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1. Introduction

We live in an age of nearly infinite data, with corpora spanning nearly the entire public
content of the Internet in a given language, like ukWaC (Ferraresi et al., 2008), frWaC
(Ferraresi et al., 2010), and others, allowing researchers to work with over 2 trillion
tokens and over 300 billion n-grams (Brants et al., 2007). This has driven the field of
Natural Language Processing (NLP) to new heights, allowing researchers to use data-
hungry models such as deep neural networks. Some of the widely studied approaches
that have benefited greatly from this are distributional models of semantics. With the
advent of social Internet content such as social networks to provide even more content,
we’ve seen use of vector space models to model and reason about language learning
rates (Landauer and Dumais, 1997), to automatically extract thesauri (Curran, 2004),
polysemous word sense ranking (Padé and Lapata, 2007), and many other tasks in
NLP and information retrieval. Likewise, we’ve seen new methods arise in the field of
distributional semantics, mostly based on neural networks. Some of the most notable of
those are the continuous Bag-of-Words and skip-gram models (Mikolov et al., 2013a).

However, due to the natural language’s infinite capacity to produce new bodies of
text from this finite amount of words, the distributional semantic approach is limited to
small units of text, such as words and n-grams. Compositional distributional semantics
is the field that tackles this issue, expanding the approach to larger units of text, like
sentences, paragraphs, or even entire documents, and it has seen similarly significant
improvements. Like distributional semantics, it has benefited from the increased abil-
ity to use deep learning models, resulting in an increased usage of neural networks
for composition of distributional models for certain tasks (Socher et al., 2010, 2011,
2012), as well as creation of successful generalized compositional models, such as
the paragraph vector (Le and Mikolov, 2014), and the especially notable skip-thought
vector (Kiros et al., 2015).

While these advances have been made for the English language and on documents
written in the English language, these models have been successfully applied to other

languages as well, such as Italian (Berardi et al., 2015), French, German, Russian



(Servan et al., 2016), and even Croatian (Zuanovi¢ et al., 2014; §najder and Almié,
2015).

The goal of this thesis is to provide an overview of the fields of distributional se-
mantics and compositional distributional semantics, to provide models for applying
them to the Croatian language, and to extend the work done for distributional seman-
tics in Croatian to compositional distributional semantics. These models are developed
on a prepared dataset and evaluated on a variety of natural language processing tasks.

The rest of the thesis is organized as follows. An overview of the fields of dis-
tributional semantics and compositional distributional semantics if offered in Chapter
2. Chapter 3 describes how distributional and compositional distributional semantic
models were trained to present features in the Croatian language. Chapter 4 contains
a number of experiments in supervised and unsupervised natural language processing
tasks, as well as a discussion of the results and an error analysis. Additionally, a simple
website is described, showcasing one of the experiments performed in that chaptered.

Finally, the conclusion is presented in Chapter 5.



2. Compositional Distributional

Semantics

When dealing with units of text greater than words, it is often useful to have a rep-
resentation of their semantics, in some manner of a semantic space. Compositional
distributional semantic models are representations of such phrases, in such a way that
they represent the semantics of larger units of texts, such as phrases, sentences, or para-
graphs, in a semantic vector space. This approach is based on two assumptions: one
is the distributional hypothesis (Harris, 1968), stating that words that appear in similar
contexts have similar meanings; The other is the principle of compositionality, stating
that the meanings of composite expressions can be determined from the meanings of
its constituents, together with the rules used to combine them.

The idea is not new, and was most famously expressed by Frege (1884), who cau-
tions that one must never ask for the meaning of a word in isolation, but only in the
context of a statement. One of the linguistic bases for the principle of composition-
ality is the the productivity argument — the idea that humans only know the meaning
of words and the rules of their composition, yet manage to understand and produce
entirely novel sentences, having never heard them uttered before (Kartsaklis, 2014).
However, no matter how instinctively obvious this idea might seem, it has proven to

be far from trivial to represent computationally.

2.1. Distributional Semantic Models

The distributional hypothesis presents a framework in which to semantically represent
words, encoding their relations to other words in form of a structure, encoding them in
a semantic vector space.

The following overview is based on (Kartsaklis, 2014), and presented with minor
modifications referencing more recent work.

Traditional models of semantic representations fall under one of three categories:



semantic networks, feature-based models, and semantic spaces (and related topic mod-
els) (Markman, 2013). Semantic networks (Collins and Quillian, 1969) represent con-
cepts as graph nodes, while semantic relationships between them are the edges. For
example, such relationships might be has (bear, fur) oris (bear, mammal).
In such a framework, relationships can be denoted by the number, type, and length (i.e.,
number of edges) between two concepts (nodes). Semantically more related words
will have a shorter path, or a larger number of short connections between them. The
weakness of the original model is that the graphs need to be hand-modeled by human
authors, who encode the relationships, which does not reflect the richness and changing
nature of natural language. More recently, attempts were made (Steyvers and Tenen-
baum, 2005) to create semantic networks from word association norms (Nelson et al.,
2004), which is a relative encoding of free association between words, and from the
WordNet (Miller, 1995). However, these models can only model a smaller vocabulary,
much less than the vocabulary of an adult human speaker.

The second approach are feature-based models, in which words are represented as
feature lists (Smith and Medin, 1981). These features are sometimes manually mod-
eled by the researchers (Hinton and Shallice, 1991), and in other cases obtained by ask-
ing native speakers to determine which features are most important in their language
(Andrews et al., 2009). The words are then encoded as numerical representations in-
side this feature list. These models face several difficulties — most importantly, they
require several annotators for encoding each word into its feature, and the quality of
these features is determined heavily by the amount of time and manpower spent for
encoding each word (Sloman and Rips, 1998). In practice, this limits the use of these
models to only smaller lexicons.

Finally, there are the semantic space models, which are based on the distribu-
tional hypothesis, which are used most by far in the recent years. Since similar words
(e.g. “dog” and ““cat”) occur in similar contexts, these models measure similarity quan-
titatively, by representing them as vectors in high-dimensional space that represent co-
occurrence of similar contextual elements. These elements are most commonly words,
but can also be paragraphs or documents (Landauer and Dumais, 1997), n-grams (Jones
and Mewhort, 2007), or other, more complex, representations. When using such a vec-
tor representation, one has the advantage of being able to simply compare representa-
tions of words using distance metrics, such as Euclidean distance or cosine similarity.
There are a number of well-known semantic space representations, among them the
Hyperspace Analog to Language model, Latent Semantic Analysis, and the Continu-

ous Bag-of-Words and Continuous Skip-gram models, as well as related models such
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Figure 2.1: Skip-gram (a) and Continuous Bag-of-Words (b) models (Mikolov et al., 2013a)

as probabilistic topic models.

The Hyperspace Analog to Language (HAL) model (Lund and Burgess, 1996) rep-
resents words via vectors corresponding to the words’ co-occurrence in the corpus,
using a fixed-size window to construct the co-occurrence record, taking the distance
from the word into account by making the tie stronger if the word is closer. The pro-
cess moves the window over all the words, creating a co-occurrence matrix, where the
cells correspond to the sum of the co-occurrence counts for the word pair. The order of
words in the word pair matters, and different cells are used for pairs (z,y) and (y, x).

