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Abstract

Word representations are the foundation of natural language processing. In particu-
lar, continuous representations have been widely used in recent years, due to the superb
ability to capture semantics of words and compatibility with neural networks.

In continuous representations, embedding vectors are trained and then fixed at run-
time. Because of the fixed embedding vectors, they face difficulties in coping with
problems that require processing runtime contexts, such as handling out-of-vocabulary
(OOV) words and polysemy.

To overcome the problem of fixed embedding vectors, we propose an exemplar-
based framework for continuous representations, which computes embedding vectors
for words on the fly. It does not fix a representation of a word but exploits objects
associated with the word, such as contexts containing the word. A single vector is
distilled from these vectors at runtime to suit the task, with a neural network based on
an attention mechanism.

Using our framework, we address two information extraction tasks: (i) entity classi-
fication and (ii) knowledge base completion. In the former task, the objects associated
with words are their contexts in large corpora, and in the latter, they are the neighbor-
hood relations and entities (words) in a knowledge graph. The experimental results
show the effectiveness of our proposed framework in both settings.
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Chapter 1

Introduction

1.1 Continuous Representations and Their Problem

Word representations are the foundation of natural language processing. In particu-
lar, continuous representations have been widely used in recent years, due to the superb
ability to capture semantics of words and compatibility with neural networks.

We can describe continuous representation fr as

fr:V —R? (1.1)

where V is a vocabulary containing words we deal with and R? is a d dimensional vec-
tor space. A vector fr(w) is called an embedding vector of a word w. Compared with
previous representations such as one-hot representation and tf-idf vectors, embedding
vectors are trainable. This trainability allows embedding vectors to capture semantics
with which the previous representations have difficulties in dealing. For example, con-
tinuous Bag-of-Words (cBoW) [74] trains embedding vectors to predict a word using
surrounding words via optimizing the following function:

exp(w, h)
Y wey exp(w’ h)

1
h:NZC

cecontext

p(w | context) =

where context = {ci,,,cy} is a set of words ¢; € V surrounding w. Optimizing
this function enables the trained embedding vectors to contain contextual information.
In addition to the cBoW, many models of continuous word representations have been
proposed [88, 115].



Using continuous representations with neural networks has produced successful re-
sults. For example, recurrent neural networks [38, 100] and convolutional neural net-
works [50, 26] were combined with embedding vectors to tackle parsing [22, 118] and
mechine translation [107]. As these studies show, continuous representaitons take on
increasing importance in recent natural language processings.

In continuous representations, embedding vectors are trained and then fixed at run-
time. We call continuous representations whose embedding vectors are fixed in runtime
fixed representations. Because of the fixed embedding vectors, these representations
face difficulties in coping with problems that require processing runtime context, such
as handling out-of-vocabulary (OOV) words and polysemy. Fixed representations rep-
resent each word by a single or several fixed-length vector. Thus, for polysemy words,
they cannot represent only their prototypical senses. Detailed senses contained in dif-
ferent contexts are lost in the training process.

1.2 Distributional Hypothesis and Exemplar-based Ap-
proach

To overcome the problem of fixed embedding vectors, we revisit the distributional
hypothesis: “A word is characterized by the company it keeps” [35]. This idea is a
classical concept rather than a novel research topic studies in these days. Indeed, this
hypothesis dates back to studies of Ferdinand de Saussure, who is the pioneer of early
linguistics in the mid-19th to early-20th century. He argues that “meaning depends
on its relation to other words within the system” [18]. Interestingly, recent continu-
ous representations are inspired by this distributional hypothesis. For example, cBoW
attempts to capture contextual information to represent words. However, fixed repre-
sentations used in these models go against the spirit of the distributional hypothesis,
because they are based on the assumption that “a word is characterized by correspond-
ing embedding vectors.” This assumption is the cause of problems explained above.

The exemplar-based approach [95] provides a clue to solve the problems of fixed
representations. This approach uses a collection of usages of a word as its represen-
tation. If we interpret the collection of usages as “the company a word keeps,” this
approach can be regarded as a straightforward implementation of the distributional
hypothesis. The fundamental assumption here is that the usages of a word can char-
acterize the word. The exemplar-based approach is thus conceptually truthful to the
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Figure 1.1: Illustration of proposed word representation based on the distributional hypothesis.

distributional hypothesis, it has been not well explored because “[i]ndividual exem-
plars can be quite noisy and the model can incur high computational overhead” [95]. It
was considered difficult to apply the exemplar-based approach to previous representa-
tions including n-grams. No attempts were made to apply an exemplar-based approach
to continuous representations, either.

1.3 Word Representations based on the Distributional
Hypothesis

Inspired by the exemplar-based approach we propose a word representation based
on the distributional hypothesis. The proposed word representation consists of the
following two functions: association and embedding. To represent a word, the asso-
ciation function collects associated objects of the word and the embedding function
converts the associated objects into continuous-valued vectors. We can describe our
representation as follows

fassociate CweVe {01}1 cO (12)
fombea = {0i} = {x;}; € 2 (1.3)

where {0;}; is a set of associated objects. Our representation f is composit function of
these two function f = fembed © fassociate A0d fembed © fassociate (W) 1S a representation of a
word w composed of vectors. This representation is illustrated in the figure 1.1.

In this word representation, we exploit neural networks such as an attention mech-
anism to mitigate noisy collections, recent progress in GPGPU to overcome the high

3



Three main types of associate objects

Subwords Contexts KnowledgeBase
: Washington is a state in : erson
wash ing ton the Pacific Morthwest location  p
washing ngton g‘igg;ﬂ;ﬁ;ﬁr‘a‘}fﬁr capital president
; - George Washington, .
shing hington the first President of the state soldier

Figure 1.2: Three main types of associated objects in the case of Washington.

computational cost. As explained above, continuous representations have superb abil-
ity to capture semantics. The ability allows us to evaluate how exemplars are useful
and then to mitigate noisiness in collections. Based on the weak supervision scheme,
we expand exemplars containing usages of words to other objects related to words,
e.g., neighborhoods of words in knowledge bases. The weak supervision (or distant
supervision) is an annotation scheme, which associates a target object with weakly
related objects. For example, contexts containing an entity are associated with the en-
tity in information extraction tasks. The idea of the weak supervision is that relevant
objects are contained in collections if a number of the objects is large enough. Thus,
there is no guarantee that all object in collections are “exemplars” because the weak
supervision allows collected objects to contains irrelevant objects. We call the object
related to words associated objects.

1.3.1 Three Types of Associated Objects

There are three main types of associated objects: subwords approach, contextual
approach, and relational approach. These associated objects are illustrated in the fig-
ure 1.2.

The first approach [52, 66, 17] subdivides the OOV words into literal ingredients,
e.g., sequences of characters, subwords, and parts of characters. Thus, previous work
taken this approach exploits the subdivided words as associated objects to represent
OOV words. This approach is widely studied in previous work because additional
costs are small compared with other approaches.

The contextual approach [117, 37, 31] exploits contexts related to OOV words as
associated objects. For example, in machine translation, pointing mechanism exploits

4



representation vectors in source texts to generate target texts by adding the vectors to
output word vectors. Furthermore, various textual resources including large-scale cor-
pora (e.g., Wikipedia), descriptions in knowledge bases, and definitions in dictionaries
are available in this contextual approach. Benefits of this approach are that we can
leverage potential values of large-scale corpora because association procedure does
not require additional cost to annotate corpora.

Finally, the relational approach exploits neighborhoods of OOV words in graphs as
associated objects. We can apply this approach to the situation we want to represent
low-frequency words, specifically, technical terms. Because technical terms do not ap-
pear in ordinary corpora, we need to represent OOV words without textual information.
In information extraction tasks, this relational approach is useful.

Our proposed representation a generalization of these approaches. The differences
between the approaches come from what we use associated objects to represent words.
These three approaches share the procedure embedding each associated object into
continuous vector space. For example, subdivided words have the base embeddings in
subdivision approach, and ordinary words have the base embedding in the contextual
approach. This mechanism fits our intuition because we learn meanings of unknown
words from contexts related to the words in daily lives. We call this embedding as
base embedding. These associated objects and base embeddings allow us to calculate
embedding vectors of OOV words.

In this thesis, we address contextual approach and relational approach. In particular,
we verify the effectiveness of our proposed representation in two settings, with texts
and without texts, in entity classification and knowledge base completion respectively.
In the entity classification, we exploit large-scale corpora based on the contextual ap-
proach to model polysemy of OOV words. In this work, we also explore how to deal
with vector set representation using attention mechanism. In contrast to the setting
with texts, we exploit neighborhoods of entities in knowledge graph to represent en-
tities based on relational approach. We tackle the problem of out-of-knowledge-base
entities, which are OOV words in information extraction.

1.4 Outline of Thesis

The remainder of this thesis is organized as follows.
In Chapter 2, we have proposed an exemplar-based word representation called “Bag-
of-Contexts” (BoC). At training time, each context of a word collected from a cor-



pus is converted to a vector, and they are collectively used as a representation (BoC
representation) of the word. When a word is given for testing in a specific context,
relevant information is distilled from the BoC vectors of the word through the atten-
tion mechanism. This approach provides a natural way of dealing with polysemy and
out-of-vocabulary words. We have verified the effectiveness of the proposed model
in the task of entity classification, which is essentially the task of classifying out-of-
vocabulary words.

In Chapter 3, we proposed a new KBC task in which entities unobserved at training
time are involved. For this task, we proposed a Graph-NN tailored to KBC with OOKB
entities. We conducted two triplet classification tasks to verify the effectiveness of our
proposed model. In the OOKB entity problem, our model outperformed the baselines
considerably. Our model also showed state-of-the-art performance on WordNetl11 in
the standard KBC setting.

In Chapter 4, we summarize this thesis. The results contain experiments of contex-
tual approach and relational approach, and future directions of the proposed represen-
tation.



Chapter 2

Preliminaries

In this chapter, we describe the background knowledge on word representations and
neural networks. The word representations contain standard word representations in-
cluding one-hot representation, continuous Bag-of-Words, and skip-gram, which rep-
resent words using vectors directly. Note that these representations are direct represen-
tation which maps words to representation vectors directly,

2.1 Notation

Define R? as a d dimensional vector space with and bold symbols (e.g., x) as vectors
in a vector space. We denote the i-th value of a vector x as x[i] € R and a set of
vectors as {x; | x;inR?}. The inner-product between two vectors x,x’ € R? is given
by (x,x') = 3¢ | x[i]x'[i]. We also denote a matrix as A and the number of items a;
in a set as #a;;-; = n.

Define V as a vocabulary containing words and serif symbols (e.g., w) as words. We
denote a sequence of words [wy, wa, , w,] as wy.,, = [wy, ws, , w,]. For a given sequence
Wi.,, we describe that a word w is contained in wy.,, as w € wy.,. We also denote a
sequence (or a text) as text = [wy, wa, , w,,| shortly as long as no ambigulity involved.



2.2 Word Representations

2.2.1 One-hot Representation

One-hot representation or one-hot encoding is a word representation mapping a word
w € V to a vector w filled with Os except for a 1 at the position indicating the word w:

1 (if this basis indicates word w)
fﬂ wey— W1 = .

0 (otherwise)

Note that wy € {0, 1}¢ where d is a vocabulary size #). In general, one constructs the
vocabulary V from a given corpus C = {text; };,i.e, V = UepeciW | W € text}. We
denote this vocabulary as V.. Beacuse the vocabulary V; contains limited number of
words, one-hot representation cannot represent out-of-vocabulary words w & V..

