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ABSTRACT: The Bayesian model for prediction problems requires setting up the prior/hyper prior structures that go
through the process of integration. However, these formulated integrals are not tractable analytically. Moreover, application
of Markov Chain Monte Carlo (MCMC) methods to solve these integralsare slow in nature, especially if the parameter space
is high dimensional. The key idea behind the Bayesian inference is to marginalize over unknown parameters, rather than
make point estimation. This technique avoids severe over-fitting problems and allows direct model comparison.

In this paper, we presented a model using variational Bayesian inference for identification and interpretation of Non
Sandard Words in Bengali news corpus. The variational methods extend the practicality of Bayesian inference to complex
Bayesian modelsand “ mediumsized” data sets. The Variational Bayesian inference aimsto approximate posterior distribution
by a simpler distribution for which marginalization is tractable.
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1. Introduction

| dentification and interpretation of Non standard wordsisamajor challengein thefield of information retrieval system. The Real
text contains words whose meanings are present in the dictionary. That apart, real text also contains words whose meanings and
interpretations are not available in the dictionary. The second category of words is known as Non Standard Word (NSW).
NSWs have greater inclination towards ambiguity in terms of their interpretation and pronunciation than ordinary words. In
information retrieval system, identification and interpretation of NSWs are important aspect while we are going for further
analysisnamely Text to Speech system. In real text, NSWs are represented in diversified forms, for example, digits, words or
combination of both. Interpretation of NSWsis much dependent on the context of the NSW [1] because same NSW could be
present in different textsrepresenting different meanings (e.g., 2014 may represent year or amount or house number or something
else).
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Considerable amount of works have been done by different researchers on different languages. However, very insignificant
amount of work has been done on internationally popular language Bengali (Bangla). Different researchers adopted different
techniquesto identify and interpret the NSWs, likely n-gram language model [ 3], decision tree[ 3], regular expression[4], Bayesian
classification[5]. Comparatively low accuracy levels of certain semiotic classes require further investigations and analysis.
Unfortunately only afew researchers used the concept of context in their analysis[6].

In our previous work, we used the concept of context window and context identification array and we achieved significantly
good accuracy levels compare to other models[1]. In this paper, we extend the concept of Bayesian classification techniqueto
Variational Bayesian inference and we get very significantly good accuracy values.

Maximum likelihood (ML) estimation is one of the most popular technologies used in modern classification problem. The
expectation maximization (EM) is an iterative algorithm used for estimating ML. Since the formal introduction in 1977 by
Dempster et al. [ 7], the EM isgaining popularity for EM ML estimation. Now the EM algorithm has become an important tool
used in awide range of applications, such as classification, recovery and segmentation of images and videos, image modeling,
carrier frequency synchronization and channel estimation in communication and speech recognition.

The concept behind the EM algorithmisvery intuitive and natural. EM-like algorithms existed in the statistical literature even
before[7], however such algorithmswere actually EM algorithmsin special contexts. Thefirst known such reference dates back
to 1886, when Newcomb considered the estimation of the parameters of amixture of two univariate normal [8]. However, it was
in[7] where such ideas were synthesized and the general formulation of the EM al gorithm was established.A good survey onthe
history of the EM algorithm before[7] can befound in[9]. However EM demands certain requirementsthat limit the applicability
to the complex problem.

In general, we can define inference as the process of obtaining a conclusion based on the information available, which includes
observed data as a subset. From this, Bayesian inference can be defined as a process of inference using Bays' theorem inwhich
information isused to newly infer the plausibility of ahypothesis. Thisprocess producesinformation that addsto organizational
knowledge.

Information about a hypothesis beyond the observable empirical data about that hypothesisisincluded in the inference. In this
view, probability quantifies our state of knowledge and represents the plausibility of an event, where ‘plausibility’ implies
apparent validity. In other words, Bayesian inferenceisamechanism to encode information, where the encoding metricisavalue
(or an absolute scale from 0 to 1) known as probability.

Theuse of Bayesian inference methods usesall of the availableinformation and |eadsto better parameter estimates and to better
decision. These aspects are important since decision makers are often asked to make inference using sparse data.

