
230 InternatIonal Journal of electronIcs & communIcatIon technology

IJECT Vol. 2, IssuE 3, sEpT. 2011 ISSN : 2230-7109(Online)  |  ISSN : 2230-9543(Print)

w w w . i j e c t . o r g

Abstract
Internet users largely rely on search engines for their information 
needs. This makes the classification of queries into the user 
intended topical categories as the need of the hour for the 
efficient retrieval of information. In web search engines the 
required web page is not always obtained as the first search 
result. In this paper, we have used the Hidden Markov Model 
which classifies the user intent into a target category. In the 
HMM model each node of a graph represents the hidden state 
which may be any one of the 67 categories as proposed by 2005 
KDD Cup. The most probable target category that can be the 
hidden state for a given query is then obtained using the Viterbi 
algorithm on the HMM model with the given observations.

Keywords
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I. Introduction
Identifying the user intent is a problem at the heart of Web 
search. Queries given by the user need to be classified into 
categories that improve the efficiency of the searches and 
to provide appropriate services to the user [1,13]. Query 
processing by search engines is said to be effective if it is 
able to automatically classify queries with its own knowledge-
base to produce the page that the user is interested in. This 
allows reducing computational and financial cost involved in 
obtaining the search results. Based on the classification criteria 
the results may be presented which is of high business value 
with regard to advertisements and for analyzing the recent 
trends. Factors that are of significant complexity are frequent 
changes in the meaning of the web content, polysemy and 
the length of the user query which averaged to 2.6 terms per 
query in 2001 [16-18].
 In this paper we restrict our classification to the 67 categories 
used in KDD Cup 2005. KDD Cup 2005 focused on classifying 
web queries to 67 possible target categories [14]. To classify 
the web queries, we make use of the Hidden Markov Model 
which performs well in modeling events with past behavior. 
Hidden Markov Model is a Bayesian network based modeling 
technique. It is represented as a directed graph structure 
that shows the transitions from one state to another [12]. An 
overview of the methodology employed by us is as follows: Each 
query will output several web page results. These page results 
are categorized into one of the 67 target categories using direct 
and glossary mapping techniques and they form the nodes in 
the HMM model. The parameters for the HMM model are set 
using the query stream. The problem at hand is to identify the 
possible user intent. The dynamic programming based Viterbi 
algorithm is used to find the maximum likelihood [3,4].
In an approach by Paolo Frasconi et.al., text categorization 
of multi page documents was performed using the Hidden 

Markov Model for improving the accuracy of classification. 
Their research concentrated on multi page documents since 
the concept of categorizing multi page documents  gained 
importance over isolated text documents. Each document was 
considered as a sequence of pages and a viable feature in 
the documents is the word count. Automatic classification of 
pages is preferred over manual classification due to the time 
complexity involved. 
 The approach makes use of a naive bayes algorithm followed by 
the HMM to classify the multi-page document to a specific page 
category. The HMM states are to be mapped to specific page 
categories. Observations dt is a bag of words in a particular 
page. It uses a conditional probability with the assumption 
that the words in each page is independent of the given page 
category. Taking into consideration |dt|, the length of the 
page, C, a class variable and wi , the i-th word in the page; the 
conditional probability for observation likelihood was expressed 
as 
                           |dt|
P(dt |Ct  =  ck )   α   ∏ P(wit |Ct  =  ck )         (1)                        
i=1

The label in the document forms the state variables. Transition 
from one state to another allows for emission simultaneously 
based on the Markov property, usually represented as stochastic 
matrix. Transition probability is based on the sequencing of 
pages which is expressed as
P(xi | xj) = N(ci , cj) / ΣNl=1 N(cl , cj)    (2)
where for each state variable x, N(ci , cj) is the frequency of 
occurrence of ci  followed by cj. The most likely state sequence 
is obtained by using the Viterbi algorithm that outputs the 
maximum probable category [11]. 
Viter[t,i] = max P(X1..,Xt = xi, d1..,dt )         (3)
     x1, x2…,xt-1 
The most popular application of HMM is in speech recognition. 
The major task behind the speech recognition system is to 
identify the source sentence that was fed as input along with the 
noise. The basic assumption made was that the input consists 
of a sequence of symbols or phones. A model that can use 
separate observation symbols and an algorithm that would 
find the best possible sentence that matches the original input 
was needed [9]. The best choice was to make use of HMM 
and the Viterbi algorithm. The model was devised with the 
following parameters:

• States: A set of states Q = q1,q2…,qt each corresponding 
to a phone at time t.

