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Abstract

This study deals with the exploration of different Neural Learning frameworks in Natu-
ral Language Processing and Information Retrieval. Distributed neural language model
Word2Vec has been reported to provide elegant word embedding as they capture semantic
and syntactic information. Recent studies have also shown that such feature embedding cou-
pled with various Neural Network models have been able to set new benchmarks in various
problems of text processing. The aim of this research is to study different neural models
and the word embedding framework and explore about their effectiveness and limitations in
different challenges in text processing. Three problems have been explored in this study are
(i)Learning document embedding from word embedding and analyzing it’s effectiveness in
document classification (ii) Automatic query expansion using neural word embedding (iii)
Biomedical information extraction for Cancer Genetics. Effective use of neural framework for
learning document representation for document classification is challenging as existing tech-
niques performs remarkably well and also, the extension from word embedding model is not
straightforward. Our study has found that learning such document embedding doesn’t yield
to any advantage in document classification when compared with naive Term Frequency-
Inverse Document Frequency embedding. Semantically related term can be obtained by
finding the most similar terms to the query terms using word embedding. In the second
problem, Query expansion using such semantically K- nearest neighbor term in the vocabu-
lary do help in improving the result over the baseline retrieval using language model. But it
is found that, query expansion for ad-hoc retrieval requires terms to be occurring with high
frequency in the relevant documents along with query terms, in addition to terms which
are semantically related. But query expansion using word embedding fails to include terms
which co-occurs with high frequency anywhere in the relevant document as Word2Vec model
measures co-occurrence in a limited context window. Our third problem, Biomedical infor-
mation extraction essentially requires identification of events and finding relation among
events and entities. It is found that word embedding is extremely useful in biomedical rela-
tion extraction. Also neural architecture like Convolutions neural network provide superior
result in event identification. We propose a parser architecture for biomedical document
concerning cancer genetics, using neural architecture and word vector as feature. The parser

outperforms the state of the art results.
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Chapter 1

Introduction

1.1 Motivation

The fundamental challenge in any text processing is feature representation of terms and
documents. The traditional representation of terms in form of embedding includes one-hot
encoding, or frequency encoding techniques which were sparse representation. None of these
techniques were able to capture the semantic and contextual information of the corpus in
the embedding. The recent advancement in learning improved word embedding using dis-
tributed, unsupervised and neural framework has managed to overcome this difficulty. Such
word embedding provides an low dimensional feature vector representation which capture
lexical regularities, for terms, the fundamental unit of any NLP and IR problem. In short this
neural based word embedding provide a generic feature set, rich in semantic and contextual
information.

The Machine Learning community has witnessed a recent resurgence of Neural networks
based frameworks, proposed during the 1980s and 1990s. The main difficulty of Neural net-
works was the excessive need of computing resource and time to train complex networks. But
new advances in training methods, optimization techniques and use of GPUs has overcome
the problem to a great extent. It is for this reason neural network has emerged as a good
framework to utilize the simple feature encoded in the word embedding for various tasks.
On top of that, there are different varieties of neural network models available, each offers
a specific advantage in representing the features. For example, unlike conventional neural
network with fully connected layers, Convolutional Neural Network provides the scope of
using the property of local invariance in feature vector, which is extremely important in
Computer Vision. Similarly Recurrent Neural Network allows time series modelling, Auto
encoders provide a model for feature compression.

The ability of neural networks to learn complex hypothesis and model nonlinear hypoth-
esis, without the need of modeling complex features as input, makes them interesting in
pattern recognition. Hence it is an ideal framework which can be utilized to extract the
information encoded in neural word embedding.

These advances in learning word embedding and the availability of improved training



framework for neural network, has rekindled the need of investigation into the existing chal-

lenges in Natural Language Processing and Information Retrieval.

1.2 Scope and Background Studies

1.2.1 Neural Networks

Artificial Neural Networks has the ability to learn complex reasoning from simple feature rep-
resentation. Motivated from biological neural networks, it has gained popularity in Machine
Learning because of its simplicity in representation and flexibility in modelling. The basic
unit of neural networks are neurons which process information at input to form a output
following a nonlinear transformation by activation unit. The past few years have witnessed
an extensive research in application of neural word embedding and various neural architec-
ture in various problems of text processing. Many of this models have set new benchmarks

in well researched problem in text processing.

1.2.2 Hyper Parameters

The general hyper parameters of Neural Network are number of hidden layer, activation
function, learning rate, regularization parameter etc. There has been considerable research

on different activation functions like sigmoid, tan hyperbolic, Rectified Linear Units (ReLu).

Activation Unit

Activation function acting on the input to the neuron plays a crucial role in the weight
update process. Popular activation function which are considered over and over again in the
literature are Sigmoid, Tan Hyperbolic, ReLu, Leaky Rel.u, Maxout etc. Sigmoid function,
flx) = m is simplest, though it saturates early and stops the learning. Tan Hyper-
bolic, f(x) = 2 x sigmoid(2x) — 1 have been explored extensively and [1] it works better
than Sigmoid because the gradients are large and also less prone to saturation. Figure 1.1
! taken from , shows the activation function: ReLu, Sigmoid and Tanh.

ReLu [2], defined as f(z) = max(0,x) doesn’t saturates has become popular in the
recent years, since it has shown great success in accelerating Stochastic Gradient Descent
and has avoids expensive sigmoid operation unlike Sigmoid and Tanh. The obvious drawback
of ReLu is that, it might happen that a large gradient might be flowing through a ReLLU
neuron, which could cause the weights to update in such a way that the neuron will never
activate on any datapoint again. If this happens, then the gradient flowing through the unit
will forever be zero from that point on. Leaky Rel.u manages to overcome this difficulty
by having a small negative slope f(z) = I(x < 0)(az) + I(z > 0)z. Maxout activation
proposed by [3] generalizes the concept of ReLu and Leaky-ReLu into a single function,

f(z) = max(wix + by, wax + be).

"http://www.slideshare.net/oeuia/neural-network-as-a-function



Activation Function Examples
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Figure 1.1: ReLU, Sigmoid and Tanh activation function

where wy, by, wo, by are parameters depending on the desired saturation points.

Regularization

Neural Networks containing one or more hidden layer to learn complex features mapping
input to output, from less number of training samples, tends to suffers from the problem
of overfitting. Regularization is an important part in Neural Network Learning to counter
overfitting. Popular regularization techniques includes Ly norm and L; norm. Dropout [4] is
a recent technique introduced in neural network to circumnavigate the overfitting problem.
The dropout neural network model “drops” neurons in hidden layers with probability p
during each iteration. This leads to generation of different network architecture at each
iteration in a random manner. In a way this is similar to ensemble techniques where different
classifier are choosen at random and the overall performance is average of all the different
architecture generated at different time steps. Figure 1.2 shows the difference between neuron
in a dropout neural network model and an ordinary neural network. For a neural network
with M hidden layers works as follows. Let m € 1,..., M be the index the hidden layers

m—+1

of the network. Let y™ denote the vector of inputs into layer m, y denote the vector of

outputs from layer m and p be a random variable drawn from a Bernoulli distribution with
probability p’ then the drop out neural model is defined as:

pj* ~ Bernoulli(p') (1.1)
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Figure 1.2: Left: Neuron with dropout Right: Neuron withut dropout

gt = VT b (1.3)

Where, f(x) is the activation function and W and b are the weights and bias parameter.

Optimization and Learning rate annealing

The recent success of neural network to an extent can be attributed to the optimization
techniques that has been proposed. Stochastic Gradient Descent(SGD) as an alternative to
Batch Gradient Descent has shown it’s potential to accelerate the leaning process. Though
it is more prone to the local extrema problem, there is always a way out in such cases
by assigning a different initialization point and re-training. . SGD, updates the network
parameter W along the gradient with respect to the cost function J(W;z®;y®) for it

training sample (z®, y®).

W =W =V J(W;2@;y0) (1.4)

SGD inherently suffers from oscillation problem. So a Momentum factor p is added to 1.4
to overcome this problem. The momentum term is added by calculating the weight update
vy = pve_g — NV J(W) and updating W as W = W — v;. The learning rate 7 is crucial,
and it has been found that a high value of learning rate should be gradually decreased at
each iterations. This problem has been addressed by various annealing of the learning rate
n. Two most successful learning rate annealing algorithm are RMSprop [5] and Adam [6].
Adadelta [7] is a generalized version of RMSprop. Adadelta uses a different learning rate for
every parameter W; at every time step t. The gradient of the objective function with respect
to the parameter W; at time step ¢: Let g,; = Vi JJ(W;) The running average of E[g?]; at
time step ¢ depends on the previous and current gradient: F[¢%]; = (1—7)E[¢*]i-1 +vE[¢%]:

AWy = —ngr; and Wiy = Wy + A,W, The parameter update of the Adadelta [7] is

then defined as follows:

AW, = -1
E[g?]i+e
or AWt = _7RM%[g]t gt

But the units in this update in the numerator and the denominator do not match [7],

10



i.e. the update don’t have the same “hypothetical units” as the parameter. To realize this,
they first define another exponentially decaying average, this time not of squared gradients
but of squared parameter updates:

E[AW?]; = (1 — ) E[AW?],_1 + yAW?