Bayesian inference has certain characteristicsnamely (i) Bl generatesinformationin termsof probabilitiesrelated to ahypothesis.
Bl = information, where information = models + data + other information (ii) probability is a measure of the degree of
plausibility of a hypothesis (iii) since probability is subjective, for any hypothesis there is no true value for its associated
probability.

Inference, or model evaluation, isthe process of updating probabilities of outcomes based upon the relationshipsin the model
and the evidence known about the situation at hand. When a Bayesian model is actually used, the end user applies evidence
about recent events or observations. Thisinformation is applied to the model by “instantiating” or “clamping” avariableto a
state that is consistent with the observation. Then the mathematical mechanics are performed to update the probabilities of all
the other variables that are connected to the variable representing the new evidence.After inference, the updated probabilities
reflect the new levels of belief in (or probabilities of) all possible outcomes coded inthe model. These beliefs are mediated by the
original assessment of belief performed by the author of the model.

Posterior distribution is cal culated with the help of likelihood and prior distribution according to the Bayes formula
L O1X (D)
ij)=—>"n —
p(ilj) 0 () @
Wherep (i |j) isthe posterior distributionand p (j | i) isthelikelihood. This equation of logical inference is known as Bayes
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theorem. If wedissect (1), wewill seetherearefour parts, aslisted inthefigure 1:

From our knowledge of
the problem beyond what

From the model
From application of representingathe
Bayestheorem toobtain = Pogterior | | Prior process providing the
theprobability (i.e., P (D | H E) data
plausibility ) of
a hypothesis conditional P (H | DE) i P (H | E)
upon our knowledgeand | P(D|E)
. “Total
applicable data ! i i L
........................................... arnane prObabIllty over
i : all specified
Normalization hypothesis H”

Figure 1. The equation for Bayes' theorem dissected into four parts
WhereD = The Data

H = Our Hypothesis

E = General information known prior to having updated information ( or data) specific to problem at hand in other words, our
Experience.

Thedenominator of Bayes' theorem is sometimes denoted f (), and is called the marginal or unconditional distribution of x. The
range of integration isover all possible values. In caseswhere X is adiscrete random variable (e.g., number of eventsin some
period of time), f (X) isthe probability of seeing x events, unconditional. In this context, which will become useful for model
validation, f (x) will bereferred to asthe predictive distribution for X.

Traditionally the likelihood function is most often binomial, poison or exponential®. Note that the symbol “|” represents a
conditionality, which in the case of the likelihood function is described as “the probability we see the observed data given the
parameter takes on a certain value.” Priors can be classified broadly as either informative or non-informative. Informative
priors, as the name suggests, contain substantive information about the possible values of the unknown parameter. Non-
informative priors, on the other hand, are intended to let the data dominate the posterior distribution; thus, they contain little
substantive information about the parameter of interest.

Most of the researchers used Markov Chain Monte Carlo (MCMC) algorithms to estimate the posterior distribution. But for
large dimensionality involving acomplicated covariance matrix, MCMC is hot agood choice for estimation and it incurs high
computational cost [11]. Therefore, researchers thought for an alternative way and in 1995D. Mackay found a new algorithm
known as Variational Bayesian (VB) [21] whichissuitablefor large dimensional spacesand isvery cost effective[11]. Besides,
therate of convergencein VB isbetter than MCMC.

In this paper, we have aimed to highlight on Variational Bayesian technology for statistical inference that overcomes the
shortcomings of the EM algorithm. Bayesian inference[10] based on the variational approximation has been used extensively by
the machinelearning community sincethe mid-1990swhen it wasfirst introduced. Now, VB iswidely accepted and widely used
algorithmin different fields of computer sciences, signal processing and so many. The main thought of VB isto approximatethe
joint posterior of the unknown by a separable density.

2.Bayesian I nference Basic

Assumethat X = {x;, X,,..., X } arethe observation and 6 the unknown parameters of amodel that generated x. It is worthy to
mention that the term estimation isused to refer to the parameters and inference refersto random variables. The term estimation

lwhen dealing with repair or recovery times, thelikelihood function may belognormal, weibull or gamma. If the observed variable
isunavailable, the likelihood may be beta distribution
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is used to refer to the parameters and inference refers to random variables. The term estimation refers to the calculated
approximation of the value of parametersfrom incomplete, uncertain and noisy data. In contrast, theterm inference will be used
to imply Bayesian inference and refersto the process in which prior evidence and observation are used to infer the posterior
probability p (0 | X) of the random variables 6 given the observation x.