In addition to one-hot representation, we also introduce Bag-of-Words (BoW) which
is a text representation. because BoW is used to represent contexts in Section 3.5. Bow
is defined as

JBow (text) Z fr(w
wEtext

This representation contains frequencies of words only and ignores word orders in the
text.

2.2.2 Pointwise Mutual Information

To represent words, we can exploit pointwise mutual information (PMI) [15, 9]
which is a measurement between two discrete random variables z € X andy € Y
defined as

i p(z,y)
PMI(z, y) = S 2.1
—In p;(l)) (2.2)
— it (;/(?L)w ) (2.3)

where p is a probability density function for the variables. In this thesis, we assume
X is a corpus C = {text;};, Y is a vocabulary V = {w;};. In additon, we exploit a

8



collection of pairs D = {(w, text);},. Based on these notations, there are two way to
calculate PMI over the D; use Eq. (2.3) and Eq. (2.3).
In the first case, the p(w) and p(w | text) are defined as:

#{(w, text’) | (w,text’) € D}

pw) = s 24)

#{(w, text) | (w,text) € D}
#{ (W text) | (W', text) € D}

p(w | text) =

(2.5)

respectively, where w’ is a word in V' and text’ in a text in C. We can view the latter
equation. (2.5) calculates ratio of words in the given text in the similar manner of Bow
because both representations focus on contents in texts.

In the second case, the p(text) and p(text | w) are defined as:

pltext) — #{ (W' text) | (W, text) € D} 2.6)

#D
pltext |w) = #{(w, text) : (w, text) € D}

#{(w, text’) | (w, text’) € D}

(2.7)

respectively, where w’ and text’ are same of the first case. The latter equation. (2.7)
in this case represents how the word depends on the texts, e.g., if two words appear in
similar texts, probabilities of the words should be closed.

These representations based on PMI have benefits which allows us to compute OOV
words. For example, the second case provides word representations composed of
coocurrences between words and contexts. However, the representation has drawbacks
which the dimensionality of representation vectors growthes with increasing a number
of contexts.

2.2.3 Continuous Representations

In this section, we introduce standard continuous representations. Continuous repre-
sentations [74, 89] are word representations mapping a word w € ) with a continuous-
valued vector w:

fa:weV = weR? (2.8)

The continuous-valued vectors representing words are called embedding vectors. The
embedding vectors allow us to embed various information, e.g., semantics of words,
into the continuous values.



One standard way to exploit the continuous representation Eq .(2.8) is to map words
to embedding vectors using a lookup table. We denote a matrix composed of embed-
ding vectors as E. Using the matrix E and one-hot representations f;, we can imple-
ment the function fg as lookup table E f1(w), i.e., fr(w) = E f1(w). Note that this
function requires predefined vectors to represent words because only corresponding
vectors can represent the words. Moreover, many word repressentations such as mod-
eling polysemy employ the formulation mapping words to correspond representations
deterministically.

The differences between continuous representations come from objective functions,
optimization methods, and initial values of model parameters. For example, previous
work proposes various objective functions and trains embedding vectors through the
objective functions to capture different aspects of words. In the next section, we in-
troduce two popular continuous representation models, continuous Bag-of-Words and
skip-gram.

Continuous Bag-of-Words and Skip-gram

Continuous Bag-of-Words (cBoW) and skip-gram [74, 75] are continuous represen-
tation models based on the following objective functions:

cBoW
exp(w, h)
plw | text) =
(w | text) > wey exp(w’, h)
1
h = — Z c
n cctext
skip-gram
pltext [w) = ] plc|w)
cctext
(c|w) exp{c, w)
p(c|w
Zw’e v €Xp <C7 W,>
where ¢; is a word ¢; € V and text = [cy,,,C,] is a context of the word w. We

train embedding vectors to maximize the probability over a collection of pairs D =
{(w, text); };. In the collection D, a text text is a surrounding context of the word w,

10



e.g., text = [, like, such, as, apples| and w = fruits for a given text [l.like,fruits, such,as,
apples].

These two models are based on distributional hypothesis, stated in terms “a word is
characterized by the company it keeps”. Especially, the objective function of cBoW
aims to predict a word using surrounding contexts of the word and to characterize
embedding vectors using contexts as companions of the words. In addition, the work
[62] reports the relationship between skip-gram and PMI: embedding vectors of skip-
gram are corresponding to the results of PMI with little modifications.

These continuous representations are heavily benefitical, in fact, these models make
a breakthrough not only in natural language processing but also in other domains such
as information extraction. In spite of the benefits, there are many drawbacks in con-
tinuous representations such as the problem of out-of-vocabulary (OOV) words. For
example, cBoW and skip-gram cannot represent words whose embedding vectors are
not stored. Interestingly, word representations based on PMI can avoid the problem of
OOV words. In PMI, we calculate word representations using contexts and the repre-
sentations do not depend on predefined embedding vectors. These difference between
skip-gram and PMI comes from whether the model represents words using predefined
embedding vectors directly or represent words using weakly related objects. The ob-
servation implies the problem of OOV words arises from direct representation, which
assign words to embedding vectors directly, and inspires distant representation pro-
posed in this thesis.

Note that the distant representation provides solutions to dealing with polysemy of
words. Both representations based on skip-gram and PMI face difficulties in dealing
with polysemy of words. For example, we do not distinguish apple in two contexts
[I, ate, an, apple] and[Jobs, founds, apple]. To develop more useful word representa-
tions, we need to explore novel semantcs representations and handling methods.

2.3 Modules in Neural Networks

2.3.1 Activation Functions

In this section, we introduce three activation functions, sigmoid, tanh, and ReLu
[80], which are used to achieve non-linear transformation in neural networks. The

11



activation functions are defined as follows:

1
e~
tanh(x) — l
et + e *

ReLU(z) = max(0,z)

Note that we can transform the tanh function to the sigmoid function using scaling

and shifting, i.e., sigmod(z) = stanh(3xz) + 3. In addition to these basic activation
functions, many reseaches have proposed different activation functions [72, 54, 29, 48,

1] and studied the theoretical properties of the activation functions [78, 104]

2.3.2 Batch Normalization

Normalization is a linear transformation that convert a vector set X' = {x;}! into a
set of new vectors X' = {x}}.

The normalization consists of two linear transformations called centering and whiten-
ing. Let y be a mean vector n™' > | x; and X be a covariance matrix ' > | (x; —
w)(x; — p)T. Using these notations, linear transformations, centering and whitening,
are defined as follows:

centering : X; — X; — {4 =X
whitening : x! — Wx! =x;

where the matrix W is a whitening matrix satisfying the condition WIW = ¥ ~1,
The centerized vector set X" = {x/} has the 0 mean vector and the whitened vector
set X’ = {x/} has the identity matrix as covariance matrix. The previous work [60]
show these transformations improve model performances significantly.

Inspired by the normalization, batch normalization [45] provides two linear trans-
formations, dynamic normalization B Ngynamic and static transformation B N, for a
given mini-batch X = {x;}7. Batch normalization BN is a composite function of the
two transformations, defined as:

Ndynamic<x> =040 (X + Md)
Nstatic(x) =050 (X + MS)
BN = Nstatic o Ndynamic

12



where ® and o denote element-wise product and function composition, o4 and 4 are
an element-wise variance and a mean of the given mini-batch &', and o, and u are
model parameters. Note that these normalization uses element-wise variance o, where
oalk] = n7t 370 (xi[k] — p[k])?, instead of whitening matrices W. In usual, calcu-
lations of the whitening matrices W for every mini-batches requires much computa-
tional cost. There are several modifications and extensitons of the batch-normalization
[98, 96, 44, 4].

This batch normalization generalizes activation functions using shifting and scal-
ing operations. For example, we can identify two activation functions, sigmoid and
tanh, if we use batch normalizations before and after the activation function, i.e.,
BN(f(BN(x))). This observation comes from the we can transform the two acti-
vation functions into the same form using shifting and scaling operations. Thus, batch
normalization allows us to exploit generlized activation functions. In additon, several
researches study abilities of neural networks from the viewpoint of mini-batch and
batch normalization [21, 51, 12].

2.3.3 Residual Connection

Residual connection [36, 109, 105, 42] is a concept defined on a function f : RE —
R? basically. Applying redisual connections to function f(x), we can describe the
function with residual connections as follows:

f(x)+x.

For example, if f(x) = ReLU(Ax + b), the function with residual connection be-
comes ReLU(Ax + b) + x where A € R%¢ and b € R?. In the case the domain
and region of function are not same, we use a rectangle matrix to convert input vectors,
i.e., f(x)+ A’x. This residual connection can mitigate the effect of gradient explosion
and gradient vanishing [87]. Moreover, recent work [69, 11] have proposed neraul
networks exploiting residual connections in various ways.

2.4 Neural Network Architectures

2.4.1 Fully-Connected Neural Networks

A fully-connected neural network (FCNN) [5, 40] is a basic neural network architec-
ture composed of functions called fully-connected layers. Both domain and range of
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fully-connected layers are in vector spaces, i.e., Lrcnn @ R¥ — R92. More specifically,
for a given input vector x, a fully-connected layer is described as:

Li(x) = f(Ax +b)

where A is a transition matrix A € R%*_ b is a bias vector b € R%, and f is an
activation function. In addition to the basic formulation, we can exploit various meth-
ods to modify the layers to solve tasks more effectively. For example, if the domain
ans region of layers are same (i.e., d1 = d2), we can exploit residual connections and
batch normalizations:

LFCNN(X) = BN(f((A)X + b)) +x

where BN is a batch normalization function. In this thesis, we use fully-connected
layers whose domain and region are same, i.e., d = d1 = d2.

Using fully-connected layers, we define a whole architecture of FCNN as a compos-
ite function of different fully-connected layers:

FCNN = L{ o...0 L}

where o indicates function composition and 7" is a total layer size in this FCNN. We
also describe the same architecture as following:

Xi+1 = L?I(Xt)

where X is an input vector and x; is an intermediate vector in layer ¢. As this formula-
tion shown and definitions of fully-connected layers, only a fixed-dimensional vector
is acceptable for FCNNs. This restriction is a crucial obstacle to deal with natural
languages because we encounter variable length sequences naturally.

2.4.2 Recurrent Neural Networks

A recurrent neural network (RNN) is an architecture of neural network which allows
us to deal with variable length sequences. In this section, we introduce a basic RNN
model mapping a sequence of vectors to a new sequce of vectors. Let X = [x1,,x,,| be
a sequence of vectors and X, ; be a sub-sequence [x;, , x;| € X. Using these notations,
a layer in our recurrent neural network is defined as follows:

LR(X> = [Xllwxl]

n

X§+1 = LF(X§> Xit1)
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where Lp(x},x;41) is a transition function Lp(X},X;+1) = f(1X} +2 x;41 + b) and x|,
is a model parameter vector. Because this function does not depend on the sequence
lengths, many studies in natural language processing exploit recurrent neural networks
to deal with long sequences such as whole sentences. Popular extension of recurrent
neural networks are long short-term memory [38], bidirectional recurrent neural net-
works [100], and gated recurrent units [14].

2.4.3 Convolutional Neural Networks

A convolutional neural network (CNN) [58, 25] is a neural network architecture
used in various domains including computer vision [102], speech signal processing
[85], and natural language processing [26]. Due to the usefulness, many extension and
modification to X have been proposed to resolve domain specific aims. Especially, we
focus on CNNs mapping a sequence of vectors to a new sequence of vectors in this
thesis.