The Latent Semantic Analysis (LSA) model (Landauer and Dumais, 1997) takes
a similar approach, creating #f-idf co-occurrence matrix from a large corpus of doc-
uments. Matrix decomposition methods are then applied to this matrix to reduce its
dimensionality and make it more informative.

Mikolov et al. (2013a) present a novel connectionist approach through the deep-
learning-based Continuous bag-of-words (CBOW) and skip-gram models. These ap-
proaches model the similarity between words to either infer the most likely neighbor-
ing words from a given word (skip-gram) or a most likely word given its neighbors
(CBOW). Since their introduction, these models have become the de-facto go-to so-
lution for distributed semantic representations, being reasonably quick to train and
achieving state-of-the-art results.

Probabilistic topic models (Blei et al., 2003; Griffiths et al., 2007) offer an alter-
native to the semantic space models. Similar to the LSA model, they assume a latent
relationship between words in a corpora and the topic they appear in, and likewise
compute a reduced-dimensionality description of the words and documents that they

are linked to. Instead of as vectors, the words are represented as probability distribu-



tions over topics, while the topics are represented as distributions over the words. As
such, the topics’ contents are represented by the words given high probability in this
distribution. It is also important to note that this model is generative — the distribution

can be used to generate representative texts for a selected topic.

2.2. Composition of Distributional Semantic Models

To structure the semantic of larger structures or bodies of text from the semantic rep-
resentations of their components, it is necessary to compose them in some manner.
When dealing with composing the aforementioned distributional models, this approach
1s called compositional distributional semantics, and the resulting models are compo-
sitional distributional semantic models.

In its most naive format, we can describe the meaning of the whole as a combina-
tion, or a function, of the meanings of its parts (Partee, 1995). For representations of

two constituents, X and y, a representation of their combination can be written as:

f(x,y) (2.1)

This principle can then be extended to as many constituents as desired.

However, it is obvious even to the casual observer that this method of composition
is not sufficient. The same constituent units can be used to represent non-synonymous
structures. Syntactic structure is likewise significant when representing the semantic
value of the whole. As an example, the sentences “He helped the man get rich” and
“The rich man helped get him.” are made out of the same basic lexemes, but have
significantly different meanings.

Partee (1995) therefore proposes that the value is a combination of the representa-
tions of the constituents with the semantic relationship taken into consideration as R,

represented as:

f(x,¥,R;) (2.2)

Even this formulation might not suffice to represent the composition of meanings, as
Lakoff (1977) suggests, stating that the meaning of the whole is greater than the mean-
ing of its parts. He implies that the knowledge of the language and the knowledge of
the world around us, provide additional context and information. As such, the knowl-

edge would be represented as K in:



f(x,y,Rs, K) 2.3)

In practical terms, this knowledge can be represented by various resources, like Word-

Net (Miller, 1995), but is often ignored as it is most difficult to model of the parameters.

2.2.1. Simple vector operations

As distributional semantic models are today most often vector space models, the func-
tion f is typically a vector composition operation.

Addition (equation 2.4) and averaging (equation 2.5) are very common operations
over vectors, and most prevalent in literature (Landauer and Dumais, 1997; Kintsch,
2001). They are easy to implement, and reasonably quick to execute in simulations
and experiments. Furthermore, they have been shown to work reasonably well for
combinations of few word representations, such as word pairs (Mitchell and Lapata,
2010). However, it is important to note that, as vector addition is a commutative op-
eration, these operations produce bag-of-words representations. All syntactic relation-
ships between words are lost, and these operations effectively correspond to equation
2.1. These operations effectively represent the meaning of the whole as a blending of
the meanings of its constituent parts.

Another important thing to note about addition and averaging is that the two are
equivalent under the cosine similarity measure, since these two operations result in

vectors differing only by a constant factor.

i =T+ To+ ...+ T, (2.4)
n
Ti:xh-@xgi@...@xm,WE{1,...,m} (26)

Elementwise vector multiplication, as described by equation 2.6 (where n is the num-
ber of vectors and m the length of each vector, while ® is the symbol for elementwise
multiplication), is a popular alternative. It is likewise computationally simple, and
maintains the resultant vector length. Like addition and averaging, it is commutative,
and the resultant representation is still a bag-of-words model, and a mixture of the
meanings of the constituents. As such, these compositional representations are some-

times referred to as vector mixture models (Kartsaklis, 2014). However, unlike addition



Simple vector operations

X +

=l

Xy

avg(x, y)

X=1(2.5,1.5)

Figure 2.2: Addition, averaging, and multiplication of vectors

and averaging, multiplication eliminates a vector component entirely if any of the vec-
tors has the component set to 0, and can be seen more as an intersection between the
values.

Vector mixture models are among the simplest, if not the simplest, ways of com-
position in distributional compositional semantics. Despite those facts, they have been
widely used, and have often served as baselines for more complex models of com-
position (Kartsaklis, 2014). Perhaps surprisingly, Mitchell and Lapata (2010) show
that vector addition and multiplication can sometimes be (almost) as effective as more
complex state-of-the-art methods for certain use cases.

A simple alternative that partially preserves syntactic relationships is concatena-
tion. Under this operation, vectors of constituent words or lexemes are simply con-
catenated together to form a vector of the larger language unit. However, the primary
issue with this approach is that, unless the word count of the text groups is the same,
the resulting vectors differ in length. Unless resolved by further processing, this poses

a problem for many machine learning models, if the language constructs used are of



varying length. Still, concatenation has been shown to be useful in certain tasks of
combining distributed vector representations of words (Garten et al., 2015).

Since these simple models have obvious downsides, attempts were made to im-
prove them by making modifications to the base combinator function. One notable
example is by Kintsch (2001), who attempts to model predicate-argument pairs by
adding not only their representations, but the representations of the closest neighbours
of the predicate (in semantic space), in an attempt to strengthen the features of the
predicate and its bond with the argument. It was, however, shown to perform worse
than the basic models outside of a set of hand-crafted examples (Mitchell and Lapata,
2010).

2.2.2. Tensor product models

As we have seen, the simplicity of the vector mixture based models comes at the price
of loss of syntactic structure. While this might not prove to be too much of an issue in
very small samples, such as word pairs, it can become insufficient when dealing with
larger textual constructs. For example, in these representations, the sentences “The
man ate a shark” and “A shark ate the man” are identical.

These issues motivated an investigation into non-commutative combinator opera-
tions, such as tensor products. (Smolensky, 1990) originally proposes the tensor prod-
uct representation, described by equation 2.7, where ¢} is the value of vector ¢ in
position ¢, while 77; is a one-hot vector with the value 1 in dimension ¢, with all other
dimensions having a value of 0. Simply put, the tensor product increases the dimen-
sionality of the constituents by creating a tensor of one order higher by multiplying all
possible pairs of values from " and . For vectors & of rank n and ¥ of rank m, this

will result in a matrix of dimensions . X m.

