google): Google (MC = 6.08%, RG
= 0.62%, WS353 = −1.53% and SIMLEX = 2.93%), Bing (MC = 27.75%, RG
= 13.38%, WS353 = 5.45% and SIMLEX = 2.65% ). A possible explanation
for this observed behavior is that the baselines are MT models supported by lan-
guage models which target the translation of sentences instead of word pairs.

On average the results show that using lightweight MT is equivalent or slightly
better to more sophisticated machine translation. However, there were signifi-
cant individual variations across languages and the baseline MT services. Por-
tuguese and German achieved the highest percent gains (12.88% and 9.65%, re-
spectively), Google MT outperformed the lightweight MT for French, Dutch and
Italian (−8.87%, −7.66% and −2.93%, respectively). But compared with the
Bing MT, Italian and German achieved the highest percentage gains (31.72%
and 29.04%, respectively), while Bing MT outperforms the lightweight MT for
French and Dutch (−6.78% and −4.70%, respectively).

Google MT currently uses Google Neural Machine Translation (GNMT) (Wu
et al., 2016) which is an end-to-end learning approach for translation sentences.
Our approach (Lightweight MT) differs in that the model which accesses the
unigram-level source-target probabilities which can be directly computed from
the parallel corpora. To our knowledge Google does not offer such approach in
that none has been disseminated openly for academic peer review or analysis.

5.2.10 Word-pair Machine Translation Quality

In order to verify the hypothesis that the translation accuracy of the lightweight
model is equivalent or superior to the baseline MT models, the quality of the
MT was evaluated in isolation. Tables 5.20, 5.18 and 5.19 show the accuracy of
all MT approaches using the translated gold-standard, and Tables 5.21 and 5.22
show the translation accuracy of lightweight MT and their difference in relation
to Google and Bing MT, respectively.

At the accuracy or the translation for the Google MT and eleven language (Ta-
ble 5.18), WS353 has the best-performing translations with an average accuracy
of 75% (with maximum 87% and minimum 43%) following by SIMLEX 0.74%
accuracy (for Seven European language). This value dropped significantly for
Farsi (average 39%). For MC and RG, the average translation accuracy for the
semantic similarity pairs are 57% and 55%, respectively. This difference may
be a result of a deficit of contextual information during the machine translation
process. For these word-pairs datasets, the difference between best translation
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performers and lower performers (across languages) is smaller. Additionally, the
final translation accuracy for all languages and all word-pairs datasets is 66%.
Dutch, French and Spanish are the languages with best automatic translations.

At the translation accuracy for the Bing MT for Seven language (Table 5.19),
WS353 has the set of best-performing translations with an average accuracy
of 82% (with maximum 86% and minimum 78%) following by SIMLEX 0.76%
accuracy. For MC and RG, the average translation accuracy for the semantic
similarity pairs are 55% and 54%, respectively. This difference may be a result of
a deficit of contextual information during the machine translation process. For
these word-pairs datasets, the difference between best translation performers and
lower performers (across languages) is smaller. Additionally, the final translation
accuracy for all languages and all word-pairs datasets is 67%. Dutch, Swedish
and France are the languages with best automatic translations.

The accuracy of the translation of the lightweight MT significantly outperforms
the Bing andGoogle MT, except for 3 languages, especially forGerman (−7.89%).

Table 5.18: Translation accuracy for the Google MT.

Dataset/Lang de fr it nl pt sv es ru ar fa DS AVG.

MC 0.48 0.58 0.65 0.60 0.58 0.68 0.67 0.58 0.53 0.38 0.57
RG 0.42 0.65 0.58 0.65 0.53 0.70 0.66 0.53 0.43 0.36 0.55
WS353 0.82 0.85 0.81 0.87 0.75 0.87 0.78 0.76 0.57 0.43 0.75
SIMLEX 0.69 0.75 0.75 0.77 0.71 0.81 0.73 N/A N/A N/A 0.74

Lang AVG 0.60 0.71 0.70 0.72 0.64 0.77 0.71 0.69 0.51 0.39 0.66

Table 5.19: Translation accuracy for the Bing MT.

Dataset/Lang de fr it nl pt sv es DS AVG.

MC 0.48 0.47 0.42 0.58 0.60 0.60 0.60 0.54
RG 0.45 0.65 0.41 0.60 0.51 0.62 0.59 0.55
WS353 0.80 0.86 0.78 0.86 0.82 0.83 0.80 0.82
SIMLEX 0.72 0.77 0.75 0.79 0.79 0.77 0.73 0.76

Lang AVG 0.61 0.69 0.59 0.71 0.68 0.70 0.68 0.67
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Table 5.20: Translation accuracy for the lightweight MT.

Dataset/Lang de fr it nl pt sv es DS AVG.

MC 0.54 0.60 0.61 0.68 0.54 0.66 0.65 0.61
RG 0.48 0.61 0.56 0.61 0.47 0.68 0.64 0.58
WS353 0.83 0.82 0.75 0.86 0.82 0.83 0.80 0.82
SIMLEX 0.74 0.71 0.75 0.78 0.75 0.74 0.76 0.75

Lang AVG 0.65 0.68 0.67 0.73 0.65 0.73 0.71 0.69

Table 5.21: Difference (%) in translation accuracy between
lightweight MT and Google MT.

Dataset/Lang de fr it nl pt sv es GS AVG.

MC -10.77 -2.10 6.12 -12.20 7.69 3.14 1.91 -0.88
RG -12.35 7.59 3.75 6.33 12.65 3.70 3.30 3.57
WS353 -0.94 3.58 7.50 0.90 -7.72 4.43 -2.13 0.80
SIMLEX -7.50 4.87 -0.45 -1.45 -6.06 9.01 -4.93 -0.93

Lang AVG -7.89 3.49 4.23 -1.60 1.64 5.07 -0.46 0.64

Table 5.22: Difference (%) in translation accuracy between
lightweight MT and Bing MT.

Dataset/Lang de fr it nl pt sv es GS AVG.

MC 12.07 27.68 47.00 17.14 -9.72 10.42 9.03 16.23
RG 8.19 -7.06 38.21 1.28 -7.20 9.69 8.12 7.32
WS353 3.08 -4.57 -2.74 0.58 0.09 0.17 0.18 -0.46
SIMLEX 2.87 -7.98 -0.15 -0.33 -4.30 -2.94 4.89 -1.13

Lang AVG 6.55 2.02 20.58 4.67 -5.28 4.33 5.55 5.49

5.2.11 Parallel Corpora Size & MT Quality

Our last analysis focuses on the correlation between the size of the supporting
parallel corpora (Table 5.1) used to built the lightweight MTmodel and the Spear-
man correlation for each gold standard, averaged for all models (Figure 5.1). As
the lightweight MT model works over a word-based lexical table, the model is
more dependent on a parallel corpora with a representative set of unigram trans-
lations instead of a language model which is able to model phrasal (above bigram)
translations. This shows that the lightweight MT can be potentially transported
to languages with smaller parallel corpora.
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Figure 5.1: Correlation between the Spearman correlation val-
ues evaluated by lightweight MT over English-DSM and size of
parallel corpora that the lightweight MT is learned over them.

