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Abstract

Sentiment analysis is a highly popular issue both in academic and engineer-
ing fields. Nowadays there is an increasingly large amount of online opinion
resources, so people are inclined to develop some systems that can automat-
ically determine the polarities of opinions, especially in the decision-making
process of a company. On the other hand, deep learning is a recently de-
veloped popular topic and has received much attention in machine learning
area. Deep belief network (DBN) is one important deep learning model,
which has proved powerful in many domains including natural language pro-
cessing. However, there still exist some big challenges for DBNs in sentiment
analysis because of the complexity to express opinions. Therefore, this study
tries to improve DBNs in sentiment analysis area from the following three
aspects: (1) The neuron models are investigated in DBNs for sentiment pre-
diction. We perform various experiments and apply both total accuracy and
F-measure to evaluate the performance, which proves that Gaussian neu-

ron model with specific parameter setting has better effect. (2) In addition
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to the traditional bag-of-words representation for each sentence, the word
positional information is considered in the input. We propose a new word
positional contribution form and another novel word-to-segment matrix rep-
resentation for text to incorporate the positional information into DBNs for
sentiment analysis. Finally, we evaluate the performance via the total ac-
curacy. The results show that the word positional information of sentences
helps to improve the performance of DBNs for sentiment classification. (3)
We propose a new method to improve the DBN learning algorithm based on
the unsupervised training phase of restricted Boltzmann machines (RBMs).
That is, the RBM generates the hidden layer in an unsupervised fashion, and
then we use this hidden layer as the output of a single-layer neural network,
which is trained via the delta rule (DR). The new weights trained from DR
are then transmitted into the whole network for initialization of back prop-
agation (BP). This way keeps more correction signal for each layer in the
BP algorithm compared to the ordinary DBN training. Our experimental
results demonstrate that this updated learning method performs better than

the ordinary learning for sentiment classification.
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Chapter 1

Introduction

1.1 Background and Objectives

Sentiment analysis, or opinion mining, popular both in academic and engi-
neering fields, is to identify the attitude of a speaker or a writer on a topic.
Due to the increasingly large amount of online opinion resources, such as
discussion forums, product review sites and social media websites, our so-
cial life has been profoundly impacted in every aspect. Hence, people are
inclined to develop systems that can automatically determine the polarities
of opinions. These systems can be useful in many ways. Consider marketing
a new product, a company can track the popularity and discover the partic-
ular features of a product for which people like or dislike in order to judge

and determine the success probability of the new product’s launch. Another



example is that a review for a laptop could be generally positive but there is
one negative exception about its weight. This will give customers a clearer
picture on their purchasing decisions. Specifically, if a customer cares more
about the weight of a laptop, she/he will probably not purchase it, otherwise
the laptop will be a good choice. Thus, an accurate approach for automatic
sentiment prediction regarding the overall sentiment or sentiment of one fea-
ture is valuable and necessary. This real-life issue attracts many researchers’

interest for sentiment analysis [27, 70, 38].

Typically, some traditional methods, such as support vector machines (SVMs)
and Bayesian network models [53], have been widely employed in sentiment
analysis. However, considering that the semantic and structural factors influ-
ence text sentiments, the recently developed deep learning methods described
in [4] can be applied in opinion mining. Deep learning is a popular topic and
has received much attention in machine learning area during recent years.
Deep belief network (DBN) is one important deep learning model, which im-
proves the training of deep neural networks and has proved powerful in many
domains including natural language processing. Figure 1.1 shows a deep neu-
ral network with five layers including visible layer, three hidden layers and
output layer. It is typically used in supervised learning to make classification
or prediction [4]. While the DBN model is a graphical model consisting of
multiple layers of hidden variables, and is employed to abstract higher rep-
resentations from raw inputs. Figure 1.2 depicts a basic DBN architecture

with three hidden layers, which is normally used to pre-train useful feature



representations.

Output laver

‘ Hidden layer 3 ‘

‘ Hidden laver 2 ‘

‘ Hidden layer 1 ‘

Visible layer

Figure 1.1: A graph example of multi-layer neural network.

A basic DBN has one restricted Boltzmann machine (RBM) at the top two
adjacent hidden layers of the network, in which the units between two lay-
ers are bidirectional and there are no connections within the same layer [4]
(detailed in Chapter 2). For example, the DBN in Figure 1.2 has one RBM
between hidden layer 2 and hidden layer 3, while the connections of hidden
layer 1 and hidden layer 2, visible layer and hidden layer 1, are directed (di-
rected arcs indicate direct dependence, while bidirectional arcs mean mutual

dependence).

Even though deep learning has proved effective in natural language process-
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‘ Hidden layer 3

‘ Hidden layer 2 ‘ _ ‘

11

‘ Hidden layer 1 ‘

1l

Visible layer

— RBM

Figure 1.2: A DBN structure including three hidden layers.

ing (NLP) [10, 46, 67, 64], there still exist some big challenges for DBNs
in sentiment analysis area because of the complexity to express opinions.
Therefore, this research work tries to improve DBNs in sentiment analysis
from the following three perspectives: (1) Considering the neuron model is
an important internal component in DBNs, we want to explore the effect of
neuron models in DBNs for sentiment prediction, and then work out a better
neuron model through experiments. (2) In addition to the traditional bag-
of-words representation for each sentence, the word positional information is
a significant external component for DBNs in sentiment analysis. We are to
explore how to incorporate the positional information to generate more use-
ful input features based on the performance of DBNs in sentiment analysis.
(3) We intend to improve the learning mechanism for DBNs. Through the

investigation of ordinary two-phase DBN training, we are devoted to propose
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a new algorithm to train DBNs on sentiment data sets.

1.2 Motivations

Based on the current work, some deep learning models such as convolutional
neural networks [10], recursive neural networks [67], and recurrent neural
networks [43] are very popular in NLP problems and also have achieved great
success. However, DBNs have much to do for the sentiment analysis task in
academia because there is not much work about DBNs for sentiment analysis.
There are probably some obstacles for applying DBNs to sentiment analysis,
because (1) each sentence has variable lengths and each word can not express
its context very well towards the sentiment of a sentence; (2) the useful word
vector (or word embedding) representation may not be directly applied in
DBNs for NLP problems; and (3) DBNs may not express the structure of
language in an accurate way. Given that DBNs perform promisingly well in
the domains such as image and video, we believe that DBNs can also perform

well in sentiment analysis, but need us to explore.

Hence, we are trying to investigate the performance of DBNs for sentiment
analysis, and help this academic research direction to move forward step by
step. Our work tries to start from the basic bag-of-words representation
as the raw input, and then fit the word relationships in the hidden layers of

DBNSs. For the overall purpose of improving DBNs in sentiment analysis area,



we want to address some research questions from the following motivations

corresponding to the mentioned obstacles.

Motivation One: The traditional bag-of-words vector provides a fixed length
of inputs for each data set. On the other hand, the neuron model defines
the form of the neuron’s output, so it naturally affects the performance of
a specific problem. Especially in sentiment analysis, a good neuron model
should output a good value for the words that can capture some hidden
relationships towards the sentiment of a sentence. But there is little work
about the effect of neuron model in DBNs for sentiment analysis. So we argue
that there would be a more effective neuron model in DBNs for sentiment

prediction.

Motiwvation Two: Since word vectors may not be directly applied in DBNs, we
try to find another effective representations for sentences. Based on the bag-
of-words representation for each text, does the positional information (e.g.
word order or word position) play an important role in DBNs for sentiment
analysis? Are there any more useful representations to express positional

information?

Motivation Three: The weights of DBNs can define the structure of a lan-
guage text if the DBNs are trained properly. We think that a good structure
for texts can be set up if a good training algorithm is found. Currently,
DBNs are normally trained in a greedy layer-wise fashion including the RBM

unsupervised training and the supervised BP training. However, regarding



sentiment analysis, can this DBN training mechanism be improved through

a better learning algorithm?

1.3 Dissertation Structure

The rest of this dissertation is organized as follows. In Chapter 2, some
literature review is introduced and some preliminary ideas are proposed cor-
respondingly. In Chapter 3, the first idea - Gaussian neuron in DBNs for
sentiment prediction, is discussed and implemented in experiments. In Chap-
ter 4, the second idea - incorporating positional information into DBNs; is
discussed with experimental results analysis as well. In Chapter 5, we pro-
pose a new DBN learning algorithm via introducing the delta rule (DR) for
sentiment classification. In Chapter 6, we conclude the dissertation work and

discuss some possible future work.

1.4 Contributions of the Dissertation

With the completion of this dissertation work, we make some contributions

as follows:

1. We study the neuron models in DBNs for sentiment prediction, because
to our knowledge there is no related work to investigate the neuron models

in DBNs for sentiment analysis. So the Gaussian neuron model is introduced



into DBNs for sentiment prediction task through a variety of empirical studies
on several sentiment text data sets. This neuron proves to work better than

the baseline sigmoid neuron model with DBNs for sentiment analysis.

2. We propose a new word positional contribution form by scale normal-
ization and another novel word-to-segment matrix representation for texts.
They are both applied into DBNs for sentiment classification. Specifically,
the two representations are incorporated into traditional bag-of-words repre-
sentation for each sentence, and also demonstrate to provide positive evidence
in DBNs for sentiment analysis. This result shows that there exists a more

useful representation for texts in sentiment analysis area using DBNs.

3. We propose a new three-phase learning algorithm to improve the ordinary
two-phase DBN training in sentiment analysis. This new algorithm is to
insert another phase of the DR learning between the ordinary two phases.
To our knowledge, the DR learning is originally incorporated into DBNs.
Specifically, the inserted phase is to use the pre-trained RBMs to update the
weights through single-layer networks, which helps to keep more correction
signal in the back propagation (BP) process. Furthermore, the new algorithm

has proved effective with experiments in sentiment classification task.



Chapter 2

Literature Review

2.1 Sentiment Analysis and Related Tradi-

tional Techniques

2.1.1 Sentiment Analysis

Sentiment analysis is targeted to mine people’s sentiments or feelings towards
entities, events and other specific topics. With the development of World
Wide Web, people can express any views or ideas about almost anything
in social media such as Facebook, Twitter, blogs, or internet forums. So
there are plenty of online reviews and thoughts, which makes it difficult to
manually analyze these opinions when we want to do product or topic review

analysis. Hence, sentiment analysis has been widely studied in the NLP
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community. B. Liu describes some popular topics in the sentiment analysis

area [37], which includes but not limited to those below:

(1) Definition of sentiment analysis for any scientific problem. Given any
scientific problem in sentiment analysis area, we need to define the problem
and formalize it. Technically, the problem should be formalized to a real

machine learning problem: task definition, inputs and outputs, applications.

(2) Sentiment classification. This area has been studied most in research,
which treats sentiment analysis as a text classification problem. For example,
it is to classify a review as positive or negative (or other sentiment labels).

This is also our research area in this dissertation.

(3) Analysis for sentiment of comparative sentences. This task is not to
give a direct opinion (e.g. positive or negative) for an object, but to give
comparison opinions based on other similar objects. For example, the review
“The display quality of this laptop is amazing.” expresses a direct opinion,
while “The display quality of this laptop is better than another.” expresses a
comparison opinion. It is obvious that identification of such kind of sentences

is also valuable.

(4) Feature-based sentiment analysis. It is to determine opinions for the
components in a sentence. The component also refers to attribute or feature
of an object. An object can be a product, individual, organization, topic,
etc. For instance, in a review regarding a laptop “The display quality of

this laptop is amazing, but the weight seems a little heavy.”, it indicates that

10



this object (laptop) has positive opinion on its feature “display quality” and

negative opinion on the feature of “weight”.

(5) Opinion search and retrieval. Currently, there are various opinions on
the Web for many issues in our life. Hence, it is no surprise that people are
more willing to search opinions for a specific problem. For example, given
a topic keyword “Canada FElection”, we want to find positive and negative
opinions about this topic from related opinion or poll sources. And then,
these opinionated reviews are identified and ranked with different sentiment

scores to see which candidate receives more support from the public.

In the book of Sentiment Analysis and Opinion Mining [38], B. Liu system-
atically describes and analyzes those tasks with more details. Meanwhile, in
the survey of [53], B. Pang and L. Lee introduce sentiment analysis and its
applications, including sentiment classification and extraction, summariza-
tion, and the related approaches. In the survey of [1], some machine learning
algorithms are widely employed for sentiment analysis, such as naive Bayes

(NB), maximum entropy (ME), and support vector machines (SVMs).

2.1.2 Related Traditional Techniques

Some traditional techniques are employed in sentiment analysis, including
NB, ME, SVMs, language models (LMs), and other NLP methods. Andrew

et al apply multi-variate Bernoulli and multinomial model into NB classifier

11



for text classification [42]. The results show that the multinomial usually
performs relatively better with large vocabulary size, while the multi-variate

Bernoulli only performs well with small vocabulary size.