A function called convolution or filter plays an important role in the CNN archi-
tecture. Let X = [x3,,x,] be a sequence of vectors and X;; be a sub-sequence
x;,,x;] € X. For a given sequence of vectors X, we introduce a convolution layer
composed of 2k matrices as follows:

k
Le(Xiogivk) = F() AjXiyj+ D) (2.9)
j=—k

where f is an activation function and k& is window size, and A; and b are same as fully-
connected neural networks, i.e., A € R™? and b € R% Applying this convolution
to the whole vector sequence X = [xy,,X,], we obtain outputs X' = [x],,x/| where
X, = Lc(Xi_g.i+x). Note that out of range embedding vectors such as x_; and x,,; are
model parameters. We can view this function works as convolution in the functional
analysis due to the analogy between Eq. (2.9) and convolution on two functions f and
g, (fx9)(t) = [° f()g(t — 7)dr.

A whole structure of our CNNs is a composite function of filter functions:
CNN = L{o...0L¢{

where L% maps a sequence of vectors X € R?*" to a new sequence of vectors X' €
R?*", As one of the properties of convolution layers, the CNN architecture does not de-
pend on the length n and then allows us to deal with variable length inputs. This prop-
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erty is beneficial for natural language processing because variable length sequences
such as sentences appear naturally.

From the viewpoint of n-gram, we can view the convolution f (Z?Z_ p AjXipj+b)
attempt to represent n-gram feature in sequences. Suppose we have a sequence of
embedding vectors X = [I, like, fruits, including, apples] and obtain a new se-
quence of vectors X applying a convolution L{ with & = 1. The X’ contains vec-
tors of trigram in the text [l, like, fruits, such, as, apples|, e.g., I, like, fruits where
I,like, fruits = f(A_1I + Aplike + A fruits). We can view first convolution
L¢{ aims to capture trigram information and stacked convolutions aim to capture high-
order semantics in given texts. In addition, the convolution layers have a characteristic
point called shift invariance: sub-phrases have same meanings themselves even if they
are contained in any texts viewed from natural language processing. This characteris-
tic follows our intuition when we understand meanings of texts from words to whole
texts.

2.5 Attention Mechanism

2.5.1 Softmax Function

Softmax function [79, 32, 128] is a categorical distribution which describes distri-
bution over one-hot representation of k-possible discrete elements. Various multi-class
classification tasks use the softmax function, e.g., to predict words for generating se-
quences. For a given input vector x and a vector set © = {6}, the probability to
predict the random variable (or the label) £ is defined as

softmax(f | x,0) = exp(Ok, x)

A
z = Y eapltsx)

0,€0

where ;. and 6; represent to corresponding random variable £ and [ respectively. We
call © as output vectors. To predict labels with high accuracies, the x need to con-
tain information about objects we want to classify and the 6, should represent general
concepts of the label &.

To generate words using neural networks, softmax function plays a crucial role pre-
dicting new words. Especially, we exploit output vectors to represent words we want
to predict. Note that this vector set works as a lookup table in vanilla softmax function,
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due to the same reason we have limited number of embedding vectors in continuous
representation. The difference between embedding vectors and output vectors comes
from their work. Embedding vectors aim to represent words computationally and work
as vectors depicted arrows. In contrast, output vectors aim to represent regions we want
to assign corresponds labels. The regions of output vectors depend on other output
vectors because we need to compare the outcomes to decide the maximum outcome in
softmax function.

2.5.2 Attention Mechanism

Attention mechanism [71, 126, 113] is a function calculating a vector x4 from a
vector set X' = {x;}" depending on a query q € R%. We can describe the function as
follows:

attention(X',q) = Zaxx

exp fa(X, q)
legx eXp foz(xlv q)

ayx =

where f, is a function calculating relatedness between vectors in X and the query
vector 11, ie., f, : R? x R? — R. There are two kinds of f,, additive function
(0,,%x) + (6,,q) and multiplicative function (x,q). The additive function is used in
work, and the multiplicative function is also used in various work. We can view atten-
tion mechanism is a weighted sum of the given vector set X’ using softmax function to
calculate the weight.

Attention mechanism is a kind of pooling function P which maps a set of vectors
to a vector, i.e., P : oR? _s R4, In addition to attention mechanism, there are three
pooling functions, defined as

Prax(X)[i] = max x[i]

1<k<n

1 n
Paverage(X) :ﬁ Z X
i=1

where x[i] indicates the i-th value in the vector x. Note that attention mechanism is a
parametrized average function because the differences between the two functions come
from how to calculate weight. These pooling functions are useful in natural language
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processing because standard loss functions including softmax function require the in-
put is represented as a fixed-dimensional vector x € R?. To handle different length
sequences, we apply pooling functions to map a vector set to a vector and then use
fully-connected neural networks for the output of pooling functions.

Amongst the pooling functions, attention mechanism has an important characteris-
tic point: we can select required information on demands. For example, we want to
classify whether the given relation triplet (apple, is-a, fruit) is correct or not, using the
given text [I, like, fruits, such, as, apples]. In the text, the sub-sequence [fruits, such, as,
apples] helps to classify the triplet is correct, but [l, like, fruits] is not. Thus, for the
classification, we want to focus on the former sub-sequence and ignore the latter one.
Attention mechanism can implement this intuition by weighting corresponding em-
bedding vectors.

Recently, a variant of attention mechanism, called multi-dimensional attention (MDA),
has been proposed in the work [101]. Although domain of the MDA is a vector set, we
also describe the multi-dimensional attention using query vectors q as follows:

attention,,,;;;(X,q) = Z ox OX

exp fa,k(X7 q)
> xrex &P far(X', Q)

where oy € R¢ and fa 18 a score function specialized to the index k. Note that we

axlk] =

can describe max function as following equation:

. expTw
max = lim E
o0 £~ Zz rex €Xp T

where z; € Rand X = {z;};,. If the score function is f,x(x,q) = 7x[k], the

attention,,,,;;; can approximate max pooling function, thus,

Prax(X) = lim attention,,,;;; (X, q).

T—00

In addition, if the score function is f, x(x, q) = 0, MDA become average pooling func-
tion because all weights are % These observations implies that MDA 1is a parametrized
max pooling function and average pooling function.

2.5.3 Pointing Mechanism

Generating sequences of words using softmax function suffers from the problem of
out-of-vocabulary (OOV) words: there is no corresponding output vectors representing
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OOV words.

Pointing mechanism [117, 37, 31] or copying mechanism aims to overcome the
problem by calculating output vectors from related texts on the fly. For example, neural
machine translation models face the situation source sentences contain rare words such
as person’s name and locations. Using vanilla softmax function described in Eq. (2.10),
we cannot generate the rare words whose output vectors do not exist. Pointing mecha-
nism take an approach to calculate word representation vectors using source sentences
to represent the rare words.

For example, we have a source sentence text = [Jobs, founds, apple,.] and a se-
quence of vectors X = [UNK, founds, apple, .]. Note that there is no embedding
vector of Jobs and the word is mapped to UNK representing OOV words. Here, we
apply CNNs to X and obtain a new sequence of vectors X' = [wy, wy, w3, wy, | where
w does not represent OOV words any more. Pointing mechanism treats this represen-
tation w as the original word Jobs substitutively.

For a text text and a sequence of vectors W generated from the text, we can
formulate this pointing mechanism as following:

0
softmax () | X, 0 UWiext) = %Zk’@
Z= Y el
eieguwtext

where 0, € © U W,y represents corresponding words. Although all word vectors
Wext are used in this formulation, we can exploit word vectors of OOV words only.
This approach inspires us to develop word representations based on the distributional
hypothesis thoroughly: calculate representation vector of a word using surrounding
context of the word.
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Chapter 3

Entity Classification

3.1 Introduction

In recent years, continuous word representation models (e.g., [74, 88]) have proved
their effectiveness in many natural language applications.

These models associate words with vectors in a continuous space. The vectors are
trained on a corpus, but once the training is over, they are fixed. Using fixed vectors
makes dealing with polysemy difficult in downstream applications. For a polysemous
word, all its senses might be stored in the learned vector, but this is an optimistic
expectation as the training procedure is not designed to take the presence of multiple
senses into account. Moreover, even if all the necessary information is indeed present
in the vector, a question remains as to how an appropriate sense can be extracted from
the vector when a specific context of the word is given at runtime.

To address the problem of polysemy, some of the recent word representation models
[95, 82, 41] learn multiple “prototype” vectors for a word. The idea is to have each
prototype vector represent one of the senses the word carries. However, vectors are
fixed after training as in single-vector word representation models. These models thus
only partially solve the problem of polysemy, because they still do not provide a way to
disambiguate a word according to a given context. Determining the number of senses
(or prototype vectors) a word also poses a problem.

Another problem with fixed representations (including both single- and multiple-
vector representations) is how to deal with out-of-vocabulary (OOV) words, which do
not occur in the training corpus but are encountered at runtime. Because they are not
known at the time of training, their representation vectors are missing. The problem is
how to obtain representations for these words.
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Figure 3.1: Scheme of Bag-of-Contexts representation

Several researchers have tackled the problem of OOV words in representation learn-
ing (e.g., [31, 30]; see also Section 3.2). Their methods calculate word representations
from the context given at runtime. Another conceivable way is to retrieve relevant con-
texts of the OOV words from external resources on the fly. Using multiple contexts
should bolster more accurate representations to be learned, but the previous methods
assume a single context given at runtime, and do not provide a way to handle multiple
contexts. To utilize contexts collected on the fly, the system must also cope with noise,
because the collection might include the usage of the words that are irrelevant to the
way they are used in the runtime context. This could be a problem especially when the
words are polysemous.

To summarize, we observe two issues with existing word representation models: (i)
The sense of a word is determined by a given context at runtime, but this aspect is
not considered in the existing models. (ii) These models are unable to sift relevant
representation out of multiple, possibly noisy, contexts observed/collected at runtime.

On the basis of these observations, we propose a word representation architecture
called “Bag-of-Contexts” (BoC). We call it an architecture as opposed to representa-
tion because the proposal consists of not only multiple representations (BoC repre-
sentations) but also a neural network (aggregating network) to adapt them to run-time
task or context. It also involves training another neural network (embedding network)
to convert raw context into a representation vector, to deal with OOV words. These
networks and BoC representation are illustrated in Figure 3.1 and 3.2 schematically.
Contexts of a target word are collected from a corpus, and each is converted to a vec-
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Figure 3.2: Disambiguatation scheme by Bag-of-Contexts representation

tor (context vector). This conversion is done by a neural network (which is trained
alongside the context vectors), and it can be retained for later use to compute vectors
for OOV words. The set of converted vectors constitutes a representation of the target
word (BoC representation). When a query (i.e., a vector representing the runtime con-
text/task) is given, an attention mechanism distills a suitable representation from the
BoC representation.

To be more precise, BoC representations are generated in two steps: collecting con-
texts containing a word from corpora, and generating a vector for each collected con-
text using the embedding network. The set of these vectors makes the representation
of the word. Because a vector is associated with a context, there is no need to strictly
determine the number of prototypes or senses; one only needs to collect a sufficient
number of exemplar contexts to cover all the senses of a word. Multiple vectors as-
sociated with a word facilitate dynamic calculation of the representation for word in
context. Specifically, this calculation is based on a neural attention mechanism [70]
in the aggregating network: the runtime context or task that determines the sense of a
word is represented as a vector (“query vector”), and on the basis of this vector, the
aggregating network extracts relevant information or a sense from the multiple-vectors
associated with a word.