5.2.12 Summary

Below, the interpretation of the results are summarised as the core research ques-
tions which we aim to answer in this Section:

Question 1: Does machine translation of non English input to English perform
better than the word vectors in the original language (for which languages and for
which distributional semantic models)? Machine translation to English consis-
tently performs better for all languages. The lightweight MT approach provides
an average improvement of 15.12% over language-specific distributional semantic
models.

Question 2: How does a lightweight MT model compares with more complex
MT models? The lightweight Machine translation to English consistently per-
forms better for all languages. The lightweight MT approach provides an average
improvement of 12.31% over Bing MT and 2.03% over Google MT.

Question 3: Which DSMs or MT-DSMs work best for the set of analysed lan-
guages? W2V-MT consistently performs as the best model for all word-pairs
datasets and languages.

Question 4: What is the quality of machine translation approaches for word-
pairs? The average translation accuracy for all languages and all word-pairs
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datasets is 69%. Translation quality varies according to the nature of the word-
pair (better translations are provided for word pairs which are semantically re-
lated compared to semantically similar word pairs), reaching a maximum of 85%
and a minimum of 36% across different languages.

For the distributional semantics user/practitioner, as a general practice, we rec-
ommend using W2V built over an English corpus, supported by machine trans-
lation. Additionally, the accuracy of machine translation approaches work better
for translating semantically related word pairs (in contrast to semantically similar
word pairs).

5.3 Specific-Domain Analysis

5.3.1 Introduction

The evaluation aims to find which DSM configurations provide better perfor-
mance for assessing semantic relatedness for smaller, domain-specific corpora.
Another question that we aim to answer is how much information is needed to
build effective dsDSMs.

This section answers the following research questions:

• RQ 1Which types of Distributional Semantic Models are most cost-effective
with respect to smaller, domain-specific corpora?

• RQ 2 What type of discourse expressed in small-scale corpora leads to
better domain-specific Distributional Semantic Models (dsDSMs)?

• RQ 3 How to quantify the factors which influence the performance of ds-
DSMs?

5.3.2 Evaluation Methodology

The evaluation methodology focuses on making explicit the steps necessary to
evaluate the research hypotheses. It consists of the following steps:

1. Creation of two test collections in the financial domain for the evaluation
of domain-specific DSMs.

2. The instantiation of dsDSMs associated with the different discourse types.

3. The evaluation of the Spearman correlation for semantic relatedness tasks
against the domain-specific test collections.
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5.3.3 Corpus Acquisition

5.3.3.1 Financial Corpora

In order to create a diversified dataset covering a wide range of financial terms,
we employed a twofold crawling approach. We focused on trusted finance sources
for two categories of discourse: financial glossaries and curated encyclopaedias.

We crawled definitions from three authoritative Web sources to create the Glos-
sary subcorpus:

• The Bloomberg financial Glossary12 (8324 definitions; 212,421 tokens).

• SGM Glossary13 (1007 definitions; 43,638 tokens).

• Investopedia definitions14 (15476 definitions; 2,462,801 tokens).

For the the Encyclopedic subcorpus two sources were used:

• Investopedia articles15 (5890 articles; 5,129,793 tokens).

• Wikipedia (articles on Investment16 and Finance17) (8306 articles; 6,714,129
tokens).

The combination of these two sub-corpora, Finance-all, consists of a total of
14,562,782 tokens.

5.3.3.2 Generic Corpus

In order to compare DSMs trained on domain-specific versus generic corpora, we
generated DSMs from Wikipedia dumps18 (as of September 2017), which were
preprocessed by lowercasing and removing stopwords (without applying stemming
approach), resulting in a final corpus size of 900 million tokens. Table 5.23 shows
an overview of the corpora used in this work.

5.3.3.3 Enriched Finance Corpora

Due to the reduced size, the finance corpus suffers from scarcity of lexical asso-
ciations. We enriched the finance corpus in order to compare DSMs trained on

12http://www.isotranslations.com/resources/Bloomberg%20Financial%20Glossary.pdf
13http://www.sapient.com/content/dam/sapient/sapientglobalmarkets/pdf/

thought-leadership/SGM_Glossary_2014_final.pdf
14http://www.investopedia.com/terms/a/
15http://www.investopedia.com/articles/pf/
16https://en.wikipedia.org/wiki/Wikipedia:WikiProject_Investment
17https://en.wikipedia.org/wiki/Wikipedia:WikiProject_Finance
18https://dumps.wikimedia.org/enwiki/

http://www.isotranslations.com/resources/Bloomberg%20Financial%20Glossary.pdf
http://www.sapient.com/content/dam/sapient/sapientglobalmarkets/pdf/thought-leadership/SGM_Glossary_2014_final.pdf
http://www.sapient.com/content/dam/sapient/sapientglobalmarkets/pdf/thought-leadership/SGM_Glossary_2014_final.pdf
http://www.investopedia.com/terms/a/
http://www.investopedia.com/articles/pf/
https://en.wikipedia.org/wiki/Wikipedia:WikiProject_Investment
https://en.wikipedia.org/wiki/Wikipedia:WikiProject_Finance
https://dumps.wikimedia.org/enwiki/
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domain-specific and generic corpora versus enriched financial corpus, we enriched
the Finance corpora by injecting it with the definitions (glosses) of each word on
Finance corpora from WordNet19, Wiktionary dump20, if the definition is related
to the finance domain. 21. Table 5.23 shows an overview of the corpora used in
this work.

Table 5.23: Corpora used for the DSMs

Corpus Sources # tokens

Glossary Bloomberg glossary, SGM glossary, Investopedia definitions 2,718,860

Encyclopedic Investopedia articles, Wikipedia-Finance, Wikipedia-Investment 11,843,922

Finance-all all of the above corpora(Glossary, Encyclopedic) 14,562,782

Enriched Finance Corpora Finance-all, Wordnet, Wiktionary 911 million

Wikipedia-generic Wikipedia dumps 900 million

5.3.4 Creation of the Test Collection for Evaluation

The evaluation methodology inherits from the existing methodologies for the
evaluation of semantic similarity and relatedness, which consists of comparing
the Spearman correlation between the semantic similarity scores of word pairs
assigned by the DSM with the semantic similarity and relatedness of the gold
standard (Resnik, 1999; Finkelstein et al., 2001).

5.3.4.1 Word pair creation

After the creation of the financial corpus, we selected syntagmatic word pairs
from the Glossary and Encyclopedic financial corpora according to the follow-
ing methodology: splitting the corpus into sentences, the first word of the pair
was randomly selected amongst the tokens in the sentence, with the only con-
straint that it was listed in one of the three financial glossaries. Then, the second
word was manually selected, ensuring that various degrees of relatedness were
represented. This process resulted in a set of 422 word pairs. Also we selected
paradigmatic word pairs from FinNet, a third-party financial vocabulary in RDF
(which includes a taxonomy) (Maia et al., 2018; Davis et al., 2016).