RMS[AW]; = /E[AW?], + ¢ AW, is unknown quantity and it is approximated by
RMS[AW]; and the weight update equation follows:

RMS[AW],

AW, = —
Wi RMS[g),

Gt (1.5)

RMSprop is a special case of Adagrad where, v = 0.1.

Adaptive Moment Estimation (Adam) is also a learning rated annealing method pro-
posed in [6]. In addition to storing an exponentially decaying average of past squared gra-
dients like Adadelta and RMSprop, Adam also keeps an exponentially decaying average of
past gradients , similar to momentum:

my = Bimy_1 + (1 — B1)g

vr = PBovi1 4 (1 — Ba)givr

m; and v; are estimates of the mean and the variance of the gradients respectively. As
m; and v, are initialized as vectors of W's. [6] observed that they are biased towards zero,
especially during the initial time steps, and especially when the decay rates are small (i.e.
p1 and fy are close to 1).

They counteract these biases by computing bias-corrected first and second moment esti-

mates:
my = 1?%{
U = 1ftﬁ§

Then the weights W, is updated as follows:

Wt+l — Wt - \/%mt (16)

[6] propose default values of 0.9 for 5y, 0.999 for S5. Empirical results shown in [6] that Adam

works improves the learning of neural networks and can be fairly compared to other adaptive

learning-method algorithms, but in this work we observed that is it prone to overfitting even
when proper measures are in place. The Adam algorith is extremely fast in convergance

when compared to it’s other counterpart

1.2.3 Single and Multi Layered Perceptron

The most basic form of neural network is where every neuron of a particular layer are
connected to all the neurons of the previous and the next layer. In single layered perceptron
there is no hidden layer. Multi layered Perceptron (MLP) contains one of more hidden
layers. [8] [9] have proposed a joint learning based using MLP model for basic NLP tasks
like Parts of Speech-Tagging, Named Entity Recognition, Chunking, and have performed

11



very well compared to the existing benchmarks.

1.2.4 Back Propagation

For a classification problem, with the following training sequence (X,Y) = (2, yM), ... (z™) y™)),

the cost function is defined as,

1 N ; ; L n; N4 ;
JOV.0) = <= 37 [y = gl P+ 2303 S IWE s (L.7)
i=1 I=1i=1 j=1

Where, W, b are the network weights and bias. h%/),b is the hypothesis value in the output
layer, predicted by forward pass of the input pattern through the network. The cost function
depends on the deviation of the hypothesis from the actual output. The second part of the

cost fucntion is the regularization term to control overfitting. The network weights W are

updated as :
0 0 9
ij
bl = plV) — aiJ(W b) (1.9)
% [ ab(l) ) .

i

Given a training example (x,y), the input is passed through each layer to compute all
the activations throughout the network. The output value of the hypothesis hy,(x) is
calculated and an error term (551) is calculated that measures how much that node i in the ("
layer deviates from the actual value of that node. For an output layer n;, error is obtained
by the difference between the network’s activation and the true target value ™). The error
update for the hidden layer 6* based on a weighted average of the error terms of the layer that
uses az(»l) as an input. The weighting factior is w1, In detail, here is the backpropagation

algorithm [1]:

1. Perform a feedforward pass, computing the activations for layers Lo, L3, and so on up

to the output layer L,,.

2. For each output unit 7 in layer n; (the output layer), set 51-(7”) = 9 Ly — hs(z)||* =
%

—(yi —a™) - P MY Forl=my — 1,m — 2,m — 3,...,2
3. For each node ¢ in layer [, set
o) = (S wia ) )
4. Compute the desired partial derivatives, which are given as:

0
WJ(W byz,y) = ag-l)éi(lﬂ) (1.10)

ij

12
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Figure 1.3: Convolutional Neural Network for NLP

0
WJ(W, by, y) =6, (1.11)

1.2.5 Convolutional Neural Network

Convolutional Neural network is a special kind of neural network, which applies different
convolution operation on the input signal, followed by optional down sampling and a fully
connected MLP. It takes care of local invariance that might exist in the input signal, es-
pecially in case of image. As shown in the Figure 1.3, CNN essentially consist of several
Convolution-Pooling layer combination followed by fully connected layer. The weights of the
convolution layer is shared and hence CNN leads to huge reduction in network parameters
compared to MLP of same size. The pooling layer is a down sampling step, the most popular
being Max-Pooling which preserve the maximum response in a particular window.

Though it’s application in text processing is slightly unintuitive, introduction of word
embedding has removed that limitation. There has been several attempts to implement CNN
for task like sentiment analysis [10], relation classification [11], and sentence modeling [12]
[13] and classification [14] which have shown great potential. There has been also some works
on document summary generation [15] using CNN which has performed quite commendably.
Figure 1.2 2 shows the CNN model used for NLP problems. A matrix of dimension N x K
is given as input, where N is the number of terms and K is the corresponding embedding
dimension.

CNN consists of three layers 3, *:

e Convolutional Layer: Convolutional layers consist of neurons arranged in a rectan-

gular grid. The convolutional layers works across spatial domain, where the input is

2http://www.wildml.com/2015/11/understanding-convolutional-neural-networks-for-nlp/
3http://cs231n.github.io/convolutional-networks/
“http://andrew.gibiansky.com/blog/machine-learning/convolutional-neural-networks/

13



also a rectangular grid. There may be multiple such convolution filters which basically
convolves with the input. The weights of the convolutional layers generates the output
response by a weighted product with the input signal with window size equal to the

convolutional layers

Let the input consists of N x N square neuronal layer is followed by the m x m
convolutional layer W. Then size of the output response would be (N —m+1) x (N —
m + 1). The input to (i,7)" neuron of layer [, yl(” ), following the input response at

layer [ — 1 follwed by the convolution layer and activation function f is given by:

m—1m—1

i, i, i+a,j+b
gD = a8y = O3S Wamyt 37) (1.12)

a=0 b=0
where x is the pre-nonlinearity response of the [ — 1** layer. The backpropagation is
done in a similar way as described above. If J is the error cost function, then the error

is propagated from the neuronal output of (i, 7)* neuron of I'" layer, yl(” ) as a%{ = and
Yi

the weight update W, is computed as:

OWap) i=0 j=0 3xl(”) W ap) =0 j=0 axl(”) =1
(,5)
0F _ 0J oy~ _ 0T 0 iy 0T ) (1.14)
axlw) ayl(w) a%.l(w) ayl(w) awl(m) ayl(w)
m—1m—1 8$(i_a’j_b) m—1m—1 o.J
l
,J> =2 D (z P Ry 1 s Vb (1.15)
ayi a=0 b=0 01, Ay, a=0 b=0 O
. 8xl(i7a’j7b>
since, o = Wiap)

Max-Pooling: After each convolutional layer, there may be a pooling layer. The
pooling layer takes input the convolutional layer as small blocks out of the rectangular
blocks and subsamples it to produce a single output from that block. There are several
ways to do this pooling, such as taking the average or the maximum, or a learned linear
combination of the neurons in the block. But in general Max-Pooling, which assign

the output as the maximum response of each block is followed in this paper.

Fully-Connected: The “high-level reasoning” in the neural network is done via fully
connected layers. A fully connected layer is similar to MLP. It takes all neurons in the
previous layer and is connected to every neuron of the next layer. It can be visualized

as a 1 x 1 convolution operation or layer.

14



1.2.6 Word Representation

In text processing, word is usually treated as the atomic unit. Representation of word which
captures linguistic patterns and syntactic regularities have been always a potential research
challenge. The representation must also allow calculation of similarity between words with
general similarity functions. Different techniques for creating word embedding, mapping
each vocabulary entry to a R™, was introduced in Latent Semantic Analysis (LSA) [16]
and probabilistic LSA [17]. Recently [18] proposed a neural framework to learn the word
representation using a distributed and unsupervised setting. The novelty of the work is that
the concept of similarity between the words is not only confined to syntactic regularities, but
it can capture semantic as well as contextual information. For example words derived from
different inflectional forms is expected to be similar. But [18] showed that representation
learned by Word2Vec can encode linear relationship like Man = Women - Queen + King.
By using hierarchical softmax, the weight update is made faster which helps in learning
better word representation. By using negative sampling technique (as a simpler alternative
to hierarchical softmax), iterative process over the entire vocabulary for weight update for
each term in the vocabulary is avoided. The essential idea of the neural model proposed for
learning word vector is to predict a particular word by seeing the surrounding words in a
fixed window, which is essentially termed as continuous bag of word (CBOW) in [18]. The
skip gram model is just the mirror image of CBOW. The paper also proposes composition
technique to represent phrases (especially important for idiomatic phrases) by taking care
of word order. Given a window of size C, the skip gram model for the word sequence
wi,ws ... wr as described in [18]: £ 37 S oicc om0 log p(wirs|wy) The basic architecture

of skip-gram tries to learn P(w;;|w;) and expressed as the softmax probability:

exp(vl, Tvy,.)
P(wj|w;) = !
o oy exp(vl, To,)

(1.16)

The probability calculation for CBOW model will follow similarly Figure 1.4 taken from
[18] shows the network architecture for learning word representation. Based on this word
embedding framework, a series of research into neural based dependency parsing are quite

promising.