For evaluation of the BoC architecture, a new dataset for an entity classification task
is created and made publicly available (Section 3.4). Using this dataset, we show the
effectiveness of the proposed model in Section 3.5.
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3.2 Related work

We review past efforts on modeling polysemy, word sense disambiguation, and han-
dling of OOV words in continuous word representation models. Work on weakly su-
pervised learning is also explained as it bears similarity to our proposed architecture.

Modeling Polysemy Although studies on polysemy have a long history [19], we
focus here on work that models polysemous senses by word representations.

The prototype-based approach [95, 3] addresses polysemous senses by representing
typical senses of a word by multiple vectors called prototypes. This approach was fur-
ther combined with a skip-gram model [82], a topic model [68], and other extensions
[110, 41]. Its iterative application was proposed in [119]. There exists work [115, 3]
that models senses as multivariate Gaussian distributions. Although these models use
multiple vectors to represent a word, they are fixed after training; they do not address
how to determine the sense that a word represents in a given context.

Another approach to polysemy is the exemplar-based approach, which is similar
to our proposed method in that individual contexts of a word are kept without being
merged into a smaller number of prototypes or predetermined senses. However, this
approach was not well explored, because “[i]ndividual exemplars can be quite noisy
and the model can incur high computational overhead” [95]. Moreover, work in this
approach [112, 23, 94, 93] represented each context as “co-occurrence in context,” not
by vectors in continuous space. We can interpret our proposal as an exemplar-based
model that exploits an attention mechanism to mitigate noisy collections, and recent
progress in GPGPU to overcome high computational cost.

Word Sense Disambiguation Word sense disambiguation (WSD) is a long-studied
field in natural language processing [61]. Earlier work on WSD represented words
not as continuous vectors but as co-occurrence vectors [6, 27] or by a topic model
[63, 120].

Following the recent successful results of neural network models in other areas,
several researchers [130, 56, 92] have proposed WSD models that utilize continuous
vectors. For example, [92] proposed recurrent neural network models and [13] used
knowledge bases to tackle how to represent polysemous senses and disambiguate the
polysemy at the same time.
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Handling Out-of-Vocabulary Words In continuous word representation models,
representation vectors need to be trained. If words are unavailable at the time of
training, their representations are non-existent when they appear in downstream ap-
plications. This problem of out-of-vocabulary (OOV) words can be addressed in two
ways: (1) using character-level information, and (ii) using sentences containing the
OOV words. For the latter, the context can be either provided at runtime (if the task is
WSD or similar tasks), or collecting contexts from an external corpus in an on-demand
manner. In this thesis, we take the latter approach (but note that two are not mutually
exclusive).

Models that explore sentences that contain target words have been proposed for
question answering [37] and for general problems which demand to select one compo-
nent of input sequence at each time step [117]. The same or similar idea has been used
in various domains: machine translation [31], language models [30, 73], machine read-
ing [55, 49], and question answering [37, 59, 111]. The idea shared in these models is
to calculate word representations from additional texts such as source texts in machine
translation and paragraphs related to answers in question answering. This procedure
allows us to calculate representation vectors of OOV words. However, these methods
do not provide how to deal with many contexts containing target words. Work in lan-
guage modeling [30, 73] can deal with multiple occurrences of a word, but the score
of the word is defined merely as the sum of the scores of individual occurrences.

Weak/Distant Supervision Distant supervision [16, 77] is a strategy to leverage
large unlabeled corpora for relation extraction. Given a pair of entities, sentences (or
passages) that jointly mention two entities are collected from a corpus. Although some
(or most) of these sentences are likely to be irrelevant or merely noise, the assump-
tion is that if a certain relation holds between two entities, it should be described in
at least one of the collected sentences. Research in distant supervision includes treat-
ing collected sentences as an instance of multi-instance learning [10, 106], mitigating
noisiness [108, 97], and extending distant supervision itself [90, 2, 34].

Weak supervision [39, 57, 43] is a broad term that covers various attempts to lever-
age large unlabeled corpora for relation extraction [16, 77, 106]. Along this line of
research, work in image processing explores “weakly labeled” image data in the sense
that each image is labeled with (possibly multiple) objects pictured in the image, but
the exact segment of the labeled objects is not provided [114, 86, 91]. In our proposed
architecture, the contexts for a (polysemous) word are collected, but the sense of the
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Figure 3.3: Illustration of embedding networks and aggregating networks used in experiments.

word in each context is not provided. It thus can be regarded as a form of learning
from weakly labeled examples.

3.3 The Bag-of-Context Architecture

In this section, we illustrte the proposed BoC architecture in figure 3.3. The BoC
architecture consists of two neural networks, embedding network and aggregating net-
work. The embedding network converts each input context of a word to a “context”
vector. The collection of the produced context vectors for a word is then regarded
as its representation (BoC word representation). At runtime, the aggregating network
takes two inputs, a “query” and the BoC representation of a word, and outputs a sin-
gle vector that represents a suitable meaning of the word according to the query. The
query is a vector representation of runtime context or task, which is not necessarily
the same type of objects produced by the embedding network. Indeed, in the entity
classification experiment in Section 3.5, we use (the vector encoding of) an entity type
(location, person, etc.) as the query, which is a distinct object from the context vectors.
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3.3.1 Embedding Networks

The embedding network computes the vector representations {c; }; of input contexts
{ci}i,c = [wy,wa,,,w,].

Suppose ¢ consists of n words. First, each word w; (j = 1,...,n) in c is con-
verted to a word embedding w;. Notice that this word embedding is different from
the BoC representation of the target word that we are trying to compute; word embed-
dings {w;} are the representation of words occurring in input contexts, and they are
used only inside the embedding network to compute a context vector. They are ini-
tialized randomly and trained alongside the embedding network and the aggregating
network. We call these embeddings base embeddings. Using base embeddings, we
map a context to a list of vectors as

base embed : [wy, wa, ,, wW,] — [W1, Wa,,, W,] (3.1)

where [wy,ws,,,w,]| is a context explained above and W = [wy, wy,,, w,,] is a list
of mapped vectors. Although this mapping deals with OOV words as unknown word,
a list of mapped vectors contains useful information composed of words contained in
the vocabulary of base embeddings.

The embedding network can be further broken down into three neural network mod-
ules, as shown in Figure 3.3a. Firstly, we apply convolutional neural networks (1)
explained in Section 2.4.3 to a list of vectors X generated from a context c:

CNN: X — X' (3.2)

where the CNN consists of convolution layers which calculate a output vector x; as
f (2;71 A;x;1; + b). This mapping aims to capture semantic information in the
input context. Secondly, we convert a list of vectors X = [x1,Xa,, , X,,] to a vector x’
using average pooling function (2) i.e., X' = % >, x;. Finally, the output of average
pooling function goes through fully-connected neural networks (3). After each of the
contexts for a target word is converted to a context vector by the embedding network,
we treat the resulting set of context vectors as the BoC representation of the target
word.

Note that various neural network models can be used for individual modules in this
architecture. For example, an elementwise max function can be used in place of the

average pooling function. We explain the details of our architecture in Section 3.5.
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3.3.2 Aggregating Networks

For a polysemous word, it is the surrounding context, not the word alone, that deter-
mines the sense of the word. For example, we know that the word Washington is used
as a person if it is preceded by “Jefferson met.” The aggregating network in our model
is designed to carry out this process, and extracts suitable information from the bag of
context vectors of a word.

The aggregating network takes two types of inputs: a BoC representation (of a target
word), and a “query” vector representing runtime context/task. We call the surrounding
context given at runtime query to clarify distinction from the context vectors in BoC
representations. The aggregating network, after receiving a BoC representation and a
query vector, outputs a single fixed-dimensional vector. The idea here is to train this
network (and the embedding network as well) in a way that it can filter/distill from a
collection of vectors (in the input BoC representation) a aggregated representation of
the word that matches the runtime context/task represented by the query vector.

To this end, we use a neural attention mechanism [70]. Let {c;}’_, be the BoC
representation of a word, consisting of b context vectors, and let q be a query vector.
We assume context vectors c; and query vector q have the same dimensionality. Using
the query vectors, the attention mechanism calculates a vector by x, = Z?:o ;C;,
where «; = exp(c;,q)/ Z?’:o exp(c;,q). As depicted in Figure 3.3b, the vector x,
is further processed by a fully-connected NN to produce the final output vector of the
aggregating network, which we call the aggregated vector of the word with respect to
query q.

Conversion to a aggregated vector, which is a vector of a fixed dimension, absorbs
the difference in the number of context vectors in the BoC representations; note that
words may have a different number of contexts in their BoC representations. A fixed-
dimension vector also makes it easier to apply standard classifiers, such as logistic
regression, in the downstream application.

3.4 Entity Classification Task
3.4.1 Task Settings

Entity classification is an information extraction task introduced in [67] and studied
in [81, 127]. In this task, given an entity e and a type ¢, the system is required to
classify whether entity e has type ¢ or not, e.g., entity Washington has type location
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Table 3.1: Statistic of the FRAGMENT datasets containing three different sizes: small, middle,
and large.

Small Middle Large

#texts 998,526 5,000,825 24,994,619
avg 13.2 479 185.3
#train 234,863 325,797 351,583
#dev 13,345 18,538 20,000

fitest 13,314 18,576 20,000

or not. This is a task of multi-label binary classification; i.e., each entity may have
multiple types. For example, entity Metropolitan Museum has five types including
building and organization according to the FIGER entity classification dataset [67].

If we regard types as senses, the entity classification becomes a task well suited
for evaluating how well word representation models can handle polysemy. It has two
characteristics that makes it further suitable for evaluating word representation models.
First, the classification of entity is expected to be solved by collecting contexts. Sec-
ond, this task essentially demands classification of OOV words (entities), i.e., words
that do not appear in the training data; in entity classification, the set of test entities that
must be classified are disjoint from the set of words that occur in the training data. To
classify OOV words, the contexts in which they occur are also provided (or collected
from the corpus on the fly) at test time. These characteristics make the task suitable
for evaluating our approach.

In this thesis, we use a plain text corpus to collect contexts of words. Previous work
on entity classification is tightly coupled with a specific corpus or data resource, e.g.,
calculating an entity representation from the Wikipedia article for the entity [81], or
exploiting the entity description in knowledge bases [125]. Although these resources
are valuable, depending on them limits the applicability; if an entity does not have a
Wikipedia article or if it is not present in a knowledge base, these methods are not
applicable. We thus opt to use a plain textual corpus to collect contextual passages for
words/entities.

29



Table 3.2: Comparison with baselines.

Method MicroF1 MacroF1 Perfect

Baseli BoW 74.7 59.6 43.1
aselin®  Avg WE  70.6 497 39.6
Max agg 81.1 57.0 55.5

Proposal avg agg 81.5 53.2 55.6
attention 88.8 76.0 70.1

3.4.2 Datasets for Entity Classification

Entity classification needs two resources, type database and text corpus. The type
database provides gold entity-type pairs, and the text corpus provides the textual con-
texts of the entities. For the type database, there exist publicly available databases such
as FIGER [67] and FIGMENT [127]. However, to the best of our knowledge, the tex-
tual corpora to be used with them are not standardized, which makes the comparison of
entity classification systems/word representation models difficult on the same ground.

To improve the situation, we release a new free and open dataset called FRAG-
MENT. FRAGMENT contains not only a type database but also a collection of the
textual contexts for entities. It provides three collections of different scales, small,
middle, and large. The construction of FRAGMENT is described in Supplemen-
tary Material, and the statistics of the dataset are shown in Table 3.1. #fexts and
avg indicate numbers of texts and averaged numbers of texts per entities, and #train,
#dev, #test indicate numbers of entities contained in. It can be downloaded from
http://url.hidden.for.blind.review.net.