5.3.4.2 Human annotation

The Syntagmatic word pairs were annotated for semantic relatedness by two
domain experts with an economic and financial background and native or near-
native proficiency in English. The annotators were instructed to assign a score

19https://wordnet.princeton.edu/
20https://dumps.wikimedia.org/enwiktionary/
21We find out it by using the vocabulary-based disambiguation

https://wordnet.princeton.edu/
https://dumps.wikimedia.org/enwiktionary/
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between 0 (unrelated) and 10 (highly related or identical) to each pair. Exam-
ples from general-domain language were used to illustrate relatedness, instanti-
ating relations such as synonymy (pretty - attractive), antonymy (dead - alive),
meronymy (hand - body), functional relation (electricity - oven) and association
(ocean - cruise). Fractional scores such as 6.5 were allowed. In case no score
could be assigned with confidence, word pairs could be skipped. The experts
could also use dictionaries in case of doubts regarding the meaning of a specific
word. For the final version of the dataset, the average of the individual scores
was taken as relatedness value of the pair.

Table 5.24 shows some examples of Syntagmatic word pairs (materialised within
the SFWP-422 dataset) with their human scores.

Table 5.24: Some example of syntagmatic pairs

Word1 Word2 Score

stock exchange 8.75
policy understanding 2
cover repair 5
without intangible 2.5
long range advisor 2
purchase payment 8
leading service 1.5
fund chairman 6

Figure 5.2 shows the distribution of scores in the syntagmatic dataset. The scores
are evenly distributed (Figure 5.2) with a mean score of 5.54, and a standard de-
viation of 2.43. The Spearman correlation between the two human annotators is
0.571, defining an upper limit for the maximum level of correlation that can be
achieved within this dataset.
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Figure 5.2: Distribution of human assigned semantic relatedness
scores for the SFWP-422 dataset.

The paradigmatic word pairs were annotated automatically according to the fol-
lowing methodology: The sibling subclasses have the highest scores (8), with the
scores decreasing proportionally to the distance within the taxonomy. The lowest
score is 1.

Table 5.25 shows examples of paradigmatic word pairs with their associated hu-
man annotated average score. This was materialised into the PFWP dataset.

Table 5.25: Some example of paradigmatic pairs

Word1 Word2 Score

uptrend price pattern 5
unusual low volume event 3
descending triangle tripletop 8
overselling corporate event 5
bank investor 8
breakout through 8
hanging man harami 8
buyside fundamentals 8
hikkake intraday pattern 8

Figure 5.3 shows the distribution of scores in the paradigmatic dataset. The
scores are evenly distributed (Figure 5.3) with a mean score of 6.734, and a stan-
dard deviation of 1.696.
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Figure 5.3: Distribution of human assigned semantic relatedness
scores for the PFWP-3920 dataset.

5.3.5 Vector Space Model Parameterisation

With regard to the model parameterization, initial parameters were chosen based
on configurations which are common best practices (considered optimal configu-
rations) in the literature (Kiela and Clark, 2014; Barzegar et al., 2015). While
ESA uses the whole document as its context window, the other models restrict
this to word windows of five (LSA), and ten words (Word2Vec and GloVe). With
regard to the dimensionality of the vector space (number of latent dimensions),
vector sizes of 300 for Word2vec, Glove, and LSA were selected. Since the ESA
model is based on a sparse concept vector, each dimension in the ESA vector is
the identifier for a document. In this version of the experiment, we use Cosine
similarity between vectors to predict the relatedness between word pairs. Cosine
similarity was used as the distance measure for all the models.

As a fifth model, we used the post-processing approach proposed by (Speer, Chin,
and Havasi, 2017) (ConceptNet-Numberbatch), which injects semantic constraints
into existing distributional vector spaces to combine the trained W2V model on
the finance corpora to the commonsense graph resource ConceptNet Version 5.5
(FinS-CN ).

An instance of each of the four models was instantiated on the finance-all corpora
in Table 5.23, yielding four different configurations. The experiment consists in
the construction of four DSMs based on the collection of definitional (glossaries)
and encyclopedic (Investopedia, Wikipedia-Finance, Wikipedia-Investment) cor-
pora within the financial domain. Additionally DSMs built over the fullWikipedia
and the enriched Finance corpora were also used in the evaluation. The distri-
butional models were used to calculate the semantic relatedness measures for
the word pairs. The model scores were then compared against the human gold
standard average using Spearman correlation.
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5.3.6 Results

Table 5.26 shows the Spearman correlation of the syntagmatic dataset for each
domain-specific corpus for the four instantiated DSMs. It can be observed that
for the FinS-CN model, which is based on a predictive-based model, provides
the configuration with the highest Spearman correlation. The nature of the
predictive-based approach, which aims at using a backpropagation-based model
to predict the relationship between words and target context windows supports
the construction of models which generalise with syntagmatic samples. This is
different from weighting schemes such as raw word counts and tf-idf (present in
LSA and ESA) which are dependent on their comparative distributions over the
corpora.

Table 5.26: Spearman correlation on Syntagmatic dataset (co-
sine) for different models by Glossary, Encyclopedic, Financial-all

and FinS-CN

Model Glossary Encyclopedic Finance-all FinS-CN Model AVG.

LSA 0.2621 0.2470 0.2641 N/A 0.2577
ESA 0.2610 0.1044 0.3586 N/A 0.2413
W2V 0.4093 0.4141 0.4822 0.5783 0.4710
GLOVE 0.0497 -0.0013 0.3776 N/A 0.1420

Source AVG. 0.2455 0.1911 0.3706 0.5783

At the paradigmatic dataset (Table 5.27), ESA is the best performing model on
Finance-all corpus (ρ = 0.1945), which still has a better spearman correlation
score compare to ESA model for SIMLEX dataset on the wikipedia corpus, as
a generic domain (Freitas et al., 2016). Although ESA has a weighting scheme
based on tf-idf, it uses the whole document as a context window, in this case,
the definitions. We enriched the Finance-all corpora by injection the definitions
of each word on Finance corpora from WordNet and Wiktionary if the definition
related to the finance domain by using the vocabulary-based disambiguation22.
Based on the result the disambiguation approach does not work well.

22If it exists in Glossary
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Table 5.27: Spearman correlation on Paradigmatic dataset (co-
sine) for different models by Glossary, Encyclopedic, Financial-all

and Enriched Finance-all/

Model Glossary Encyclopedic Finance-all Enriched Finance-all Model AVG.

LSA -0.0748 -0.1321 -0.1177 0.1471 -0.0444
ESA -0.1358 0.0039 0.1946 0.1837 0.0616
W2V -0.0294 -0.1280 -0.0140 0.00812 -0.03376
GLOVE 0.0272 0.0311 0.1577 0.1037 0.0799

Source AVG. 0.0621 -0.0563 0.1387 0.1131

The financial-specific DSMs were contrasted with the instantiation of the W2V
model usingWikipedia as an open domain corpus. Table 5.30 shows the Spearman
correlation for the Wikipedia-generic, Finance-all corpora (the latter combin-
ing the two financial corpora Glossary and Encyclopedic) and FinS-CN. While
the open-domain based approaches are less efficient than their domain-specific
counterparts, the level of association provided by a larger corpus, in particular
on the Syntagmatic dataset, capturing associations in which one of the words
is not domain-specific (e.g. revenue, increase), significantly affects the result
(Wikipedia-generic 9.77% improvement and FinS-CN 19.93% improvement).