2.1. Parameter Estimation
One of the most popular approaches for parameter estimation is ML. The ML approach gives the estimation as
oML = argmax p (x| 0) 2
C)
where p (x|0) refersto the probabilistic relationship between the observations and the parameters based on the assumed model
that produces the observation x. By Bayes' rule, the posterior over parameters 6 given the observation x is given by

p(6) p(x|6)
PO="pr (3

The second term in the numerator isthe marginal likelihood or evidence[14]. In many cases direct assessment of thelikelihood
function p (x| ©) iscomplex and iseither difficult or impossibleto computeit directly or optimizeit. In such casesthe computation
of likelihood function is greatly affected by the introduction of the hidden variables z (i =1...n).These random variables act as
links that connect the observations to the unknown parameters via Bayes' law.

The selection of hidden variables is problem specific. However, as their name suggests, these variables are not observed but
they supply enough information about the observations. Therefore the conditional probability p (z| X) is easy to compute. Apart
fromthisrole, hidden variables play another important rolein statistical modeling. They are animportant part of the probabilistic
mechanism that is assumed to have generated the observations and can be described very succinctly by agraph that is termed
‘graphical model’.

Once hidden variablesand aprior probability for them p (z| ©) have been introduced, one can get the likelihood or the marginal
likelihood asit iscalled at times by integrating out (marginalization) the hidden variables according to

p(x16)=Ip(x216) dz=]p(x|26) [ p(z|6) dz @
Now for anew datumx’, the predictive density will be
p(x" % 0) =Jp(z|x,0) p(x"|zx 6)dz ®
This can be written as
p(x"1%6) =[p(2]%6) p(x"|20) dz ©)

Now we are interested to find the likelihood function and posterior of the hidden variables according to

p(x]z6) p(z]6) -
p(z|x,0) =
p(x]6)
If we consider x” is conditionally independent of x given 6, the posterior distribution of hidden variables z associated with new
observation x”

p(<12,%,6) p(z]6) ®
p(<10)

Once we cal culate the posterior, it is possible to calculate the inference for the hidden variables. Despite the simplicity of the
aboveformulation, generally theintegralsin (4) and (5) are either impossible or very difficult to computein closed form. Thus,
the main effort in Bayesian inference is concentrated on techniques that allow us to bypass or approximately evaluate this
integral. There are two main categories to evaluate this integral. The first category is Monte Carlo technique [13][14] that
concentrates on numerical sampling methods and the second category bel ongs to deterministic approximation method. In this
paper we have concentrated only on the deterministic approximation method. Moreover, maximum aposteriori (MAP) inference,

p(z|x’, % 0) =

lwhen dealing with repair or recovery times, thelikelihood
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which is an extension of the ML technique, can be considered as a very crude Bayesian approximation because, strictly
speaking, MAPestimation deals only with e random variables. However, in ML, Bayesian inferenceisused for hidden variables.

As we have discussed earlier, EM algorithm is Bayesian inference methodology that considers the posterior p (z | x, 6) and
iteratively maximized the likelihood function without explicitly computingit. A major drawback of thistechnology isthat in many
cases posterior is not available. However, current advancement of Bayesian inference alows us to bypass this difficulty by
approximating the posterior. This current approximating technique is known as ‘ Variational Bayesian approximation’.

2.1.1EMAlgorithm
Thegoal of the EM algorithmisto find the maximum likelihood solution for amodel consisting of parameters ©, given observed
(incomplete) datax and latent or hidden variables z.

Calculation of log-likelihood [15][16] isstraightforward and it can bewritten as
n
L@©)=Inp(x|©)= Zi”:l Inp(x|©) = zi:ljdzl p@z.x10)

After simplification, we get

L(©)=F(a,6)+KL(qllp) ©
where
= p(x z|6)
and
_ p(Zx, 6) 1)
KL(allp)==la@in (Fgp ) @

where q (2) is any probabilistic density function over the hidden variables gives rise to alower bound on £. KL (q||p) is the
Kullback-leibler divergence between p (z| X, 6) and q (2). SinceKL (q || p) > =0, wecansay Inp (x| 6) >=F (g, ©). HenceF (q, 6)
isalower boundonL (®)i.e., thelog-likelihood. Equality holdsonly when KL (q || p) = O, whichimpliesp (z| x,0) =q (2). TheEM
algorithm and some recent advances in deterministic approximations for Bayesian inference can be viewed in the light of the
decomposition in (9) as the maximization of the lower bound F (g, 6) with respect to the density g and the parameters 6.