1.2.7 Document Representation

Word representation using above framework can be extended to phrases using composition
proposed in [19]. An intriguing question which arises from the above discussion on word rep-
resentation. Can it be extended to higher units like paragraph and documents [19] proposed
a neural model, Doc2Vec, which tries to achieve this goal. The main intuition is to model
paragraph or sentences and then to generalize document representation from the paragraphs.
A document or paragraphs contains a sequence of words and modeling a document essen-

tially involves encoding this word information. Earlier implementation of document vector

15
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Figure 1.4: Conitnious Bag of Word and Skip-Gram Model

essentially corresponds to listing out presence or absence of words of the vocabulary either
as binary vector or using some term weighting scheme. The sequential information of the
words is lost in such model in addition to the vector being sparse and very high dimensional.

Doc2Vec overcomes this shortcoming by learning the document representation using a
similar framework like in Word2Vec. It utilizes the word representation learnt by Word2Vec
on the corpus and then learn the document representation by a similar context window
approach. Two type of Doc2Vec model is proposed, Distributed Memory model (DM) and
Distributed Bag of words model (DBOW). The former learn the document vector by iterating
over each windows of k words (wy, ws . .. wy) in the document and to predict word w; given
(W, Wi—gs1 - .. wy) as input. The DM model memorizes the word sequence. An alternative
is DBOW model which neglects the sequential information within a particular window. The
paper also proposes a model to jointly learn both the model into a single representation.
The performance of this document vectors or paragraph vectors has outperformed existing
techniques in tasks like sentiment analysis and in paragraph similarity. Figure 1.5 taken

from [19] shows the document vector learning, similar to word vector learning.

1.3 Our Work

From the above discussion, it is quite evident that word embedding and neural network
models has shown potential in many challenging problems. Word embedding has provided a
generic feature representation, different dimension of this feature possess represents different
lexical meaning. This has motivated us in exploration of different text processing problems
in light of this term embedding and to investigate it’s effectiveness. In this study, we have
explored the effectiveness of word embedding in three problem specific to NLP and IR:
(a) A comparative study learning Neural Document Embedding from Word Embedding
for Document Classification (b) Query Expansion using Word Embedding in Information

Retrieval with improved feature (c¢) Information extraction for event detection and argument

16
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Figure 1.5: Learning Paragraph or Document Vector

extraction in Biomedical Documents This work focuses on exploration of the above three
task using various neural framework. In this thesis, we have tried to answer the following
questions: (a) Can the language model generating the word embedding extended to represent
documents 7 (b) How can the word representation be incorporated to help retrieve document
in a IR setup (c) How can the semantic and contextual information utilized in information

extraction system 7

17



Chapter 2

Learning Document Representation
from Word Representation for

Document Classification

2.1 Introduction

The problem of representation of documents in form of real vectors is one of the core com-
ponent and a central challenge in any document processing and information retrieval task.
Recently there has been extensive research on word representation using word embedding by
encoding term co-occurrences and semantics information using neural network as learning
framework [18], [20]. Such distributed language model, has the capability to learn word
representation at low dimensions.

The research pursued in this study is mainly concerned with exploring different methods
of getting the document embedding from word embedding and comparing them with respect
to the problem of 20 Newsgroups document classification. There has been some recent
reports which has extended word level embedding to document representation by learning
the document semantic structure [19] (Doc2Vec). In addition to that we would like to
compare the performance of such Word Embedding based document representation learning
framework with traditional term frequency - inverse document frequency (TF-IDF) term
weighting representation techniques.

A document is a collection of terms and for effective representation the important terms
should be used to represent the document. There has been several researches on the ways to
assign term importance which mainly involve some notion of term weighting. Weights are
assigned to terms based on term frequency [21], inverse document frequency coupled with

term frequency [22] or highlighting only the noun phrases [23].
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2.1.1 Term weighting scheme

Documents may contain large number of terms. A method for learning document embed-
ding from word embedding by Doc2Vec [19] involves learning the document vector using
a Autoencoder framework where, the document vector and vectors of the word surround-
ing a particular word is used to predict the particular word. We followed a different path
in forming the document vector. A document must be represented by the distinct terms
occurring in it which is unique to the particular document. in this study, three types of
term weighting are considered. The basic assumption is similar to TF-IDF, that is to give
higher weights to important terms. Various term weighting methods are explored and the

information obtained from Word2Vec model is added to it using vector sum composition or

TF-IDF weighting

In this scheme, the terms are weighted based on term frequency and inverse document

frequency measured over the entire corpus [22].

Noun Phrase

In this method, only the terms in noun phrases are used for composition. The basic hypoth-
esis in this case is Noun Phrases are the sole representative of a document which is often true
in many information retrieval problem [24], [23], [25]. Weights are then assigned to phrases

are chosen based on
1. TF-IDF weighting on the nouns

2. Latent Dirichlet allocation (LDA) [26] is an efficient topic modelling techniques that
can give meaningful insight to the major distinctive topics occurring in the corpora.
LDA is used to assign model 10 topics in the corpus. For each topic top k£ nouns
are chosen which represents the topic in the document under consideration. The final
document vector is constructed by applying suitable composition function on each
noun phrases corresponding to the nouns. The basic intuition behind using LDA for
document classification [27] is that LDA might be able to detect the major topics which
might be easily mapped to the different classes in this classification task. However since
the main motivation is to test the document representation derived from Word2Vec,
the LDA is constrained to model less topics than the number of classes. This essentially
makes sure that the framework is restricted to take basic clues from LDA in order to

filter important nouns and does not get a direct mapping to the class labels.

Using the above weighting techniques, terms with top N weights are taken and their
word embedding are composed using some predefined function (e.g. sum or dimensionality
reduction) to generate the document vector. This model depends mainly on term weighting

scheme and doesn’t entertain the semantic relationship in the document structure in form
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of sentences or phrases since the composition function is pre-defined. In this study, the
composition function used are mainly sum and dimensionality reduction. Vector concate-
nation though provide an elegant way to represent phrases, but increases the dimension of
the corresponding document embedding. This leads to inferior classifier performance due to
increased number of parameters that are needed to be learned. Thus we give more preference
to composition function which generates the document representation at lower dimension.
The main idea in Doc2Vec method [19] is to learn the composition function for word embed-
ding from the document in a sequential or distributed fashion. This method preserves the

semantic relationship. The main goals of this paper are:

1. To explore how to form the document embedding using word embedding representation
with a predefined, linear (vector sum) composition function and various term weighting

schemes.

2. To find out the performance of such document embedding for document classification
and compare with existing document embedding techniques and traditional TF-IDF

weighting scheme.

2.1.2 Dataset description

All the experiments were done on the 20 Newsgroups! dataset. This dataset contains 11314
training examples and 7532 test examples. The task is to classify each document into
one of 20 classes. Each document in the dataset mainly consists of three sub regions :
Keywords, Subject and Context. The Keywords and Subjects are short snippets of text
while the Context consists of a large volume of text. Only 1341 documents (training and
test included) contain keywords however subject is present in every document. The main
challenge of document representation in 20 Newsgroups data set is efficient representation
of the context. The short snippets in keywords and subject can be easily represented as sum

of word vectors of the words occurring in them.

2.2 Feature sets for document representation

In this section, we will introduce the various feature sets that were explored for the task of
document classification in 20 Newsgroups dataset. Before forming different feature sets, we

removed all the stop words present in the documents using NLTK toolkit [28].

2.2.1 Retraining Word Vectors

We obtained 300-dimensional word vectors® trained on GoogleNews corpus. Then these

word vectors were retrained on 20 Newsgroups dataset. Retraining is done by initially

"http://qwone.com/~jason/20Newsgroups/
2GoogleNews-vectors-negative300.bin.gz
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assigning random vectors to the words which didn’t have vectors because they are specific
to 20 Newsgroups corpus and either don’t occur or occur with low frequency in Google
News. Words which already have an entry in GoogleNews word vector model vocabulary
are initialized with their corresponding vectors. With this initial parameter setting of the
Autoencoder model described in [18], the network is trained with terms in the 20 Newsgroups
corpus as described in [18]. The parameters for retraining the Word2Vec are essentially kept

same as reported in [18] for GoogleNews dataset.

2.2.2 Feature Representation from Word Embeddings

Subject and Keywords play a crucial role for document classification in 20 Newsgroups
dataset as was mentioned in [29] where the authors assigned ten times more weight to words
present in subject and keywords than to words present in context. Therefore all the feature
sets explored in this study, unless mentioned otherwise, contain word vectors of subjects and
keywords as features (word vectors for subject and keyword were obtained by summing up
the word vectors of words present in subject and keyword respectively). Thus, we get 600
dimensional feature for subject and keywords. For documents not containing keywords, the
feature is padded with zeros.