Table 5.28 and 5.29 show the correlation between the average Spearman corre-
lation values (based on Sytagmatic and Paradigmatic datasets, respectively) for
each DSM and two indicator of corpus size: # of tokens and # of unique tokens.
On Table 5.28 W2V is consistently more robust that the other models in relation
to the corpus size.

Table 5.28: Correlation between corpus size and different mod-
els based on the Syntagmatic dataset (Scale of 105 for Unique

words, Scale of 107 for Tokens).

ρ Density Glossary Article Finance All

/ unique-words / tokens / unique-words / tokens / unique-words per tokens
LSA 0.65 0.96 0.14 0.21 0.14 14.20
ESA 0.64 0.96 0.06 0.09 0.19 0.25
W2V 1.01 1.50 0.24 0.35 0.26 0.33
GLOVE 0.12 0.18 0.00 0.00 0.20 0.26
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Table 5.29: Correlation between corpus size and different mod-
els based on the Paradigmatic dataset (Scale of 105 for Unique

words, Scale of 107 for Tokens).

ρ Density Glossary Article Finance All

/ unique-words / tokens / unique-words / tokens / unique-words / tokens
LSA -0.18 -0.28 -0.08 -0.11 -0.06 -0.08
ESA -0.33 -0.50 0.00 0.00 0.10 0.13
W2V -0.16 -0.24 -0.07 -0.11 -0.05 -0.06
GLOVE 0.07 0.10 0.02 0.03 0.08 0.11

Table 5.30: Spearman correlation on Syntagmatic and Paradig-
matic datasets (cosine) for Wikipedia-generic, FinS-CN and

Finance-all corpora based on W2V DSMs

Dataset Finance-all FinS-CN Wikipedia-generic Model AVG.

Syntagmatic 0.4822 0.5783 0.5293 0.5299
Paradigmatic -0.0846 0.0137 0.1549 0.0191

5.3.7 Correlation by Semantic Relation Type

In order to determine which types of semantic relations were most costly to com-
pute, the term pairs were annotated with regard to a set of semantic relations
extracted from the DOLCE ontology (Masolo et al., 2003). First, we assigned a
DOLCE class to each term using WordNet-DOLCE alignment (Gangemi et al.,
2003). In a second step, we searched for the most suitable relation between them,
i.e. a property from DOLCE having the classes assigned to the concepts as do-
main and range. We were able to assign direct DOLCE relations23 to 77 term
pairs.

23For this evaluation, we ignore composite relations with several intermediate concept pair
relations linking the two terms.
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Table 5.31: Spearman correlation for different categories of re-
lation types.

DOLCE relation Average Spearman DOLCE relation Average Spearman

patient 0.455 descriptive-place 0.161
product 0.420 used-by 0.151
parametrized-by 0.414 result 0.151
involves 0.376 referenced-by 0.128
product-of 0.366 uses 0.102
performs 0.337 abstract-location-of 0.100
descriptive-place-of 0.306 result-of 0.087
instrument 0.259 target 0.075
use-of 0.241 expresses 0.066
participant-place 0.222 patient-of 0.056
target-of 0.219 about 0.000
made-by 0.192 happens-at 0.000
part-of 0.178 used-in -0.003
references 0.177 unit-of -0.023
component-of 0.172 performed-by -0.113
weak-connection 0.167

We thus segmented the word pair dataset into 31 distinct DOLCE categories and
calculated the Spearman correlation for each category of semantic relation (based
on a DSM which was trained on the Wikipedia corpus using W2V ). The DOLCE
categories with higher agreement in terms of semantic relatedness are patient
(0.46), product (0.42), parameterised-by (0.41), involves (0.38), and product-of
(0.37). Mentions including passive involvement (patient), production (product,
product-of ), parameterizations (parameterized-by) and descriptions (involves) are
easier to capture for DSMs, possibly because these stem from a limited/finite
repository of lexical expressions and lexical contexts. The most costly rela-
tions are performed-by (−0.11), unit-of (−0.02), used-in (−0.002), about (0), and
happens-at (0). The associations between actions and both agents (performed-by)
and endurants (used-in) are difficult for DSMs, presumably due to the variety of
possible associations and ways in which they can be expressed. Unit-of, about
and happens-at could simply be due to sparsity in the underlying corpus. Table
5.31 shows the distribution of Spearman correlation value for the W2V model
over the full Wikipedia for each type of DOLCE relation.

5.3.8 Summary

This chapter provides a detailed analysis of the performance of existing distribu-
tional semantic models (DSMs) under a domain-specific task. As an experimental
setting, the financial domain of discourse was chosen. One central factor in the
construction of domain specific DSMs include the scarcity of available corpora in
comparison with open domain scenarios, and the demand for more fine-grained
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semantic relatedness measures.

The experimental analysis, performed using two financial word pair gold stan-
dard the first containing 422 manually annotated word pairs (SFWP-422 ) and
the second containing 3920 automatically annotated word pairs (PFWP-3920 ),
analysed domain-specific discourse (encyclopedic, glossary) and open domain (en-
cyclopedic) for the construction of the distributional models.

Below, the interpretation of the results are summarised as the core research ques-
tions which we aim to answer in this Section:

• Question 1: Which types of Distributional Semantic Models are most
cost-effective with respect to smaller, domain-specific corpora?

The results show that for the syntagmatic dataset, the best performing
model is W2V, which was generated using the Finance-all ,open domain en-
cyclopedic corpora (FinS-CN ) (ρ = 0.5783). For the paradigmatic dataset,
the combination of ESA and domain-specific discourse (encyclopedic, glos-
sary) provide the best performing model (ρ = 0.1946).

• Question 2: What type of discourse expressed in small-scale corpora leads
to better domain-specific Distributional Semantic Models (dsDSMs)?

Encylopedic corpora that is included from Investopedia and wikipedia arti-
cles on Investment and Finance leads to a better domain-specific Distribu-
tional Semantic Models, specially for W2V model.

• Question 3: How to quantify the factors which influence the performance
of dsDSMs?

Based on the results, the predictive word embedding models (W2V and
GLOVE) can capture better semantic information than count-based WEMs
from a small-scale corpora. Furthermore, injecting semantic constraints into
existing distributional vector spaces, thus combining trainedW2V model on
finance corpora with a commonsense knowledge graph resource ConceptNet
Version 5.5 - (FinS-CN ), leads to best performance for dsDSMs.
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Chapter 6

Evaluation of the Composite
Semantic Relation
Classification

6.1 Introduction

As discussed in Chapter 3, this thesis aims to investigate two main conceptual
gaps in the development of a distributional semantics architecture: (i) language
and domain transportability and (ii) a transition point from distributional to
fine-grained semantics. The latter (ii) led to the development of a supporting
composite relation classification model (Described in Chapter 3, Section 3.4)
which complements the coarse grained semantics of distributional semantics and
the associated semantic relatedness/similarity scores with a set of relations link-
ing the concepts.

This Chapter provides an evaluation of the composite semantic relation classifi-
cation (Section 3.4) developed within the proposed architecture and it aims at
addressing the following research questions:

• RQ 1: How distributional semantic relatedness models can be comple-
mented with composite semantic relations?