3.5 Experiments

Using the FRAGMENT dataset, we evaluate our proposed BoC architecture in entity
classification.

3.5.1 Task Setting and Baseline

As explained in Section 3.4, previous methods for entity classification are tightly
coupled with certain types of resources. The two previous work [81] and [125] as-
sumes the existence of Wikipedia pages or descriptive sentences for entities in Free-
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base. Since the main goal of our experiment is the evaluation of word/entity repre-
sentations, we exclude these methods whose focus is to exploit existing resources and
improve task performance. Moreover, it is not clear how to deal with cases when
entities lack Wikipedia article or are not in Freebase.

As for word representation models, prototype-based models and existing models
that handles out-of-vocabulary words mentioned in Section 3.2 are not applicable for
entity classification, either; The former cannot handle OOV words because prototype
vectors are fixed after training, and the latter cannot deal with multiple vectors.

Thus, we use two simple models as our baseline: Bag-of-Words (BoW) and averaged
word embeddings (avg WE). The BoW model calculates feature vectors composed of
frequencies of words appearing in contexts. The avgWE model represents an entity as
an averaged vector of base embeddings in contexts. In this experiment, we use the top
10, 000 most frequency words for both BoW and avg WE, and 100 dimension size in
avg WE.

3.5.2 Our Model

Architecture and Optimizations We use a neural network model shown in Fig-
ure 3.3 and described in Section 3.3. In the embedding network, we use a 5-layer
convolutional neural network (CNN) in the first layers and a 3-layer fully-connected
neural network (FCNN) in the second layers. In the aggregating network, we use a
3-layer FCNN to a aggregated vector. Every convolution and fully-connected network
uses batch-normalization [45], ReLLU activation function [28], and residual connection
[36]. CNN in the word-level module has 1 stride filters mapping (3, dim) — (dim) in
each layer. The dimension of all the vectors (depicted by circles in Figure 3.3) is fixed
at 100. We train a base embedding for each of the 10, 000 words that has the highest
frequency in the large-scale corpus, and one special embedding to represent all the
remaining lower frequency words. To optimize all models in our experiments, we use
Adam [53] with learning rate 0.001 and total training epoch 50. We also evaluate two
variants of our model, using elementwise max-pooling and average-pooling in place
of attention in the aggregating network

Sampling Contexts and Window Sizes In the FRAGMENT dataset we use for ex-

periment, some words have a large number of contexts, and some of the contexts are
quite long. Due to computational limitations, we reduce the number of contexts for a
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Figure 3.4: Relations between F1 scores of types and numbers of entities having the types.

word (bag size) by sampling. We also trim all contexts within a window size around
the target words. We set the bag size and the window size randomly at the time of
training. Let U(a, b) denote a discrete uniform distribution over {a, a+1, ..., b}. We
sample the bag size from ¢/(10,30) and the window size from ¢/(10, 20) in training,
but fix the bag size to 100 and the window size to 20 in test. If the randomly selected
bag size exceeds the number of contexts available, we use all the contexts. Likewise,
if the sampled window size exceeds the length of a context, the entire context is used.

Result and Error Analysis The results are shown in Table 3.2. The figures below
Perfect indicate the percentage of entities for which all gold types are classified cor-
rectly. Bold and underlined figures are respectively the best and second best scores for
each evaluation. The evaluation metric Perfect indicates the percentage of entities that
received perfect prediction; i.e., all the types an entity has are correctly identified. This
metric has been used in previous work on entity classification. Our model using atten-
tion outperforms all other models considerably. Max and average models show better
scores than the baselines but perform poorer than the proposed model using attention.

Let us analyze the relations between F1 score for individual types and the number of
entities having the types. In the scatter plot of Figure 3.4, each point represents a type,
with y-axis representing the F1 value for the type, and z-axis representing the number
of entities having the type. The figure shows a tendency that the F1 value increases
with the number entities that have the type. For example, the type livingthing-animal
appears in 287 entities, and has a 15.3 F1 value. In contrast, the type person appears
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in 133, 797 entities and its F1 is 98.3.

We also analyze the prediction accuracy in terms of the number of types an en-
tity has. The result is shown in Figure 3.5. Minimum, maximum and averaged type
numbers are 1, 7, and 1.9 in this dataset. In the FRAGMENT dataset, the minimum
number of types an entity has is 1 and the maximum is 7. As the figure shows, micro
F1 and macro F1 scores remain high even for entities with a large number of types.
The “perfect” index drops with the number of types, but this is expected because per-
fect prediction (for all types an entity has) becomes more difficult with the increased
number of types.

3.5.3 Construction of Bag-of-Contexts

In this section, we investigate how properties of Bag-of-Contexts affect model per-
formance. In particular, we carry out two experiments with focusing on the number of
contexts in the dataset, window size and bag size.

Number of Contexts in Datasets

Using datasets with different sizes, we evaluate how the number of contexts con-
tained in the datasets affects model performance. The results are shown in Table 3.3.
The avg contexts indicates the averaged number of contexts per entity. The table clearly
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Table 3.3: Comparison among datasets of different scales.

Datasets MicroF1 MacroF1 Perfect Avg contexts

Small 79.3 59.2 53.4 13.2
Middle 85.1 68.6 63.4 479
Large 88.7 73.9 69.9 185.3

shows that increasing the number of contexts improves the model performances. These
results are favorable for applications because collecting contexts is relatively easy com-
pared with retraining.

Window Size and Bag Size

Using the middle-scale dataset, we now examine how the window size and the bag
size affect the performance of the model. The setting is as follows: In training time, a
total of nine different combinations of window and bag sizes are tried. To be precise,
we vary the window size sampled from U (5, k) among k € {5, 10,20}, combined with
the bag size sampled from ¢/(5, m) with m € {5,10,20}. In Table 3.4, the maximum
value of the sampling domain (k and m in the above formulas) are shown in the window
and bag columns. During testing, we fixed the window size to the & value above used
for sampling the window sizes in training. The bag size for test examples is set to 100
regardless of the parameter used in training.

All results are shown in Table 3.4. We see that increasing the window size im-
proves the classification scores. The improvement is greater when the window sizes is
increased from 5 and 10 than from 10 to 20, which is expected as the relevant informa-
tion must be in the vicinity of the target word. In contrast to the window size, the bag
size does not affect the model performance.

3.6 Construction of FRAGMENT datasets

In this appendix, we explain how to create the FRAGMENT datasets. Our FRAG-
MENT datasets use two large-scale open datasets in natural language processing, Wikipedia
https://dumps.wikimedia.org/ and Freebase https://developers.google.com/freebase/, for
textual and type resources respectively.
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Table 3.4: Comparison between different window sizes and bag sizes. Each value indicates
maximum values of window size or bag size in training time.

window bag MicroF1 MacroF1 Perfect

5 5 81.7 61.9 57.4
5 10 814 62.0 57.1
5 20 80.9 60.4 55.3
10 5 84.4 68.4 62.3
10 10 84.5 65.0 61.6
10 20 84.8 66.9 61.7
20 5 85.6 67.8 64.3
20 10 85.2 66.2 62.4
20 20 85.4 67.9 64.0

3.6.1 Creating textual resources

we extract texts composed of natural languages from raw Wikipedia structured as
HTML. We use scripts provided from MIT media-lab http://medialab.di.unipi.it/wiki/
Wikipedia_Extractor in this procedure.

We annotate entities in extracted texts using DBpedia-Spotlight https://github.com/
dbpedia-spotlight/dbpedia-spotlight. Parameters of DBpedia-SpotLight are “confi-
dence”: 0.5 and “support”:10. Because each entity is labeled as DOI in this anno-
tations, we collect alignment from DOI to MID, which used in Freebase. In particular,
we exloit sites http://dbpedia.org/property/example containing corresponding MID of
DOI example. We discard annotations if the correspondences are not found. We apply
Spcay https://spacy.io/ to segemente the extracted texts and filter out the texts contain
broken annotations.

3.6.2 Combining Type Resources

As type resources, we use knowledge relations contained in Freebase. Fortunately,
previous work provide several type resourcees derived from Freebase, FIGER https:
//github.com/xiaoling/figer in [67] and FIGMENT https://github.com/yyaghoobzadeh/
figment in [127]. In particular, we exploit type resources in FIGMENT dataset com-
posed of four type resources, train, dev, test, and non-obj. We merge all entity-type
pairs in the files in a file and then filter out entities not contained in the textural re-
sources and texts in textual resource not containing any entity. After the filtering, we
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split the selected entities into train, dev, and test randomly. In particular, dev and test
contain 20, 000 entities and train contains remains entities.

3.6.3 Small, Middle, and Large Scale Datasets

We call the dataset explained above as large-scale dataset. In addition, we also create
small and middle-scale datasets sampled from the large-scale dataset. In particular, we
randomly choose a one-fifth part of texts in the large dataset for middle datasets and a
one-fifth part of texts in the middle dataset for small datasets. Because this sampling
reduces texts, we filter out entities not contained in sampled texts again.

3.7 Conclusion

In this chapter, we have proposed an exemplar-based word representation called
“Bag-of-Contexts” (BoC). At training time, each context of a word collected from a
corpus is converted to a vector, and they are collectively used as a representation (BoC
representation) of the word. When a word is given for testing in a specific context,
relevant information is distilled from the BoC vectors of the word through the atten-
tion mechanism. This approach provides a natural way of dealing with polysemy and
out-of-vocabulary words. We have verified the effectiveness of the proposed model
in the task of entity classification, which is essentially the task of classifying out-of-
vocabulary words.
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Chapter 4

Knowledge Base Completion

4.1 Introduction

Knowledge bases such as WordNet [76] and Freebase [7] are used for many ap-
plications including information extraction, question answering, and text understand-
ing. These knowledge bases can be viewed as a set of relation triplets, i.e., triplets
of the form (h,r,t) with an entity h called the head entity, a relation r, and an entity
t called the tail entity [8, 83]. Some examples of relation triplets are (Philip-K.-Dick,
write, Do-Androids-Dream-of-Electric-Sheep?) and (Do-Androids-Dream-of-Electric-
Sheep?, is-a, Science-fiction). Although a knowledge base contains millions of such
triplets, it is known to suffer from incompleteness [84]. Knowledge base completion
(KBC) thus aims to predict the information missing in knowledge bases.

In recent years, embedding-based KBC models have been successfully applied to
large-scale knowledge bases [8, 83, 33]. These models build the distributed represen-
tations (or, vector embeddings) of entities and relations observed in the training data
to predict missing relation triplets. This continuous valued representation allows us
to deal with information we cannot represent as discrete variables [46, 124], and use
various vector operations over the embeddings [33, 83]. Although continuous valued
representation has these benefits, it is known to suffer from several problems.

In this thesis, we address the out-of-knowledge-base (OOKB) entity problem in
embedding-based KBC. To keep the value of knowledge bases, we need to update
knowledge bases by adding not only lacked triplets about known entities but also
triplets about new entities not stored in the current knowledge bases. We call the newly
encountered entities as OOKB entities. The problem we address arises when OOKB
entities occur in the triplets that are given to the system affer training. As these entities
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Figure 4.1: Illustration of OOKB entity problem.

were unknown to the system at training time, the system does not have their embed-
dings, and hence does not have a means to predict the relations for these entities. The
OOKB entity problem thus asks how to perform KBC involving such OOKB entities.
To solve KBC with OOKB entities, we need to calculate representation vectors of the
OOKB entities.