The various feature sets explored in this study are as follows:

1. LDA + Subject + Keyword: LDA was done on the set of noun phrases of all
documents and the number of topics was set to 10 (Increasing or Decreasing this
parameter degrades the classifier performance. However strict grid search on this
parameter was not performed). Then for each topic, we select the top five noun phrases
based on probability. In this way, we get a set containing a maximum of 50 noun
phrases. Then we sum the vectors of noun phrases present in the aforementioned
set to get a 300 dimensional vector. This results in 900 dimensional feature set (300
dimension for LDA and 600 dimension for subject and keywords). This feature set is
referred as LDA SUB KEY in result section.

2. Principal components + Subject + Keyword:. Here two cases were considered:

(a) For each document, Principal Component Analysis (PCA) is done on the vectors
of noun phrases present in the document and the first principal component is
considered as feature. This results in 900 dimensional feature set (300 dimension
for principal component and 600 dimension for subject and keywords). This
feature set is referred as PCA1 SUB KEY in result section.

(b) Here the first two principal components are considered as feature resulting in a
1200 dimensional feature set. This feature set is referred as PCA2 SUB KEY
in result section. No further improvement was observed by taking three or more

principal components.
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3. Sum of top 10 TF-IDF + Subject + Keyword: Here also, two cases were con-

sidered:

(a)

For each document, the sum of the word vectors of the words having top 10 TF-
IDF scores, is taken. This results in 900 dimensional feature set (300 dimension
for TF-IDF and 600 dimension for subject and keywords). This feature set is
referred as TF-IDF SUB KEY in result section.

It is to be noted here that by simply taking the sum, we are assigning equal weight
to all the top 10 words (based on TF-IDF scores). One way to assign weights to
these words is to use their respective tfidf scores and take weighted sum. However,
this didn’t give satisfactory performance. Hence, in this feature set, the network
is given the word vector of the top 10 words in the form of 300x10 matrix as an
input followed by 1x10 convolution kernel. Thus the network is able to learn the
weights during training. This feature set is referred as TF-IDF CONV SUB KEY

in result section.

4. Doc2Vec: Doc2Vec [19] method returns a vector for every document. This vector is

able to capture the semantic relation within a document. Here we used these vectors

as feature set for our task of document classification. Three models are considered for
Doc2Vec Distributed Memory(DM) Model, Distributed Bag of Words (DBOW) Model
and Concatenated DBOW and DM model. It is to be noted that these feature sets

were are not appended with separate feature for subject and keywords, since the whole

document is used to generate the document vectors.

(a)

Distributed Memory Model (DM Model): The distributed memory model tries to
capture the sequential and semantic structure if the document. The word vectors
are initialized from pre-trained word embedding model on the same or different
corpus. The document vectors are initialized randomly. The network is trained to
predict a word given its context as input and the document vector is updated. It
encodes the sequential information of each word, hence memory model, by using a
window of words preceding the current word as context. The final feature vector
obtained is of 300 dimension. This feature set is referred as Doc2Vec(DM Model)

in result section.

Distributed Bag of Words (DBOW): It is a variant to the DM model, where the
sequential training is not followed. Instead the context can be any word withing
a window surrounding the current word. The final feature vector obtained is
300 dimension. This feature set is referred as Doc2Vec(DBOW Model) in result

section.

Concatenated DBOW and DM Model: A concatenated model is used to pre-
serve both the feature of DBoW and DM Model. We concatenate the vec-
tors to form a feature vector of 600 dimension. This feature set is referred as

Doc2Vec(Concatenated Model) in result section.
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Figure 2.1: Classifier Architecture used to evaluate various feature sets. Here H; and Hy con-

sists of 100 neurons each. Note that in case of Doc2Vec feature sets, the nodes corresponding
to Subject, Keywords and the hidden node H1 were absent.

2.3 Classifier Architecture

In order to compare between these feature sets, we maintained the same network architec-
ture for all the feature sets. The network architecture is shown in Figure 2.1. The hidden
layer of the network consists of 200 neurons (excluding bias), where the first 100 neurons
are only connected to 600 neurons corresponding to subject and keywords and the other 100
neurons are connected to the rest of the feature set. In case of Doc2vec, this layer had only
100 neurons (excluding bias). ReLU [30] activation function is used as activation function
for the hidden layer. This layer is then connected to softmax layer consisting of 20 neurons
(number of classes). If Sigmoid and tanh activation is used in place of ReLU, the network
takes longer to converge.
The classifier parameter is tuned by observing the training accuracy separately for the con-
text feature (i.e. FeatureSet in Figure 2.1) and subject-keyword. A network is first designed
to classify based on first 600 dimension feature corresponding to subject and keyword and
training accuracy is observed by varying the hidden layer size in multiples of 50. Best train-
ing accuracy is obtained at hidden layer of size 100. Same procedure is followed for the
context feature vector (i.e. FeatureSet in Figure 2.1) and peak training accuracy is obtained
at 100. So by this procedure, the hidden layer parameter is fixed.

The classifiers are designed using Keras Neural Network library in Python [31]. Training
was done using stochastic gradient descent (SGD) with batch size of 128 for all the feature

sets. In order to reduce over-fitting, we use the dropout technique [32].

2.4 Results

The results for various feature sets are given in Table 2.1 As can be seen, Doc2Vec(DBOW
model) has the best performance. This is an indication that semantics do play a role in
document classification. TF-IDF SUB KEY performs better than the feature sets based on
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Table 2.1: Classification Performance on 20 Newsgroups dataset

Feature Set Avg Pre- || Avg. Re- || Avg. F1-
cision call Score
LDA SUB KEY 0.76 0.76 0.76
PCA1 SUB KEY 0.76 0.76 0.76
PCA2 SUB KEY 0.76 0.76 0.76
TF-IDF SUB KEY 0.78 0.78 0.78
TF-IDF CONV SUB KEY 0.77 0.77 0.77
Doc2Vec(DM model) 0.75 0.75 0.75
Doc2Vec(DBOW model) 0.82 0.82 0.82
Doc2Vec(Concatenated Model) 0.81 0.82 0.81
TF-IDF embedding 0.85 0.84 0.84

only noun phrases which suggests that although noun phrases are important, they are not
sufficient for document classification. Amongst all the feature sets explored in this study,
Doc2Vec(DM model) gave the least scores.

The results obtained clearly shows that DBOW learning method proposed in [19] is better
than the model we explored. But the more interesting result is that TF-IDF embedding
outperforms all the model. This clearly shows the problem in representing document for
classification by extending word embedding model. It is to be noted that the result of the
experiment clearly shows that the problem is in composition of word vector. The model we
proposed by choosing top N tems and feature representation ultimately composes the word
vectors using simple vector summing. DM-model focuses on the sequential word order, but

the performance clearly shows such word order is not important for document classification.

2.5 Summary

This chapter looks at different types of feature sets for document classification. The various

conclusion drawn from this paper are listed below:

1. The best performance was obtained by the Doc2Vec DBOW model, which suggests
that it is indeed important to capture semantic relationship and contextual information
within a document for document classification. Also since the DBOW model learns the
composition function, this suggests that composition function is extremely important

in forming document vector.

2. Having said that, the methods of constructing the document embedding using Noun
Phrase, LDA or term weights are not lagging far behind. It must be noted that, only
top 10 noun phrase or top 10 terms in case of TF-IDF are used to represent the entire

document. This surely indicates the strength of distributed language model Word2Vec.

3. Doc2Vec DM model captures the sequential memory based semantics. Hence an in-

teresting finding of this paper is that capturing sequential memory based semantics
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degrades the performance of the classifier. Further investigations are needed to find

out the possible reasons.

. Amongst the features which didn’t capture semantic relationship, the best performance
was obtained by TF-IDF method. This suggests that only Noun phrases are not
sufficient for representing documents as the performance gets stuck after a certain

limit.

. Another possible reason behind the poor performance of LDA feature set could be
because the topics chosen by LDA were not consistent with the actual output labels

of the 20 Newsgroups dataset.

. The fact that traditional feature representation still works better leads to an obvi-
ous future endeavour in document representation. The main problem in the methods
proposed in this study or the framework like Doc2Vec is inability to model larger or
different sized documents. The main challenge in this problem is word vector composi-
tion. It is clear that the most general approach to model different size documents using
top word representation doesn’t work. The reason can be attributed to the inability

of simple vector sum composition to represent a document.

. We have done some local parameter tuning for the models proposed in this study,
like number of noun phrases to consider, number of topics in LDA, number of terms
to be chosen to represent a document based on TF-IDF weights. Though exhaustive
search to find the best parameters has not been done, which opens up scope for further

investigation in the future.

. As part of future work, we plan to extend the comparison of various document em-
bedding frameworks discussed here for other document classification and information

retrieval tasks.
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Chapter 3

Automatic Query Expansion using
Word2Vec

3.1 Introduction

The recent advances in Deep Neural Network framework for text processing has motivated a
few explorations in Information retrieval. A few research have focused in particular on the use
of word embeddings generated using deep Neural Networks. The interest in the use of word
embeddings has been recently been motivated because [18] showed how distributed neural
embedding captures the semantic relatedness between words. Such embedding is reported to
capture the semantic as well syntactic regularities accurately and easily comparable by linear
vector similarity between the corresponding embeddings produced by this method. Thus,
this method provides a convenient way of finding words that similar to any given word in a
generic sense.