• RQ 2: How to evaluate composite semantic relation classification?

6.2 Evaluation Methodology

The evaluation methodology focuses on making explicit the steps necessary to
evaluate the research hypotheses. It consists of the following steps:

• Bring a systematic way to evaluate composite semantic relation classifica-
tion.

• Creation of a test collection for the composite relation classification task.
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• Evaluation of the results (using the measures: precision, recall, f1 score
and accuracy).

• Post-processing the distributional semantic models on specific semantic re-
lations and lexical categories.

6.3 Training and Test Dataset

Two evaluation sets were generated by collecting all pairs of entity mentions in
the SemEval 2010 task 8 (Hendrickx et al., 2009). The first dataset consists of
entity pairs that have no attached semantic relation classes (i.e. which contained
the relation label OTHER) while the second dataset contains ALL relations includ-
ing relations labelled with OTHER1.

For all entities, we performed a ConceptNet lookup (Speer and Havasi, 2012),
where we generated all paths from lengths 1, 2 and 3 (number of relations) oc-
curring between both entities(e1 and e2) and their relations (R). For example:

e1−R1i − e2
e1−R1i −X1n −R2j − e2
e1−R1i −X1n −R2j −X2m −R3k − e2

where X contains the intermediate entities between the target entity mentions e1
and e2. Obviously, between two entities there may be different paths expressed
with different intermediary entities and relations. For instance, for the paths
between silver and ring entities we have:

• silver/UsedFor/jewelry/MadeOf/gold/AtLocation/ring

• silver/Antonym/gold/AtLocation/ring

• silver/Antonym/bronze/Antonym/gold/AtLocation/ring

• silver/AtLocation/jewelry/MadeOf/gold/AtLocation/ring

In next step, the Distributional Navigational Algorithm (DNA) is applied over
the entity paths(Freitas et al., 2014; Silva, Handschuh, and Freitas, 2018a). In
the final step of generating the training & test datasets from 3, 728 entity pairs
assigned to the OTHER relation label in SemEval (OTHER dataset), we found 20, 261
paths. From 21, 434 entity pairs assigned to ALL relations in SemEval (ALL data
set), we found 111, 526 paths in ConceptNet.

1Called OTHER and ALL sets, respectively.
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6.4 Baseline Models

The performance of baselines is measured using the test dataset, as defined in
Section 6.3 where we hold out the last relation and rate a system by its ability
to infer this relation. As baselines, we use language models which define the
conditional probabilities between a sequence of semantic relations r after the
observation of entities e, i.e. P (r | e).

• Random Model: This is the simplest baseline, which outputs randomly
selected relation pairs.

• Unigram Model: Predicts the next relation based on unigram proba-
bility of each relation which was calculated from the training set. In this
model, relations are assumed to occur independently.

• Bigram Model:

The Bigram model is defined by (Jans et al., 2012):

P (r | e) = P (r, e)
P (e)

(6.1)

where P (r | e) is the probability of seeing e and r, in order. Let A be an
ordered list of relations and entities, |A| is the length of R, For i = 1, .., |A|,
define ai to be the ith element of A. We rank candidate relations r by
maximising P(r,a), defined as

P (r,A) =
|A|−1∑
i=1

logP (r | ai) (6.2)

where the conditional probabilities P (r | ai) calculated using Equation
(6.1).

• Random Forest: This is an ensemble learning method for classification
and other tasks, that operates by constructing a multitude of decision trees
at training time. Random decision forests correct for the decision trees’
limitation of overfitting to their training set.

6.5 Prediction Task

The Neural Entity/Relation Model (NERM) predicts composite relations between
two given entities (e1 and e2). Given a sequence of source and target entities and
a sequence of relations between them, the task consists of the prediction of the
next relation Xi.

A semantically relevant path e1 −R1i −X1n −R2j −X2m −R3k − e2 is con-
verted into the following formats (Tables 6.1, 6.2 and 6.3) for the classification
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task2 (for different path lengths):

Table 6.1: First evaluation dataset for Neural Entity/Relation
Model.

Input Prediction

e1 e2 X1n R1i
e1 e2 X2m X1n R1i R2i
e1 e2 X2m R2i X1n R1i R3i

Table 6.2: Second evaluation dataset for Neural Entity/Relation
Model.

Input Prediction

e1 X1n R1i
e1 R1i X1n X2m R2i
e1 R1i X1n R2i X2m e2 R3i

Table 6.3: Third evaluation dataset for Neural Entity/Relation
Model.

Input Prediction

e2 e1 X1n R1i
e2 e1 R1i X1n R2i
e2 e1 R1i X1n R2i X2m R3i

We provide statistics for the generated datasets in the Table 6.4, whereby our
dataset is divided into a training set and a test set with scale (80− 20%). Also we
used 20% of the training set for cross-validation. For the OTHER dataset, we have
16, 166 examples for training, 4, 042 for validation and 5, 952 for testing and for
ALL set we have 90, 493 examples for training, 22, 624 for validation and 28, 280
for testing.

2The best format based on our experiments is Table 6.1
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Table 6.4: Distribution of instances used to train the LSTM
model.

Dataset #Train #Dev #Test

OTHER 16, 166 5, 052 4, 042
ALL 90, 493 28, 280 22, 624

6.6 Word Embeddings

The experimental setup consists of the instantiation of the W2V distributional
semantic model (Word2Vector (W2V)(Mikolov et al., 2013a)). Indra (Chapter 3,
Section 3.5) provides a software infrastructure which facilitates the experimenta-
tion and customisation of multilingual Word Embedding Models (Barzegar et al.,
2018b; Barzegar et al., 2018c), allowing end-users and applications to consume
and operate over multiple word embedding spaces as a service. In the experimen-
tal setup, we used INDRA as a service to get word embeddings for our classification
model.

6.7 Results

To achieve the classification goal, we generated a Neural Entity/Relation Model
for the composite relation classification task. In our experiments, a final batch size
25, with 50 epochs was used. An embedding layer was defined using Word2Vec
pre-trained vectors (Freitas et al., 2016; Sales et al., 2018).

In our experiment, we optimised the hyper-parameters of the LSTM model. After
several preliminary experiments, the best model was achieved with the following
set of parameters:

• Input length and dimension are 6 and 300, respectively.

• Three hidden layers with 450, 200 and 100 nodes and Tanh activation,

• Dropout technique (0.5),

• Adam optimiser.

We configured our Neural Entity/Relation Model and conducted experiments
with three different pre-trained embedding settings:

• Word2Vec (Google News) with 300 dimensions

• Word2Vec (Wikipedia 2016) with 300 dimensions
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• No pre-trained word embedding

The accuracy for the configuration above after 50 epochs is shown in the Table
6.5. Table 6.6 contains the Precision, Recall, F1-Score and Accuracy metrics.

Table 6.5: Validation Accuracy

CRSC
W2V

Google News
W2V

Wikipedia
No

Pre-Training

Accuracy 0.4208 0.3841 0.2196

Table 6.6 shows the comparative analysis between NERM and the existing base-
lines.