Previous work for the OOKB entity problem takes an approach using texts to calcu-
late representation vectors. For example, the work [121, 24] uses corpus related with
OOKB entities such as Wikipedia, and the work [125] uses description about entities
contained in Freebase to obtain representation vectors of related OOKB entities. Al-
though this approach is benefitical, the textual resources have limitations to solve the
OOKB entity problem; standard corpora do not contain any entity including highly
specialized entities, and descriptions in knowledge bases are costly and unavailable
for new-born entities. For these reason, we tackle the OOKB entity problem without
textual resources.

We explain concrete problem setting using figure 4.1 illustrating an example of KBC
with OOKB entity schematically. Suppose we find an OOKB entity “Blade-Runner”
and want to complete relation triplets about this entity. For example, we want to answer
the question, (Blade-Runner, is-a, Science-fiction), i.e., whether (3) the green dashed
arrow in the figure should be drawn. To estimate answer of this question, we assume a
new auxiliary triplet (1) depicted as a red double arrow is given in test time. This triplet
is (Blade-Runner, based-on, Do-Androids-Dream-of-Electric-Sheep ?), which connect
the OOKB entity Blade-Runner and the entity Do-Androids-Dream-of-Electric-Sheep?
stored in the knowledge graph (shown as the shaded box). The task is to tell whether
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any other relations hold between Blade Runner and the entities in the knowledge graph,
by using (1) the new triplet and (2) the existing triplet, depicted by a black arrow.
Previous work cannot answer the question about OOKB entities in this setting, because
there is no textual resources.

To solve the OOKB entity problem, we apply graph neural networks (GNNs) [99,
64] to a knowledge graph, which is a graph obtained by regarding entities as nodes and
triplets as edges. A GNN is a neural network architecture defined on a graph structure
and composed of two models called the propagation model and output model. The
propagation model manages how information propagates between nodes in the graph.
In the propagation model, we first obtain the embedding vectors of the neighborhood
of a given node (entity) e and then convert these vectors into a representation vector of
e using a pooling function such as the average. In other words, each node is embedded
as a vector in continuous space, which is also used to calculate the vectors of the
neighborhood nodes. This mechanism enables the vector for an OOKB entity to be
composed from its neighborhood vectors at test time. The output model defines the
task-oriented objective function over node vectors. This allows us to use an existing
embedding-based KBC model as the output model. In this thesis, we use TransE [8]
as the output model, but we can adopt other embedding-based KBC methods.

Our main contributions can be summarized as follows:

e We propose a new formulation of the problem of OOKB entities in KBC.
e We propose a GNN suitable for the KBC task with OOKB entities.

e We verify the effectiveness of our models in both the standard and the “OOKB”
entity settings.

4.2 Related work

Recently embedding based models are widely studied in knowledge base comple-
tion. For example, TransE [8] train embedding vectors of head entity v, relation v,.,
and tail entity v, to hold the equation v, +v, = v, for the correct triplet (h, r, t). There
are various embedding based models such as restricting embedding space to capture
relations [122], representing relations as matrices [65], using kernel methods [123],
and combining generative method [124], and so on.

There are few work tackling OOKB entity problem. The work [121, 125, 24]
uses language models including skip-gram to train word representation vectors we
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encounter as OOKB entities potentially. The work [125] exploits descriptions about
entities contained in Freebase to calculate representation vectors dynamically. Note
that the common approach of these work is to use textual resources for OOKB entities.

4.3 Knowledge Base Completion with Out-of-Knowledge-
Base Entity

4.3.1 Knowledge Graph

Let £ be a set of entities and R be a set of relations. Define the fact, or relation
triplet, to be a triplet of form (h,r,t) where h,t € £ andr € R.

Let Goola C € X R x € be the set of gold facts, i.e., the set of all relation triplets that
hold for pairs of entities in £ and relations in R. If a triplet is in G4, We say it is a
positive triplet; otherwise, it is a negative triplet. The goal of knowledge completion
is to identify Gyoq, Wwhen only its proper subset, or an “incomplete” knowledge base,
G C Gyoua is accessible.

A knowledge base G is often called knowledge graph because each triplet in G can
be regarded as a (labeled) edge in a graph; i.e., the entities in a triplet correspond to
the end nodes and the relation gives the label of the edge.

4.3.2 KBC: Triplet Classification

Triplet classification is a typical KBC task introduced by [103] ! and has since been
a standard benchmark for KBC methods [122, 46, 123, 129, 83].

In this task, existing knowledge base G is assumed to be incomplete, in the sense
that some of triplets that must be present in G are missing; i.e., G # Gyola-

Let H = (€ x R x £)\G be the set of triplets not present in G. Because G is
incomplete, two cases are possible for each triplet x € H; either x is a positive triplet
(i.e., * € Ggoa), OF x is a negative triple (i.e., © & Ggoa). For the former case, x is
not in G only because of the incompleteness, and the knowledge base must be updated
to contain x. We thus encounter the problem of determining which of the above two
possible cases each triplet not present in G falls into. This problem is called triplet
classification.

'A similar task had been around for general graphs under the name of link prediction.
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Figure 4.2: Illustration of standard KBC (left) and KBC with OOKB entity (right).

Viewed as a machine learning problem, triplet classification is a classifier induction
task in which £ and R are given, and knowledge base G forms the training set (with
only positive examples), with H being the test set. The set H can be divided into the
set of positive test examples H M Goo1a = ngld\g and the set of negative test examples
H\Geold-

In the standard triplet classification, £ and R are limited to the entities and relations
that appear in G. Thatis, £ = £(G) and R = R(G), where £(G) = {h | (h,r,t) €
Gru{t| (h,r,t) € G}and R(G) = {r | (h,7,t) € G} denote the entities and relations
appearing in G, respectively.

4.3.3 OOKB entity problem without texts

We now introduce a new task in KBC involving OOKB entities. As we explained
in Section 4.1, we want to solve knolwedge base completion involving OOKB entities
without texts. This setting is a kind of triplet classification, because we do not use
textual resources. The differences between standard KBC and our KBC is existance
of new entities and related auxiliary knowledge. We clarify the difference bewteen
standard KBC setting and KBC with OOKB entities using figure 4.2a and figure 4.2b
respectively. We explain problem setting below using each images.

In addition to the knowledge base G observed at training time, we assume new
triplets G,ux are given at test time. The G and triplets we want to classify in test time
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are depicted as black arrows and green dashed arrows respectively in the both of fig-
ure 4.2a and figure 4.2b. G, contains new entities Eooxs = &(Gaux)\E(G), but no
new relations are involved R(G.x) € R(G). We call new entities Eookp as out-of-
knowledge-base entity (OOKB entity) and G, as auxiliary triplets. In the figure 4.2b,
OOKB entities are depicted as black circles not contained in the kwoledge base shown
as the shaded box. It is assumed that every triplet in G,,, contains exactly one OOKB
entity from Epokp and one entity from £(G); that is, the additional triplets G,,x repre-
sent edges bridging £(G) and ook in the combined knowledge graph G U G,ux. In the
figure 4.2b, G,.x is depicted as double red arrows connecting Eooxp and known entity
Q).

In this setting, £ = £(G) U ook # £(F), and the task is to correctly identify miss-
ing relation triplets that involve the OOKB entities Egoxg. Because the embeddings
for these entities are missing, they must be computed from those for entities in G. In
other words, we want to design a model by which the information we already have in
G can be transferred to OOKB entities Eookp, With the help of the added knowledge
Gaux- This requirement for calculating representation vectors on demand is the differ-
ence between standard KBC and KBC with OOKB entity, although available datum in
training time are same in both settings.

4.4 Proposed Model
4.4.1 GNNs

Graph neural networks (GNNs) are neural networks defined on a graph structure.
We use GNNs proposed in [99, 64], which consists of the propagation model and the
output model. Although there exist GNNs based on convolution operation [20], we
use GNNs composed of two models because convolution based GNNs cannot deal
with large scale graph such as knowledge bases.

To solve OOKB entity problem, we need to calculate representation vectors of
OOKB entities and inference using the obtained vectors. The motivation to use GNNs
composed of two models is the propagation model and the output model are applicable
for the calculation and the inference respectively. In particular, the propagation model
allows us to calculate representation vectors of an entity only using representation vec-
tors of neighborhood entities. Based on the calculated representation vectors, the out-
put model aims to calculate score values to classify whether given triplets are correct
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or not. To the best of our knowledge, there is no work applying the GNNs to knowl-
edge base completion task with OOKB entities. Thus, we need to investigate how to
use and/or modify the GNNs. As explained below, we propose GNNs composed of
generalized propagation model and modified output model to solve knowledge base
completion more effectively.

4.4.2 Propagation Model on a Knowledge Graph

Let G be a knowledge graph, ¢ € £(G) be an entity, and v, € R? be the d-
dimensional representation vector of e. Li et al. define the propagation model by
the following equation [64]:

Z Thead(vh; h77°, 6) + Zﬂail(vt;evra t)a (41)
(h,T,e)Ethad(e) (evTvt)eMail(e)

where head neighborhood Me,q and tail neighborhood Ny are Npeaa(e) = {(h, r, €) |
(h,r,e) € G} and Na(e) = {(e,r,t) | (e,r,t) € G} in a knowledge graph G, respec-
tively. In addition, Thead, Trai : R? X E(G) X R(G) x £(G) — R? are called transition

functions [64] and used to transform the vector of a neighbor node for its incorporation
in the current vector v, depending on the property of the edge between them.
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We generalize the propagation function using the following pooling function P:

Shead(e) = {Thead(Vh; h,r, 6) | (h»73 6) € Nh(e)}a 4.2)
Suit(€) = {Tan(vese,m,t) | (e,r,t) € Ni(e)}, 4.3)
Ve = P(Shead(€) U Suil(e)), 4.4)

Here, Sheaa(€) contains the representation vectors of neighborhood Me.q(€), and Sy (€)
contains those for Ny, (e). The difference between Eq. (4.1) and ours (Egs. (4.2)—(4.4))
is the use of the pooling function in place of the summation. The candidates for func-
tions Tiead, 1iai1, and P are described below.

Transition Function The aim of transition function 7" (including both T}, and Ti,;)
is to modify the vector of a neighbor node to reflect the relations between the current
node and the neighbor. The examples of the transition function are listed here:

T(v) =, (identity)
T(v) = tanh(Av), (single tanh layer)
T(v) = ReLU(Av), (single ReLU layer)

where A € R4 is a matrix of model parameters and tanh and ReLLU are elementwise
hyperbolic tangent and rectified linear unit functions. In addition, we can use other
neural network techniques, such as batch-normalization [45], residual connection [36],
and long short term memory [64].

We can also make the transition function dependent on the relation between the
current node (entity) and the neighbor, such as in the following:

Thead (Vh; h> T, 6) = tanh(A}(lZ?S,e)vh)7

Tait(Vise,r,t) = taunh(At(ail \Vi).

e,rt

Note that the parameter matrices are now defined individually for each combination of
node e, the current neighbors (A or t), and the relation r between them.
In the experiments of Section 4.7 and 4.6, we use the following transition functions:

Thead(vh; h? Ty 6) = R‘eLU(BN(AEeath»? (45)
7—wtail(vt; e, t) = ReLU(BN<A:dﬂvt))7 (46)

where BN indicates batch normalization [45].
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Pooling Function Pooling function P is a function that maps a set of vectors to a
vector, i.e., P : 28 — Re Its objective is to extract shared aspects from a set of
vectors. For S = {x; € R4}Y,, some simple pooling functions are as follows:

N
P(S) = Z X, (sum pooling)
=1
| XN
P(S) = N Z Xi, (average pooling)
i=1
P(S) = max({x;}Y)), (max pooling)

where max is the elementwise max function. Sum pooling was used in [99, 64]; see
also Eq. (4.1).