B. Pang et al apply three machine learning methods: NB, ME, and SVMs
to movie sentiment classification [54]. Their task considers to classify doc-
uments not by topic, but by overall sentiment, e.g., determining whether a
review is positive or negative. Those results show that, better performance
(much better performance for SVMs) is achieved by accounting only for fea-
ture presence, not feature frequency. In addition, B. Pang and L. Lee propose
the minimum-cut framework to extract subjective portions and then exam-
ine the relation between subjectivity detection and polarity classification by
using NB and SVMs polarity classifiers [52]. It shows that the subjectivity
extraction is more effective input for NB classifier, compared to the originat-

ing document.

Especially, based on NB classifier, V. Raychev and P. Nakov introduce a
novel language independent approach to the task of determining sentiment
polarities of the author’s opinion regarding a specific topic in natural lan-
guage texts [58]. It intakes the positional information into NB classifier. In
particular, it introduces a method to measure the positional importance, that
is, instead of value one, the occurrences of the words at different positions
contribute different values to their frequency values in the sentence. Then the

updated frequency values are applied into NB model combined with subjec-
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tivity sort or subjectivity filter. Inspired by this idea, we try to incorporate
the positional information into DBNs for sentiment analysis. We not only
improve the linear positional contribution mentioned above, but also propose
a new word-to-segment matrix representation to represent each text to in-
tegrate the word positional information in a sentence for further sentiment

investigation, which is described in detail in Chapter 4.

Language models (LMs) [56, 81], either probabilistic or non-probabilistic,
have been widely accommodated in information retrieval (IR), NLP and sen-
timent analysis. An LM calculates a probability to a sequence of words
(n-gram), but we should first suppose that the probability of a word only de-
pends on its previous n-1 words. K. Liu et al propose a method to train an
emoticon smoothed language model (ESLAM) based on the manually labeled

data, and then use the noisy emoticon data for smoothing [40].

B. Liu et al raise a supervised method to extract object features [39]. For
instance, in the sentence “The display quality of this laptop is amazing.”, the
object feature is “display quality”, and the opinion on this feature is positive.
Unsupervised methods are also proposed to identify object features and mine
feature opinions. A set of techniques are presented in [26], such as Part-
of-Speech Tagging (POS), Frequent Features Identification, Opinion Words
Extraction, to provide a feature-based summary of lots of online customer
reviews regarding a product. Another unsupervised information extraction

system called OPINFE is also proposed to build a model of important product

13



features from reviews [57]. It has proved to perform well in finding opinion

phrases and their polarities.

Some lexicon-based approaches are applied to determine whether the opin-
ions on specific features are positive, negative or neutral. X. Ding et al come
up with a holistic lexicon-based approach to deal with context-dependent
opinion words. This approach handles many special words, phrases and lan-
guage structures that impact opinions based on their linguistic patterns [11].
In [26], the lexicon of WordNet is also used to identify the semantic orienta-
tions of adjectives, which are then applied to predict sentiment polarities of

opinion sentences [57].

Some techniques are proposed to mine opinions from comparative sentences.
A comparative sentence usually expresses an ordering relation between two
or more sets of objects regarding some specific features. So some hidden
opinions may also exist in comparative sentences. Based on two sequential
rules of class sequential rules and label sequential rules, N. Jindal and B.
Liu [28] perform two techniques of NB and conditional random fields (CRF)
to identify comparative sentences and extract comparative relations. In [13],
it is devoted to mining opinions from comparative sentences. It proposes a
new measure called one-side association (OSA), to measure the association
between the comparative word and the object feature. This measure is then

accommodated to identify the preferred objects of a customer.
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2.2 Deep Learning

2.2.1 Representation Learning

The success of machine learning algorithms generally relies on data repre-
sentation, and it is mostly due to the fact that different representations can
entangle and hide more or less explanatory information behind the data [3].
Deep learning methods aim at learning feature hierarchies with higher level
features formed by the composition of lower level features. The tutorial in [34]
explains why we need deep architectures [31]. It is because deep architec-
tures can be representationally efficient with fewer computational units for
same function, and might allow for feature hierarchy. Through automatically
learning features at multiple levels of abstraction, a deep learning system can
learn complex mapping functions directly from the input (raw data) to the

output, without any human-crafted features.

Figure 2.1 depicts a general diagram for data processing. In this figure, a
data modeling process is divided into five steps in order: raw data, pre-
processing, feature extraction, feature selection, and model inference or ap-
plication. Especially, the process from pre-processing to feature selection is
called representation learning (or feature learning), which is the most criti-
cal for the model accuracy. However, representation learning process is often
hand-crafted in practice before deep learning methods are effectively em-

ployed, such as NB, SVMs or decision trees. It is mostly time-consuming in

15



development cycle and also takes much computation time for testing. Hence,
the rapidly developing deep learning methods have proved more efficient and

more effective for representation learning [3].

i — Pre- — Fezture " Fezture - P Model I

Fawdata [ . I . — _ inference |
¥| processing ¥ extrachon selection S

application

U

Representation
learning

Figure 2.1: Diagram of data processing.

Deep learning actually means learning multi-level feature representations
from huge amount of data, which makes deep learning a very popular method
that is very different from other state-of-the-art algorithms. It is deep if it
has more than one stage of non-linear feature transformation as the diagram

in Figure 2.2 [30].

Low-level Mid-level _| High-level _| Trainable

5 = : —_—
7| Feature ’ Feature Feature Classifier

Figure 2.2: Diagram of learning hierarchical representations.

It can be seen from Figure 2.2 that hierarchical representations are increasing
levels of feature abstraction, and each phase is a type of trainable feature

transformation. Several examples are illustrated below [30]:

16



(1) For image recognition problem, we have the following representations
transformation process: Pixel — edge — texton — motif — part — object.

(Note: each raw input of image is denoted by pixels.)

(2) For natural language processing problem, the transformation process from
raw input (character) to last selected features (story) is: Character — word

— word group — clause — sentence— story.

(3) For speech recognition problem, the feature representation transformation

is: Sample — spectral band — sound — - -+ — phone — phoneme — word.

That is the brief introduction for the feature representation hierarchy in
deep learning. In practice, deep models use deep architectures to learn the

different level feature representations.

2.2.2 Deep Belief Network

Deep belief network (DBN) [22] is composed of multiple layers of stochastic,
hidden variables [4], and is structurally based on restricted Boltzmann ma-
chine (RBM) as depicted in Figure 1.2. This figure illustrates that each layer
from bottom to up actually represents a relatively higher feature abstrac-
tion. Therefore, the training diagram from visible layer to the top hidden

layer (Hidden layer 3 in Figure 1.2) is a representation learning process.

Compared to deep neural networks, DBNs have a phase of unsupervised pre-

training [5], and have proved more effective with a set of experiments. In
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detail, deep neural networks trained with the BP algorithm without unsu-
pervised pre-training perform even worse than shallow networks. There are
some problems with BP training algorithm [5, 34]: (1) The gradient for BP
is progressively getting more dilute since the correction signal is minimal be-
low the top few layers; (2) The BP algorithm for deep networks will become
trapped in local minima especially because they initialize weights far from
“good” regions (i.e., random initialization); and (3) BP is a supervised train-
ing method that normally only works for labeled data, but the data in reality
is mostly unlabeled. These problems prevent BP from working very well for
deep architectures. However, the DBNs with unsupervised training phase
actually work relatively better. There is a phase of unsupervised learning —
greedy layer-wise training for stacks of RBMs employed in DBNs [5], which
allows to develop hierarchical abstractions from bottom to up and helps the
BP phase of the network start with good parameters. So RBM is an im-
portant component in a DBN since it distinguishes a DBN from an ordinary

deep neural network.

Theoretically, RBM is a variant of Boltzmann machine (BM). BM is a par-
ticular form of log-linear Markov Random Field (MRF), and there are undi-
rected relationships between each unit of a BM no matter the unit is hidden
or visible. However, the computation of the gradient to train BMs is very
expensive, and training time is very long [4]. Hence, the connectivity of a
general BM is restricted to make learning easier, with the restriction that

their neurons must form a bipartite graph (restricted Boltzmann machine,
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RBM): they have visible units, corresponding to features of their inputs, hid-
den units that are trained, and each connection in the RBM must connect a
visible unit to a hidden unit, which is depicted in Figure 2.3. This restriction
allows for more efficient training algorithms that are available for the general
class of BMs, particularly the gradient-based contrastive divergence (CD)

learning algorithm [7].

Hidden laver

Visible layer

Figure 2.3: A graphical representation example for RBM.

One key point is that, the hidden units in RBMs are conditionally indepen-
dent given the visible states. Specifically, referring to the text in [4], the

energy function for the RBM configuration is given as Eq. 2.1.

Energy(z,h) = —b"x — c"h — hTwaz, (2.1)

where = represents the vector of visible units, A is hidden units vector, h”
is the transposition of h, w represents the weights connecting hidden and

visible units, and b, ¢ are the bias terms of the visible and hidden layers
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respectively.

Based on the energy function, the joint probability distribution over all the
visible and hidden units P(z, h), and the marginal distribution P(z) over the

visible units are defined in the following two formulas:
1 —Energy(xz,h)
P(z,h) = 7€ YRR (2.2)

1
P(.T) _ Zh e7E‘nergy(:1:,h)7 (2?))

Energy(

where Z is a partition function defined as the sum of e~ =h) over all

possible visible and hidden units.

To train RBMs, the Gibbs sampling plays a significant role in calculating
P(h|z) and P(z|h) [4]. Gibbs sampling is a Markov chain Monte Carlo
(MCMC) technique to sample a sequence when direct sampling is hard to
perform. Since it is hard to estimate the joint distribution P(z,h), with
Gibbs sampling in a RBM, the joint variables (z,h) can be sampled in the
Gibbs chain in two sub-steps: (1) sample h given z, and (2) sample new
x given h. The sampling algorithm in RBMs is described in Chapter 3.
Without loss of generality, suppose binary units {0,1} are used, then the
probabilistic functions for each hidden unit and visible unit are given by the

following formulas Eq. 2.4 and Eq. 2.5.
P(hjlz) = p(b; +w ), (2.4)
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P(zi|h) = p(c; +w.h), (2.5)

where ¢ is activation function (e.g. sigmoid function), w and w' are two
different weight matrices. Also, w.; denotes the vector of weights connected
from each visible unit to the j*® hidden unit, while w/, represents the weight
vector connecting each hidden unit to the " visible unit. The b; and ¢; are

corresponding bias terms.

The RBM is to learn a marginal probability distribution over its input, by
maximizing the log probability over a training set X (input matrix, each row

of X denotes an example x), namely,

arg max,, Z oy log P(z),

where P(x) represents marginal probability over all the visible features, and
w is weight matrix connecting the units of the two layers [4]. The goal is
the same as minimizing the loss function — negative log-likelihood function,

which is similar as: argmin,[— )" _ log P(x)].

Gibbs sampling is applied to generate samples to model the distribution P(x)
over visible features, and theoretically the chain of samples can converge af-
ter enough number of sampling steps [4]. However, an RBM is trained using
Contrastive Divergence (CD) in practice [23, 80], which is an approximate
maximum-likelihood learning approach. CD does not wait for the samples

chain to converge. Normally samples are generated after only k steps of
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Gibbs sampling, which is CD-k, and &£ = 1 has been shown to work surpris-
ingly well [7]. The training of RBMs provides a better weight initialization
for BP process, which distinguishes DBNs from ordinary neural networks
where the initial weights are randomly generated. Normally, learning DBN
is divided into two phases [22]: unsupervised RBM training and supervised
neural network training (BP training). The first phase comes from the prin-
ciple of greedy layer-wise unsupervised training that a DBN is trained with
RBMs as the building blocks for each layer [22, 5], and each RBM is trained
following the practical guide written by G. Hinton [21]. Specifically, every
two adjacent layers in Figure 1.2 helps to form stacks of RBMs for unsuper-
vised training. The second phase is actually the traditional BP algorithm,
a common method to train artificial neural networks, introduced by D.E.

Rumelhart et al [60].

2.2.3 Related Work for DBNs

1. Some work is to consider the influence of neuron models on the deep
learning system. V. Nair and G. Hinton use noisy rectified linear units to
approximate the stepped sigmoid units [47], but it has only proved better on
face verification data. X. Glorot et al propose rectifying neuron: max(0, x)
to create sparse representations with true zeros [17], which is suitable for nat-
urally sparse data, but is unfortunately non-differentiable at zero. Motivated

by these work, assuming that different neuron models will play different ef-
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fects for a specific application problem, the effect of neuron model in DBNs

is investigated in this dissertation for sentiment prediction.