Table 6.6: Evaluation results on the baseline models compared
to the proposed approach.

Method Recall Precision F1 Score Accuracy

Random 0.0160 0.0220 0.0144 0.0234
Unigram 0.0270 0.0043 0.0074 0.1606
Bigram 0.2613 0.2944 0.2502 0.3793
Random Forest 0.2476 0.3663 0.2766 0.3299
Neural Entity/Relation model 0.3073 0.3281 0.3119 0.4208

Between the evaluated models, the Neural Entity/Relation Model achieved the
highest F1 Score and Accuracy. The Bigram model achieved the second highest
accuracy 0.3793 followed by Random forest model 0.3299. The NERM approach
using LSTM provides an improvement of 9.86% on accuracy over the baselines,
and 11.31% improvement on F1-score. Random Forest achieved the highest pre-
cision, while the Neural Entity/Relation Model achieved the highest recall.
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Table 6.7: Extracted information from the Confusion Matrix -
Part 1.

Relation #Correctly Predicted Rate of Correct Predictions3

NotIsA 2 1
AtLocation 172 0.67
NotDesires 6 0.666
Similar 5 0.625
Desires 36 0.593
HasPrerequest 23 0.547
CausesDesire 17 0.548
IsA 147 0.492
Antonym 68 0.492
InstanceOf 46 0.479
UsedFor 47 0.475
DesireOf 5 0.5
HasContext 2 0.5
HasLastSubevent 2 0.5
NotHasA 1 0.5
MemberOf 1 0.5
HasA 24 0.393
HasSubEvent 12 0.378
PartOf 16 0.374
HasPropertry 12 0.375
Synonym 54 0.312
DerivedFrom 20 0.307
EtymologicallyDerivedFrom 6 0.3
CapableOf 13 0.26
MotivationByGoal 3 0.25
ReceiveAction 5 0.238
CreatedBy 4 0.2
MadeOf 3 0.16
Causes 3 0.15
Genre 1 0.11

The confusion matrix is shown in Tables 6.7 and 6.8. These two tables are cal-
culated based on the first version of the evaluation, in which we have 3, 120
examples for training, 551 for validation and 1, 124 for testing. In Table 6.7 the
’Correctly Predicted’ column indicates the proportion of relations that are pre-
dicted correctly, and ’Correct Prediction Rate’ column indicates the rate at which
the relations correctly predicted. For instance, our model predicts the relation
’NotIsA’ correctly in 100% of the cases.

Table 6.8 shows the relations which are wrongly predicted (’Wrongly Predicted’
columns). Based on the results, the most incorrectly predicted relation is ’IsA’,
which accounts for a large proportion of relations of the dataset (around 150 out
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of 550). In the second place is the ’AtLocation’ relation (172 out of 550). In the
third place is the ′antonym′ relation. On the other hand, some relations which
are not correctly predicted can be treated as semantically equivalent to their
prediction, whereby their correct assignment depends on modelling decisions in
the relation schema. The same situation occurs for specialisation relations (e.g.
’EtymologicallyDerivedFrom’ and ’DerivedFrom’). Another issue is the low oc-
currence of certain relations expressed in the dataset.

Table 6.8: Extracted information from the Confusion Matrix -
Part 2.

Relation
# Correct
Predicted Rate

Wrong
Relation 1

# Falsely
Predicted

for
Relation 1

Wrong
Relation 2

# Falsely
Predicted

for
Relation 2

Wrong
Relation 3

# Falsely
Predicted

for
Relation 3

AtLocation 172 0.67 Antonym 20 UsedFor 17
Desire 36 0.593 IsA 6 CapableOf 6 UsedFor 5
HasPrerequest 23 0.547 Synonym 4 Antonym 3 AtLocation 2
CausesDesire 17 0.548 UsedFor 7
IsA 147 0.492 AtLocation 26 Antonym 22 InstanceOf 22
Antonym 68 0.492 IsA 17 AtLocation 9
InstanceOf 46 0.479 IsA 27 AtLocation 8
UsedFor 47 0.475 AtLocation 26 IsA 18
HasA 24 0.393 Antonym 11 UsedFor 6
HasSubEvent 12 0.378 Causes 5 Antonym 4
PartOf 16 0.374 Synonym 12 Antonym 3 HasProperty 3
HasProperty 12 0.375 IsA 8
Synonym 54 0.312 IsA 31 HasProperty 17 AtLocation 12

DerivedFrom 20 0.307 IsA 10 Synonym 8
Etymologically-
DerivedFrom 8

Etymologically-
DerivedFrom 6 0.3 DerivedFrom 6

CapableOf 13 0.26 UsedFor 13 IsA 7
MotivatedByGoal 3 0.25 Causes 3 HasSubEvent 2
ReceiveAction 5 0.238 AtLocation 9 UsedFor 3
CreatedBy 4 0.2 Antonym 6 IsA 5
MadeOf 3 0.16 IsA 7 Antonym 3 HasA 2
Causes 3 0.15 CausesDesire 6 HasSubEvent 4 DerivedFrom 3

6.8 Enriching Relationships

Based on the results at Table 6.8, some relations which are not correctly predicted
can be treated as semantically equivalent to their prediction. Table 6.9 contains
a description of a set of merged relations (merging more specific relations into
more abstract categories with similar semantic function).

Also to keep the datasets coherent, we eliminate vague relations, such as (’Relat-
edTo’. ’DistinctFrom’, ’EtymologicallyRelatedTo’) and relations implying nega-
tion, such as (’Antonym’ and ’Not’).
Table 6.10 shows the accuracy of CSRC (Composite Semantic Relation Classifi-
cation) after merging relations that are semantically equivalent. Before merging
similar relations, OTHER and ALL datasets contained 41 and 44 relations while
after merging we have 18 and 21 relations, respectively.



6.9. Knowledge Base (KB) Embeddings 115

Table 6.9: Merging similar relations with a more abstract rela-
tion.

Main Relation Similar Relations
HasSubevent HasFirstSubevent, HasLastSubevent, HasPrerequisite, Entails, MannerOf

Causes MotivatedByGoal, CausesDesire
DerivedFrom FormOf

SimilarTo Synonym
IsA InstanceOf, DefinedAs

LocatedNear AtLocation, HasA, MadeOf, PartOf

Table 6.10: Accuracy before and after merging similar relations.

Word
Embedding

Without Merging Relations
at OTHER Set

Merged Similar Relations
at OTHER Set

Merged Similar Relations
at ALL Set

W2V
Google News 0.42 0.64 0.73

6.9 Knowledge Base (KB) Embeddings

The last part of the evaluation concentrates on assessing the impact of Knowledge
Base (KB) embeddings into the ERM (Entity-Relation Model).

6.9.1 Post-Processing Word Embeddings

Faruqui et al. (2014) proposed a graph-based learning technique to obtain higher
quality word embeddings by using lexical relational resources such as Wordnet
(Fellbaum, 2005), Freebase (Bollacker et al., 2008). This technique known as
retrofitting, brings semantically similar words close together while keeping them
(relatively) close to their initial distributional vectors. It is a post-processing
approach, whereby we inject semantic constraints4 into existing distributional
vector spaces.