Stacking and Unrolling Graph Neural Networks As explained above, the propa-
gation models decide how to propagate information from a node to its neighborhood.
Applying this propagation model repeatedly, we can broadcast information of a node
to farther nodes, i.e., each node can receive further information. Broadcasting can be
implemented in one of two ways: stacking or unrolling.

The unrolled GNN is discussed in [99, 64]. In the unrolled GNN, the propagation
model uses the same model parameters in every propagation. The propagation proce-
dures are the same as described in Eqs. (4.2)—(4.4).

The stacked GNN is constructed in a similar manner to the well-known stacking
technique [116]. In particular, the propagation process in the stacked GNN uses differ-
ent model parameters depending on time step n. The transition function at each time
step n, indicated by superscript n, is as follows.

Ve, ifn =20,
e (n—1) (n—1) .
P(Si.q ' (e)US, (e)), otherwise,

tail
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where

where Th(;;)d and Téﬁ) are transition functions depending on head/tail and time.

4.4.3 Output Model: Score and Objective Functions

We use a TransE-based objective function as the output model. TransE [8] is one of
the basic embedding-based models for KBC, and we use it for its simplicity and ease
of training. Notice however that our architecture is not limited to TransE, and adopting
other embedding-based models for the output model is equally straightforward.

Below, we explain the score function of TransE and its commonly used pairwise-
margin objective functions. We then describe the modified objective function we used
in our experiments, called the absolute-margin objective.

Score Function The (implausibility) score function f evaluates the implausibility
of a triplet (h,r,t); smaller scores indicate that the triplet is more likely to hold. In
TransE, the score function is defined by

f(hyr ) = [lvi + v = vi| 4.7

where v, v,., and v; are the embedding vectors of the head, relation, and tail, respec-
tively. This score function states that for a positive triplet (h, r, ¢), the sum of the head
and relation vectors v;, + v, must be close to the tail vector v, i.e., v, + Vv, ~ v;. This
score function is modified and extended in [122, 65, 46, 124]. As mentioned earlier,
all these models can be used as our output model.

Relative-Margin Objective Function The objective (loss) function defines the quan-

tity to be minimized through optimization. The following relative-margin objective
function is commonly used with KBC methods including TransE [8, 124]:

N
L= Z 74 f(hiyris ti) — f(hg, i, )], (4.8)
=1
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Table 4.1: Specifications of the triplet classification datasets.

WordNetl1l Freebasel3

Relations 11 13
Entities 38,696 75,043
Training triplets 112,581 316,232
Validation triplets 5,218 11,816
Test triplets 21,088 47,466

where [z] is the hinge function [z], = max(0,z) and scalar 7 € R is a threshold
(called margin), with (h;,r;,t;) denoting a positive triplet and (h}, r;, t;) denoting a
negative triplet. This objective function requires score f(h},;,t;) to be greater than
score f(h;,7;,t;) by at least 7. If the difference is smaller than 7, then the optimization
changes the parameters to meet the requirement. In contrast, if the difference is greater
than 7, the parameters are not updated.

The relative-margin objective thus pays attention to the difference in scores between
positive-negative triplet pairs.

Absolute-Margin Objective Function Instead of the relative-margin objective, in
this thesis, we employ the following objective function, which we call the absolute-
margin objective.

N
L= fhiyrists) +[r = fhi,ras )] (4.9)

i=1
where 7 is a hyperparameter, again called the margin. This objective function considers
positive and negative triplets separately in the first and the second terms, not jointly as
in the relative-margin objective. The scores for the positive triplets will be optimized
towards zero, whereas the scores of the negative triplets are going to be at least 7. This
objective function not only is easy to optimize, but also obtained good results in our

preliminary experiments. We thus used this objective function for the experiments in
Section 4.7 and 4.6.
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Table 4.2: Result of the standard KBC experiment (without OOKB entities). The figures rep-
resent accuracy.

Method WordNetll Freebasel3
NTN [103] 70.4 87.1
TransE [8] 75.9 81.5
TransH [122] 78.8 83.3
TransR [65] 85.9 82.5
TransD [46] 86.4 89.1
TransE-COMP [33] 80.3 87.6
TranSparse [47] 86.8 88.2
ManifoldE [123] 87.5 87.3
TransG [124] 87.4 87.3
IppTransD [129] 86.2 88.6
TransE-NMM [83] 86.8 88.6
NMM [83] 86.8 88.6
Proposed method 87.8 81.6

4.5 Implementation, Hyperparameters, and Datasets

4.5.1 Implementation and Optimization

We implemented our models using the neural network library Chainer (http://chainer.
org/). The code and dataset are available at https://github.com/takuo-h/GNN-for-OOKB.
All networks were trained by stochastic gradient descent with backpropagation; specif-
ically, we used the Adam optimization method [53]. The step size of Adam was
a1 /(g - k + 1.0), where k indicates the number of epochs performed, o; = 0.01,
and ap = 0.0001. The mini-batch size was 5,000 and the number of training epochs
was 300 in every experiment. Moreover, the dimension of the embedding space was
200 1n the standard triplet classification and 100 in other settings.

4.5.2 Architecture

In the preliminary experiments, we tried several activation functions and pooling
functions, and found the following hyperparameter settings on account of both compu-
tational time and performance. We used Egs. (4.5)—(4.6) as transision functions in both
the standard and OOKB settings. As the pooling function, we used the max pooling
function in the standard triplet classification, and tried three pooling functions, max,
sum, average, in the OOKB setting. The results of the preliminary experiments were
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reflected in our selection of the absolute-margin objective function over the relative-
margin objective function as well as the margin value 7 = 300 in the absolute-margin
objective function (Eq. (4.9)). The absolute-margin objective function converged faster
than the relative-margin objective function. Because the task is a binary classification
of triplets into positive (i.e., the relations that must be present in the knowledge base)
and negative triplets (those that must not), we determined the threshold value for output
scores between these classes using the validation data.

4.5.3 Datasets

We used WordNetl1 and Freebasel3 [103] for evaluation. The data files were down-
loaded from http://cs.stanford.edu/people/danqi/. These datasets are subsets of two
popular knowledge graphs, WordNet [76] and Freebase [7]. The specifications on
these datasets are shown in Table 4.1. Half of the validation and test sets are negative
triplets, and these are included in the numbers of validation triplets and test triplets.
Detailed procedures to construct these datasets are explained in Section 4.8.

4.5.4 Construction for Corrupted Triplets

Both datasets contain training, validation, and test sets. The validation and test sets
include positive and negative triplets. In contrast, the training set does not contain
negative triplets. As usual with the case in which negative triplets are not available,
corrupted triplets are generated from positive triplets are used as a substitute for nega-
tive triplets. From a positive triplet (h, r,t) in knowledge base G, a corrupted triplet is
generated by substituting a random entity sampled from £(G) for h or t. Specifically,
to generate corrupted triplets, we used the “Bernoulli” trick, a technique also used in
[122, 65, 46, 47].

4.5.5 Sampling Neighborhoods

To deal with the limited available computational resources (e.g., GPU memory), we
sampled the neighbor entities randomly when an entity has too many of them. Indeed,
there were some entities that appeared in a large number of the triplets, and thus had
many neighbors; when the neighborhood size exceeded 64, we randomly chose 64
entities from the neighbors.
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Table 4.3: Results of the OOKB experiment: accuracy of the simple baseline and proposed
models.

Head Tail Both
Method P 1,000 3,000 5,000 1,000 3,000 5,000 1,000 3,000 5,000

sum 54.6 525 520 537 53.0 528 540 527 532
Baseline max 58.1 563 564 552 542 553 568 568 564
avg 630 602 61.1 638 639 630 653 639 648

sum 702 626 596 646 565 550 595 552 542
Proposed max 803 754 727 748 631 587 68.0 595 56.5
avg 873 843 833 840 752 692 830 733 682

4.6 OOKB Entity Experiments without Texts

Datasets As we explained in Section 4.1, we tackle KBC tasks with OOKB enti-
ties and without texts. Although we can exploit various datasets for standard KBC,
there is no dataset for this KBC setting. Therefore we processed the WordNetl1 and
WordNet11 datasets to construct several datasets for our OOKB entity experiment. In
total, nine datasets were constructed with different numbers and positions of OOKB
entities sampled from the test set. Although detailed procedures are described in Sec-
tion 4.8, we explain aims of these datasets. Firstly, we address three different settings
of numbers of OOKB entities, 1,000, 3,000, and 5, 000. to investigate how the num-
bers of OOKB entities effects model performance. Secondly, we change locations of
OOKB entities in triplets. Error analysis in standard KBC implies that head entity
and tail entity do not have same properties. For example, head entity and tail entity
must be a parson and a nation in nationality relation. To investigate how these dif-
ferences effects model performance, we address three different settings, Head, Tail,
and Both, in which OOKB entities are selected in head entities, tail entities, and both
of entities. Finally, we construct nine different datasets. The details of the gener-
ated OOKB datasets are shown in Table 4.8. We denote each of the nine datasets by
{Head, Tail, Both}-{ 1,000, 3,000, 5,000}, respectively, where the first part represents
the position of OOKB entities and the second part represents the number of triplets
used for generating the OOKB entities

Baselines and Proposal We explain baselines and proposal in this experiment. We

use TransE as baselines to train representation vectors in training time. Proposals are
same in standard KBC tasks basically. As below, we explain how to use the baselines
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Table 4.4: Detailed accuracies and statistics in the results of WordNet11.

Relation Accuracy Total Number #N),, #MN,;
member_holonym 95.3 9146 1.98 1.02
member_meronym 94.8 9146 1.02  1.97

part_of 91.5 6600 1.14 2.3
subordinate _instance_of 91.3 37178 1.20 6.96
has_part 90.6 6139 229 1.11
domain_region 87.1 4227 12.11 1.03
synset_domain_topic 86.7 3976 1.03  11.7
has_instance 84.5 36178 3.56  1.16

type_of 84.1 30556 1.09 3.25

domain_topic 80.2 1099 8.14 1.05
similar_to 71.8 1659 142 138

Table 4.5: Detailed accuracies and statistics in the results of Freebasel3.

Relation Accuracy Total Number #AMN;,  #MN;

gender 84.0 59,423 1.00  29711.5
nationality 82.2 47,581 1.06  255.81
profession 81.6 45,931 1.38  100.95
religion 80.7 8,112 1.11 75.81
ethnicity 76.5 4,698 1.10  22.37
cause_of_death 75.3 10,816 1.15 63.62
institution 74.6 15,566 1.26  21.44

and proposals in training and evaluation times.

1. Training Representation Vectors

As baselines, we train representation vectors using standard TransE, i.e., rep-
resent entities using corresponding representation vectors themselves. In con-
trast, we calculate representation vectors of entities using transision functions
Egs. (4.5)—(4.6) and pooling functions. Note that the calculation does not use
corresponding representation vectors, although we can provide corresponding
vectors for the entities. The differences between baselines and proposals come
from whether corresponding vectors are used to represent entities.

. Calculating Representation Vectors of OOKB entities

In KBC with OOKB entities, we recieve auxiliary knowledge connecting known
entities and OOKB entities in test time. We exploit the auxiliary knowledge
to calculate representations of OOKB entities in both of baselines and propos-
als. The differences appear in how to calculate representations. Baselines apply
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Table 4.6: Accuracy of stacked and unrolled GNNSs.