FRi=Y dd(i @) 2.7)

]
A further refinement of this model was proposed by (Clark and Pulman, 2007), who
represent words by combining their context vectors with vectors describing their gram-
matical role. For example, the sentence “John drinks strong beer quickly” is rep-
resented by equation 2.8, where constituent words stand in for their context vectors,
while subj, obj, adj and adv stand in for the words’ grammatical role type vectors. The

ordering in the equation is a representation of a parse tree.



drinks ® subj ® John ® obj(beer ® adj ® strong) @ adv ® quickly (2.8)

Albeit these models resolve the bag-of-words issue issue presented by the mixture
models, they have one crucial flaw - that of space. Given a vector 77 of size ||7i]|, an
m-word phrase has a size of ||7||™ in the former model, and even more in the latter.
Since the size of most distributional vector representations are well into the several
hundreds, this approach is impractical for most real-world uses.

One of most popular solution for this issue is a mathematical function called cir-
cular convolution, defined by equation 2.9, introduced as an approach for solving this
problem by (Plate, 1991). An example of this operation is given by equation 2.10. By
using this technique, the combination of vectors is reduced to the size of the original

vectors.

i
L

t=F®Y, ti=Y ThYjk modny, Vi€ {0,...,n—1} (2.9)
0

i

However, while solving the issue of space, circular convolution and other similar ap-
proaches are forms of noisy compression, and introduce noise into the data. Another
issue with this approach is that circular convolution is also a commutative operation,

reintroducing the bag of words problem.

Zo Yo
X2 Y2
t=r®i

b1 = xoYo + T1Y2 + T2
to = Toy1 + T1Yo + T2Y2
t3 = Toy2 + T1Y1 + T2Yo

2.2.3. Tensor-based Models

All of the models outlined earlier, both those based on simple vector operations and
those based on the tensor product, share a potentially undesirable trait — they treat all of

the constituent words in the same way and represent them in the same space, ignoring
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their roles in the sentence. In an adjective-noun or adverb-verb pair, both constituents
reside in the same space and contribute equally to the resultant representation. How-
ever, relational words such as adjectives and adverbs are intuitively different — they
modify the other words, acting upon functions upon them. Based on this intuition, an
approach has been developed and formalized (Coecke et al., 2010) to represent such
relational words as higher-order tensors (e.g., matrices or higher) acting as linear maps
upon the arguments, which are lower-order tensors (e.g., vectors).

This approach is based on tensor contraction, a generalization of matrix multi-
plication, and is denoted with the X symbol, and relies on the Choi-Jamiotkowsky
isomorphishm, expressed in generalized form for a multilinear map (a function with
more than one argument) by equation 2.11. It states that every linear map from finite-
dimensional Hilbert spaces V7, ..., V) stands in a one-to-one correspondence with a
tensor residing in the tensor product space V; ® - -- ® V. The order of the tensor is,
in general, equal to the number of arguments the modifier word would take, plus an
additional one order for carrying the result. An adjective, as an unary function, is a
tensor of order 2 (a matrix), while a transitive verb is a tensor of order 3. The result of
combining two tensors of orders n and m through tensor contraction is a new tensor of
order n + m — 2. Therefore, combining a noun (tensor of order one) and an adjective
(tensor of order two), the resultant phrase is represented by a tensor of order one, a

vector.

f V= =2V, =22V 0V,0V; (2.11)

Tensor-based models provide a solution to the bag-of-words issues of mixture models
and the circular convolution approach. Furthermore, they respect difference between
word roles in a sentence, adhering to both intuition and formal semantics. Finally,
unlike the general tensor product model, they do not suffer from the space complexity
issues, since the vector contraction operations reduces the final result into a lower-order
semantic space. However, it does have its issues — most notably it requires the mapping
tensors to be constructed for all such relational (function) words. This process involves
either a lot of manual labor, or an algorithm capable of constructing these mappings
from another sufficiently detailed corpus or data about text. This problem is far from
trivial, and presents one of the most important open issues concerning this approach.
This issue restricts the application of this model to use on merely a finite number of
well-defined sentence types (e.g., adjective-noun pairs) (Kartsaklis, 2014). Another

issue is that they rely on parse tree structures. Therefore, they cannot be used for units
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larger than sentences. This approach, and similar ones, have, however, been used with
very encouraging results on examples where only such a limited set of function words

and constructs needed to be encoded (Baroni and Zamparelli, 2010).

2.2.4. Deep Learning Models

With the recent rise of deep learning techniques in machine learning (LeCun et al.,
2015), these methods have also been applied to the issue of compositionality of distri-
butional models. These models are typically forms of neural networks that use multiple
layers of representation to model the concepts, where shallower layers represent lower-
level concepts, and higher-level concepts are derived by building them up from those
representations, in the deeper levels of the network. These models are typically trained
using the backpropagation algorithm to learn the weights of the neural network. This
algorithm can be very time-consuming and cannot guarantee optimality. On the other
hand, the deep neural networks benefit from their non-linearity and a larger number of
layers, allowing them to learn a broader range of functional mappings than the simple
vector combinations or tensor-based approaches.

Various types and architectures of neural networks have been used to model compo-
sitionality in a broad set of semantics-based tasks, with promising or even state-of-the-
art results. Socher et al. (2010, 2011, 2012) use recursive neural networks to produce
representations of variable-length sentences for a variety of tasks, while Kalchbrenner
and Blunsom (2013a,b) use convolutional neural networks for discourse modeling for
use in automatic translation and identifying dialogue segments in text, among others.
While these models produce high-quality results, they are tuned specifically for the
given task and do not perform as well in other tasks.

An alternative approach is offered by Le and Mikolov (2014), who introduce the
paragraph vector, a method of unsupervised learning that likewise results in fixed-

I A noted weakness of this

length vectors, but aims for generalized representations.
model is that it needs to perform an inference step at prediction time, employing gradi-
ent descent to compute the paragraph vector for the new input while using the learned
parameters for the neural network.

Kiros et al. (2015) present the skipthought model, which attempts to distance itself
from the composition function, and instead attempt to model a loss function as to allow

a sentence to be predicted from the context of its surrounding sentences, abstracting

1Df:spite the name, the method works for various chunk sizes of text, from phrases, through sen-

tences, to entire documents.
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the skip-gram model to the sentence level. They use corpora of contiguous texts to
model sentences as triples (s;_1, S;, S;+1), where the elements are the preceding, cur-
rent, and next sentence, respectively. Then then use an encoder-decoder model, with
the encoder mapping words to sentence vectors, and the decoder being used to generate
surrounding sentences. The decoder and encoder are both recurrent neural networks
(RNNs), with the encoder using a gated recurrent unit (GRU) (Chung et al., 2014) ac-
tivation function for the encoder, and a conditional GRU for the decoder. Additionally,
they learn a mapping from the word embedding vector space to the vector space of the
sentence vectors, allowing them to process even previously unseen words. They use
this model on a wide variety of tasks, using only linear classifiers and no additional
fine-tuning, and achieve results comparable to state-of-the-art methods on all tasks,
showing the model to be robust. The one notable issue with the model is that it is
quite slow to evaluate, and especially train, partly due to its use of the backpropagation
algorithm as a means of training. The behaviour of the encoder is described by the

following equations.

7 = o(#W, + U.hy_)

Z = o(ZW. + U.hy_y)
hy = tanh (W, + U(7 © hy_y)
Et: (1—5)®Et—1+5@ht

Values are given with index ¢, which indicates a discrete time unit, updated every time
the next word of the sentence is introduced to the encoder. r; is the value of the reset
gate at time ¢, z; the value of the update gate, while hy is the proposed state update
at that time, with h; being the final value. Matrices W, W,. and W, represents the
weights connecting the hidden, reset, and update gates to the input layer, while matrices
U, U,, and U, represent their connections to the hidden layer of the architecture.
Finally, the function o is the logistic sigmoid, normalizing the values to the range
(0,1).