Speer, Chin, and Havasi (2017) introduced an ensemble method known as ConceptNet-
Numberbatch, which combines data from pre-trained word embeddings and knowl-
edge graphs, using a variation on retrofitting (Faruqui et al., 2014) to produce a
high-quality word embeddings. They achieve this goal by applying the following
method:

• Expanding the retrofitting algorithm Faruqui et al. (2014) to benefit from
structured links outside the original vocabulary.

• Using ConceptNet (Speer and Havasi, 2012) as a resource of structured
connections between words.

4A semantic constraint is an element that describes a concept or a relation between two
concepts
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• Merging two pre-trained DSMs (Word2Vec (Mikolov et al., 2013a) and
Glove (Pennington, Socher, and Manning, 2014a)) using a local linear in-
terpolation. This combination performs better than each of the models
separately.

• Applying expanded retrofitting method on the combined vector space model
by using ConceptNet as a lexical relational resource.

Speer, Chin, and Havasi (2017) called their proposed word embedding ConceptNet-
Numberbatch, showing that the combined embedding outperforms W2V on word-
similarity evaluations.

In this work, we used ConceptNet-Numberbatch DSM as a pre-trained embedding
variation instead of W2V model. Table 6.11 shows the accuracy of the CSRC
classification using the ConceptNet-Numberbatch word embedding.

Table 6.11: Applying ConceptNet-Numberbatch as a pre-trained
embedding vector space model in the CSRC classification model.

Word
Embedding

Merged Similar Relations
at OTHER Set

Merged Similar Relations
at ALL Set

ConceptNet
Numberbatch 0.66 0.74

Speer et al. consider the data in ConceptNet as a symmetric matrix of association
between words to apply the expanded retrofitting method. Therefore, they elimi-
nate non-symmetric relations in ConceptNet and disregard these relation types to
generate new word embeddings. We argue that in order to achieve a high quality
semantic relation classification, all relations must be taken into account. Hence
a more comprehensive approach is needed which includes knowledge about how
both asymmetric and symmetric allowing us to inject all semantic constraints
into existing word embeddings for completeness.

6.9.2 Embedding Entities and Relations

As a second KB embedding model, we experimented with translation embedding
methods as a pre-trained word embedding method.
Bordes et al. (2013) proposed an energy-based model for learning low-dimensional
embeddings of entities which is materialised into the TransE model. Relation-
ships are represented as translations in the embedding space. In other words, the
basic idea behind behind the model is, in a triple set (h, r, t) that composes two
entities h, t ∈ E the set of entities and a relationship r ∈ L (the set of relation-
ships), the embedding of the entity t should be close to the embedding of the
head entity h plus some vector that depends on the relationship r.
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h+ r ' t

To learn such embeddings, they minimise a margin-based ranking criterion over
the training set (Yang et al., 2014), where the scoring function of TransE is

−(2gar (yh, yt)− 2gbr(yh, yt) +
∥∥∥Vr∥∥∥2

2
)

where:

gar (yh, yt) = ATr

(
yh

yt

)
and gbr(yh, yt) = yThBryt

and ATr , Br are relation-specific parameters and equal to (V T
r − V T

r ) and I,
respectively.

The main motivation of the translation-based parametrisation is the structure
of the hierarchical relationships that are very common in KBs; therefore trans-
lations are the best and natural transformations for representing them. Their
model relies on a reduced set of parameters as it learns only one low-dimensional
vector for each entity and each relationship. The optimisation is carried out by
stochastic gradient descent (using minibatches), and also the embedding vectors
of the entities are normalised. TransE has fewer parameters compared to other
approaches, leading to a simplification of the training process and preventing
under-fitting.

A new word embedding called CTransNet was built by applying STransE (Nguyen
et al., 2016) on the ConceptNet semantic network (Speer and Havasi, 2012).
We trained STransE with ConceptNet-Numberbatch pre-trained word vectors,
size=300, l1 norm, margin=5 and learning rate=0.0005, nepoch=2000 using Con-
ceptNet V 5.5. Table 6.12 shows the accuracy of the CSRC classification using
the CTransNet word embedding.

Table 6.12: Use of CTransNet as a pre-trained embedding vector
space model in the CSRC classification model.

Word
Embedding

Merged Similar Relations
at OTHER Set

Merged Similar Relations
at ALL Set

CTransNet 0.73 0.80
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6.10 Final Results

In the previous sections, we investigated the influence of different types of embedding-
based models for the task of composite semantic relation classification in the con-
text of the Neural Entity-Relation Model (NERM). Three models were analysed:
(1) traditional Word Vector embeddings (W2V), (2) Post-Processing Word Em-
beddings and (3) Embedding Models of Entities and Relations.

The results (Table 6.13) show that using the CTransNet word embedding outper-
forms the W2V - Google News and ConceptNet-Numberbatch word embedding on
the composite semantic relation classification task.

Table 6.13: Comparison of accuracy scores of three types of
Word Embeddings in our classification model (NERM).

Word
Embedding

Without Merging Relations
at OTHER Set

Merged Similar Relations
at OTHER Set

Merged Similar Relations
at ALL Set

W2V - Google News 0.42 0.64 0.73
ConceptNet Numberbatch N/A 0.66 0.74

CTransNet N/A 0.73 0.80

6.11 Summary

Below, the interpretation of the results are summarised as the core research ques-
tion which we aim to answer with this section:

• Question 1: How distributional semantic relatedness models can be com-
plemented with composite semantic relations?

The Distributional semantic based filter (Distributional Navigational Al-
gorithm - DNA) is one of components of the composite semantic relation
classification. DNA (Described in Chapter 3, Section 3.4.3.3) method pro-
vides a semantic selection mechanism by using semantic relatedness models
for eliminate non-relevant and meaningless facts and also coping with infor-
mation incompleteness in large KBs. These meaningful facts can be used
in the sequence machine learning model to address composite semantic re-
lation classification.

• Question 2: How to evaluate composite semantic relation classification?

For evaluating a classification model, a test set is needed besides training
and development sets for training the sequence machine learning model.
These datasets are extracted from the SemEval 2010 task 8 (Hendrickx
et al., 2009) and ConceptNet (Speer and Havasi, 2012). Four measures
precision, recall, f1 score and accuracy have been applied for the evaluation
of the results. These measures have been compared to other baseline models
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such as Random Forest and Language Models. The results show that the
NERM reached to accuracy 80 % for All set and 73 % for OTHER set by
CTransNet word embedding.





121

Chapter 7

Epilogue

7.1 Summary & Conclusion

Table 7.1: Research Question related to Language Transporta-
bility

# Research Question

1 How different distributional semantic models built from corpora in
different languages and with different sizes perform in computing
semantic relatedness similarity and relatedness tasks?

2 Does machine translation of non English to English perform better than
the word vectors in the original language
(for which languages and for which distributional semantic models)?

3 Which DSMs and languages benefit more and less from the translation
4 What is the quality of state-of-the-art machine translation approaches

for word pairs (for each language)?
5 Can a lightweight MT model over an English DSM provide higher

quality word vectors compared to native word vectors?
6 How does a lightweight MT model compares with state-of-the-art MT models?
7 Are there DSMs which are more/less robust with respect to the quality of the MT?