Depth  Stacking Unrolling

1 87.8 87.8
2 87.5 87.2
3 87.1 86.7
4 87.0 87.0

pooling functions to representation vectors of neighborhood directly. In contrast,
proposals exploit pooling functions after applied transision functions Eqgs. (4.5)—
(4.6).

Let Aux(e) be auxiliary knowledge of an entity e containing triplets AuXpeaq(€) =
{(W,7',e)} and Auxp(e) = {(e, 7', 1)}, i.e., Aux(e) = AuXpeaa(€) U Auxe(e).
If average function is used as pooling function, we can describe calculations of
the baseline and the proposal as follows:

( Z Vi + Z Vt’)

(h',r",e) EAuXpead(€) (e,r’ t") € Auxpyi(e)

( Z Thead (Vh’; h/a ,,,,/7 6)

(h!,r",e) EAuXpead (€)

Z Tt (Vs e, ', 1))

(e,r’,t’)EAuxmﬂ(e)

baseline : v, =

proposal : v, =

Sl— 3=

+

where n is a number of triplets in auxiliary knowledge n = #Aux(e).

Result Using the nine datasets generated from WordNet11, we verified the effective-
ness of our proposed model.

We used the following simple method as the baseline in this experiment. Given an
OOKB entity u, we first obtained the embedding vectors of the neighborhood (de-
termined by the triplets in the auxiliary knowledge) using TransE, and then converted
these vectors into the representation vector of » using a pooling function: sum, max, or
average. Note that because all the neighborhood entities of u are in the training knowl-
edge base, their vectors can be computed using standard KBC methods. We followed
the original paper [8] of TransE for the hyperparameter and other settings.

The results are shown in Table 4.3. Bold and underlined figures are respectively the
best and second best scores for each dataset. The column labeled “pooling” indicates
which pooling function was used. As the table shows, our model outperforms the
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baselines considerably. In particular, GNN with average pooling outperforms the other
methods on all datasets. GNN with max pooling also shows good accuracy, but in
several settings, such as Tail-3000, it was outperformed by the baseline model with
average pooling.

In additon to WordNetl1, we also carried out experiments using Freebasel13. The
Freebase13 is generated from Freebase which is an other standard knowledge base in
KBC tasks. The results are show in Table 4.7. Following the results in WordNet11
experiments, we used average function as pooling functions only in both baseline and
proposal. As the table shows, our model outperforms the baselines in Head and Both
settings. However, our molde does not show better results than basesline’s results in
Tail.

4.7 Standard Triplet Classification

Aims, Results, and Error Analysis In this section, we carried out standard knowl-
edge base completion in which OOKB entities appear. The experiments aim to inves-
tigate the different results between WordNetl1 and Freebasel3 in OOKB entity ex-
periments. The results are shown in Table 4.2. Except for the proposed method, they
are obtained from the respective papers. Bold and underlined figures are the best and
second best scores for each dataset, respectively. Our model showed state-of-the-art
performance on the WordNet11 dataset. On the Freebasel3 dataset, it did not perform
as well as the state-of-the-art KBC methods, although it was slightly better than TransE
on which our model was built on.

To analyse these results in detail, we show accuracies, total number of triplets con-
taining the relations, and averaged numbers of head entities and tail entities the re-
lations have. The Table 4.4 shows numbers of WordNetl1 and the Table 4.5 shows
numbers of Freebasel3. In these tables, #N; and #N; indicates averaged numbers
of entities e containd in triplets (h,r,e) and (e, r,t) respectively, for a given relation
r. We can find out Wordnetl1 contains symmetric relations such as part-of and it has-
part basically. These relations allow us to propagate information transductively, and
to achieve high accuracies. On the other hand, Freebasel3 are quite different from
WordNetl1 from the viewpoint of knowledge graphs. For example, relations (e.g.,
cause-of-death) are hard to infer and relations (e.g., gender) have quite unbalanced
appearances of head and tail entities in the Freebas13. This observation implies that
these relations make propagations difficult and then we cannot improve predictions in
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Table 4.7: Results of KBC with OOKB entitis using Freebasel3.

Head Tail Both

Methods Pooling 1,000 3,000 5,000 1,000 3,000 5,000 1,000 3,000 5,000

Baseline avg 791 756 746 624 712 715 60.0 610 60.0
Proposal avg 779 768 759 690 668 633 708 67.7 65.1

Freebasel3.

Effects of Iterative Propagation Stacking and unrolling are important techniques
because they enable us to broadcast node information to distant nodes. In this experi-
ment, we illustrate the effect of stacking and unrolling in the standard triplet classifi-
cation task. The dataset is WordNet1 1, used for standard triplet classification.

Table 4.6 shows the performance of the stacked and unrolled GNNs. The parameter
“depth” indicates how many times the propagation model is iteratively applied. Note
that when depth = 1, the two models reduce to the vanilla GNN, for which the result
was 87.8%, as also shown in Table 4.2. These results imply that the stacking and
unrolling techniques do not improve performance. We believe this is because of the
power of the embedding models, i.e., we can embed information about distant nodes
into a continuous space.

4.8 Creating Datasets

We processed the WordNetl1 dataset to construct several datasets for our OOKB
entity experiment.

In total, nine datasets were constructed with different numbers and positions of
OOKB entities sampled from the test set. The process consists of two steps: choosing
OOKB entities and filtering and splitting triplets.

1. Choosing OOKB entities. To choose the OOKB entities, we first selected N =
1,000, 3,000, and 5, 000 triplets from the WordNet11 test file.

For each of these three sets, we chose the initial candidates for the OOKB entities
(denoted by 7) in three different ways (thereby yielding nine datasets in total);
these settings are called Head, Tail, and Both. In the Head setting, all head
entities in the NV triplets are regarded as candidate OOKB entities. The Tail
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setting is similar, but with the tail entities regarded as candidates. In the Both
setting, all entities appearing as either a head or tail are the candidates.

The final OOKB entities are the entities ¢ € Z that appear in a triplet (e, r, e)
or (¢/,r,e) in the WordNetl1 training set, with ¢’ ¢ Z. Note that the entities
h,t ¢ 7 are contained in the knowledge bases we already have and not in the
OOKSB entities. This last process filters out candidate OOKB entities that do not
have any connection with the training entities.

2. Filtering and splitting triplets. Using the selected OOKB entities, the original
training dataset was split into the training dataset and the auxiliary datasets for
the OOKB entity problem. That is, triplets that did not contain the OOKB en-
tities were placed in the OOKB training set, and triplets containing one OOKB
entity and one non-OOKB entity were placed in the auxiliary set. Triplets that
contained two OOKB entities were discarded.

For the test triplets, we used the same first NV triplets in the WordNet11 test file
that we used in Step 1, with the exception that the triplets that did not contain any
OOKB entities were removed. For the validation triplets, we simply removed the
triplets containing OOKB entities from the WordNet11 validation set.

The details of the generated OOKB datasets are shown in Table 4.8. We denote each
of the nine datasets by {Head, Tail, Both}-{1,000, 3,000, 5,000}, respectively, where
the first part represents the position of OOKB entities and the second part represents
the number of triplets used for generating the OOKB entities.

4.9 Conclusion

In this thesis, we proposed a new KBC task in which entities unobserved at training
time are involved. For this task, we proposed a Graph-NN tailored to KBC with OOKB
entities. We conducted two triplet classification tasks to verify the effectiveness of our
proposed model. In the OOKB entity problem, our model outperformed the baselines
considerably. Our model also showed state-of-the-art performance on WordNetl1 in
the standard KBC setting.
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Table 4.8: Number of entities and triplets in the the OOKB datasets.

Head
1,000 3,000 5,000

Training triplets 108,197 99,963 92,309
Validation triplets 4,613 4,184 3,845

OOKSB entities 348 1,034 1,744
Test triplets 994 2969 4,919

Auxiliary entities 2474 6,791 10,784
Auxiliary triplets 4,352 12,376 19,625

Tail
1,000 3,000 5,000

Training triplets 96,968 78,763 67,774
Validation triplets 3,999 3,122 2,601

OOKB entities 942 2,627 4,011
Test triplets 986 2,880 4,603

Auxiliary entities 8,191 16,193 20,345
Auxiliary triplets 15,277 31,770 40,584

Both
1,000 3,000 5,000

Training triplets 93,364 71,097 57,601
Validation triplets 3,799 2,759 2,166

OOKB entities 1,238 3,319 4,963
Test triplets 960 2,708 4,196

Auxiliary entities 9,809 19,218 23,792
Auxiliary triplets 18,638 38,285 48,425
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Chapter 5

Conclusion

In this thesis, we have proposed a general word representation based on the dis-
tributional hypothesis. This representation consists of two functions, association and
embedding. To represent a word, the association function collects objects related to the
word, and the embedding function converts the objects into continuous-valued vectors.
Using these functions, our representation calculates word representations from asso-
ciated objects on the fly. Our representation allows us to handle two difficult types
of words: out-of-vocabulary words and polysemous words. Previous word representa-
tions face problems arisen from the words, i.e., the problem of out-of-vocabulary words
whose embedding vectors are not trained and polysemous words whose senses are hard
to capture using a fixed number of vectors. The underlying cause of these problems is
representing words as embedding vectors directly. This direct representation requires
pre-trained embedding vectors to represent words and loses rich information contained
in polysemous words. To overcome these problems, our representation calculates word
representations from associated objects dynamically. The representation depending on
associated objects is a general solution to handle out-of-vocabulary words and polyse-
mous words. For example, previous work addressing the problem of out-of-vocabulary
words exploit characters and subwords of the words as features of word representa-
tions. We can view these work takes an approach deal with characters and subwords
as associated objects. To represent polysemous words, the exemplar-based approach
exploiting usages of a word has been proposed. In this approach, associated objects
are collections of usages.

Using our representation, we addressed two information extraction tasks: (i) entity
classification and (ii) knowledge base completion. In the former task, the objects as-
sociated with words are their contexts in large corpora, and in the latter, they are the



neighborhood relations and entities (words) in a knowledge graph. To tackle the entity
classification, we exploited contexts in Wikipedia as associated objects, i.e., represent
an entity using a vector set generated from the contexts. This work aims not only
to solve entity classification, but also to evaluate how word representations based on
our framework can model polysemy based on contextual approach. Our model out-
performed baselines significantly. Thus, our framework can model polysemous words,
even if the words are out-of-vocabulary. To tackle the knowledge base completion task,
we exploited neighborhoods of entities in knowledge graphs as associated objects. This
work aimed not only to complete knowledge bases but also to deal with OOKB enti-
ties without texts based on relational approach. The relational approach allows us to
calculate low-frequency words, specifically, technical terms. The experimental results
have shown the effectiveness of our proposed model in the OOKB setting. Addition-
ally, in the standard KBC setting in which OOKB entities are not involved, our model
achieved state-of-the-art performance on the WordNet dataset. Word representations
are the foundation of natural language processing. At the same time, they can be the
foundation of information extraction. This fact points out a future direction of our
representation, which describes natural language processing and information extrac-
tion seamlessly. For example, our representation can be applied to question answering
tasks. Assume that a given question is a text and a candidate of answers are repre-
sented as a collection of contexts. Our representation implies that a question can be
regarded as an associated object of a correct answer because the question characterizes
the answer sufficiently. Therefore, our representation allows us to rephrase question
answering tasks as classification tasks: which vector sets a vector should be contained
in, where the vector sets and the vector represent answers and a question respectively.
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