The decoder represents the currently encoded steps in the hidden state h;. That
means that for a set of words wy, ws, ..., wy, it is the final computed state, h;(y, that
represents the entire sentence.

The decoder follows a similar set of equations, with the addition of bias values for
equations for the reset, update, and proposed state gates. Unlike the encoder, of which
there is only one, two decoders are present in the architecture — one for the previous

sentence s;_1, and another for the next sentence s;.;. The decoders do not share any
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of the parameters in the equation, except for a vocabulary matrix V, which represents
a distribution of words, and is connected to the hidden state of the encoder-decoder

architecture as a weight matrix.
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3. Modeling the Croatian Language

To employ distributional and compositional distributional semantic models for a lan-
guage, in this case the Croatian language, it is necessary to select and train the dis-
tributional models, as well as choose a method or methods of composition. For the
purposes of this thesis, the distributional model used was the continuous bag-of-words
model and the word2vec implementation,! which was already shown to achieve
state-of-the-art results for Croatian (Zuanovi¢ et al., 2014). Additionally, one of the
selected models for computing compositional distributional semantic was the Skip-
thought model (Kiros et al., 2015), which requires additional training on a corpus after

a CBOW or skip-gram model has been trained.

3.1. Corpus Preparation

To train such deep learning models, a sufficiently large and varied corpus was required.
Several such corpora exist for Croatian, such as the hrWaC (LjubeSi¢ and Erjavec,
2011), or the filtered fhrWaC (?). However, unlike the word2vec library, the skip-
thought implementation is quite slow to train with corpora of this size. Instead of
further filtering one of these corpora to reduce their size further, a different corpus
was used — the contents of the Croatian Wikipedia. A dump of the entire Wikipedia
contents was taken on the 1st of January 2017 and was used in its entirety.

The corpus was pre-processed before training the models. Firstly, all of the docu-
ments inside the corpus are represented in the Extensible Markup Language (XML),
and contain not only the text of the articles themselves, but also various metadata
such as links and tables of contents. This data was stripped, leaving only the raw tex,
which was then transformed into lowercase form. Additionally, the Croatian language
1s much more morphologically complex than English, for which the aforementioned
models have been developed. To avoid low appearance counts for individual lexemes,

the words in the corpus were lemmatized using the CST lemmatizer (Jongejan and

I Available at https://code.google.com/archive/p/word2vec

15



Dalianis, 2009) and the existing rules for Croatian (Agic et al., 2013). The resulting
corpus is stored as a raw textual document, where each article of the original Wikipedia
dump is stored as a single row.

The resulting corpus consists of 113,219 documents in the Croatian language of
varied length, and altogether 3, 9768, 872 word tokens, or 1,034, 125 unique tokens.
The average number of tokens per document is 351.25, with the shortest document
containing 50 tokens, and the longest containing as much as 32, 845 tokens.

It is worth noting that the Croatian Wikipedia is not vetted for grammatical cor-
rectness, and contains mistakes in spelling, punctuation, and capitalization. While this
is unlikely to affect the semantic space produced by the CBOW model, a significant

percentage of errors could affect the sentence modeling by the skip-thought model.

3.2. Model Training

The CBOW model was trained directly on the resulting Croatian Wikipedia corpus,
using the gensim library? that provides a wrapper around the word2vec library for
the Python programming language. The training was performed using the default
settings of the library: a vector size of 100, a window size of 5, and a minimum word
frequency of 5, with training lasting for 5 iterations.

Unlike the word2vec library, the skip-thought implementation® requires addi-
tional preprocessing. Namely, it requires that a pre-trained CBOW or skip-gram model
be provided, as well as a dictionary of all words appearing in the text used to train the
skip-thought model. The distributional model used was the CBOW model trained on
the Croatian Wikipedia, which was also used to construct the dictionary. It should be
noted that this did not have to be so — as mentioned before, the skip-thought model
can map words from the word embedding semantic space to the skip-thought encoder
semantic space, and may freely be trained on a different corpus. In this case, that
feature of the model was not used, hence it would be unable to process previously
unseen words (as the CBOW model is not capable of this behavior). Instead, unseen
words would simply be skipped by the model resulting from the training process on
this dataset.

The default settings were used for skip-thought training, which means that the vec-

tor size was 620, 2400 GRU units were used, and using a maximum word length of

2 Available at https://radimrehurek.com/gensim/
3Available at https://github.com/ryankiros/skip-thoughts
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Figure 3.1: Graphical representation of model training dependencies

30 characters. Due to time constraints, the model was trained for only one epoch.*
For comparison, the model for the English language was trained on three epochs of
the training algorithm, on a dataset that was also considerably larger in both number
of documents and average document length — for purposes of comparison, the En-
glish Wikipedia has 5, 325, 852 articles, and over 2,900, 000,000 word tokens, as of
the writing of this thesis. This might not be overly significant for the resultant model,
as only the first half of the first epoch of training resulted in a noticeable consistent
lowering of the cost of the training. However, it is impossible to know or prove this
assumption without having let the training proceed further, as the process is stochas-
tic. This means that the outcome was not certain, but also that the exact process likely
cannot be replicated.

As was mentioned in subsection 3.1, the corpus on which was trained was lemma-
tized before the training process was run.> Therefore, the models do not reflect all of
the morphological richness of the Croatian language, instead choosing to focus on the
distribution of the words themselves. If one wishes to make use of the syntactic struc-
ture of the language, this data must be provided as features in addition to the vectors
yielded by this model.

A simple graphical overview of the modeling process is given in Figure 3.1, with
arrows showing which resource was used in building which other resource or model,

and each resource or model annotated with its name or description.

“In actuality, more than one epoch, but only a single epoch was completed fully.
>The corpus is also made available in the pre-lemmatized form with the thesis.
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4. Experimental Evaluation

To evaluate the trained models, a number of experiments are performed, for both super-
vised and unsupervised machine learning tasks. For all experiments, the base distribu-
tional model of semantics used is the CBOW model trained on the Croatian Wikipedia

corpus. In all cases, the experiments use the following four compositional models:

1. Vector addition (+),
2. Elementwise vector multiplication (©),
3. Vector averaging (avg),

4. The skip-thought model.

In all cases except for the sentence similarity experiment in subsection 4.3, the
result of the composition is the only feature used, allowing for an evaluation of the raw

models.

4.1. Topic Classification and Clustering

In this experiment, a preliminary evaluation of the models is made on a relatively
simple task — given three different topics taken from Forum.hr, a large Croatian public
forum,' the goal is to match the posts from these topics to the topic they originate from.
The experiment consists of two approaches: one uses supervised learning methods to
match the posts to their respective topic, while the other uses unsupervised learning
methods and evaluates the results. The results are then compared to simpler baselines,

and a detailed error analysis is performed.