2. Some useful techniques are presented in order to avoid over-fitting in ma-
chine learning especially for neural networks training, such as early stopping,
the L1 and L2 regularization for weight penalties [6, 79], and soft weight
sharing [49]. Except for these general techniques, there are also some meth-
ods proposed to avoid over-fitting in deep neural networks. Dropout tech-
nique deals with over-fitting in large networks by randomly dropping units
(together with their connections) during the network training process [68].
In [75], a generalization of DropOut, called DropConnect, is proposed to regu-
larize neural networks with large fully-connected layers. Unlike randomly se-
lecting a subset of activation units to be zeros within each layer for DropOut,
DropConnect instead assigns a randomly selected subset of weights within
the network to zeros. M. Cogswell et al [9] propose a new regularizer called
DeCov to reduce over-fitting and obtain better generalization. This regu-
larizer minimizes cross-covariance of hidden units in deep neural networks,

trying to obtain diverse or non-redundant feature representations.

3. There are also some studies with the learning process of DBNs. P. Lin et
al present a ME learning method with DBNs [36], which maximizes only the
entropy of parameters in DBNs, allowing more effective generalization ability.
In RBMs, instead of doing negative sampling from the model distribution to

approximate the negative gradient [23], A. Yuille proposes a way to initialize
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a Markov chain at a state when the previous model is ended [80], so this
initialization is considered fairly close to the model distribution. R. Neal
also uses this method with sigmoid belief networks to approximately sample
from the posterior distribution of hidden layer units given the visible layer
units [48]. Meanwhile, different from the standard CD, a new algorithm
called Persistent Contrastive Divergence (PCD), is proposed by T. Tieleman
to train RBM based on the above approach of A. Yuille, which is to draw

samples from almost exactly the model distribution [72].

In view of this point, we also take advantage of the previous RBM training
during the whole training process. However, we do not use it to approximate
the model distribution, but use the previous trained RBM to generate hidden
units that can form a single-layer network together with the visible layer
of RBM. Considering the traditional BP learning for neural networks is to
minimize the error between the actual output and target output in a back
ward fashion, the correction signal of each layer will get dilute as the number
of layers in the network increases. Hence, we apply the delta rule (DR) [69]
learning into the single-layer network after RBM training, trying to not lose
much correction signal in total. The weights trained from DR for each single-

layer network are then used as the initialization for whole BP training.

4. Currently, there is not much work about the DBNs for NLP as well as sen-
timent analysis. Some applications of DBNs regarding various problems for

natural language understanding are studied in [62]. The method is to learn
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new features from unlabeled data through a multi-layer generative model.
And then the newly learned features are adopted to train an ordinary feed-
forward neural network. S. Zhou et al propose hybrid DBNs to address the
semi-supervised sentiment classification problem [82]. P. Ruangkanokmas
et al also develop a semi-supervised learning algorithm, called Deep Belief

Networks with Feature Selection (DBNFS) for sentiment classification [59].

2.2.4 Other Deep Learning Models for NLP and Sen-

timent Analysis

Deep learning models have been widely used in image, audio, video, and
NLP problems, and also have achieved great success. Deep learning indeed
represents a set of machine learning algorithms with deep architectures. It
not only includes the above introduced DBN, but also includes some other
popular models, such as auto-encoder, convolutional neural network (CNN),
recurrent neural network (RNN), and recursive neural network. They are

introduced as below.
1. Auto-Encoder

The auto-encoder [4], also called auto-associator, aims at learning a more effi-
cient representation from raw input, typically with the purpose of dimension
deduction. Specifically, it is to encode the input x into some representation

c(x), so that we can reconstruct x from c(x). In other words, the auto-

25



encoder is actually to encode the input itself. The reconstruction error for

training an auto-encoder is generally described in Eq. 2.6.

Re_err = —logP(x|c(x)). (2.6)

A deep auto-encoder structure is stacked with multiple encoders, which is
called stacked auto-encoders [24]. To discover more robust features with
auto-encoder and avoid the auto-encoder to simply learn the identical fea-
tures from input, denoising auto-encoder is proposed to force the learned rep-
resentations more robust to small irrelevant changes in input pattern [74]. A
hierarchical neural auto-encoder is proposed for natural language generation

of coherent long texts in [35].
2. Convolutional neural network

A convolutional neural network (CNN) [4] is inspired by the animal visual sys-
tem structure, which uses a convolution operation to mathematically describe
the overlapping regions tiling the visual field [77]. CNNs have the character-
istics of shared weights and translation invariance. A CNN structure usually
consists of several layers introduced below [77]. (1) Convolutional layer: In
a convolutional layer, it often assumes each neuron is connected to only a
small subset of the input (local connectivity), so that the parameter sharing
scheme is used to mathematically control the number of free parameters. (2)

Pooling layer: Pooling is another important concept of CNNs following the
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convolutional layer. It normally uses a way of non-linear down-sampling to
reduce the number of parameters in the network to save computation time,
which is also to control over-fitting. (3) Fully-connected layer: This layer
is constructed after several convolutional layers and pooling layers to per-
form high-level inference through the ordinary neural networks trained with
BP algorithm. (4) Output layer: Normally it is to use softmax function to

predict the class labels.

Y. LeCun et al have designed convolutional neural networks (CNNs) trained
with the error gradient, to obtain great performance for pattern recognition
tasks [33, 32]. LeCun’s CNN is normally named as LeNet-5, which is a typical
7-level convolutional network. An example LeNet-5 is depicted in Figure 2.4.
Gradient-based learning algorithm is applied to train LeNet-5 for document

recognition.

C3:f. maps 16@10x10
C1: feature maps 84 f. maps 16@5x5

INPUT
e 6@26x28

5 amaps CB.layer Fg: jayer OUTPUT
84 10

S5 |—r rrr
i

‘ Full coanection ‘ Gaussian connections
Convolutions Subsampling Convolutions  Subsampling Full connection

Figure 2.4: A CNN of LeNet-5 for digits recognition, each plane is a feature
map ([33]).

Besides, R. Collobert and J. Weston describe a unified CNN structure for
NLP tasks [10], such as Part-Of-Speech Tagging (POS), Chunking, Named
Entity Recognition (NER), Semantic Role Labeling (SRL). For NLP prob-
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lems, the input sentence is processed by several feature extraction layers.
The BP algorithm is applied to automatically learn the features of deep lay-
ers within the network. Figure 2.5 depicts a general deep neural network

architecture for NLP.

Input Sentence e, K featumes
feature 1 (text)  the cat sat on the mat
feature 2 S1{1} 57(2] 5143} 51(4] 5145} 5108
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Figure 2.5: A general CNN structure for NLP ([10]).

3. Recurrent neural network

A recurrent neural network (RNN) denotes a type of artificial neural network
in which the connections between units can form a directed cycle. T. Mikolov
et al present a new recurrent neural network based language model (RNN
LM) with applications to speech recognition [43, 45]. A simple RNN is shown

in Figure 2.6, which is also called Elman network [12]. For this RNN, at time
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t, it has an input layer z(t), output layer y(¢), and hidden layer ¢(t) (also
called context layer). As depicted in the figure, the current context c(t) is
computed from the current input x(¢) and its previous context ¢(t —1), which

is generally introduced in Eq. 2.7.

c(t) =o(Ux(t) + We(t — 1)), (2.7)

where ¢ is time point, and ¢ is activation function, U and W is weight

matrices for z(t) and ¢(t — 1) respectively.
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Figure 2.6: A simple recurrent neural network ([43]).

RNNs have proved effective because they can use the internal memory to deal
with arbitrary sequences of inputs theoretically. Nowadays, many researchers

employ a RNN model called Long short-term memory (LSTM) network de-
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scribed in [25]. Unlike other RNNs, LSTM can avoid back-propagated errors
to vanish or explode, which is usually improved by recurrent gates called

forget gates [14]. Some other LSTM applications for NLP are introduced
in [76, 41, 15, 73].

4. Recursive neural network

A recursive neural network is to apply the same set of weights recursively
through a recursive structure [19]. A simple recursive neural network is de-
picted in Figure 2.7. In this figure, suppose that ¢; and ¢, are N-dimensional
vectors to represent the nodes, their parent node p will be an N-dimensional
vector as well calculated through Eq. 2.8 and the local score s is calculated

via Eq. 2.9 [66].

Wacure . 2
CIll] p
& saas

W

C1 Cs

Figure 2.7: A simple recursive neural network that is replicated for each pair
of possible input vectors ([66]).

p = @(Wler; co] +0), (2.8)

s = WSCOTep, (29)
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where W is an N % 2N weight matrix, s represents the local score that is
used to calculate the final score of the structure, W#°" is an N-dimensional

row vector for weights corresponding to the node p.

Various recursive models are applied in NLP studies. Based on the word-
vector representations (or word embeddings) that assume each word can be
represented by an N-dimensional vector [44], R. Socher et al incorporate
word vectors to replace the traditional word count or presence features, and
then they integrate word vectors into multiple recursive modes such as re-
cursive auto-encoders [63], recursive matrix-vector model [65], and recursive
deep network [67], which have obtained effective results but require a very
large labeled tree bank for training. R. Socher also systematically describes
the recursive deep learning for NLP studies in [64]. R. Paulus et al apply
neural word vectors into global belief recursive neural networks for sentiment

classification [55].

5. In addition to the above models, there are also some other related work.
Some researchers study new deep learning structures with specific applica-
tions. D. Tang et al integrate sentiment-specific word embedding features
into neural networks and develop a neural network with a hybrid loss function
to the deep learning system [71]. X. Glorot et al adopt domain adaptation
into sentiment classifiers in which a system is trained on labeled reviews of

one source domain but would also be employed on another [16].

Some people consider the word order information into several different NLP
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tasks. T. Pahikkala et al introduce a framework based on a word-position
matrix representation of text for natural language disambiguation tasks [51].
Specifically, in disambiguation tasks, each input example is consisting of a
word to be disambiguated and its surrounding context words, then a kernel
function is applied to map the features. R. Johnson and T. Zhang propose an
effective way of bag-of-words conversion into convolutional layer to exploit the
word order of text for text categorization using convolutional neural networks
(CNNs) [29]. In detail, the region representation called seqg-CNN is to embed
text regions into low dimensional vector space. Meanwhile, considering the
model becomes too complex and the training is too expensive, they provide an
alternative way bow-CNN to perform bag-of-words conversion to make region
vectors. For example, suppose the vocabulary is {“do”, “I”, “you”, “love”,
“hate” }, given a sentence “I love you”, then two convolutional phrases “I
love” and “love you” in the sentence can be represented by the converted
bag-of-words vectors as [0,1,0, 1, O]T and [0,0,1,1, O]T. In this way, the word
order in a local region “I love” or “love you” is lost while the order of the two
phrases is indicated. Inspired by this concept of representation, we propose
the word-to-segment matrix to represent a sentence, in which each sentence
is divided into several segments (not convolutional). We do not consider the
word order within the segment, but the segment order is represented using

the word-to-segment matrix.
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Chapter 3

Gaussian Neuron in Deep
Belief Networks for Sentiment

Prediction

3.1 Gaussian Neuron in DBN

As introduced previously, the neuron model is a significant component in a
DBN, because the conditional probabilities of each hidden unit and visible
unit, P(hlz) and P(z|h), are given by Eq. 2.4 and Eq. 2.5. It indicates
that the activation function calculates the probabilities. Except the widely
used sigmoid neuron function, some other neurons are also used in deep

networks, such as the rectified linear units that have only proved efficient on
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image-related tasks unfortunately [47]. But to our knowledge, there is no
related study on the neuron models in DBNs for sentiment analysis. Hence,
in this chapter, we investigate different neuron models in DBNs for sentiment
analysis. Especially, we introduce the Gaussian neuron into DBNs for the

sentiment prediction task.

3.1.1 Gaussian Neuron

Activation

function
(@
Cutpul

¢e-) F—

signals

junction

Synaptic
weights

Figure 3.1: A single neuron diagram ([8]).

The neuron flow diagram works like Figure 3.1, which shows the working
mechanism of a single neuron in a neural network. In detail, for the k™
neuron in a neural network, all the inputs from x; to z,, are fed into a
summing function with corresponding weights of wy; through wy, plus a
bias term b;. The summing result vy in Eq. 3.1 goes through the activation

function ¢ to obtain output y; in Eq. 3.2.
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Uk = b, + T1Wp1 + ToWko + ... + Ty Wi, (3.1)

Yr = (vk). (3.2)

Generally, the sigmoid neuron function in Eq. 3.3 with respect to the inde-

pendent variable ¢ is widely used in neural networks.

(3.3)

The Eq. 3.3 indicates that the sigmoid value will be greater than 0.5 when ¢
is greater than 0, which normally means the neuron is in active status. On
the other hand, considering the activation function is actually to compute
a probability, it naturally inspires us to come up with some other feasible
probability functions. Especially in sentiment analysis, the neuron activation
function needs further investigation, because the t value in an activation
function comes from a linear combination of the previous layer’s units, which
indeed represents a sequence of words (visible layer), or a sequence of phrases
(hidden layers). Hence, how this combination contributes to the sentiment
of the next layer, probably has different effect curves (not only sigmoid, or
tangent hyperbolic functions). Here, the Gaussian neuron function written

in Eq. 3.4 is investigated for sentiment prediction.
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1 t
©(t) = Gaussian(t; u, 0°) = / e_(z_“)2/2"2dz, (3.4)

oV 2w
where ¢ is independent variable, and ¢ is actually the cumulative distribution
function of Gaussian density with mean and variance (u, 0?). This neuron
has two advantages: (1) it gives diversified activation function curves just
by setting different values of (i, 02); and (2), in the learning process, the
derivatives for gradient descent in BP training can be easily computed just

via its density function.