Since the objective of Query Expansion (QE) is to find words that are semantically as
well as to some extent lexically related to a given user query, it should be possible to leverage
word embeddings in order to improve QE effectiveness.

Let Q be a given user query consisting of the words ¢1, ga, . . ., gm. Let w1, w®y, ... w,

be the k nearest neighbours (kNN) of ¢; in the embedding space. Then, these wj(-i)s constitute
a set of obvious candidates from which terms may be selected and used to expand Q. It is
obviously desirable to consider expansion term which are closer to the query as a whole than
a particular term in the query, so that the concept expressed by the query about the user
information need can be taken care of. !

Word embeddings has show some promise in some specialised applications (e.g., clinical
decision support [33] and sponsored search [34]) and for cross-lingual retrieval [35]. But
use of word embeddings for QE seems not to have been explored within the standard ad
hoc retrieval task setting. Our goal in this work is to study how word embeddings may be
applied to QE for ad hoc retrieval. Specifically, we are looking for answers to the following

questions.

!This idea has been used in a number of traditional, effective QE techniques, e.g., RMS3.
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1. Does QE using the nearest neighbours of query terms improve retrieval effectiveness?

2. If yes, is it possible to characterise the queries for which this QE method does / does

not work?

3. How does embedding based QE perform compared to an established QE technique like
RM3 [36]7

In this study, we explore simple KNN bases and an incremental KNN embedding based QE
methods. These methods are described in more detail in the next section. Experiments on
a number of TREC collections (Section 3.3) shows that these QE methods shows significant
improvements in retrieval effectiveness when compared to using the original, unexpanded
queries. However, it cannot outperform the performance of RM3. We discuss these results

in greater detail in Section 3.4. Section 7?7 concludes the paper.

3.2 Word Embedding based Query Expansion

In this section, we describe more precisely the basic, word embedding based QE method
with the nearest neighbor method inspired by [37]. The nearest neighbors are computed
in an incremental fashion as elaborated below. It is to be noted that the basic principle
behind word embedding based QE is to use terms that are close to the query terms in the
embedding space. In this study, we have used generic vector sum composition, where each
query is represented by the centroid of the word embedding computed from the word vectors

of its each component terms.

3.2.1 Composition of Terms and K-Nearest Neighbor

Consider the TREC query 301: International Organized Crime. If we search for similar
terms of the individual query terms (similar words of International, Organized and Crime)
we may end up with some new terms which are less associated to the actual information
need. To achieve something more purposeful, it would be nice to have some expansion words
which are related to the query as a whole (similar words of International Organized Crime).
As all the terms have a vector corresponding to it, we can easily get the effect of composition
of query terms by composing the vectors corresponding to it.

Deriving Composed Words Given a query of k terms, @ = {q,...,qxr}, we compose the
vectors corresponding to the query words in a linear chain from left to right, i.e., for a &
term query, we obtain the centroid vector for the query by:

Q. = 2?21 v(q;)

Finding K-Nearest expansion terms Following the above approach, for a given query, the

Q={q,-..,q}, the expanded form will be the following:

Qexp = NN(Q.) (3.1)
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where NN() is a method that returns top N terms which are similar to the vector @), using
cosine similarity:.

The Q.. terms contains all the candidate expansion terms obtained by sorting the terms
according to cosine similarity and choosing the top N similar terms. This is the normal
KNN approach that is followed in this study. We propose a incremental KNN approach next
to mitigate query drift.

3.2.2 Pre-retrieval incremental Nearest Neighbor based approach
for QE

The incremental nearest neighbor method, is a simple extension of the previous method.
Instead of computing the nearest neighbor expansion term, for a query term, in a single
step, we follow an incremental procedure. The first assumption in this method is that,
the most similar expansion terms have comparatively lower drift than the terms occurring
later in the list in terms of similarity. Since the top similar terms in the vocabulary are
contender in becoming the expansion query terms, it can be assumed that these terms are
also similar to each other, in addition to being similar to the query term. Following the
above assumption a iterative process pruning of terms from the vocabulary is done at each
step for every the terms in . At the first step, we compute the nearest neighbors of the query
under consideration using the query centroid vector in Equation . We prune this set by a
fixed amount K. Next we consider the most similar term in the pruned nearest neighbor set
and make it the query term and repeat the above procedure for a fixed [ number of steps.
At each step the nearest neighbors set is computed based on the nearest neighbor of the
previous set and the set is pruned. Essentially, by following the above procedure, we are
constraining the nearest neighbor to be similar to each other in addition to being similar to
the query term. A high value of [ > 10 may lead to risk of query drift. A low value of [ < 2
essentially performs similar to normal pre-retrieval model. By careful tuning we choose [ = 5
as the number of iterations for this method. After [ iteration, the terms are sorted according

to the similarity with the query centroid vector and top /N terms are returned

3.2.3 Retrieval

The expanded query is formed depending only on the original query terms (@) and how
they appear in the collection as a whole. Thus the actual retrieval can be done using
any standard retrieval model. For our experiment, we used Language Model with Jelinek
Mercer smoothing [38]. Linear smoothing parameter X is tuned. The expansion term weights
are assigned by normalizing the expansion term score (similarity with respect to the query
centroid vector) by the total score obtained by summing over all top N expansion terms.
This weights are multiplied with 1 — A and added with the the original query scaled by A to
give the expanded query.

q
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Table 3.1: Dataset Overview

Document Document #Docs Query Query Set Query Ids Avg qry Avg #
Collection Type Fields length rel docs
3*TREC 4*News 4*528,155 4*Title TREC 6 ad-hoc  301-350 2.48 92.2
TREC 7 ad-hoc  351-400 2.42 93.4
1*Disks 4, 5 TREC 8 ad-hoc  401-450 2.38 94.5

TREC Robust 601-700 2.88 37.2

2*WT10G  2*¥Web pages 2*1,692,096 2*Title TREC 9 Web 451-500 3.46 52.3
TREC 10 Web 501-550 4.62 67.2

3.3 Evaluation

We explored the effectiveness of our proposed method on the standard ad-hoc task using
TREC collection as well as on the TREC web collection. Preciously, we use the documents
from TREC disk 4 and 5 with the query sets TREC 6, 7, 8 and Robust. For the web
collection, we use WT10G collection. The overview of the dataset used is presented in Table
3.1. We implemented our method ? using the Apache licensed Lucene search engine®. We

used lucene distributed standard language model with linear smoothing [38].

3.3.1 Experimental Setup

Indexing and Word Vector Embedding At the time of indexing of the test collection, we
removed the stopwords following the SMART* stopword-list. Porter stemmer is used for
stemming of words. The stopword removed and stemmed index is then dumped as raw text
for the purpose of training the neural network of Word2Vec framework. The vectors are em-
bedded in an abstract 200 dimensional space with negative sampling using 5 word window
on continuous bag of words model. These are as par the parameter setting prescribed in [39].

We removed any words that appear less than three times in the whole corpus.

Parameter setting In all our experiments, we only use the “title” field of the TREC topics
as queries.The linear smoothing parameter A\ was empirically set to 0.6 after varying it in
the range [0.1,0.9].

3.3.2 Results

Table 3.2 shows the performance of the proposed method, compared with the baseline LM
model and feedback model RM3 [36]. It can be seen that the QE methods based on word
embeddings almost always outperforms the LM baseline model (often significantly). There

does not seem to be a major difference in performance between the three variants, but the

2 Available from anonymysed-url upon acceptance
3https://lucene.apache.org/core/
4ftp://ftp.cs.cornell.edu/pub/smart /
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Dataset Method Parameters Metrics
K feedbackdocs « MAP GMAP P@5

4*TREC-6 LM . - - 0.2303 0.0875 0.3920
Pre-ret 120 - 0.55 0.2311 0.087  0.4280
Increm. 120 . 0.65 0.2376 0.0942  0.4200
RM3 30 70 - 0.2634%P% 0.0957 0.4360
5*TREC 7 LM - - - 0.1750 0.0828  0.4080
Pre-ret 120 - 0.60 0.1800*  0.0896 0.4160
Increm. 60 - 0.90 0.1888*  0.1041 0.4400
RM3 20 70 - 0.2151%7% 0.1038 0.4160
5*TREC 8 LM - - - 0.2373 0.1318 0.4320
Pre-ret 120 - 0.65 0.2441 0.1406  0.4440
Increm. 70 - 0.90 0.2613*  0.1565 0.4960
RM3 20 70 - 0.2701%P% 0.1543  0.4760
5*Robust LM - - - 0.2651 0.1710 0.4424
Pre-ret 90 - 0.65 0.2759 0.1769 0.4646
Increm. 120 - 0.60 0.2935%  0.1972 0.5051
RM3 20 70 - 0.33045P% 0.2177 0.4949
5*WT10G LM - - - 0.1454 0.0566 0.2525
Pre-ret 80 - 0.6 0.1718 0.0660 0.3027
Increm. 80 - 0.60 0.1753 0.0770 0.3030
RM3 20 70 - 0.1915%P% 0.0782 0.3273

Table 3.2: MAP for baseline retrieval and various QE strategies. A * in the kNN and Increm.
columns denotes a significant improvement over the baseline. A k, 7, and p in the RM3
column denotes a significant improvement over the kNN and Incremental QE techniques.
The parameter K for RM3 is the number of terms used for QE. Significance testing has been
performed using paired t-test with 95% confidence.

incremental method seems to be the most consistent in producing improvements. However,

RM3 appears to be significantly superior for all the query sets.