"mttp://www.forum.hr/
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4.1.1. Dataset

For this task, three topics were selected. All of the topics were from the political
sub-forum, and are highly polarized debates written in the Croatian language, and are

among the longest topics on the forum in number of posts. The three topics are:

1. Debate about the education reform,>

2. Debate about gay marriage in Croatia,’

3. Debate about Cyrillic alphabet signs in the city of Vukovar.*

The topics were all pre-processed in the same way. Not all of the steps might
be relevant, since a detailed analysis of how these pre-processing steps influence the
results of the experiment was not performed. No effort was made to remove personal
names, usernames, or foreign language words from the corpus, as this would prove
very time-consuming in this type of weakly structured discourse. The pre-processing

steps were:

1. HTML content was flattened to a plain textual format,
2. Quotes of previous posts were removed,

3. All links were removed,

4. All digits were removed,

5. All words were transformed into lowercase,

6. Punctuation and related symbols were removed,’

7. All whitespace was flattened into single spaces,

8. The tokens were lemmatized,

9. Posts shorter than 25 characters were removed from the dataset.

http://www.forum.hr/showthread.php?t=920734
3http://www.forum.hr/showthread.php?t=777241
‘http://www.forum.hr/showthread.php?t=756655
SThis step was skipped when feeding the data into the skip-thought model.
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After processing the corpus in this way, the result contained 21, 284 posts, of which
3,911 (18.38%) belong to the school reform topic, 10, 356 (48.66%) to the gay mar-
riage topic, and the remaining 10, 017 (47.06%) to the Cyrillic alphabet signs category.
The average document contains 69.0 word tokens, with the minimum being 3 and the
maximum being 1,605. The average word tokens per topic are 100.3 for the school
reform topic, 64.9 for the gay marriage topic, and finally 59.8 for the Cyrillic alphabet
signs topic. An attempt was not made at this point to filter out off-topic posts from the

dataset, although many could be considered such.

4.1.2. Evaluation and Results

After processing the corpus in the described way, four features sets were computed
from them for each document using the composition methods listed earlier (4, ©, avg,
and skip-thoughts). These features were used in isolation, without combining them
with any additional information about the texts.

Given these features sets, two experiments were performed — one using supervised
learning algorithms, and the other using unsupervised learning. In the first experiment,
an attempt is made to classify the posts into a category corresponding to the topic they
originated from; In the second, several clustering algorithms were used to observe
natural clustering in the dataset and compare it with the true alignment between the

posts and topics they belong to.

Post Classification

For the first task, three-way post classification, a SCIKIT-LEARN (Pedregosa et al.,
2011) implementation of a support vector classifier was used. A grid search was used
to select the kernel optimize the hyperparameters (C' and +, for the rbf model), through
nested cross-validation on the training set. The entire dataset was split into a training
set (75%) and a test set (25%).

To put the results of the evaluation into context, they were compared to two simpler
baselines: a majority baseline (relatively low due to the balanced size of the two larger
topics, see 4.1.1), and a naive Bayes classifier, using a bag-of-words representation of
the posts as a feature. The F1-score (micro) was used to compare the results of these
methods and the baselines.

The results are given in Table 4.1 for evaluation on the training set, and in Table 4.2
for the test set. The additive model was the most successful model, with the averaging

model equaling it in performance on the test set, and nearly equaling it on the training
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Model (SVM kernel) F1-Score

Majority Baseline 0.45
BOW Naive Bayes 0.65
Vector Addition (rbf) 0.83
Element-wise Vector Multiplication (linear) 0.43
Vector Averaging (linear) 0.82
Skip-thoughts (linear) 0.64

Table 4.1: Post classification results — training set

Model (SVM kernel) F1-Score
Majority Baseline 0.43
BOW Naive Bayes 0.75
Vector Addition (rbf) 0.80
Element-wise Vector Multiplication (linear) 0.42
Vector Averaging (linear) 0.80
Skip-thoughts (linear) 0.59

Table 4.2: Post classification results — test set



set. The other two models, skip-thought and the multiplication model, underperform
significantly, neither one managing to beat the naive Bayes. Furthermore, the multipli-
cation model does not even manage to perform better than the majority baseline.

It is also interesting to note that all of the models, except for the skip-thought
model, perform nearly identically, in terms of F1-score, on the test set in comparison
to the training set.

For each model, a random sample of the incorrect classifications was taken to study
the type of document the errors occurred for. The errors for the best-performing mod-
els, the additive and averaging model, are nearly identical, judging from the taken

sample, and can be roughly grouped into three categories:

1. Document for which it is impossible to determine the category for without addi-

tional context,
2. Documents written with incorrect Croatian grammar,

3. Very long documents.

The first category includes documents that typically have no content regarding the
topic at hand, but are simply agreements or disagreements with some previous post,
or general statements. For example, statements “I agree with everything you said!” or
“You have no idea what you’re talking about“. The second includes posts that do not
adhere to standards of literacy maintained on the training corpus, the Wikipedia dump,
or contain many foreign words or abbreviations. It is probable that after eliminating
these words, the remainder of the text was simply not modeled properly in the semantic
space. Finally, very long documents also seem to be difficult to classify when using
these combinator functions. This is likely due to the fact that these two functions
model the texts as an averaged mixture of the word representations, and the semantic
information was lost when dealing with such a large number of tokens.

The skip-thought model also seems to struggle with very long documents. Interest-
ingly enough, it also seems to have difficulties classifying short posts, even when the
target class would be obvious to a human annotator, and would be successfully anno-
tated by the simpler additive or averaging models. Of the medium-length documents
(ranging from 3-5 medium-sized sentences, judging from the sample taken), there was
no noticable pattern in the incorrectly classified documents. This could be due to the
different type of discourse when compared to the corpus it was trained on — as a com-
plete compositional distributional semantic model, the skip-thought model would be

more sensitive to this than the merely distributional semantic model presented by the
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CBOW. An alternate plausible explanation could simply be that the model was not
trained for long enough, as was noted earlier.
Finally, observing the sample, no regularity was observed for the multiplication

model. It would appear that it is simply insufficient for modeling texts for this task.

Post Clustering

To investigate natural similarities between the computed features, and how they map
to the categories, an experiment in unsupervised learning was performed as well. The
posts were clustered using several clustering algorithms, and were compared to the
true grouping of the posts using several metrics.

The clustering methods used were K-means clustering (MacQueen et al., 1967) and
agglomerative hierarchical clustering. The number of clusters for K-means, as well as
the cut-off point for the hierarchical clustering, was set to 3, matching the true number
of topics. For the latter model, all combinations of three linkage functions (average,
Ward, and complete) and two distance metrics (cosine and Euclidean) were tested. For
each combination method, experiments with both distance metrics are reported, but
only in combination with the most successful linkage function. Initial centroids for
K-means were chosen randomly.

The success rate of the clustering experiment is expressed in three metrics for sim-
ilarity of data clustering, for all of the cases: the adjusted Rand index (ARI) (Hubert
and Arabie, 1985), a measure analogous to accuracy, but insensitive to the exact la-
bel, and adjusted for chance groupings of elements. The adjusted Rand index scales
from —1 to 1, where O signifies random labeling, 1 is a complete match, while neg-
ative values are worse than random labeling; The completeness score (c) (Rosenberg
and Hirschberg, 2007), which measures whether all data points of a given class were
assigned to the same cluster; The homogeneity score (h) (Rosenberg and Hirschberg,
2007), which measures whether a cluster contains only data points from a single class.