Therefore, the DBNs with Gaussian neuron and sigmoid neuron respectively
will be implemented on several sentiment data sets including balanced and

imbalanced for performance comparison.

3.1.2 Learning Approach

In the DBNs for sentiment prediction, there are some function options for
the output layer, such as softmax, sigmoid and Gaussian cumulative function.
However, the sigmoid function proves more effective in both neuron models

in this research, which is written as Eq. 3.5.

Label® = sigm(w®™ - S 4 b°"), (3.5)

out

where w°"" is a weight matrix connecting the output layer and its previous

hidden layer, b°“ is the corresponding bias vector, and S represents the
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“Sentence” of the penultimate layer, and Label® is finally calculated as a
C-vector (C'is the number of classes) in which the largest value indicates its

class.

Learning the DBN is divided into two phases: unsupervised RBM training
and supervised neural network training. The first phase of RBM is trained
via CD algorithm following the practical guide by G. Hinton [21], and the
second one is actually adopting the common BP method to train artificial
neural networks, introduced by D.E. Rumelhart et al [60]. Below is the

description of the learning algorithm:

Input: a set X of training examples, and corresponding manually labeled

class Yx
Output: a DBN classifier

Note: z is an example in X which denotes a sentence; y,, belonging to Yy,

is the class vector of z.
Phase I: Unsupervised RBM training

e Take a training example x, compute the conditional probabilities of
hidden units using Eq. 2.4 and sample a hidden activation vector h

from this distribution;

e Given h, compute the conditional probabilities of visible units through
Eq. 2.5, and sample from this distribution to reconstruct the visible

units Tew;
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e Given z,,, resample a hidden activation h,., by computing condi-

tional probabilities through Eq. 2.4;

e For some learning rate o, update the weight matrix and bias term via

Eq. 3.6 and Eq. 3.7:

w w4+ a(vh’ — zpehl.,), (3.6)

new

b b+ alr— Tpew)- (3.7)

Phase II: Supervised neural network training

e Obtain the weight matrix w and bias term b from the first phase as the

initial weights in the traditional neural network;

e Implement forward propagation to compute the cost function (average

sum-of-squares error) of the traditional neural network;
e For each layer, implement BP process to compute partial derivatives;

e Fine-tune the weight matrix w and bias term b using the partial deriva-

tives as gradient descent until convergence.

A graph example to train DBNs is shown in Figure 3.2 corresponding to the
above learning algorithm. In this figure, the training process clearly consists
of two parts: the interior blue rectangle (P1: Phase I) and the external
green circle (P2: Phase II). Especially when it refers to the derivative of

Gaussian cumulative distribution function, the Gaussian density function
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Figure 3.2: A graph example to train DBNs.

can be easily calculated. Hence, the Gaussian neuron in DBN has similar
time complexity as sigmoid neuron, and therefore we need only pay attention

to their classification performances.

3.1.3 Evaluation

In this chapter, two main evaluation metrics are employed to compare the
performances: total accuracy (T'A) and F-measure (F score) [50]. Firstly,
the predictive accuracy T' A is typically used for evaluating the performance of
machine learning algorithms. Besides, for the purpose to evaluate the perfor-
mance regarding the imbalanced data, Fj score is used to combine precision
and recall into evaluation together. Suppose in the binary classification task,
the four variables, tp, tn, fp, and fn, represent the true positives, true nega-

tives, false positives, and false negatives respectively. Then the two measures
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are calculated by Eq. 3.8 and Eq. 3.9.

_ tp +in (3.8)
tp+tn+ fp+ fn’ '
2tp
F = . 3.9
T 2tp+ fpt fo (3:9)

3.2 Experiments and Results

To demonstrate the effect of neuron models in DBNs, we design experiments
as below and achieve corresponding results through a range of implementa-

tions.

3.2.1 Data Collection and Pre-processing

This chapter focuses on Twitter sentiment prediction. The labeled twitter
corpus we use is the Stanford Twitter Sentiment (STS) [18], which includes
1.6 million training examples labeled as positive and negative automatically
using the emoticons of the tweets. In order to construct some independent
data sets for more comparisons and also to speed up our training time, we

randomly sample ten non-overlapped small data sets from this training set

of STS.

Each raw data set needs to be pre-processed for training the model. Firstly,

all characters are converted to lowercase since upper case and lower case have
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no differences for sentiment polarities; Secondly, the URLs in the data set are
removed, because they do not make much sense for the sentiment; Thirdly,
we transform some acronyms and abbreviations to their completely expanded
forms. For example, “ive” is replaced by “i have”, “can’t” or “cannt” is “can
not”, “won’t” or “wont” is “will not”, “shouldn’t” or “shouldnt” is “should
not”, with details in Table 3.1. In this way some meaningful words especially
the negation word “not” are kept as they are essential for sentiment. Finally,
some punctuations, such as @, /, |, §, are deleted as well since they contribute

little to the text sentiment.

After the above pre-processing, we need to obtain initial trainable data that
can be directly used in DBNs. Since Twitter texts are all limited to 140
characters long, each word in one Twitter text occurs only once for most
of the time, so the vocabulary of each data set is extracted as attributes,
each word token is denoted by its presence or not, and then each sentence
(training example) can be represented by a vector where the element is one
if the word exists in it, otherwise zero (filtered by the StringTo Word in Weka
3.6.12 [20]). Besides, the sentence’s label is denoted by a vector with value
one at corresponding position and zeros elsewhere. For example, here is
an example with positive label in a binary classification task, then its label
vector (output) can be defined as (1, 0) in which the first element denotes

positive while the second element is negative.

The randomly sampled ten non-overlapped data sets, including four balanced
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Table 3.1: Corresponding expanded forms for abbreviations.

abbrev. expanded forms abbrev. expanded forms
i've i have won’t /wont will not
i'm i am wouldn’t/wouldnt ~ would not
i've i have shouldn’t /shouldnt should not
i'll i will can’t/cannt can not
it’s it is couldn’t/couldnt could not
let’s let us isn’t /isnt is not
she’s she is wasn’t/wasnt was not
he’s he is aren’t /arent are not
she’ll she will weren’t /werent were not
he'll he will don’t/dont do not
you've  you have doesn’t/doesnt does not
there're there are didn’t/didnt did not
there’s  there is haven’t /havent have not

data sets and six imbalanced data sets, are described in Table 3.2. Here
‘attributes’ means the number of word tokens for each data set, IR is the
imbalanced ratio which equals the ratio of majority over minority (balanced

for IR = 1.0, otherwise imbalanced).

Table 3.2: Description of data sets used in experiments.

Data set size  attributes classes positive negative IR

pos500neg500 1000 1015 2 500 500 1.00
pos500neg5000 2500 1060 2 500 5000 10.00
pos1000neg1000 2000 1107 2 1000 1000 1.00
pos3000neg3000 6000 1016 2 3000 3000 1.00
pos3000neg10000 13000 995 2 3000 10000 3.33
pos3000neg20000 23000 988 2 3000 20000 6.67
pos5000negd500 5500 1033 2 5000 500 10.00
pos5000neg5000 10000 990 2 5000 5000 1.00
pos10000neg3000 13000 988 2 10000 3000 3.33
p0s20000neg3000 23000 978 2 20000 3000 6.67
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3.2.2 Experimental Results

In our experiments, to demonstrate that the Gaussian neuron in DBN per-
forms better in Twitter sentiment prediction, the widely used sigmoid neuron
is implemented for baseline. So we perform two DBNs in this chapter, DBN-
Gaussian and DBN-sigmoid. Different DBN architectures have been tested
based on a variety of experiments, including the number of hidden layers (1,
2, 3) and hidden units (100, 200, 300, 400, 500), the functions for the output
layer (Gaussian, sigmoid, softmax), and the settings of (u, o) with combi-
nations of (u = 0, 0.1, 0.2, 0.5, 0.8, 1, 2; ¢ = 0.1, 0.5, 1, 1.5, 2.0, 3, 4, 5).
Finally, we manually set the system as: input (visible units) — 200 hidden
units — 100 hidden units — output layer (class labels), and the parameter
setting of (1 = 0.8,0% = 3?) is selected for DBN-Gaussian. The implementa-
tions are performed on the platform of MATLAB 2014a in the PC of 64-bit
OS, Intel Core i5-5200U, CPU 2.20GHz, and RAM 8.0GB (Same platform

in the whole dissertation).

Each data set is performed using ten-fold cross validation (nine for training
and one for testing) to obtain an average accuracy. Firstly, in RBM unsu-
pervised training, the momentum is 0.1 and learning rate is 0.9. According
to the reconstruction error plot in Figure 3.3, it has decreased to a stable
level and then usually 50 epochs would be enough for Twitter sentiment pre-
diction in DBNs, which would also help save computation time. Besides, for

supervised BP training, the maximum number of epochs is 1000 with 1076
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as the convergence control based on early stopping rule. Finally, a statisti-
cal t-test is accommodated to test the difference between the results of two
approaches on each data set.
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Figure 3.3: Reconstruction error for one time performance.

Table 3.3 displays total accuracy T'A and F} score of the two neuron DBN
models on each data set, and each cell of T'A is represented by the mean and
standard deviation of the ten-fold cross validation results, and F} score is the
average value. Based on the comparisons of sigmoid and Gaussian neuron
in DBN, the ordinary accuracy T'A and F} score do make some differences
among these data sets. Here we assume that the accuracy has won (lost) if
it passes a two-tailed t-test within 95% confidence level. (Note: even if some

Fi numbers of DBN-Gaussian are not with *, but they are still higher than
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those of DBN-sigmoid.)

Table 3.3: Experimental results on classification accuracy (%).

DBN-Gaussian DBN-sigmoid

TA F TA F
pos500negh00 69.10+4.10 * 0.670 67.20+4.00 0.668
pos500negh000 89.60+1.42 0.253 * 90.96+1.15 * 0.101
pos1000negl000  66.9042.97 0.657 68.00£3.06 0.682 *
pos3000neg3000  71.32+1.84 * 0.719 * 70.05+2.04 0.705
pos3000neg10000 80.72+1.26 * 0.533 *  78.34+0.94 0.511
pos3000neg20000 88.02+0.76 * 0.419 * 86.49+1.24 0.395
pos5000neg500 88.20£2.08 0.936 90.87+0.98 * 0.951 *
pos5000negb000  72.2941.77 0.726 71.214+1.87 0.717
pos10000neg3000 80.68+0.81 * 0.879 * 78.46+1.34 0.863
pos20000neg3000 87.70+0.72 * 0.932 * 86.10+0.93 0.921

average 79.45+1.77  0.672 78.77+1.76 0.651

Data set

In Table 3.4, an explicit comparison between Gaussian DBN and sigmoid
DBN is summarized, in which w/l/t means the method wins in w data sets,
loses in [ data sets, and ties in ¢ data sets. For example, 6/2/2 under T'A
column of all data sets means that the Gaussian DBN has 6 wins, 2 losses, and
2 ties on T'A compared to sigmoid DBN. In all, the results are summarized
briefly that, (1) Gaussian DBN has relatively higher T'A and F} score than
sigmoid DBN for all data sets; (2) Gaussian DBN performs better on T'A but
ties in F} score comparison for balanced data sets; and (3) Gaussian DBN
works much better than sigmoid DBN with respect to both T'A and Fj score

for imbalanced data sets.
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Table 3.4: Summary of evaluation comparisons.

all data sets (10) balanced data sets (4) imbalanced data sets (6)

Model TA Fyscore TA F score TA F score
DBN-Gaussian 6/2/2  6/2/2  2/0/2 1/1/2 4/2/0 5/1/0
DBN-sigmoid ~ 2/6/2  2/6/2  0/2/2 1/1/2 2/4/0 1/5/0

3.2.3 Analysis and Verification

Through the results introduced above, we try to analyze the difference be-
tween the two neuron models. Mathematically, the curves of the two neuron
functions are plotted in Figure 3.4. Here we suppose that Gaussian neuron

is the Gaussian cumulative function with mean 0.8 and variance 32.
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Figure 3.4: Curves for Gaussian and sigmoid functions.

Figure 3.4 shows the curves for sigmoid (dash line) and Gaussian cumulative

distribution (solid line) functions. The Gaussian activation function indicates
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the probability is greater than 0.5 (the neuron is active) when x > 0.8 (u),
not x > 0 as sigmoid function. When z = 0, the Gaussian function value
is only 0.395 (the neuron is inactive). Hence, compared to sigmoid DBN,
it gives some indications for Gaussian DBN regarding Twitter sentiment
prediction: (1) the mean u of Gaussian DBN should be greater than zero, but
not too big; and (2), the slope (derivative) of the activation function should
be relatively smoother, which means the standard deviation o should be
relatively larger. These two indications can provide us some useful guidance

towards the activation function settings for sentiment prediction.