3.4 Summary

Distributed neural language model word2vec, possesses the semantic and contextual infor-
mation. This contributes to the performance improvement over text similarity based baseline
for each of the two methods Query expansion intuitively calls for finding terms which are
similar to the query, and terms which occurs frequently in the relevant documents (captured
from relevance feedback). In the proposed embedding based QE techniques, the terms which
are similar to the query terms in the collection-level abstract space are considered as the
expansion terms. Precisely, in the K-NN based QE method, expansion terms are chosen
from the entire vocabulary, based on the similarity with sum-composed query terms. How-
ever this techniques fails to capture the other features of potential expansion terms, such as
terms, frequently co-occurring with query terms. Experiments on the TREC ad-hoc and wec

datasets shows that the performance of RM3 is significantly better than the proposed meth-
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ods which indicates that the co-occurrence statistics is more powerful than the similarity in
the abstract space.

The incremental approach for K-NN based QE perform better as compared to pre-
retrieval QE with K-NN. The reason is both the superior methods try to minimize the
effect of query drift that occurs due to generalization imposed by word2vec. For the in-
cremental approach, terms which are similar both semantically and contextually are given
precedence by considering incremental computation of nearest neighbor. Such terms should
rank higher in terms of similarity with respect to the query and hence the drift is reduced
because the methods needs overall similarity to be high. Thus similar terms are only being
searched in the document with higher vocabulary overlap with the query. Thus the gener-
alization effect can be mitigated to an extent. However it can’t be completely removed in
the current setting, because the original Word2Vec model is trained on the entire corpus.
Another pitfall in word2vec framework is the composition of phrases. Linear average of the
word vectors of individual term often may lead to results which are same or marginally better
when neighbors of individual terms are included in the query expansion list. So the approach
to capture the entire query sense into the word vector for finding the nearest neighbor needs
to be studied more rigoruously in future work.

A drawback of the incremental KNN computation compared with pre-retrieval KNN QE
is that the former takes more time, due to iterative pruning step involved.

An obvious future work, in this direction, is to apply the embeddings in combination with
co-occurrence based techniques (e.g. RM3). In this work, we restrict the use of embeddings
only to select similar words in the embedded space. Thus a possible future scope is to
use the embeddings exhaustively for utilizing other aspects of the embedded forms. In our
experiments, we trained the neural network over the entire vocabulary. A possible future
work is thus the investigation of local training of word2vec from pseudo-relevance documents

which might get rid of the generalization effect when trained over the whole vocabulary.
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Chapter 4

Event detection and Argument

Extraction for Biomedical Documents

4.1 Introduction

In the recent years, there is an exponential growth of Bio-medical literature [40],[41],[42]. As
a result, extensive focus has been devoted by the research community to develop improved
information extraction techniques for biomedical event extraction. Efforts are being
made to identify hierarchical relation between specialized keywords and statements bearing

biological meaning from scientific literature[40],[43].

4.1.1 Problem Definition

An event (Plan_proc, requlation, growth in Fig 1.) is defined as a recursive interaction
between entities (L-NAME, adenocarcinoma) and/or events. It will have an event trig-
ger(treatment, inhibited and growth) and one or several arguments(Theme(Th), Cause,
Instrument (Informationnist)). Arguments represents the relationship among the event un-
der consideration and the entities and/or events it interacts with. An Entity is defined as a
representative belonging to a particular biological organization of various hierarchical level.
Each entity possesses a type or a class (e.g., in Figure 4.1, treatment is an entity of class
Plan_proc) that depicts the level of hierarchy it belongs to.

The problem of event extraction in biomedical documents involves two basic steps: 1.

Event Identification and classification 2. Event enrichment through Argument

Lause
3 I Th
J‘ Reguiation/ " Gowtn "~ ERE

treatment with L-NAME _infibited growth of adenocarcinoma

detection.

Figure 4.1: An example of event extraction in Cancer Genetics
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4.1.2 Owur Contribution

In addressing the event detection and classification problem, one of our major goals is to
design the classifier with a low dimensional feature set enriched in semantic and contextual
information and reduce the need of extensive feature engineering. For this purpose, the
recent advances in word embeddings are explored, where generation of word vectors uses a
human-interference free distributed neural framework and is capable of capturing distribu-
tional characteristics of words and phrases [18],[44],[20]. Such a language model has made it
possible to learn contextual and semantic information in text and generate a low dimensional
embedding(compared to vocabulary size) in space for each vocabulary entry.

The salient contributions of this paper are as follows: (a) Feature representation using
word embedding (along with other features or as a standalone) for trigger detection and event
classification in Biomedical corpora. This has not been well explored before in understanding
Biomedical text. (b) Use of CNN-based architecture for extracting interaction between
event and the context in a better way through use of convolution layers, (c¢) Exploring
different classification architectures and parameter settings, which can successfully exploit
the feature representation given by word embeddings and finally, (d) presenting a generic
event classification framework for different BioNlp tasks. The proposed framework for event
classification is evaluated on two tasks of Bio-NLP-Shared Task 2013: Cancer Genetics (CG)
[42] and Genia Event Extraction (GE)[45]. Both the datasets suffer from high class imbalance
problem which poses a serious challenge to design an efficient classifier. (e) Designing a
Biological dependency parser for biomedical knowledge extraction as arguments between
events an entities by leveraging information stored in form of word embedding, parts of speech
and phrase level syntactic dependency information. The argument extraction framework is
evaluated on Cancer Genetics (CG) [42] dataset of BioNLP-ST2013. As in case of event
classification. the argument detection problem also sufferes from serious class imbalance

problem.

4.1.3 Related Works

Most of the previous works have centered around use of rule bases, SVM or Conditional Ran-
dom Field based classification approach with hand encoded features for trigger detection and
event classification. Turku Event Extraction System (TEES) 2.1 [46] tees (graphical
approach) and NaCTeM EventMine [47] uses SVM based model for event extraction.
In GE, EVEX [48], which performs a re-ranking step over TEES prediction, achieved the
best performance in Bio-NLP ST13. [43] proposed a system for extraction indirect biomedi-
cal concepts from MEDLINE abstracts and their visualization called FACTA+, which has
given some benchmark on accuracy of trigger detection and classification for GE event. [49]
addresses the problem of word sense disambiguation in Biomedical event using an entropy
based approach. [40] showed that, additional feature like n-gram or bag of words may be

required along with word embeddings.
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4.2 Method

As noted before, our feature representation module makes use of Word2Vec, proposed by
[18], as word embedding technique . For generation of word vectors, a Word2Vec model
pre-trained on PubMed corpus! is used. The Word2Vec model is retrained on CG and GE
corpus with the following parameters : Negative Sampling : 15, Window Size: 5, feature

dimension : 200 and continuous bag of word model (cbow).

4.2.1 Feature Representation for Event Detection

The task of trigger detection and event classification essentially requires a classifier which,
given a term, classifies it to one of the event types and to a no event class if it is not a trigger.
So the class labels consist of an extra class for no event. To detect multi-term triggers, the
dataset is marked with Inside-Outside-Between (IOB) tags. A sliding Window model for
feature representation is used. The window moves over the text and at each step it considers
a context size of K. For a sentence of N terms, it considers Wy, Wo, ..., Wi, ..., Wog, Wor 11
for classification of the event type of the Kth word and the set of neighboring 2K words
is as it’s context. Special words START and STOP are used for boundary condition Two
different types of feature representation are explored in this study:

o Term Embedding (TE): The basic feature representation is to replace each token by it’s
word embedding obtained from the Word2Vec model. So the input size is (2K + 1) x 200
which is reshaped to a row-vector such that the first 200 entries corresponding to the word
embedding of the first word and so on. This reshaping step is not required in case of CNN.
e Term + Parts of Speech(POS) Embedding (TE+POS-E): In this case, the word embedding
based feature set is appended with a POS embedding of the center word whose event type
is to be determined. The dimension of this POS embedding L, is same as the total number
of POS types that occurs in the dataset. The dimension of this feature representation is
(200 x (2K + 1)) + L. The basic intuition behind using POS tags, is to make the classifier

learn the dependency of the class label on POS information.

4.2.2 Classification Architectures for Event Detection
Multi Layered Perceptron

The Multi-Layered Perceptron based Named Entity Recognition model proposed in [8] is
extended here for the event tagging and classification purpose. For TE, the concatenated
embedding input for the 2K + 1 words is given as input: X = [X,..., Xy, ..., Xok41]. This
classifier is denoted as MLP (TE) in the result section. The hidden layer response, h is given
by

h=f(WiupX + ), (4.1)

'http://bio.nlplab.org/
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where Wy, is the weight matrix mapping input X to h, b is the bias term. These symbols are
kept consistent through out the paper. Different superscripts are added to denote parallel
layer.