The results are given in Table 4.3. It can be observed that all the results tend to-
wards 0, signifying a random clustering in the case of the adjusted Rand index, and
a mismatch between the true structure and the inferred structure in the other metrics.
While some perform better than others in certain cases, none does so consistently. Fur-
thermore, all of the results are barely, if at all, better than complete random clustering.
From this, it can be inferred that the posts in this dataset do not have some internal
structure in this semantic space that would significantly differentiate them from the

posts belonging to other categories, or at least not a structure corresponding to that
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Method ARI ¢ h
Vector addition
K-Means 0.04 0.03 0.02
AHC (Euclidean, average) 0.02 0.05 0.01
AHC (Cosine, average) 0.04 0.03 0.02
Element-wise Vector Multiplication
K-Means 0.00 0.08 0.00
AHC (Euclidean, complete) 0.00 0.08 0.00
AHC (Cosine, average) 0.00 0.08 0.00
Vector averaging
K-Means 0.04 0.03 0.03
AHC (Euclidean, Ward) 0.06 0.07 0.06
AHC (Cosine, average) 0.05 0.03 0.05
Skip-thought
K-Means 0.00 0.02 0.02
AHC (Euclidean, Ward) 0.00 0.04 0.02
AHC (Cosine, average) 0.00 0.04 0.03

Table 4.3: Evaluation of post topic clustering
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expected by these clustering algorithms. It is interesting to note that this did not pre-
vent the support vector machine based models from detecting a connection between

the categories, even though most of them used non-linear kernels.

4.2. Stance Classification

Stance classification (Somasundaran and Wiebe, 2010) is one of the typical semantic
analysis tasks. As such, it was selected for further evaluation of the trained models
and the composition methods. The same combinator functions are used for two exper-
iments with stance classification — in the first experiment, the posts are classified into
one of three categories (positive, negative, and neutral); In the second experiment, the
neutral labels are eliminated, and an attempt is made to differentiate between solely

positively and negatively labeled posts.

4.2.1. Dataset

Of the three topics used as the dataset in the previous example (see Section 4.1), the
debate concerning the school reform was selected, due to it being the shortest, for
the reason of reducing the amount of manual annotation needed. Additionally, posts
shorter than ten words were removed, after noticing that most of these posts are non-
informative, and removing them would reduce the size of the dataset by 13.6%.

To obtain the gold standard, this topic was given to five annotators to manually

annotate in one of three categories:

— Positive — The post supports this specific attempt to reform education,
— Negative — The post opposes this specific attempt to reform education,

— Other — The post is off-topic, neutral (e.g., simply informative), or the stance

cannot be determined from its contents.

The corpus was split for annotation in this way: 200 posts were annotated by all of
the annotators, while every annotator also got an even share of the remaining posts to
annotate alone (up to a difference of one due to rounding). As a whole the annotators
spent approximately 30 hours annotating. This way, each annotator annotated either
942 or 943 posts. For the first 200 posts, the gold standard annotation was determined
by the majority of annotations. In cases where this was not possible (i.e., there was a

tie), the annotators were asked to re-examine the posts and re-classify them; This was

25



Scoring method TAA

K 0.38
Qo 0.37
F1-score 0.80

Table 4.4: Inter-annotator agreement for stance classification dataset

Scoring method TAA

K 0.45
«Q 0.43
F1-score 0.88

Table 4.5: Inter-annotator agreement without Annotator 5

required for six posts. Finally, in one case, the tie was still not resolved, and the gold
standard annotation was determined by the author.

Inter-annotator agreement (IAA), shown in Table 4.4, was computed on the 200
posts annotated by all annotators, using three metrics: Fleiss’ kappa score (Fleiss,
1971), Krippendorff’s alpha score (Hayes and Krippendorff, 2007), and an averaged
F1-score computed by pretending that the first annotator was the gold standard and the
other annotators’ classifications were scored against it.

We can use these metrics to estimate the difficulty of the task and the quality of the
annotations. There is no standard guideline for estimating the quality from the kappa
score, but certain scales have been proposed (Landis and Koch, 1977). Where Krip-
pendorft’s alpha score is concerned, the minimum acceptable coefficient value varies,
but has been suggested to limit at 0.667 (Krippendorff, 2004). When considering both
metrics, the data can be considered unreliable, or the task very difficult even for the
human annotator. Further investigation into the content and the differences suggests
that it is a combination of both.

When studying pairwise comparisons, annotator 5 stands out as quite different to
other annotators. An adjusted metric without taking this annotator’s annotations into
consideration is given in Table 4.5. However, even with the notable improvement,
these results are still sub-par by most metrics.

The other difficulty is the observed objective difficulty of classifying some of these
posts. Furthermore, large number of posts are either unclear without further context,

or demand outside knowledge from the annotator (i.e., the name of the actors in the
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Model (SVM kernel) F1-Score

Majority baseline 0.8
Vector Addition (rbf) 0.8
Element-wise Vector Multiplication (linear) 0.8
Vector Averaging (linear) 0.8
Skip-thoughts (linear) 0.8

Table 4.6: Three-way stance classification results

events being discussed). This influences the ability of the annotator to make correct
decisions. Finally, one final difficulty is related to the events of the topic at hand
— during the progression of the debate, a change in the governing party in Croatia
introduced radical changes to the reform process, changing the way the discussion was
led. This might have led to many false positives and false negatives.

After the annotation process was concluded, the results were such: of the 3377
annotated documents, 2802 (83.0%) were annotated as neutral, 328 (9.7%) as positive,
and 247 (7.3%) as negative. In the test set, 80% are neutral, 11.4% are positive, and

8.4% are negative.

4.2.2. Evaluation and Results

Same as in the previous experiment, the listed four combinator functions were used
-+, ®, avg, and skip-thoughts, without any additional features. Two related experi-
ments were then performed on the prepared data. Firstly all of the dataset entries were
used and three-way classification was performed, to match the annotations to the full
scale of the annotations. Secondly, the neutral entries were filtered out of the dataset
and two-way classification was performed between the negative and positive entries.
In both cases, a grid search was used, with cross-validation on the training set, to select
the best kernel and hyperparameters (C, ) for the SVM.

The results of the first experiment are given in Table 4.6, with the micro F1-score
reported. It can be noted that all of the results are the same and match the majority
baseline. It is obvious that all of the models simply match every entry to the majority
class, and do not manage to exceed its performance. As such, no further error analysis
can be performed.

Motivated by the lack of information gained from the first experiment, the second

experiment was performed, where no neutrally-labeled entries were used. Its results

27



Model (SVM kernel) F1-Score

Majority baseline 57.0
Vector Addition (rbf) 57.0
Element-wise Vector Multiplication (linear) 59.4
Vector Averaging (linear) 59.3
Skip-thoughts (rbf) 60.9

Table 4.7: Two-way stance classification results

are given in Table 4.7. The additive model again performs in the same manner, match-
ing every entry to the majority class (positive in this experiment). While the other
models do outperform the baseline, the results are not much better. Given a sample
taken of the errors for each model, the model based on element-wise vector multiplica-
tion appears to be balanced in its predictions, matching and mismatching entries from
both categories. The averaging-based model evaluates similarly to the vector addition
model, matching nearly all of the positive examples, but also managing to match some
of the negative examples. Unlike in the other experiments, the skip-thought model is
the best performer in this case, if not by much. Like the multiplicative model, it seems
not to favor any of the two classes considerably, offering a balanced grouping of errors

by class.