Chapter 3, Section 3.2 provides a comparative analysis of the performance of
four state-of-the-art distributional semantic models over 11 languages (RQ 1.1),
contrasting the native language-specific models with the use of machine trans-
lation over English-based DSMs. The experimental results show that there is a
significant improvement (average of 18.4% for the Spearman correlation) by using
off-the-shelf machine translation approaches (RQ 1.2) and that the benefit of us-
ing a more informative (English) corpus outweighs the possible errors introduced
by the machine translation approach (RQ 1.4). The average accuracy of the
machine translation approach (Google) is 62. Moreover, for all languages, W2V
(RQ 1.7) showed consistently better results. For all languages , the combination
of machine translation over the W2V English distributional model (RQ 1.3)
provided the best results consistently (average Spearman correlation of 0.58).
Section 3.2 also proposed the use of a lightweight Machine Translation (MT)
model over an English Distributional Semantic Model (DSM) as an intermediate
layer for the creation of high-quality multi-lingual distributional word vectors.
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The results (RQ 1.5) show that the proposed model consistently outperforms
native language DSMs for word pair similarity evaluation settings: MC (26.90%)
, RG (16.73%), WS353 (6.58%) and SIMLEX (10.26%). Additionally, the paper
shows that the lightweight MT model is in the worst case equivalent and in some
cases outperforms state-of-the-art MT systems for the translation of word pairs
(RQ 1.6).

Table 7.2: Research Question related to Domain Transportabil-
ity

# Research Question

1 Which types of Distributional Semantic Models are most
cost-effective with respect to smaller, domain-specific corpora?

2 What type of discourse expressed in small-scale corpora leads
to better domain-specific Distributional Semantic Models (dsDSMs)?

3 How to quantify the factors which influence the performance of dsDSMs?

Chapter 3, Section 3.3 provides a detailed analysis of the performance of exist-
ing distributional semantic models (DSMs) under a domain-specific task. As an
experimental setting, the financial domain of discourse was chosen. One cen-
tral factor in the construction of domain specific DSMs include the scarcity of
available corpora in comparison with open domain scenarios, and the demand for
more fine-grained semantic relatedness measures.

The experimental analysis, performed using two financial word pair gold standard
1- containing 422 manually annotated word pairs (SFWP-422 ) 2- containing 3920
automatically annotated word pairs (PFWP-3920 ), analysed domain-specific dis-
course (encyclopedic, glossary) and open domain (encyclopedic) for the construc-
tion of the distributional models. The results show that for the syntagmatic
dataset the best performing model (RQ 1) is W2V which generated by using
Finance-all and open domain encyclopedic corpora (FinS-CN ) (ρ = 0.5783). For
the paradigmatic dataset, the combination of ESA and domain-specific discourse
(encyclopedic, glossary) provide the best performing model (ρ = 0.1946). Ency-
clopedic corpora (RQ 2) generated from Investopedia and wikipedia articles on
Investment and Finance leads to a better domain-specific Distributional Seman-
tic Models, specially for W2V model. Based on the results, the predictive word
embedding models (W2V and GLOVE) can capture better semantic information
from a small-scale corpora. Furthermore by injecting semantic constraints1 into
existing distributional vector spaces, the combination of the trained W2V model

1A semantic constraint is an element that describes a concept or a relation between two
concepts
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on the finance corpora to the commonsense graph resource ConceptNet Version
5.5 (FinS-CN ) led to best performance with respect dsDSMs (RQ 3).

Table 7.3: Research Question related to Composite Semantic
Relation Classification

# Research Question

1 How do we complement distributional semantic relatedness models
with composite semantic relations?

2 How to evaluate composite semantic relation classification?

In Chapter 3, Section 3.4, we introduced the task of composite semantic relation
classification. The paper proposes a composite semantic relation classification
model which combines commonsense KB lookup, a distributional semantics based
filter and the application of a sequence-based machine learning model to address
the task.

The Distributional semantic based filter (Distributional Navigational Algorithm
- DNA) is one of components of the composite semantic relation classification.
DNA method provides a semantic selection mechanism by using semantic relat-
edness models to eliminate non-relevant and meaningless facts and also coping
with information incompleteness in large KBs. These meaningful facts can be
used in the sequence machine learning model to address composite semantic re-
lation classification (RQ 1). For evaluating (RQ 2) a classification model, a
test set is needed besides training and development sets for training the sequence
machine learning model. Also the accuracy of test set has been compared to
some other baseline models such as Random Forest and Language Models. The
highest accuracy for the task of composite semantic relation classification was
achieved by using Long Short-Term Memory - LSTM (Sak, Senior, and Beaufays,
2014) as the sequence-based models and translation-based embeddings via the
(Neural Entity-Relation Model - NERM (described at Section 3, Section 3.4.3.4)).
The proposed approach achieved 0.80 accuracy for the task at hand.

Many applications of word embedding models require the customisation of the
models in the direction of domain-specific vocabularies, specific languages or
specific semantic approximation behaviour (e.g. paradigmatic vs syntagmatic
behaviour), distance measures as well as compositional models. In addition,
currently available frameworks miss important aspects of the word embedding
pipelines. To overcome these limitation, we proposed the transportable distribu-
tional semantic architecture (INDRA framework) which manages the complexity
of experimenting and using word embedding models in exploratory scenarios and
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production environments. INDRA also shares more than 65 pre-computed models
and is available as an open-source software.

7.2 Future work

Future work on language transportability (Chapter 3, Section 3.2) will concen-
trate on the analysis of the suitability of lightweight MT approaches for comput-
ing compositional-distributional over phrasal elements. The current version only
works on single words, but it is important to have language transportabilty for
full sentences.

On domain trnasportability (Chapter 3, Section 3.3), future work will include 1)
the investigation of the role of different parameterization strategies (e.g. context
window sizes, weighting schemes and distance measures) in the performance of
the models. 2) the study of generating domain specific relations embeddings.
Furthermore, Multimodal - joint image (such as diagrams) and language applica-
tions are beginning to appear at NLP conferences; therefore one research question
would be, how can we improve patent retrieval using domain specific distribu-
tional semantics and images?

ConceptNet is built from nodes representing words or short phrases of natural
language and abstract relationships between them. Future work will focus on
enriching the relations with syntactic information. One example is the Syntactic
Ngrams dataset, which contains dependency tree fragments extracted from of the
Google Books corpus (Goldberg and Orwant, 2013). It contains a diverse set of
relations, with maximal significance on relations between words. The dataset
corpus is based on 3.5 million English books (Over 10 billion distinct items). A
Syntactic Ngram is a rooted connected dependency tree over n words. For each
n words in a sentence, a POS-tag2 and a basic dependency label for a given head
word are provided. With this information, we can collect all SPO — Subject,
Predicate, and Object — relations for each given word pairs for training our pre-
diction model. Also we have a plan to compare our proposed LSTM model with
other models such CNN. Finally additional baseline models such as SVM3 beyond
the existing baselines (Such as Random, Unigram, Bigram, Random Forest) will
be also included.

2Penn-Treebank part of speech tag.
3Support Vector Machines.
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