For TE + POS-E feature representation two different architectures for the input layer of
MLP are explored:
e POS feature is concatenated with the term embedding. In this case
X =[X1,..., X, ..., Xokt1, POSy]
Mapping to hidden layer is same as in 1. This classifier is denoted as MLP (TE + POS-E
1) in the result section, i.e. Section-3.
e Term embedding and POS embedding are mapped separately to the hidden layer. The

hidden layer outputs are merged to form the hidden layer response as follows.
h' = fW,X +b"), 1 = f(W5X* +b7) (4.2)

h = [n', h?] (4.3)

where the inputs are X' = [X,..., X}, ... Xoi,1] and X2 = POS,. This classifier is
denoted as MLP (TE + POS-E 2) in Section-3.

The softmax probability for i*" class is computed as follows:

exp Wiy, h
Si=Cexp Wiy b

p(yilX) = (4.4)
where Wy, is the weight matrix mapping hidden to output layer and C'is the total number

of class labels. The cross entropy cost function is then obtained as:

1 Y p(yil X)
J = — —log ——2F— -~ 4.5
N TlE T LR (45)

For MLP classifier, RMSprop optimizer [50] is used.

Convolutional Neural Network for Event Detection

CNN for event detection and classification is applied to the Term Embedding feature set,
which can be thought as a (2K + 1) x 200 2D image. An architecture consisting of two 2D
convolution-Pooling layers followed by a fully connected layer is used. First layer consists of
4 filters of dimension 2 X 41 (empirically chosen) forming the convolution layer, followed by
a 2 X 2 max-pooling layer. Second convolution layer consists of 8 filters of dimension 1 x 21
(network half-ed by max-pooling), followed by a 1 x 2 max-pooling layer. For CNN, Adam
[6] optimizer is used.
Two different CNN architectures are explored in this work, one with two sets of convolution-

pooling, denoted as CNIN-2-Layer in Section-3. In the second one, we remove the second
layer of convolution-pooling and it is denoted as CNN-1-Layer. The main motivation be-

hind using CNN is that it may be able to capture the interaction between the trigger words
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and the context in a better way because of convolution. Also it has lesser parameters than
MLP.

All the classifiers are implemented with ReLLU [51] activation and with Dropout value
0.25. The models are implemented in Keras [52] and the code will be made available on

acceptance.

4.2.3 Designing a Biological Parser for argument extraction

The next goal is to design a neural parser which will mine for argument given an trigger of a
particular event. An argument extraction problem is essentially mining for the dependency
between events and entities. The relationship between events and entities essentially depends
on the language properties.

The assumption of our approach in argument detection is that relationship between events
in a particular sentence and entities or other events are confined withing that sentence. There
are instances where there are relationship between entities and events belonging to different
sentence. Mining arguments in such cases required anaphora resolution, which is skipped in
this study. The neural parser designed in this study is a classifier which predicts the type of
argument for every pair of event- entity or event-event pair. Our approach is essentially to
design a classifier which will be able predict the type of argument like Theme, cause, etc or
if it is an argument at all for every event-entity or event-event pair in a sentence.

The main intuition in designing the argument parser, is to use feature which can model
the syntactic dependencies between the events and entities in the sentence. (i) Word Em-
bedding, which essentially incorporate the contextual information is a good candidate for
the feature set. The first 400 dimension of the feature vector is the word embedding of the
trigger word of the event under consideration (X,,), followed by word embedding of the en-
tity (Xe,). Since trigger or entity can have multiple tokens, normalized vector sum over the
tokens is used as composition function. (ii) In argument detection, the type of event and
entity class is extremely important. Some event classes possesses only particular types of
arguments, and hence the classifier should leverage that. Also certain entity class like of the
type organ usually represent argument of type location. An embedding for the event type
(XPe) and entity type (XP¢) is incorporated next in the feature set. The embedding size
for event type(entity type) is equal to the number of event classes(entity classes) Cey(Cep)
. Since we are looking for dependency between events and entities, words like preposition,
conjunction, adverbs, adjective, verb etc., either following the entity (if entity occurs before
the event in the sentence) or preceding it (otherwise), can provide hints to the argument
characterizing the interaction. For example in Figure 4.2, including the adverb like dramat-
ically or preposition like in in the word vector feature as connecting words (X.,) between
events and entities or event might be helpful.

(iii) The parts of speech (POS) information of both the event and the entity is also
crucial as parts of speech may provide hint regarding the type of entity and event. Two

binary vectors XP?° and XP% with dimension equal to the number of Parts of speech (Cjos)
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Figure 4.2: Event-Entity relation with arguments
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Figure 4.3: Dependency Parsing of a Sentence

is used as an embedding. The POS information is represented identically like bag of words
representation. The POS embedding for an entity or event is thus a binary vector, where
each bit represent a POS-type. If a term of a particular POS is present in the event or the
entity, the corresponding bit is set to 1.

(iv) The goal of solving this information extraction problem is finding out if there exist
any syntactic dependency between a particular event and an entity or between two events.
Language level dependency can be obtained by paring the language dependency tree
structure. There are several well known dependency parser for english language for example
MaltParser [53] and Stanford Dependency Parser [54]. Several neural network based
dependency parser has also been proposed in the recent years [55] [56]. Figure 4.3 shows the
dependency tree output of Stanford Neural Dependency Parser [55].

Thus the transitional dependency parser, given a sentence outputs the syntactic depen-
dency between the words. Such language level dependency should be present between the
event terms and the entity terms as events and entities capture the concept of biological
interaction expressed through the sentence. An event or an entity may be multi-word token.
So we are looking for dependency between phrase and we leverage the word level dependency
information into phrase level by using a bipartite graph model. So the type of dependency
between each word in event and entity are encoded in a single vector. For each event -event
pair or event-entity pair the dependency vector essentially contains the type of dependency
that exist between various token of the two pair. We follow a simple approach of Bipartite
graph checking to finding the dependencies, where the nodes of the graph are the tokens
of the event or the entity. The edges is the dependency type(or no dependency) that exist
between the nodes as obtained by parsing the dependency tree of the sentence to which the
event or the entity belongs. The dimension of the the dependency embedding is equal to
Caep + 1, Cyep the total number of types of dependency relation X dep.

Finally we design two classification architecture similar to the event detection step:
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(i) A fully connected MLP (MLP-FC) is used to classify the argument given the concate-
nated feature vector input Xy, = [Xey, Xen, Xew, XPe, Xtype Xpos xpos xdep] The input is

en ev en

mapped to the hidden layer h using h = f(Wp,inX;, + bpin) and mapped to the argument
class using softmax function
exp Wiy, h

P Yi in = i— )
(51X Si={ exp Wiy, h

(4.6)

(ii)) The embedding of different type are mapped with different weights and the responses
are merged in the hidden layer. Finally again a softmax function is used to predict class
probabilities. The features are group together as: X1 = [Xo,, Xen, Xew], Xo = [XPe, XWPe]
Xy = [Xdep, Xpos Xpos]

ev

hmerged = [f(Wh1in1X1 + bhlin)a f(thianQ + bhgin)7 f(Wh5zn3X3 + bhgm) (47)

exp(Why.
_ — p( hyzhme'rged) 7 (48)
ZC:l eXp(Whychmerged)
The basic intuition behind this MLP architecture, is that, it tries to model the relation

between similar features while mapping to the hidden layer. The relation between features

p(yi|Xin>

of different types are captured in the softmax layer. Finally the categorical cost function

defined in Equation 4.5 is optimized by SGD or its suitable variants.

4.2.4 Dataset and Preprocessing

The CG dataset? consists of 38 event types and a total of 46,495 training samples and
15,115 test samples. The GE dataset ® consists of 24 event types and a total of 50,011
training samples and 51,045 test samples. Both the dataset show high class imbalance. For
some classes there are less than 5 training instances which make the problem extremely
challenging. For both the dataset, the development set is used as test set in this study.
After tokenization and POS tagging, the datasets are marked with IOB tags for detection
of multi-word triggers. The argument extraction framework using the biomedical document

relation parser proposed in this study is evaluated on the Cancer Genetics Data.

4.2.5 Class Imbalance

To mitigate the effect of class imbalance problem, the following steps are taken at pre-
processing and classification steps: (a) The terms which are exclusively tagged as entity in
the dataset are not considered for classification. (b) In the training set, some terms with
particular POS (like Determiner(DT), Connecting Conjunction(cc) etc.) appear as triggers
with very low frequency (< 5) and hence, they are not considered for classification. (c) Class

weights are assigned during classification. For Genia Event task, the classes which have at

’http://2013.bionlp-st.org/tasks/cancer-genetics
3http://bionlp-st.dbcls. jp/GE/
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Avg. Avg.
Classifier Prec- Avg. Fl1-
. Recall
sion Score

MLP(TE) 0.93260 0.8008  0.8533

MLP(TE- . .
POS.E 1) 0.9308 0.9311% 0.9298
MLP(TE- .