To further verify this analysis, we collect several other sentiment text data
sets which are described with details in the following Chapter 4. These ten
data sets are performed on the DBNs with the two introduced neuron models
above, and the network is set as: input (visible units) — 400 hidden units —
100 hidden units — output layer (class labels). The other hyper-parameters
are set the same as those in the previous experiments. Finally, the data is
fed into DBN-Gaussian and DBN-sigmoid respectively. The total accuracy
through five-fold cross validation is applied here for evaluation comparison to
further verify our conclusion. Table 3.5 shows that the DBN-Gaussian still
performs better. In detail, DBN-Gaussian has won in six data sets and only
one loss, while DBN-sigmoid has only one win. Besides, the average total
accuracy of DBN-Gaussian is 67.81%, also higher than 66.34% for DBN-

sigmoid.
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3.3 Chapter Summary

In this chapter, we propose an idea of Gaussian neuron by changing the neu-
ron model that can flexibly adapt the DBN model into sentiment prediction,
and then we accommodate both the total accuracy and F} score to evaluate
the performance. Our experimental results reveal that there do exist some
significant improvements on the performance of Gaussian neuron compared
to the widely used sigmoid neuron in DBNs, especially on imbalanced data
sets. The results further demonstrate our initial assumption that the neuron

model in DBNs needs more investigation for specific applications.

Table 3.5: Experimental results for further verification (%).

Data set DBN-sigmoid DBN-Gaussian

STS-T 61.01 67.07 *
STS-G  83.50 83.45
HCR 64.91 66.00
HCR2 78.11 * 75.63
SST 53.40 55.50 *
SST2 70.00 71.23 *
FT 51.16 53.22 *
FT2 68.18 69.66 *
GT 57.69 60.07 *
GT2 75.39 76.24
average  66.34 67.81
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Chapter 4

Incorporating Positional
Information into Deep Belief
Networks for Sentiment

Classification

4.1 DBN Incorporating Positional Informa-

tion

Each sentence is traditionally represented by a bag-of-words vector. But

in this way it loses the word positional information (positional contribution
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and word order), because it contributes much to the sentiment polarity of a
sentence. This work is to explore an effective way to incorporate positional

information of a sentence into DBNs for sentiment classification.

Firstly, based on the positional information that is used in the NB classi-
fier [58], we propose a new word positional function by scale normalization
and apply it into DBNs for sentiment classification. Secondly, we propose
a novel word-to-segment matrix representation of text to improve the tra-
ditional bag-of-words representation in DBNs for sentiment classification.
There are two related studies: (1) The word-position matrix representation
is proposed for natural language disambiguation tasks [51]; and (2) An ef-
fective way of bag-of-words conversion to make region vectors is presented
to exploit the word order of text for text categorization using CNNs [29].
The difference between our word-to-segment matrix representation and the
above two studies is that, we propose that each text is divided into several
segments, and then the word-to-segment matrix representation is supposed
to represent the segment order information of a sentence, but the word order

information within the segment is omitted to simplify the representation.

4.1.1 Positional Contribution

Typically, a word is a grammar component in a sentence, and it has neigh-
boring words resulting in different combinations of words, which means each

word has a positional contribution value in the sentence. Basically, a word
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should be assigned a relatively higher weight as its position occurrence in-
creases in the sentence. The reason is that when we read the first word,
the sentence’s sentiment polarity is not clear at all, but when we go to the
last word after reading all previous words, the sentiment polarity becomes

unambiguous.

The positional information has been introduced into the NB classifier [58] in
the form of Eq. 4.1, in which a simple linear interpolation is used to measure
the position-dependent information in a sentence. Suppose the vocabulary
has N word attributes, W; denotes the j™ word (attribute) in the vocabulary,
and it has value of z; that is equal to zero when word W; does not exist in

the sentence, otherwise it is calculated via Eq. 4.1.

inZQO+Q'quOZO7Q>07j:172w-aNa (41>

where ¢q represents some constant value from the starting position of the
sentence, and ¢ is the position fractional weight, p is the position occurrence

of word W; in the sentence, n is the length of the sentence.

In order to normalize the values from Eq. 4.1 within the same scale, we force
the value z; to fall in the range of [0, 1] (scale normalization). So we give a

special positional contribution form described in Eq. 4.2.

z=0+(1-0)-Zo<o<1, (4.2)
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where p and n represent the same as those in Eq. 4.1, € is the ratio between
the word’s presence and its positional contribution within the range of [0, 1].
When 6 = 0, the value only represents the positional contribution, while it
means the traditional presence value if § = 1. Actually, the form of Eq. 4.2 is
a special form of Eq. 4.1 just through the assumption of ¢+ gy = 1. However,
given that 0 < p < n is correct for each sentence because p represents the
word’s position in a sentence while n denotes the length of the sentence, this
form offers the flexibility to adjust the ratio € to assign the value into the
interval of [0, 1] that is fed into the DBNs. Each sentence incorporating the

positional contribution is represented by an /N-dimensional vector.

4.1.2 Matrix Representation

To better represent a sentence with the vocabulary words and incorporate the
word order information into the model, also inspired by the linear transforma-
tion of the word-position matrix representation in the word disambiguation
task [51], we try to use a matrix to represent a sentence. Intuitively, word-
to-word matrix representation is introduced here. Suppose that a sentence

is represented by an N*N matrix M with the following two definitions:

o M;; =1, if the word W; exists in the sentence, otherwise is 0, for ¢ =

1,2, ..., N;

o M;; =1 if the word W, occurs before W; with only one space (the two
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words are neighbors in the sentence), otherwise is 0, for i, j = 1, 2, ...,
N (7 is not equal to 7).

2

For instance, assume the vocabulary is {“are”, “cat”, “mat”, “on”, “sat”,
“take”, “that”, “the”} with size N = 8, and we retrieve a simple sentence
as “the cat sat on that mat”. So based on the above definitions, an example

of word-to-word matrix representation M for this sentence is described in

Table 4.1.

Table 4.1: An example of word-to-word matrix representation.

Vocab H are \ cat \ mat \ on \ sat \ take \ that \ the

are
cat 1 1
mat 1
on 1 1
sat 1 1
take
that 1 1
the 1 1

It is shown that the word-to-word matrix representation can exactly describe
the word order in each sentence. However, because there is normally a large
vocabulary size for each training data set, the word-to-word matrix represen-
tation will consequently result in an extremely large size of input for training.
Specifically, if the vocabulary size is N, the word-to-word matrix will be N2,
then the training time will be squarely increased, which will also cost too

much memory of the computer.

In order to decrease the dimension size, we come up with an idea: each
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sentence is roughly divided into three segments in grammar order of the
sentence. For example, the sentence “the cat sat on that mat” is divided into
three segments as: segment 1 of {“the cat”}, segment 2 of {“sat on”}, and
segment 3 of {“that mat”}. In this case, we do not consider the word order
in a local region (within each segment), but we take into account the order
information of the three segments in the sentence, which will not lose much
information for short texts, and meanwhile the dimensional size is not too

large.

Hence, we propose a simplified form of word-to-word matrix representation
called word-to-segment matrix representation. But there is still some differ-
ence between word-to-word and word-to-segment: word-to-word is denoted
by a 0-1 matrix, while word-to-segment would distinguish word’s impact on
different segments (detailed in the later matrix definitions). Based on the
different impact relationship values, we propose two types of matrix repre-
sentations. Considering the words in a sentence are normally organized in a
grammatical order, and also to simplify the problem, the number of segments
is not defined from the grammar view, but from the view that the number
of words in each segment would be approximately similar. Specifically, let
nSeg denote the number of segments, n is the sentence length for a specific

sentence. Then we define nSeg as below:

o If n < nSeg, then each segment is at most one word in the sentence,

for example, the sentence “love it” to be divided into three segments,
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then the first segment is {“love” }, the second segment is {“it” }, while

the third segment is empty;

e If n > nSeg, the length of each segment segLen (except for the last
segment) is defined as the floor integer of n over nSeg. In detail, for
the segment k through 1 to nSeg — 1, the position of segment £ in
the sentence is from 1+ (k — 1) % segLen to k * segLen; while for the
segment nSeg, the position is from k x segLen + 1 to n. For example,

a sentence “it is the best” to be divided into three segments in order is

{“it”}, {“is”}, and {“the best” }.

On the other hand, there are two types of impact definitions introduced here.
Let the word-to-segment matrix denoted by M (each column represents each
word in the vocabulary and each row denotes each segment), its element
value is defined in the following two types accordingly. For both two types’
definitions, M;; = 1 when the word W} occurs in the segment 7 for 7 = 1,2,3
and j = 1,2, ..., N, which means this word has full impact on its own segment.

The word’s impact on different segments is described below.

To clearly illustrate the matrix representation, we still take the previous
example illustrated in Table 4.1 for example. For the first type in Table 4.2,
the words existing in the first segment(S1: “the cat”) have no impact on the
latter two segments, the words in the second segment (S2: “sat on”) have
impact value of a on the first segment, and the words in the third segment

(S3: “that mat”) have impact on both the second and first segments with
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impact values a and b respectively. Given that the distance between the third
segment and the first segment is larger than that between the third segment
and the second segment, the impact values should satisfy the condition of
0<b<a<l

Table 4.2: Type one of word-to-segment matrix representation for one sen-
tence (matrix1).

Segment H are \ cat \ mat \ on \ sat \ take \ that \ the H words

S1 1 b a a b 1 “the cat”
S2 a 1 1 a “sat on”
S3 1 1 “that mat”

The second type is shown in Table 4.3. Another reasonable assumption is
that a word in the segment not only has impact on its previous segment but
also on its latter segment, but does not have impact on its remote segment
(e.g., the first and the third segments). Furthermore, the three segments
do not have the same impact on each other because they locate in different
positions of the sentence. Specifically, the words in segment 1 (or segment
3) have impact on segment 2 with value ¢ (or e), and the words in segment
2 have impact on both segment 1 and segment 3 with value d. The impact
values have the restriction of 0 < c<d <e < 1.

Table 4.3: Type two of word-to-segment matrix representation for one sen-
tence (matrix2).

Segment H are \ cat \ mat \ on \ sat \ take \ that \ the H words

S1 1 d d 1 “the cat”
S2 c e 1 1 e c “sat on”
S3 1 d d 1 “that mat”
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4.1.3 DBN Settings

Through the definitions of the above two types of word-to-segment repre-
sentations for each sentence, the input into the DBN model is transformed
via the average operation over each column of the matrix. That is, each
sentence is represented by an N-dimensional vector and each element value
equals to the average of corresponding column of the three segments, which
not only keeps the same size of input features as the original bag-of-words
representation, but also contains the prior segment order information of the

sentence.

Therefore, compared to traditional bag-of-words representation, there are
overall four kinds of inputs: baseline bag-of-words representation, positional
representation, matrixl representation and matrix2 representation. The in-
puts are then fed into our DBNs respectively for further experimental com-

parison.

The DBNs introduced in this chapter are similar in [22], which includes
RBMs to learn hierarchical representations in an unsupervised way before
the supervised BP training. The whole learning process (two phases) is
similar as described in Chapter 3, and the neuron model is the Gaussian
neuron (1=0.8, 02 = 3?) because it has proved better than the widely used
sigmoid function. Specially, for each data set, the same size of input is fed
into the DBNs, so the running time difference lies in the computation of

different input transformations that will not cost much time compared to
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DBN training. Therefore, here we focus on their classification performance

on total accuracy.

4.2 Experiments and Results

In this section, we design a variety of experiments to verify the power of
positional information of sentences in the DBNs. Then the experimental
results are compared from different angles to analyze the effect and sensitivity

of positional information for sentiment classification.

4.2.1 Data Collection and Pre-processing

This work mainly focuses on short text sentiment classification since the po-
sitional representation and word-to-segment matrix representation described
above will lose some important effect for long text sentiment classification.
Therefore, several short text data sets, e.g. Twitter messages limited to only

140 characters long, are selected here for implementations.

(1) STS-T: Stanford Twitter Sentiment (STS) Test Set [61], a manually

annotated data set of STS with positive and negative labels.

(2) STS-G: a gold data set extracted from STS with positive and negative

labels [61].

(3) SST: Sentiment Strength Twitter data set [61], including three senti-
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ment labels (positive, negative and neutral). We will use the data set
as two, one is tri-class data set and the other is binary class removing

neutral tweets.

HCR: Health Care Reform (HCR) Twitter data set [61], including three
classes (positive, negative and neutral). Similar as (3), the data set is

used a tri-class set and a binary class set.

FT: Full Twitter data [2],including three classes (positive, negative and
neutral). Similar as (3), the data set is used of tri-class data set and

binary class data set.