In general EM algorithm isatwo step algorithm that maximizesthe lower bound F (g, ©) and hence the log-likelihood. L et the
current value of the parameter is6°¢. In the E-step the lower bound F (g, ) is maximized with respect to q (2). Themaximum value
of F (g, 8) isachieved when KL (q|| p) = 0i.e., whenq (2) = p (z| x, 699). In this condition the lower bound is equal to thelog-
likelihood. Inthe consecutive M-step, q (2) iskept fixed and lower bound F (g, 6) is maximized with respect to 8to give new value
6" Theeffect of M-step isto increase the lower bound and as aresult, the corresponding log-likelihood will also increase. As

q(z)was cal culated using 699 and is kept fixed in the M-step, it will not be equal to the new posterior p (z)x, 6™") and hence KL
distancewill not be zero. So we can say that the increase in thelog-likelihood is greater than theincreasein lower bound. Now,
we substitute g(2) = p (z]x, 8°'9) into the lower bound and expanding (10) we get

F(a,0) ] p@lx 699 inp(x z|8)dz -] p(z|x 6% inp(Zx 699) dz = Q (6, 697) + Constant (12)
Here the constant is simply the entropy of p (z| x, 6 ©¢) that does not depend on 6. The function
Q8,09 =/ p(z|x 6°9)inp(x z|8)=(inp (x,2|8)) , ,\ 4olc) (13

givesthe expectation of log-likelihood of the complete data (observation + hidden variabl es) which ismaximized in the M-step.
The EM algorithm can be summarized as
E - step: computep (z|x, 6°9) (14)

M - step: compute 8™ = argmax Q (6, 6 °9)
0 (15
Itisinteresting to note that the EM algorithm requiresthat p (z]x, ) isexplicitly known, or at |east we should be able to compute
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the conditional expectation of itssufficient statisticXinp(x,z|0) ) o (le’q‘)'d). In other words, it required to know the conditional
pdf of the hidden variables given the observationsin order to usethe EM a gorithm. While p (z)x, 6) in many interesting problems
thisis not possible and thus the EM algorithm is not applicable.

2.1.2Variational Bayesian Inference

Given atraining corpus x, computation of the posterior probability distribution over parameters © is too complicated. The
Variational EM algorithm bypasses the requirement of exactly knowing posterior with respect to hidden variables by assuming
an simpler distribution q (2) in the decomposition of (9). qiscalled the Variational approximation to the posterior.

Inthe E-step F (g, 8) is maximized with respect to q (z) keeping éfixed. In the process of maximization, aparticular form of q (2)
must be assumed. In certain cases it is possible to assume knowledge of the form of g (Zw), where U is a set of parameters.
Thereforethelower bound F(w, 8) becomes afunction of these parameters and is maximized with respect to uin the E-step and
with respect to einthe M-step, seefor example[15]. The generalized algorithm of VB isgiven below:

Sep 1: Initializeall approximate posteriors
by setting them to theirpriors.

Step 2: while(|©,™"-©,°¢])>0.0001)
evaluate q"*( 2)to maximizeF (g, ©°9)
find®°¢ = arg max F (g™, ©))

C)
Figure 2. Algorithm for Variational Bayesian Inference

The general form of the lower bound F (g, 6) isafunctional intermsof . A mapping that takes asinput afunction g (z) and
returns as output the value of the functional. Thisleads naturally to concept of the functional derivative, whichin analogy to the
function derivative, givesthefunctional changesto theinput function. Thisareaof mathematicsiscalled calculus of variations
[17] and has been applied to many areas of mathematics, physical science and engineering, for example, fluid mechanics, heat
transfer, control theory, machine learning, classification and so many.