POS.E 2) 0.9445% 0.8795  0.9057

CNN-1-Layer 0.9446 0.8308  0.8749
CNN-2-Layer 0.9435 0.7029  0.7875

Table 4.1: Performance of different classifier on Genia Event dataset

least 10 training samples are given higher weights than to the other classes, especially the
Not Fvent class. For Cancer Genetics, the classes with at least 40 training examples are
given higher weights. The terms which are pruned away are however considered as part of

the context for the other words.

4.3 Experimental Results

4.3.1 Trigger Detection and Event Classification

Table 4.1 shows the performance of the classifiers evaluated on Genia Event (GE) dataset
whereas, Table 4.2 shows the performance on Cancer Genetics (CG) dataset.

The MLP(TE-POS-E 1) classifiers for GE (Table 4.1) outperforms the other classifiers
in recall and F1-score measures. Note that GE has very low number of events as compared
to Not Events. The performance of CNN-1-Layer is better than MLP(TE) because it has
less number of parameters. Both MLP(TE-POS-E 1) and MLP(TE-POS-E 2) show overall
better performance than MLP(TE) and two CNN-based architectures which indicates that
POS information be important in GE event. Note that the classifiers implemented in this
work have outperformed the best trigger detection and event classification accuracy of 78.9%
reported in [49] and 0.7790 (precision) reported in [43].

A contrasting performance of the classifiers is observed for CG (Table 4.2). For CG
dataset, the overall performances of CNN-1-Layer and CNN-2-Layer are better than that
of MLP(TE), MLP(TE-POS-E 1) and MLP(TE-POS-E 2). The POS information is still
helpful as MLP(TE-POS-E 1) and MLP(TE-POS-E 2) perform better than MLP(TE). The
CNN frameworks work better for CG dataset because it has less number of parameters. Also,
due to more number of event classes, there is much more interaction between the trigger and
the context window, which supports the intuition behind using CNN. Figure 4.4 shows some

prediction instances of CNN 2-Layer
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Avg. Avg.
Classifier Preci- PA{Z(%Z;H Fl1-
sion Score
MLP(TE) 0.8837 0.8060 0.8334
MLP(TE-
POS-E 1) 0.8932 0.8567 0.8698
MLP(TE-
POS-E 2) 0.9028 0.8582 0.8724

CNN-1-Layer 0.9150 0.9183 0.9154
CNN-2-Layer 0.9185* 0.9203* 0.9168*

Table 4.2: Performance of different classifier on Cancer Genetics dataset

Class Name
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. ] 1
00 05 1.000 05 1.000 05 100 100 200

Precsion Recall F1-Score Support

Sum of Precsion, sum of Recall, sum of F1-Score and sum of Support for each Class Name.

Figure 4.4: Some instances of event detection by CNN

4.3.2 Argument Extraction

The different classifier architecture proposed for argument extraction are explored next. The
word embedding of entity-event pair or event-event pair (X,, Xe, or Xe, ) are obviously in-
dispensable for argument extraction. An attempt to verify the above statement by removing
either of the two features (event-entity word vector and dependency) results in poor perfor-
mance on argument classification. The event and argument type is also useful as some of
the events don’t possess certain arguments. The necessity of POS information and connect-
ing words (cw) are under question and it is rigorously verified below. First we explore the
classifier which doesn’t uses the connecting words in the word vector feature and the results
are shown in Table 4.3. The precision for both MLP(FC) and MLP(Merging) is higher that
as reported in [46] and [47], but both recall and F1-score are inferior when compared to [46].
The Fl-score of both the classifier is better than [47].

Next we explore the feature set from which POS has been excluded and the results are
shown in Table 4.4. MLP(FC) outperforms both [46] and [47] in precision and F1-score, but
recall is still inferior. As before MLP(Merging) perfoms inferior to MLP(FC).

Including both POS and connecting words leads to a improved performance in recall and
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Avg. Avg.
Classifier Preci- Avg. Fl1-
. Recall
sion Score
MLP(FC) 0.8203* 0.4261  0.5580
MLP(Merging) 0.8175 0.4069  0.5406

Table 4.3: Performance of different classifier for argument extraction in CG. Connecting
Word feature excluded

Avg. Avg.
Classifier Preci- Avg. Fl1-
. Recall
sion Score
MLP(FC) 0.8128 0.4299 0.5589
MLP(Merging) 0.7769 0.4176  0.5400

Table 4.4: Performance of different classifier for argument extraction in CG. POS feature
excluded

as a result both MLP(FC) and MLP(Merging) outperforms [46] and [47] by huge margin
with respect to precision and F1-score as shown in Table 4.5. The recall of both the classifier

is nearly same as that in [46] and better than [47].

Avg. Avg.
Classifier Preci- Avg. Fl1-
. Recall
sion Score
MLP(FC) 0.7402 0.5025* 0.5930*
MLP(Merging) 0.7465 0.4933  0.5858

Table 4.5: Performance of different classifier for argument extraction in CG with all the
features

Figure 4.5 shows the class wise performance of the MLP(FC) with all the features. From
the above analysis there are few interesting observation to be made. Using Word vectors
and Dependency information for designing the biomedical relation parser out performs the
existing benchmark in cancer genetics set by [46] and [47]. The following feature analysis
shows that POS and connecting words are also important feature and they capture patterns
useful in mining event arguments. What is more interesting is that MLP(FC) performs
better that MLP(merging) consistently. The reason may be attributed to the non-linear
interrelation between the lexical features, event or entity types and word embedding features
captured by MLP(FC) which is useful in argument extraction. For some classes with very
small training sample the classifier proposed here fails to detect the class. Application of high
class weighting to such classes inherently leads to over fitting and hence lowers classification
performance for other classes significantly. Figure 4.6 shows the overall framework propesed

in this work for information extraction in Cancer Genetics.
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Figure 4.5: Classwise Performance of Argument extraction
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Figure 4.6: The overall Cancer Genetics Information extraction framework proposed
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4.4 Summary

This chapter presents a novel neural-based framework for event detection, classification and
argument enrichment of events for biomedical information extraction. Use of word embed-
ding in representing features could be considered as a distinct contribution for the given task.
The MLP and CNN based architectures show their potential in extracting the interaction
between events and entities for event classification. This has motivated further investigation
into the second sub-task, i.e., event enrichment with arguments with word embedding. The
parser architecture for Biomedical document relation parsing with Word embedding and
dependency parsing has not been explored before and the above experiments shows how
word embedding captures syntactic regularities in the sentence. It is to be noted that the
lexical features like POS and language dependency along with the syntactic features in word
embedding, captures consistent patterns and leads to the superior result of the parser. The
class imbalance problem makes the classification task and argument extraction task difficult.
Techniques like sub-sampling of Not Event class or over-sampling of event instances may be
further investigated. However, such sampling might affect the sequence information in IOB
tagging. Except the classes with too few training samples, the proposed classifiers and the
biomedical document parser perform remarkably well and it clearly shows the effectiveness

of word embedding as feature and efficacy of neural framework.
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Chapter 5
Conclusion

Neural learning in text processing has shown great promise in recent developments and
this study also confirms that. Neural language model, generating word embedding indeed
captures both semantic and syntactic relationships as it is observed in various problems
explored in this study. But an important drawback of word embedding framework is the
absence of composition function which can be use for representation of large text documents.
Doc2Vec has alleviated it to an extent, but when it comes to document classification, it is still
lagging behind the traditional TF-IDF representation. The future endeavor for document
embedding is to redefine the composition function or learning the composition function so
that paragraph or document embeddings can be learnt for document classification.

Also as observed in automatic query expansion, our model, isn’t able to perform better
for two reasons, composition and lack of global sense which can’t be captured by Word2Vec.
The document or collection level co-occurances are not captured on Word2Vec, hence only
terms which are semantically related are captured in query expansion. But RM3 clearly takes
into account the co-occurrence statistics over a document level or collection level and hence
terms which are not semantically similar but co-occurs often in pseudo-relevant documents
are also included. Thus the question that should be address in our future works is how to
augment this document level co-occurrence information along with the semantic information
already captured in Word2Vec. The consistant better performance of incremental KNN over
simple KNN, motivates such investigation further.

The problem of information extraction is dependent more on semantic and lexical rela-
tionship between terms than on mere co-occurrence statistics. The CNN and MLP for event
detection and argument extraction have set new benchmarks for the argument extraction
problem.

The problems explored in this study have answered the questions we have started with:
How effective is the neural network framework along with neural embedding Word2Vec?
From the above study it is clear that Word2Vec is an effective feature representation for
terms. But there is still obstacles when extending it to model variable sized document or
paragraphs. Neural Network models have emerged as very effective framework, the superior

performance of CNN and MLP stands as a proof to that. But there are still challenges in
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designing problem specific composition function for Word2Vec when it comes to problem of
document embedding and information retrieval. The reason for this is very simple, unlike
information extraction task which is proposed as supervised classification problem, document
embedding and query expansion are not supervised task. Though document classification
is a supervised task, learning general document representation is unsupervised and hence
simple composition function will not be able to achieve the desired objective.

Having said that, the Neural Network framework and word embedding have shown pos-
itive hope in many areas of text processing. Research efforts should be given to explore
improved techniques for composition and ways to incorporate task specific information in

word embedding.
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