GT: Game Tweets regarding the video games, are real-time collected
and labeled by us with three labels (positive, negative and neutral).

Also, this data set is used for tri-class and binary data sets.

HCR2, SST2, FT2, GT2: These four data sets are respectively derived
from HCR, SST, FT and GT with neutral tweets removed for binary

classification.

Each data set needs to be pre-processed to obtain the initial trainable data

for training the model as described in Chapter 3. In order to decrease the

dimension of the vocabulary size without losing much attribute information

and speed up training process, each data set is loaded into Weka 3.6.12 [20],

and then filtered using the unsupervised StringToWord filter to keep the

most important words as the vocabulary set for our experiments. The data
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set description is summarized in Table 4.4.

Table 4.4: Summary statistics of data sets used in the experiments.

Data set  size N avgl maxL C class sizes mini-batch
STS-T 495 2067 145 32 3 179/139/177 11
STS-G 2000 1172 16.4 33 2 632/1368 50
HCR 2300 1018 18.8 32 3 541/400/1359 46
HCR2 1900 1084 19.1 32 2 541/1359 38
SST 4000 985 16.6 37 3 1251/1800/949 50
SST2 2200 1030 17.6 37 2 1251/949 44
FT 5000 1066 14.0 34 3 1664/1664/1672 50
FT2 3250 1162 15.2 34 2 1625/1625 50
GT 12000 929 138 33 3 3983/4013/4004 50
GT2 8000 984 14.3 33 2 3984/4016 50

“size: number of examples; N: number of words extracted as the vocabulary; avgL: average text
length; maxL: maximal text length; C: number of classes; class sizes: number of examples for
positive/neutral /negative if C' = 3, otherwise for positive/negative if C' = 2; mini-batch: the size

of mini-batch for each data set in the experiments.

4.2.2 Experimental Results and Analysis
In this chapter we implement the experiments based on the following four
model variations:

(1) DBN-presence: DBN model with the basic bag-of-words representation

(presence / non-presence) as input with = 1 in Eq. 4.2.

(2) DBN-position: DBN model with the vocabulary incorporating the word’s
presence and positional contribution value as input with 0 < 6 < 1 in

Eq. 4.2.

(3) DBN-matrixl: DBN model with the average of first type word-to-
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segment matrix representation as input. Each word attribute has value
one if existing in its own segment of the sentence (full impact on its
own segment), while it only has impact on its all preceding segments.
That is, the words existing in the first segment have no impact on the
other two segments, the words in the second segment have some im-
pact (value a) on the first segment, and finally the words in the third
segment have impact on both the second and first segments with de-
creasing impact values of a and b respectively in Table 4.2, with the

restriction of 0 < b < a < 1.

DBN-matrix2: DBN model with the average of second type word-to-
segment matrix representation as input. Each word attribute has value
one if it exists in its own segment of the sentence, and also has impact
on its nearest segment(s) including its preceding and posterior segments

with the impact values of ¢, d, e with 0 < ¢ < d < e < 1 in Table 4.3.

In this chapter, we perform the above four models on ten data sets listed

in Table 4.4. Through a variety of implementations similar as introduced

in Chapter 3, the DBN structure is finally manually set to consist of two

hidden layers. Specifically, it is: input (visible units) — 400 hidden units —

100 hidden units — output layer (class labels). The hidden unit is sigmoid

function, and it has also proved more effective from the penultimate layer to

output layer during our experiments. In addition, the NB classifier is also

performed for reference comparison.
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To speed up the experiments in this chapter, each data set is performed using
five-fold cross validation (four for training and one for testing) to obtain an
average accuracy. For some hyper-parameters in our system, firstly in RBM
unsupervised training, the momentum is 0.1 and learning rate is 0.1, the
number of epochs is set as 50. Secondly, for supervised BP training, the
mini-batch sizes are listed in Table 4.4, the sparsity penalty parameter is 0.1,
and the maximum number of epochs is 500 with 107¢ as the convergence

control based on early stopping rule.

Here we firstly manually set the parameters for the classification results and
give a comparison among different DBN model variations. Each accuracy
value in the following tables is average total accuracy of cross validation.
Then, we perform a range of experiments to analyze the effect of parameters
with respect to 6, (a,b), and (¢, d, e), investigating whether there exist some
hidden patterns for these parameters in different data sets or whether they

are robust to the classification performance.

4.2.2.1 Classification Results

Here we set the parameters for each data set listed in Table 4.5 for experi-

mental results through a number of tests.

The classification results of different model variations on the ten data sets
are shown in Table 4.6. Note that the NB classifier is performed based on

the presence/non-presence word features of each data set. The accuracy val-
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Table 4.5: Positional parameters of each data set used in the experiments.

Model  Position () Matrixl (a, b) Matrix2 (c, d, e)

STS-T 0.9 (0.2,0.1) (0.3, 0.4, 0.6)
STS-G 0.9 (0.4, 0.1) (0.2, 0.4, 0.6)
HCR 0.7 (0.6, 0.5) (0.3, 0.4, 0.8)
HCR2 0.9 (0.8, 0.1) (0.2, 0.5, 0.8)
SST 0.7 (0.8, 0.1) (0.1, 0.5, 0.6)
SST?2 0.6 (0.4, 0.1) (0.3, 0.5, 0.7)
FT 0.6 (0.4, 0.1) (0.3,0.5, 0.8)
FT2 0.5 (0.2, 0.1) (0.2, 0.5, 0.8)
GT 0.5 (0.4, 0.1) (0.3, 0.4, 0.7)
GT2 0.7 (0.2, 0.1) (0.2, 0.4, 0.7)

ues of the three models (DBN-position, DBN-matrixl, DBN-matrix2) are
respectively compared with DBN-presence using a two-tailed t-test. The re-
sults indicate all the four DBN models perform better than the NB model
(average 63.74%). Also, in the four model variations, the DBN-presence has
no significantly higher accuracy than the other three DBN models. Mean-
while, DBN-matrix2 has a relatively highest average accuracy (69.22%) for
all the data sets, and DBN-presence performs worse than the other three

DBN models.

In Table 4.7, an explicit comparison among the four model variations is
summarized, where w/l/t indicates the same meaning as Chapter 3 (The
model wins in w data sets, loses in [ data sets, and ties in ¢ data sets). In
Table 4.7, the three rows (DBN-position, DBN-matrix1, and DBN-matrix2)
show their comparisons with DBN-presence respectively. Especially, because

the DBN-presence only has ties or losses with the other three models, it is
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Table 4.6: Experimental results on classification accuracy (%).

Model NB  DBN-presence DBN-position DBN-matrix] DBN-matrix2

STS-T  66.90 67.07 69.09 * 68.48 * 67.67
STS-G 79.70 83.45 84.55 84.10 83.75
HCR 63.10 66.00 66.65 66.87 68.17 *
HCR2 7440 75.63 76.58 77.79 * 77.97 *
SST 51.70  55.50 56.15 56.55 56.85 *
SST2 66.50 71.23 73.41 * 73.64 * 73.77 *
FT 47.00 53.22 54.66 * 54.82 * 55.28 *
FT2 63.30 69.66 69.63 69.94 70.37
GT 54.40 60.07 61.11 61.28 61.75 *
GT2 70.40 76.24 76.51 76.96 76.65
average 63.74 67.81 68.83 69.04 69.22

*The numbers followed by the sign * indicate the accuracy passes the t-test at the significance
level of 95% for each data set.
omitted in Table 4.7. To summarize more clearly, the models are compared
in three aspects: all data sets (10), tri-class data sets (5) (Note: five data
sets with three labels: STS-T, HCR, SST, FT, and GT), and binary data
sets (5) (Note: five data sets with only two labels: STS-G, HCR2, SST2,
FT2, and GT2.).

Table 4.7: Summary of classification accuracy comparisons.

Model all data sets (10) tri-class data sets (5) binary data sets (5)
DBN-position 3/0/7 2/0/3 1/0/4
DBN-matrix1 4/0/6 2/0/3 2/0/3
DBN-matrix2 6/0/4 4/0/1 2/0/3

Table 4.6 demonstrates that DBN-matrix2 performs best on the average ac-
curacy. Also, Table 4.7 shows that it performs best on all the ten data
sets for one-by-one comparisons (six wins and four ties). Besides, the DBN-

matrix] and DBN-position also have four wins and three wins respectively,
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while the DBN-presence has no winners. Consequently, it is obvious that the
positional information of sentences exactly provides positive effect on the
sentiment classification issues, and also the matrix representation is more ef-
fective than positional contribution form. On the other hand, the positional
information seems more effective for tri-class data sets, because DBN-matrix2
has four wins and only one tie for five tri-class data sets. It may be due to the
fact that the word position and the word order will account more exact infor-
mation for the sentiment. So the more positional information is integrated,

the better for multi-class sentiment classification.

To give a further overview of the effect of the positional information for sen-
timent classification. The DBNs with sigmoid neuron (discussed in Chapter
3) are also performed. The parameters are shown in Table 4.8 and the results
are obtained in Table 4.9.

Table 4.8: Positional parameters used in DBNs with sigmoid.

Model Position () Matrixl (a, b) Matrix2 (c, d, e)

STS-T 0.3 (0.6, 0.1) (0.3, 0.4, 0.6)
STS-G 0.6 (0.8, 0.3) (0.3, 0.4, 0.8)
HCR 0.9 (0.6, 0.5) (0.2, 0.5, 0.7)
HCR2 0.6 (0.8, 0.3) (0.2, 0.5, 0.8)
SST 0.8 (0.4, 0.3) (0.2, 0.4, 0.7)
SST?2 0.3 (0.8, 0.1) (0.2, 0.5, 0.7)
FT 0.4 (0.6, 0.1) (0.3, 0.5, 0.8)
FT2 0.9 (0.8, 0.3) (0.2, 0.5, 0.8)
GT 0.7 (0.6, 0.5) (0.2, 0.5, 0.8)
GT2 0.7 (0.8, 0.3) (0.2, 0.4, 0.7)

Table 4.9 shows that all the four DBNs perform better than the NB classi-
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fier except for STS-T data set. Besides, compared to DBN-presence, DBN-
position, DBN-matrixl, and DBN-matrix2 have five wins, four wins, and
seven wins respectively. The results also demonstrate that DBN-matrix?2

performs best for DBNs with sigmoid neuron.

Table 4.9: Further results for DBNs with sigmoid on classification accuracy

(%).

Model NB DBN-presence DBN-position DBN-matrix] DBN-matrix2

STS-T  66.9 61.01 64.65 * 65.66 * 66.06 *
STS-G 79.7  83.50 84.85 82.60 83.25
HCR 63.1 6491 66.40 * 65.61 66.33 *
HCR2 744 7811 78.66 78.26 78.89
SST 51.7  53.40 54.45 54.80 55.30 *
SST2 66.5 70.00 71.59 * 71.64 * 7277 *
FT 47.0 51.16 52.70 * 52.56 * 53.44 *
FT2 63.3 68.18 68.71 68.95 68.92
GT 54.4  57.69 59.93 * 60.73 * 60.71 *
GT2 70.4  75.39 75.83 75.46 76.94 *
average 63.74 66.34 67.78 67.61 68.26

In essence, the positional contribution form and word-to-segment matrix rep-
resentation are different ways to describe the word positional information of
a sentence. For positional contribution form, the contribution values are lin-
early augmented as the position increases; for matrixl representation, the
words have relatively larger weights in the latter segments, but they are the
same in the same segments; while for matrix2 representation, the words in the
middle segments have largest weights since they play impact on both its pre-
vious and latter segments. To summarize, the word positional representations

improve the word presence features for short text sentiment classification.
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4.2.2.2 Effect of Parameters

In our experiments, there are some important parameters which need to be
set manually. Whether the results are sensitive to the parameters needs
further investigation. Hence, we perform a variety of experiments in DBNs

with Gaussian neuron to examine the effect of parameters in this part.

Firstly, we investigate the effect of position parameter € in Eq. 4.2. Here the
values are set from 0.0 through 1.0 with the interval of 0.1. Each data set is
performed with five-fold cross validation for each parameter. The results are

shown in Table 4.10.

Table 4.10: Classification accuracy of four data sets vs. position parameter.

0 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

STS-T 59.60 60.61 61.82 65.05 65.86 63.03 62.83 62.02 66.26 69.09 67.07
STS-G  81.25 81.20 81.95 83.95 83.30 84.00 84.95 8450 84.10 84.55 83.45
HCR  65.70 66.22 65.17 64.57 65.43 65.61 64.83 66.65 6591 65.09 66.00
HCR2 74.58 75.68 75.89 76.05 76.05 76.37 76.53 7547 76.32 76.58 75.63
SST 53.73 54.75 55.25 55.63 54.95 55.88 54.38 56.15 55.80 54.68 55.50
SST2  71.18 71.68 71.86 71.18 7223 7177 73.41 7205 71.14 7218 71.23
FT 52.32 5420 5420 53.34 53.84 5390 54.66 53.56 53.78 54.00 53.22
FT2 67.54 68.58 68.71 67.72 68.52 69.63 69.38 68.58 68.31 68.46 69.66
GT 59.18 59.94 59.35 60.68 61.00 61.11 60.94 61.05 61.03 60.40 60.07
GT2 73.96 74.51 7550 75.09 7538 76.19 76.33 76.51 76.36 75.54 76.24

“Bold numbers represent the highest accuracy for each row (except the presence with 6§ = 1.0), similar with the later tables.