4.3. Sentence Semantic Similarity

The final experiment evaluates semantic text similarity (STS) (Corley and Mihalcea,
2005) between pairs of sentences. In this experiment, sentences are paired up and their
semantic similarity is estimated on a scale as a decimal number from 1.0 (meaning
highly unrelated) to 5.0 (meaning highly related).

The composition methods used in previous tasks are compared to the TakeLLab STS
system (Sari¢ et al., 2012), which scored in the top five systems in the SemEval-2012
Semantic Textual Similarity Task (Agirre et al., 2012). This system was adapted for

use with Croatian language texts, as described in Section 4.3.2.
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4.3.1. Dataset

The dataset used for this task is based on the SMTNews corpus used in the SemEval-
2012 Semantic Textual Similarity Task (Agirre et al., 2012). Due to time constraints,
only a small section of the task was taken for this experiment — the first 100 sentence

pairs. The sentence pairs were translated into the Croatian language in this way:

— The left-hand-side sentence of the pair was translated manually, in such a way
that if the same sentence appeared multiple times in the corpus, the translation

was made sure to be consistent;

— The right-hand-side sentence was translated automatically using the Google

Translate online translation service.®

The automatic translation of the right-hand-side was done partly to reflect the
make-up of the original dataset, in which the right-hand-side sentences were the re-
sult of translating to another language, and then back to English. The other reason was
to reduce the effort of translation.

The annotations were kept unchanged from the English version of the dataset. As
such, an error was likely introduced, as the translated pairs would almost certainly be
annotated different by a human annotator. As such, the annotations can be considered

a silver standard at best.

4.3.2. Preparing the TakeLab STS model

The TakeLab STS model was crafted specifically for the sentence similarity estimation
task. Its simple model is made freely available online.” However, it was trained using
English language corpora, as well as using the English WordNet for computing its
knowledge-based word similarity features. As such, it needed to be adjusted to use
Croatian language resources to be used for this task.

Originally, the dictionary and the word vectors were obtained from the English
language Wikipedia and the New York Times Annotated Corpus (NYT) (Sandhaus,
2008), using latent semantic analysis (LSA) to obtain the vectors themselves. These
corpora were replaced with the Croatian language Wikipedia outlined in Chapter 3,
using GENSIM’s implementation of LSA.® The code was adjusted to work with only

one source of dictionary words, instead of the previous two.

Shttp://translate.google.com/
"http://takelab.fer.hr/sts/
$https://radimrehurek.com/gensim/models/lsimodel.html
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The English WordNet resource, used in the model as a knowledge source for word
similarity, was instead replaced with the Croatian variant of the same resource, the
Croatian WordNet (CroWN) (Raffaelli et al., 2008).

4.3.3. Evaluation and Results

For the training of all models, the dataset was split into a training set (75%) and a test
set (25%). For all of the systems, a grid search was performed using cross-validation.
For the TakeLab STS system, the grid search was performed using the software at-
tached with the system. For the other systems, the SCIKIT-LEARN implementation was
used.

When using the TakeLab STS system, its way of extracting features was not mod-
ified. The vector combination systems used three features derived from the compo-
sitional distributed representation of the sentences — their vector sum, difference, and
cosine distance.

The results were evaluated using Pearson’s correlation () and the mean square er-
ror (MSE) metrics. The results are shown in Table 4.8, with the retrained Takelab
STS system used as a baseline. The TakeLab STS does not perform as well as it did
for texts in English, producing results notably lower than even on that text in English.
This may be due to the fact that the training set is several times smaller than the corre-
sponding training set given to it in English, or a deficiency in the sources of words and
knowledge.

Studying the errors made by this model, it can be seen that it consistently ranks
sentences very high in similarity, mostly ranging between 4.0 and 5.0. Observing the
correct annotations, it can be seen that that is indeed the range in which a majority of
them occur, with only very few being lower than 3.0. Given that, it is most likely that
the size and make-up of the training set are mostly to blame for the performance of this
model.

The vector addition model again performed the best out of the tested composition
models. Its results can be considered quite good, seeing how the results for the SMT-
News corpus in the English language had a Pearson score of 0.61 (Agirre et al., 2012).
However, the results are not directly comparable due to both the translated nature of
the resources, and the fact that the dataset used in this example is only a subset of the
SMTNews dataset. This would suggest that the task may have been made easier. Ob-
serving the errors on the dataset, it can be seen that this model predicts both high and

low scores, but is typically a distance away (both above and below, without apparent
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Model (SVM kernel) r  MSE

TakeLab STS 0.36 0.49
Vector Addition (rbf) 0.73 0.23
Element-wise Vector Multiplication (linear) 0.10 0.55
Vector Averaging (linear) 0.39 045
Skip-thoughts (linear) 0.54 0.32

Table 4.8: Sematic sentence similarity evaluation results

rhythm) from the correct annotation.

The skip-thought model scores significantly lower in both measured scores, but
manages to outperform the other two composition models. Its rating tends more to-
wards the average score as an attempt to minimize the error, similarly to the TakeLab
STS model, but are still more correct that the scores given by the vector averaging
model, which scores in that manner almost exclusively, with no estimation in the en-
tire test set being outside the (4.1, 5.0) window.

Finally, the vector multiplication model does not manage to correlate significantly
with the data at all, assigning the data only one of two score: 3.9 or 4.65, with appar-
ently very little correlation to whether the score should truly be low or high. While
completely hypothetical, it might be assumed that the representations were skewed by
combining first multiplication, then adding and subtracting vectors, while the other two
mixture models, using similar methods in their core, were more robust when applied

to this process.

4.3.4. Demo Website

To demonstrate the sentence similarity task, a demo website was created, featuring the
vector-addition-based model, which was the best-performing model for this task. The
website was written in the Python programming language (version 2.7), using the
flask web framework.’ It is a simple traditional web application, which are single-
tiered, with all the page constructing, application and business logic happening in the
back-end. This is unlike many other modern applications, where the front-end layer
(e.g., a mobile, desktop or JavaScript web application) contains complex logic of its

own, such as business logic or page routing logic). The application can be rendered in

“urlhttp://flask.pocoo.org/
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Semantic Text Similarity

How similar are your sentences?

You can enter two sentences in Croatian below to see how similar they are. Our model will grade them as a floating-point number between 1.0 and 5.0.

A score of 1.0 means that the two sentences are not at all similar, while a score of 5.0 would mean that they are extremely similar.

The text similarity is 4.75.

Europska Unija mora se posvetiti pomaganju izbjeglicama. EU mora pomodi izbjeglicama.

Show me an example!

Figure 4.1: Desktop browser view of the application

all major modern browsers.

The application features a simple single-page web interface, whether the user is
prompted to enter two sentences in the Croatian language and press a button, after
which the similarity is computed and displayed. An additional button offers the func-
tionality of entering and evaluating and example pairs of sentences from a predefined
set. This example behavior mimics user action and makes it obvious how the system
works.

The application is styled using the Twitter Bootstrap!? Cascading StyleSheet
(CSS) language library, and has been styled to be responsive, adjusting to the screen
size of the viewing device for the best viewing experience. The desktop version can be
seen in Figure 4.1, while the mobile view is preview in Figure 4.2.!!