Interesting fact regarding variational theory isthat there are no approximationsin it but variational method can be used to find
approximate solutionsin Bayesian inference problem. This can be achieved by assuming that the function, over which optimization
isperformed, have specific forms, for example, we can assume only quadratic functions or functionsthat are linear combinations
of fixed basis functions. For Bayesian inference, a particular form that has been used with great success is the factorized one
[18][19]. Theideafor thisfactorized approximation steamsfrom theoretical physicswhereit iscalled mean field theory [20].

According to this approximation, the hidden variables z are assumed to be portioned into M partitionsz withi =1, ....., M. Also
it isassumed that q (2) factorizes with respect to these partitions as

a(2 =ﬁ1qi (2) (16)

Thus, werequiretofindtheq (2) of theform of (16) that maximizesthelower bound F (g, 8). Using (16) and denoting for simplicity
g (zj) =q, we have

F(q,e):Jini Inp(x,z|e)—zlnqi dz

:j]‘i[qi Inp(x,z|e)li'[dzI _Zi:“]_[qj Ingq, dz
=qulnp(x,2|9)il;lj(qid2,) dz —fq Ingdz
-X.]q Ing dz
=lq Inf)(x,zlle)dz:i]fqj Ing,dz
~2.]q Ing dz

i#]
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=-KL(g1Ip)-2]q Ing oz an
where -

INp(x216)=(Inp(x2|6)),,

=Jinp(x216)T1(q dz)

Clearly thebound in (17) is maximized when the Kullback-L eibler distance becomes zero, which isthe casefor, q :~p (% z [q)
in other words the expression for the optimal distribution q ' (zJ) is

Inqj*(zj):(lnp(x,z|9)>i¢j+Constant (18)
The additive constant in (18) can be obtained through normalization, thus we have
_ o ep((Inp(xz(8)) )
C(2)=
g (3) Jexp((lnp(x,z|9)>i$j)dzj

(19

Theaboveequationforj=1,2, ...... , M are aset of consistency conditions for the maximum of the lower bound subject to the
factorization of (16). They do not provide an explicit solution since they depend on the other factors q (Z,) fori=# j.Therefore,
aconsistent solution is found by cycling through these factors and replacing each in turn with the revised estimate.

The summarization of the Variational EM algorithm isgiven by the following two steps:

Variational E-step: Evaluate g (2) to maximize F(q, 6°¢) solving the system of (19).

Variational M-step: Find 6" =arg maxF (q"®", 0).

)
Now, it isworthy to mention that in certain casesaBayesian model can contain only hidden variables and no parameters. In such
cases the Variational EM algorithm has only an E-step in which q (2) is obtained using (19). Thisfunction q (2) constitutes an
approximation to p (z| X) that can be used for inference of the hidden variables.

3. Experimentsand Result

We have implemented our proposed technique to classify NSWsin Bengali news corpus. We have divided the whole task of
classification into four major steps, namely, primary classification using regular expression, feature vector generation, final
classification using Variational Bayesian inference and interpretation of NSWs based on specific semiotic class. The pictorial
representation of the proposed technique is given in the appendix A. The whole process is implementedusing Python3
programming language.

Preparation of the databases from news corpus is a very important as well as time consuming task before the start of actual
classification process. The online version of the famous Bengali news paper ‘ AnandabazarPatrika ! has been used for source
document of the databases (training data and test data). The time spans required for the news corpus were approximately 23
daysand 12 days, for training data set and test data set respectively.Initially the raw dataweredownl oaded from the web site and
stored inthe plain text format. |n the preprocessing steps, weremoved all the unwanted characters and images. The advertisements
on theweb page were al so separated from the content and removed from the plain text. The format of thetext wasstoredin UTF-
8 standard. The size of the training and test data sets are 2.03M B and 803K B respectively.

The primary classification using regular expressionis performed on our training database! and details of classification had been
presented in our early work [1]. In the primary classification step, we have generated database D containing examples (or
sentences) of different semiotic classes (e.g., money, time, telephone number, year etc.). From the generated data base D, we
createword featureswhichisalist of every distinct words present in D[22][23]. To train aclassifier we requireto identify what
features arerelevant [22][23]. For that, we have generated a feature vector indicating what words are contained in the input D

passed. The typical structure of the feature vector is as follows:

feature columnj
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examplesi010100001....
100011000....