Table 4.10 shows the effect of position parameter 6 on the average classi-
fication accuracy of the ten data sets. In this table, the last data column
for each data set with position ratio at 1.0 represents the traditional bag-of-
words representation (presence), and the bold number is the highest accuracy
value in each row for € values ranging from 0.0 through 0.9. It means that

different ratio values between the word’s presence and its positional contri-
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bution have different contributions to the text’s sentiment. Normally, if 6
is relatively bigger, less positional information is integrated, while the word
contributes more information if # is smaller. It indicates that, the parameter
value of 6 needs a careful investigation for each data set. In Table 4.10, the
0 value corresponding with the bold number for each row is selected for our
final experiments comparison introduced previously (similar in Table 4.11

and Table 4.12).

Secondly, the matrix1 representation is investigated for the values of a = 0.2,
0.4, 0.6, 0.8 and b = 0.1, 0.3, 0.5, with the restriction of 0 < b < a < 1.
Table 4.11 shows the results of accuracy on each set of (a,b). For instance,
the data set of STS-T has the highest average accuracy of 68.48% at (0.2,
0.1) among all the nine parameter settings for matrixl representation. It
gives a picture of the sensitivity for the values of (a, b) on the performance

and provides evidence to choose good parameters.

Table 4.11: Classification accuracy of four data sets vs. matrixl parameters.

(@,b) (21) &1 (61 (81) (43) (63) (83) (65  (89)
STS-T 68.48 65.45 65.86 6545 66.06 63.84 63.43 61.41 61.21
STS-G 83.95 84.10 83.30 83.10 83.00 83.40 82.85 82.65 80.40
HCR 66.65 66.43 65.35 66.70 66.04 6587 6491 66.87  66.70
HCR2 76.95 76.89 7747 77.79 76.89 75.53 76.58 76.53 75.84
SST 96.50  56.23 55.65 56.55 55.40 56.00 55.15 56.20 595.13
SST2 71.59 T73.64 7241 7205 7250 7236 71.95 71.59 71.91
FT 94.26  54.82 54.78 53.56 54.00 54.20 53.48 54.06 53.88
FT2 69.94 69.17 69.60 68.43 68.77 69.11 69.20 68.77 67.42
GT 61.13 61.28 60.62 60.59 59.93 61.06 60.28 61.11 60.20
GT2 76.96 76.50 76.70 7543 75.66 75.46 7571 75.86 75.68

*The values of (a, b) is a simplified form in order to format the table: (2,1) represents a = 0.2,

and b = 0.1, similar to other numbers.
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Finally, the matrix2 representation is performed with the parameter values
of c=0.1,0.2,0.3,d =04, 0.5 and e = 0.6, 0.7, 0.8. The accuracy results
of each set of (¢,d,e) are given in Table 4.12. For example, the parameter
setting (¢ = 0.3,d = 0.5,e = 0.8) reaches the highest accuracy 55.28% for

FT data set.

Table 4.12: Classification accuracy of four data sets vs. matrix2 parameters.

(c,d, e) (1,46) (1A47) (1,48) (1,56) (1,57 (1,58) (24,6) (24,7 (2,4.8)
STS-T 6586 6525 6525 6081 6667 63.84 62.63 63.84 66.26
STS-G 8325 83.25 8250 83.05 8190 8255 83.75 8335 81.55
HCR 6604 6591 6578 67.22 6648 6683 6552 66.61 68.52
HCR2 7726 7579 7695 77.32 76.63 7479 7553 7658  76.63

SST 96.10  56.15 56.43 56.85 54.93 55.18 55.60 56.68  55.58
SST2 7232 7341 72,05 7173 7232 7182 7227 7223 7250
FT 04.18 5496  54.78 54.14 54.86 54.20 54.42 54.78  55.00
FT2 69.88 69.05 69.23 68.55 69.38 69.51 69.66 69.11 67.82
GT 60.98 61.10 60.88 61.10 60.40 61.33 61.28 61.23 61.03

GT2 76.15 7575 7658 7536 7575 7591 76.13 76.65 76.60
(c.de)  (25.6) (25,7 (258) (3.46) (34,7 (343) (356) (357 (3,598
STST  67.07 64.44 62.63 67.67 6444 6384 6606 6545 62.83
STS-G  82.95 83.10 81.75 8295 83.15 83.70 83.10 83.70 83.50
HCR 66.61 66.09 6657 66.26 65.17 68.17 65.65 66.39 66.43
HCR2 76,79 7716 77.97 7721 7716 7747 76774  T7.37  75.95

SST 56.35  54.68 55.08 55.75 56.40 56.43 56.20 55.58  55.90
SST2 72.64 7182 7209 7236 71.86 7155 73.50 73.77 72.82
FT 54.08 5420 54.32 5398 54.06 52.80 54.54 54.74 55.28
FT2 69.29 6732 70.37 6948 6948 69.14 69.14 68.62 68.37
GT 60.93 6093 61.34 6146 61.75 61.21 61.15 60.83 61.13

GT2 76.00 7540 76.50 7578 7573 76.40 75.65 76.04 75.11

*The values of (¢, d, e) is a simplified form in order to format the table: (1,4,6) represents ¢ = 0.1,

d = 0.4 and e = 0.6, the other numbers are similar.

The results of different parameter settings not only show how to choose the
parameters, but also demonstrate these parameters play a significant role in
DBN models, because the performance results are not very robust to those

parameters. On the other hand, it is possible that some other better param-
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eters are not included in our experiments since it is difficult to perform all
experiments with exhaustive parameter searching. However, it is really nec-
essary to point out that the positional information (positional contribution
and word-to-segment) affects the sentiment classification positively if we set

the right parameters.

4.3 Chapter Summary

In this chapter, we propose several ways to incorporate the positional infor-
mation of texts into DBNs with four model variations for sentiment classifi-
cation and perform a variety of experiments to verify the effect of positional
information towards the sentence sentiments. By choosing the reasonable
parameters, the experiments reveal that the word position and word order
can improve the classification performance. The results indicate that the tra-
ditional bag-of-words representation can be improved by incorporating some
positional information represented by the word positional contribution form
and the word-to-segment matrix representation. Also, it can be seen that po-
sitional information works more effective for tri-class classification compared
to binary classification. In other words, each word attribute in a sentence

has different effect for sentence sentiment.
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Chapter 5

Improving Deep Belief
Networks via the Delta Rule

for Sentiment Classification

5.1 DBN with the Delta Rule

In Chapter 3 and Chapter 4, the DBN is usually trained in a greedy layer-
wise fashion of two phases including the RBM unsupervised training and the
supervised BP training [22, 5|. This ordinary two-phase learning approach
of DBNs has proved more effective than the learning with only the BP algo-
rithm. On the one hand, for natural language understanding tasks, the DBN

unsupervised training phase is applied to learn new features from unlabeled
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data through a multi-layer generative model. And then the newly learned
features are adopted to train other classifiers such as SVMs [62]. On the
other hand, the PCD algorithm is a gradient approximation algorithm to use
the pre-trained RBMs to model the joint distribution of DBNs [72]. These
two points indicate that the pre-trained features from DBN unsupervised

training are extensively useful.

Hence, in this chapter, we propose another way to take advantage of the pre-
trained RBMs for sentiment analysis. To our knowledge, there is no work
done in the literature incorporating the delta rule (DR) into DBNs. So we
propose a new learning algorithm via the DR embedded within DBNs. That
is, we apply the DR to learn the feed forward single-layer network of the two
layers from the RBM, which further slightly updates the weights between the
two layers of the single-layer network, and then these weights are used for
initialization of the whole BP process. Furthermore, this algorithm is further

verified with experiments in sentiment analysis.

5.1.1 Introducing the Delta Rule into DBNs

A DBN is normally trained as building several stacks of RBMs in a greedy
layer-wise fashion [5]. Hence, it can also be viewed as several single-layer
networks that are trained using the DR learning independently. Through
the DR learning based on the RBM training, the BP algorithm for the whole

network is supposed to learn more accurate hierarchical representations and
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keep more correction signal, which can improve the learning of the whole

network.

The DR is a learning rule using gradient descent to fine-tune the weights
between the input units and output units in a single-layer neural network,
in which the inputs are directly connected to the outputs through a series of
weights. It is a special case of the general BP algorithm, and its weights are
obtained by trying to minimize the error of actual output and target output
in a single-layer neural network through gradient descent. The error for a

neural network with & outputs can be measured as Eq. 5.1 [78].

k
1
Errzz§t — ;)% (5.1)

where t; is the target output, y; is the actual output. It holds that, y; =
o(u;), uj = >, ww; (i indicates the ™ input unit), ¢ is an activation
function of neuron j, u; is weighted sum for the j™ neuron over all input
units, x; is the i*" input unit, and wj; represents the weight connecting the

b input unit and the j* output unit.

In order to minimize the error in Eq. 5.1 to obtain the weight matrix w. The

Err
t OB g
owj;

partial derivative of the error with respect to each weight elemen
calculated towards gradient direction. Finally the target equation of gradient

is calculated in Eq. 5.2.
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ijz’ = Oé(tj — yj)@/<Uj)Ii, (52)

where « is a small learning rate, ¢’ represents the derivative of activation
function ¢. The error is then minimized when we update the weights towards

the negative direction of gradient.

Based on the introduction for DR, in a specified single-layer network ex-
tracted from a neural network with two or more hidden layers, we should
define the input and actual output since each data set only provides the orig-
inal input. Hence, the input unit z; and actual output y; in a single-layer

network are described in detail as below.

A single-layer network structure is actually similar as an RBM structure.
The difference is that the single-layer network is unidirectional, while the
RBM is bidirectional. The RBM is to learn a marginal probability distribu-
tion over its input, by maximizing the log probability over a training set V'
(input matrix, each row of which denotes an example v), that is written as
argmax,, y i log P(v), where P(v) denotes marginal probability over all
the visible features, and w is weight matrix connecting the units of the two
layers [4]. It means that the other layer of RBM can be generated by the
means of CD-k (normally & = 1) [23].

Figure 5.1 depicts a deep network including visible layer V, two hidden layers
(H1, H2), and output layer O. In detail, it is trained as stacks of two RBMs,

also can be viewed as two single-layer networks after each RBM is trained,
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where DR is incorporated. Take RBM1 as an example, which includes V
and H1 with bidirectional relationship, and CD-k learning approach is ac-
commodated to train RBM1 in an unsupervised fashion. After that, H1 is
obtained from RBMI1 training, so the structure from V to H1 is treated as
a feed forward single-layer neural network, which is trained using DR. It is
similar with RBM2 in Figure. 5.1. Finally, the weights of V and H1, H1 and
H2 that are trained from DR are kept for initial weights of the whole BP

process.

EBMI1 EBM2

Figure 5.1: A deep network including two hidden layers.

The goal of the DR learning incorporated into DBN learning is to avoid
the correction signal of each layer not to decrease as much as the ordinary
DBN training. Thus, suppose that the hidden units for each hidden layer
are generated from RBM training, we process these hidden units in order
for DR learning in the single-layer network. The hidden units trained from
RBM are originally a higher abstraction of the previous layer’s units. While

for the purpose to strengthen the feature abstraction, we make an extreme
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treatment on these hidden units, which is to treat the largest element of each
row as value one and the others as zeros. Hence, we obtain the actual output
unit y; for the single-layer network in Eq. 5.3, and its new input unit z; in

Eq. 5.4.

1 if y; = maz(y);
0 otherwise.

V; if it is the first RBM;
T; = s (5.4)

¢(u;) otherwise.

where v; is the 7" visible unit, and u; is weighted sum of the i** neuron for its
previous layer’s hidden units. That is, when we perform the second (or next
if exist) single-layer network, the input unit is computed via the activation
function with respect to the weighted sum of the output units of the previous

single-layer network.

5.1.2 Learning DBNs with the Delta Rule

The ordinary training process of DBNs is divided into two phases [22]: un-
supervised RBM training and supervised neural network training. Our pro-
posed learning method improves this ordinary training via introducing the
DR learning, which is technically described as below (corresponding to that

shown in Figure 5.1).
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Step 1: For the first RBM in the network structure, we train this RBM

using CD-1, following the practical guide by G. Hinton [21];

Step 2: Based on the weights generated from the first RBM, compute
its hidden layer, and generate corresponding actual output layer and

new input layer using Eq. 5.3 and Eq. 5.4;

Step 3: Applying the DR learning approach to the single-layer network
with the first layer of RBM as the input and generated output as the

output layer;

Step 4: For the second RBM (or next if exists), the new input layer is
generated via the activation function with respect to the weights from

Step 3 and its input units, then repeat from Step 1 to Step 3;

Step 5: The weights trained from the DR are transmitted to the whole
network that is fine-tuned using the traditional BP algorithm intro-

duced by D.E. Rumelhart et al [60].