The application contains the sentence similarity evaluation model as a module
within its own code. The module is loaded at start-time to prevent overly long re-
sponse times, and evaluations are made separately for each request the browser makes

to the server application.

Ohttp://getbootstrap.com/
Previews generated using Google Chrome device emulation view.
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Semantic Text Similarity

How similar are your
sentences?

You can enter two sentences in Croatian below to ses how
similar they are. Our model will grade them as a floating-
point number between 1.0 and 5.0

A zcore of 1.0 means that the two sentences are not at all
similar, whila a score of 5.0 would mean that they are
extremely similar.

The text similarity is 1.9,

Europska Unija mora se posvetiti pomaganju
izbjeglicama.

EL | Ausija nalaze se u osjetjivom poloZaju.

Figure 4.2: Mobile browser view of the application
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4.4. Analysis

Four compositional distributional models were used, all based on the CBOW model
as the basic source of distributional semantic word vectors. Three of these systems,
the additive, multiplicative, and averaging model, were based on simple commutative
vector operations, also called “mixture* combinators. The fourth was the skip-thought
model, a state-of-the-art model of the English language, which has been retrained on a
Croatian corpus.

Using these models, five experiments were performed, of them four in the domain
of supervise learning, and one in the domain of unsupervised learning. These experi-

ments are:

1. Post classification to corresponding topic of discourse;

2. Post clustering into topic clusters, comparison to natural topic groupings;

3. Three-way stance classification in online debate (positive, neutral, and negative);
4. Two-way stance classification in online debate (positive and negative);

5. Sentence similarity estimation.

Of these experiments, the clustering was by far the least successful — none of the
models produced features that naturally clustered into anything alike the original struc-
ture. The experiment using the same dataset for classification was more successful,
especially for the additive and averaging model. The other models did not show much
success.

In the stance classification experiments, all of the models managed to match or out-
perform the baseline, but none by more than a few percent of the Fl1-score. When the
neutral class was included, all of the models in fact matched the baseline, classifying
every value into the majority class. This is the only experiment in which the skip-
though model managed to outperform the other models, although not by much.

It is in the final experiment, sentence similarity, that some the models manage to
achieve encouraging results.

In general, it can be observed that the skip-thought model has not achieved state-
of-the-art results as it had in English. As mentioned in Chapter 3, one potential ex-
planation for this is that the model was trained for a shorter period of time than the
corresponding model of the English language. Another possible explanation is the dif-

ference in discourse type — while the model was trained on the Croatian Wikipedia,
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the datasets on which tests were performed were quite different in type, namely online
forum debates and sentences from news articles. Since this model learns sentences, it
might not have adapted well to the Croatian language, it being relatively more complex
in structure than English.

The other models show varied performance, with at least one model always being
comparable to or better than the skip-thought model, even though they are mere bag-of-
words representations, and were used as the sole features. This would seem to agree
with the findings of Mitchell and Lapata (2010), who also find that simple mixture
models perform reasonably well.

In all cases but potentially the last, none of the models have achieved what could
be considered state-of-the-art results, even given the relative difficulty of some of the
tasks. However, there has always been a model, as well as there always having been a
simple mixture model, that was equal to or better than the more naive baseline. Since
the vector mixture models are simple and fast to prepare, it would not be unreasonable

to use them in further experiments in combination with other features.
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5. Conclusion

This thesis examined the field of compositional distributional semantics, and especially
its application to semantic text similarity (STS) tasks. This area of research covers teks
such as measuring text similarity (Corley and Mihalcea, 2005) and stance classifica-
tion (Somasundaran and Wiebe, 2010). An overview was given of the field of com-
positional distributional semantics, and the corresponding compositional distributional
semantic models, as well as the underlying field of distributional semantics.

The goal of this thesis was to investigate how modern distributional semantic mod-
els can be applied to semantic text similarity tasks on texts in the Croatian language.
A corpus based on the contents of the Croatian Wikipedia was prepared, and used
to train the continuous bag-of-words (CBOW) (Mikolov et al., 2013a) distributional
model, and the compositional distributional model skip-thoughts (Kiros et al., 2015),
both of which have achieved state-of-the-art results for such tasks in English.

Using these models, a series of experiments were performed for unsupervised and
supervised learning in the field of natural language processing: post-topic classifica-
tion, post-topic clustering, stance classification in online debates, and sentence similar-
ity estimation. In the last of these, the TakeLLab STS (garié et al., 2012) model, which
has achieved encouraging results for this very task on English texts in the SemEval-
2012 Task 6 (Agirre et al., 2012) was retrained for Croatian to be used as a baseline.
Datasets were prepared for these experiments, and the results gathered, presented and
analyzed.

The obtained results did not mirror the results achieved for English, in most cases
not managing to significantly outperform the baseline. This is true even for the skip-
thought model, which in most cases performed poorly even when compared to naive
composition models.

Although the models did not perform very well, certain obvious points of improve-
ment present themselves. Firstly, the models were trained on the Croatian Wikipedia,
which is an entirely different type of discourse than the one used in the experiment

datasets. These results may be improved further by using a larger and more varied cor-
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pus, such as the hrWaC corpus (Ljubesi¢ and Erjavec, 2011). Secondly, it was noted
that the training of the skip-thought model was abbreviated considerably when com-
pared to the training for the English language. It is certainly possible that the results of
the experiments would be much improved for this model if given further time to learn
the sentence semantic space. Thirdly, this thesis does not perform experiments with
many other mentioned composition models, such as circular convolution or paragraph
vectors (Le and Mikolov, 2014). Investigation into application of these models could
prove to be worthwhile. Lastly, this thesis used the CBOW model as the base distribu-
tional semantic model. It has been noted that the skip-thought model is slightly better
at most tasks (Mikolov et al., 2013a). As such, small improvements might be obtained

by swapping out these two models.
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Application of Compositional Distributional Semantics for Semantic Text

Similarity

Abstract

Modern approaches to compositional distributional semantics have revolutionized
many areas based on semantic similarity in recent years. In this thesis, a survey of the
field is given. Several of these modern models and approaches are selected and tried
on a variety of supervised and unsupervised learning tasks in the field of semantics,
on texts in the Croatian language, with attention given to semantic text similarity. A

showcase web application is developed and presented.

Keywords: Compositional distributional semantics, distributional semantics, natural
language processing, deep learning, vector mixture models, semantic similarity, Croa-

tian language.

Primjena kompozicijske distribucijske semantike u zadatku semanticke slicnosti
teksta

Sazetak

U zadnjih nekoliko godina, moderni pristupi kompozicijskoj distribucijskoj seman-
tici donijelu su revoluciju u mnoga podrucja bazirana na semantickoj slicnosti. U
ovom je radu dan pregled tog podrucja. Izabrano je nekoliko modela i iskuSani su na
zadacima nadziranog i nenadziranog ucenja u podrucju semantike, na tekstovima na
hrvatskome jeziku. Posebna paZnja dana je sematickoj slicnosti teksta. Razvijena je i

prikazana pokazna web aplikacija.

Kljucne rijeci: Kompozicijska distribucijska semantika, distribucijska semantika, obrada
prirodnog jezika, duboko ucenje, modeli mjesanja vektora, sematicka slicnost, hrvatski

jezik.