Each row represents one exampl e (or, one sentence containing NSW), and each column represents one feature, where* 1’ denotes
the existence of the feature in this context,and O denotes the nonexistence.Note that columns should be separated by spaces.

Inthefinal classification step, the feature vector becomestheinput. In the current section we are using the following notational
conventions:

Symbol Meaning

w aNSW

SIS semiotic class

Cpovnrnn o context of w in database D

fl. fj words used as contextual features
for identification

In contrast to Bayes classifier of [24], parameter estimation in unsupervised learning technique is not based on the given |abel
(semiotic class) set. Instead, theidentitiess (i = 1...k, number of semiotic class) of the semiotic classesare unknown. we start with
arandom initialization of the parameters p (s, ) and p (fj |s). Thep (fj |s) are then re-estimated by the Variational Bayesian
agorithm. After the random initialization, we compute for each context ¢, of w the probability P (c, | s) that it was generated by
semiotic class s,. We can use this preliminary categorization of the contexts as our training data and then re-estimate the
parametersp (fj |'s) soasto maximizethelikelihood of the data given the model.

TheVariational Bayesian algorithmis guaranteed to increase thelog likelihood of the model. Therefore, the stopping criterion for

thealgorithmisto stop when thelikelihood isno longer increasing significantly i.e., (| 51(”6‘”— s1<°'d)| <0.0001) (where0.0001 isthe
threshold value).

Semiotic Class Using context window Variatio-nal Bayesian | Variatio-nal Bayesian
and Context identific-ation | inference(on Bengali inference (on English
Array[1] (on Bengali News corpora) news corpore’)

News corpora)

Date & Month 95.95 98.23 98.13

Money 100 100 100

Telephone No. 100 100 100

Year 97.54 98.24 99.1

Time 94.05 96.81 100

URL 100 100 100

Percentage 100 100 100

Quantity 100 100 98.77

Float 100 100 100

Table 1. Accuracy valuesfor different semiotic classes

! Availableat http://www.anandabazar.com/

2 Availableat http://eiilm.co.in/Training_Data_Set.txt
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The proposed system is thus trained to build up the knowledge base that would be used later to classify test examples®.

We have carried out the experiments on English news corpus (el ectronic version of the‘ The Times of India’) also to justify the
efficacy of our proposed model. For that, we have created separate regular expressions (re), training data sets and test data set.
In case of English news corpus, instead of creation of explicit databases, we have implemented the primary classification steps
directly on the web pages using different python functions.

Thefollowing table gives the detail s of classification accuracies (in percentage) for different semiotic classes.

SemioticClass| Using context window Variational Variational
and Context identific- Bayesian Bayesian
ation inference inference
Array[1] (on Bengali news corpora)| (on English news
(onBengali corpora)
Primary Feature \
classification Extractor
jm——— A Database, D, Feature Variational Clustersof
Voo S00tANS—) O —} | Bayesan | —}| different semiotic
:- . examples ector Classifier classes

Prediction

Classifier

Semiotic class
Modd —

I nter pretation
of thetest NSW

Feature
| I Extractor

Feature
Vector

_i

— —

/

Figure 3. Flow chart of the proposed model
4. Conclusion and FutureWork

In this paper we have presented amodel for classification and interpretation of NSWsin Bengali news corpus. In particular, this
model isapplicablefor any language. The proposed technique gives satisfactory results over previous models[1][2]. Inspite of
getting good accuracy levels, we could not get 100% accuracy valuesfor some semiotic classes (e.g., ‘year’, 'time’, etc.) because
the degree of inflation is quite high in Bengali news corpus.

While we are going to build models using either EM theory or Variational Bayesian theory, initial guesses of the different
parameters play avital roleto measure the effectiveness of the model in terms of time complexity. If theinitialization valuesare
close to the actual values (which we get after a number of iterations), the time complexity can be reduced to a greater extent.
Future researchers have scope to work on this aspect.

Still the research opens up a ample of facets of further research by different approaches and methodologies like maximum
entropy, SVM, Gaussian process prior model, Variational Gaussian process model, etc. Once effectiveness of these modelswill
be assessed, the optimal technique can be addressed for identification and interpretation of NSWsin Bengali news corpus.

! Availableat http://eiilm.co.in/Test_Data_Set.txt
2 Available at http://epaperbeta.timesofindia.com/
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