Compared to ordinary DBN training [21], this learning approach indeed has

another phase: the DR learning for single-layer networks (Step 2 and Step 3

above). Hence, the running time difference lies in the training time of the DR

learning. Because the DR training does not cost much time compared to the

ordinary two-phase learning process, and meanwhile, this work is to propose a

new way to avoid the correction signal to get dilute during whole BP training

as the number of layers increases (deep networks), we do not focus on the
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training time difference, but on their classification performances.

5.2 Experiments and Results

Based on the above discussion regarding how the DR is applied into ordinary
DBN learning, we perform a variety of empirical studies for DBNs using the
ordinary DBN learning approach and the new updated learning embedded
with the DR on several sentiment text (Twitter) data sets to verify our idea.
The ten data sets are the same as those used in Chapter 4, illustrated in

Table 4.4.

Here, in order to investigate whether the DR works well on different net-
work architectures, we implement the experiments using three types of deep
networks on the ten data sets. That is, the three network structures are
respectively manually set to consist of one, two and three hidden layers.
Specifically, the network of one hidden layer is: input (visible units) — 200
hidden units — output layer (class labels); the network with two hidden
layers is: input (visible units) — 400 hidden units — 100 hidden units —
output layer; while the network including three hidden layers is: input —
600 hidden units — 200 hidden units — 50 hidden units — output layer.
According to the discussion in Chapter 3, the hidden units are derived from
Gaussian neuron function, and the sigmoid function is applied as the output

function.

78



To speed up the experiments in this chapter, each data set is performed using
five-fold cross validation (four for training and one for testing) to obtain
an average accuracy. For some hyper-parameters in our experiments, we
manually set them for each data set in Table 5.1 for experimental results
through a variety of experiments. Especially, for the supervised BP training,
the maximum number of epochs is 500 with 107% as the convergence control
based on early stopping rule. The mini-batch sizes for each data set are

respectively listed in Table 4.4.

As shown in Table 5.1, the ordinary DBN learning includes two parts of
RBM and BP, while the DBN with DR learning (DBN-DR) includes all the
three parts of RBM, DR, and BP. A small learning rate (0.001) of DR is
set because it aims to slightly update the weights towards extreme labels
generated from RBMs.

Table 5.1: Hyper-parameters set in the experiments.

Model parts « momentum epochs sparsity target
RBM 0.1 0.1 50 -
DR 0.001 - 100 -
BP 1.0 - 500 0.1

"RBM: Restricted Boltzmann machines, DR: Delta rule; BP: Back propagation.

The classification results of three deep network structures on the ten data sets
are displayed in Table 5.2. The accuracy of DBN is compared with DBN-DR
for the three networks independently using a two-tailed t-test. The results
indicate DBN-DR performs better than DBN on the average accuracy for all

the three networks. In detail, DBN-DR has a comparable average accuracy
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of 68.04% with the DBN of 67.86% in the network with one hidden layer, and
68.03% compared to 67.81% for the network of two hidden layers. However,
for the three hidden layers network, DBN has only 66.28% lower than DBN-
DR of 68.06%.

Table 5.2: Experimental results on classification accuracy (%).

One hidden layer =~ Two hidden layers Three hidden layers

Dataset  hpN DBN.DR DBN DBN.DR DBN DBN.DR
STST  66.06  66.87 67.07 6828 % 5980 63.48 *
STS-G 8355  83.40 83.45 83.90 84.00 83.90
HCR 6730 * 65.61 66.00 64.96 63.96 64.35
HCR2  76.69 * 75.16 75.63 75.68 75.80 75.95
SST 5570  55.90 55.50 55.45 51.98 55.63 *
SST2 7173 72.64 7123 T73.00 % 7032 72.32 *
FT 5316 53.98 53.22 52.90 52.40 54.28 *
FT2 6892  69.29 69.66 68.36 63.65 63.83
GT 5080 6123 %  60.07 61.23% 5895 60.87 *
GT2 7571  76.28 76.24  76.06 76.86  75.08
average  67.86  68.04 6781 68.03 6623 68.06

Table 5.3: Summary of classification accuracy comparisons.

Model One hidden layer Two hidden layers Three hidden layers
DBN 2/1/7 0/3/7 0/5/5
DBN-DR 1/2/7 3/0/7 5/0/5

Table 5.3 gives a summary comparison for these results. It shows that DBN-
DR and DBN make little difference for the network with one hidden layer
since DBN has two wins and DBN-DR has one win. However, what we focus
is that DBN-DR has five wins and no loss in the network of three hidden

layers, and it has three wins and no loss in the two hidden layers network. So
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the summary in Table 5.3 indicates that DBN-DR works better than DBN
for the networks with two and three hidden layers. Furthermore, based on
these results, we compare the value gaps between the average accuracy of
the two models for each network, the gap values for the networks with one,
two, and three hidden layers are respectively 0.18 (= 68.04 - 67.86), 0.22 (=
68.03 - 67.81), and 1.78 (= 68.06 - 66.28). This shows that the gap value is
increasing as the architecture goes deeper. It not only indicates that DBN-
DR performs better than DBN for deep networks with three hidden layers,
but also reveals that DBN-DR works better on the network of more hidden

layers than that of fewer hidden layers.

The purpose that we propose the DR learning into DBNs is to keep the cor-
rectional signal of the BP process as much as possible so that the weight
parameters are more accurate for the abstracted representations. Intuitively,
if the network has more hidden layers, the DBN with DR learning will keep
much more correction signal compared to the ordinary DBN learning. To
summarize, the DR really helps to improve DBN learning for sentiment
classification, and also it performs better as the number of hidden layers

increases.

To further verify this conclusion, we also perform the above two DBNs with
sigmoid neuron for comparisons. All the parameters are set the same as pre-

viously. The results are displayed in Table 5.4 and summarized in Table 5.5.

The results in Table 5.4 indicate DBN-DR performs better than DBN on
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the average accuracy for all the three networks. Also, the gap values for
the networks with one, two, and three hidden layers are respectively 0.40
(=67.38-66.98), 0.82 (=67.16-66.34), and 1.68 (=67.44-65.76). These values
also increases when the architecture becomes deeper. On the other hand,
Table 5.5 gives a summary comparison for these results, and shows that,
DBN-DR and DBN make no difference for the network with one hidden layer.
However, DBN-DR has five wins and no loss in the network of three hidden
layers, and it has four wins and one loss in the two hidden layers network.
These results help to further verify our conclusion introduced previously in

this chapter.

Table 5.4: Further experimental results of DBNs with sigmoid on classifica-
tion accuracy (%).

One hidden layer ~ Two hidden layers Three hidden layers
DBN DBN-DR DBN DBN-DR DBN DBN-DR
STS-T 61.12 65.26 * 61.01 67.68 * 60.59 66.87 *

Dataset

STS-G  83.85 83.55 83.50 83.05 82.75 83.10
HCR 66.39*% 64.39 64.91 65.61 65.17 65.52
HCR2 7714 76.37 7811 *% 75.84 77.16  76.32
SST 54.58  54.62 53.40 52.85 53.22  54.00
SST2 72.58  T71.82 70.00 71.55 * 69.09 72.91 *
FT 53.00 53.52 51.16 51.30 50.04 52.08 *
FT2 68.22  69.12 68.18 69.57 * 67.11 69.66 *
GT 57.18  58.95 57.69 58.43 * 57.11 58.36 *
GT2 75.73  76.24 75.39 75.75 75.37 75.61
average 66.98  67.38 66.34 67.16 65.76 67.44
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Table 5.5: Summary of classification accuracy comparisons for DBNs with
sigmoid.

Model One hidden layer Two hidden layers Three hidden layers
DBN 1/1/8 1/4/5 0/5/5
DBN-DR 1/1/8 4/1/5 5/0/5

5.3 Chapter Summary

In this chapter, in order to further update the weights of unsupervised train-
ing for deep networks, we improve the ordinary DBN learning algorithm by
introducing the DR based on the RBM unsupervised learning. Through the
experiments on ten sentiment text data sets, the results demonstrate that
DBNs incorporating the DR have better effect on the classification perfor-
mance. This new learning algorithm avoids the correction signal to get the
same dilute as the whole BP process in DBNs. In addition, each single-layer
network in a deep network has more correction signal during the training
with the DR, so it is concluded that the deeper the network is, the more

accurate this new learning algorithm will be.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

This dissertation starts from a plethora of surveys regarding sentiment analy-
sis and deep learning, and then identifies some problems regarding the DBNs
for sentiment analysis from various aspects, such as neuron model, positional
information and learning algorithm. These three aspects are presented with
detailed explanations and also demonstrated via a set of experiments. Here,

the corresponding conclusions are reviewed as below.

To begin with, through investigation on the structure of DBNs, a key internal
component - neuron model acts as a significant role for DBNs. In particular,
we assume that each problem (e.g. sentiment classification, or image classi-

fication) should have its own activation function since activation is actually
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indicating at what point to activate the (hidden) neuron. So we propose
Gaussian neuron in DBNs for Twitter sentiment prediction because it offers
good flexibility to adjust neuron model curves within DBNs corresponding
with specific applications. Also Our experimental results demonstrate that
it works better than sigmoid neuron in DBNs for Twitter sentiment predic-
tion. Meanwhile, a set of experimental results in Chapter 3 help to prove that
Gaussian neuron works well in DBNs for text sentiment prediction, especially

on imbalanced data sets.

In addition, an external component (independent of the network) for prob-
lem is studied. In detail, the input for NLP problems is normally represented
by bag-of-words representations or word-vector matrices, while each word in
the sentence (or document) has its own context environment. Positional
information is presented in this dissertation to add onto the traditional bag-
of-words representations. We not only propose a new positional contribution
form (linear increasingly positional weight), but also come up with a new
word-to-segment matrix representation (divisions of sentences to express the
order among segments) to generate new representations. The classification
performance and sensitivity analysis with DBNs incorporating positional in-
formation are discussed in Chapter 4, which demonstrate that there really
exist some useful representations to express the texts’ positional information
and they can be efficient added on the traditional bag-of-words representa-

tions, especially for multi-class sentiment classification problems.
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Lastly, after discussing the internal and external components of DBNs for sen-
timent analysis, our attention is paid to the learning mechanism of DBNs.
Normally, DBNs are trained with the two-phase algorithm (unsupervised
RBM training and supervised BP training). Based on the ordinary DBN
learning, a new learning method is proposed to improve it with the intro-
duction of the DR in Chapter 5. The DR learning is actually like another
phase inserted between the two-phase learning algorithm. With the experi-
ments in text sentiment classification task, the results indicate that the DR
phase helps to keep more correctional signal compared to the same DBN
structure, and also it proves that DBNs with the DR work better for deeper

architectures.

6.2 Future Work

As summarized above, we have reached some statistically significant accom-
plishments. However, during the process, there are also some other work to

do for future research directions.

Firstly, we give some suggestions regarding how to choose the activation
function in DBNs for Twitter sentiment prediction, preferring the activation
function with the positive mean value and relative large standard deviation
value (compared to sigmoid function). However, in the Gaussian DBNs, the

form of Gaussian neuron (mean and standard deviation) is manually set in
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the experiments. So, in the future, it can be set to learn during the training
which will best fit a specific application. Moreover, some more sophisticated

neuron functions or mixture of cumulative functions could have better effect.

Secondly, the work for positional information incorporated into DBNs can
be improved in the following ways: (1) For the positional representation,
the linear positional transformations implemented in Chapter 4 seem a little
simple, and some more sophisticated curve functions (e.g. logit function or
symmetrical function) probably perform relatively better; (2) Try to extend
the matrix representation into a row vector for each sentence (even though
it will be an extremely large sparse matrix and cost much memory during
the training, this is an approach), letting each element value in the matrix
be a single feature into the model; (3) Only three segments are introduced in
Chapter 4, more segments (e.g. four or more segments) for a sentence (or long
text) may be more reasonable, or some other segmentation techniques (e.g.
segmentation in syntax) will probably account more word order information
into the model; (4) Some other different segment impact relationships can be

tried as well. These will be some of our future research directions.

Finally, for the learning of DBNs via the DR can be further investigated
from the following aspects: (1) Three types of networks are implemented in
this paper, but some more types of networks can be performed to further
verify the results; (2) To test if this learning algorithm is robust, some other

classification problems like image or video classification (not only sentiment
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classification) should also be a new area; and (3) The DR learning in a single-
layer network is actually like a linear-transformable problem, so some other
linear classification algorithms can be tried to test whether it works better,

e.g. multi-class logistic regression classification.
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