• Transition probability(A) : A set of probabilities aij which 
represents the probability of transition from one phone 
to another

• Observation likelihood (O): A set of observations bi(ot) 
that corresponds to the probability of observation ot being 
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generated from state i. 
For the given input sentence, the bigram probabilities for 
the words in the given input sentence were obtained using 
the corpus. This accounted to the values of the transitions 
and based on the given observation symbols the observation 
likelihood was obtained [10]. The overall expression was
W’ = argmax P(W | O)      (4)
     W ε l
where argmax denotes the largest probability value and l, the 
sequence of words in the given input sentence. By using Bayes’ 
rule,

W’ = argmax P(O | W)P(W) / P(O)     (5)
     W ε l
where P(W) is the prior probability and P(O | W) is the 
observation likelihood. Since P(O) value remains unchanged 
for all sentences it can be ignored. [8]

W’ = argmax P(O | W)P(W)                             (6)
     W ε l

To obtain the most likely sequence of words (q1,q2…,qt) with the 
given observation (o1,o2…,ot) for each state i, Viterbi algorithm is 
applied with the model(λ) stated above. This uses the equation 
below:
V[t,i] = max P(q1,q2…,qt = i, o1,o2…,ot | λ)    (7)
   q1,q2…,qt-1

where V[t,i] is a matrix that contains probability values of state 
i at time t. The value of V is computed for each transition. If 
there occur two possible paths, then the one with the maximum 
probability value will form one of the states in the most possible 
sequence [5,6].

II. Methodology
Our initial procedure focuses on obtaining the target categories 
for each query using the algorithm defined below. Algorithm:
1. Pass query through yahoo directory search
2. Obtain a minimum of 50 search results if available
3. Map the intermediate categories(IC) to the target 

categories(TC)
If String_Compare(IC,TC) == True
a. Perform Direct Mapping
Else
b. Perform Glossary Mapping
4. Form the HMM transition graph with it’s parameters
5. Apply Viterbi Algorithm and obtain the most probable target 

category.

First, the query is passed through the yahoo directory search 
which results in categories that are termed as intermediate or 
representative categories [15,19]. To confine these intermediate 
categories to one of the 67 target categories as proposed in the 
KDD CUP, we use both direct and glossary mapping techniques. 
Queries that does not get mapped to target categories using 
direct mapping technique makes use of glossary mapping 
which uses glossary of related words that were build using 
thesaurus and wordnet and the target categories for each query 
are obtained. The intermediate categories are thus mapped 
to a maximum of 60 target categories. It is possible for the 
intermediate categories to be mapped to more than one target 
category due to greater depth of the hierarchical structure of 

the intermediate category when compared to the hierarchical 
structure of the target category [7]. 

A. Determining the HMM Parameters
The solution adopted to identify the user intent makes use of 
HMM which is parameterized as follows :
• States: A set of states Q = q1,q2…,qt each corresponding 

to a target category at time t.
• Transition probability (A): A set of probabilities aij which 

represent the probability of transition from one state to 
another considering the previous 5 queries.

•  Observation likelihood (O): A set of observations bi(ot) 
that corresponds to the probability of observation ot being 
generated from state i.

• Prior probability (π): Initial probability value for each target 
category.

Each state in the HMM is associated with a unique target 
category. Transition from one state to another is accomplished 
based on the observation sequence. 

Fig. 1: Automatic Web Query Classification Architecture

An NxN transition matrix accounts for the probability of 
transitions from one state to another with respect to the 
previous queries. This procedure followed is based on the fact 
that the queries of a particular user tend to be related.

P(TCj| TCi )  =        ft(TCi ,TCj) / Tt     (8)

where ft(TCi ,TCj)  denotes the frequency of transition from 
target category TCi  to TCj and Tt denotes the total number of 
transitions. 

The NxN observation matrix is formulated by mapping the 
current query’s ranked list of target categories (i.e. observation 
sequence) with the 67 target categories.

 P(Oi | TCi)  =  fo(Oi, TCi) / Tp                     (9)

where  Oi is the current query’s target category, TCi is the 
previous query’s target category and fo(Oi, TCi)  denotes  the 
frequency of occurrence of  Oi in T.Ci. The total number of 
previous queries is denoted by Tp.
                                                       
Prior probability is the probability of occurrence of a target 
category as the initial state. The value of the prior probability 
is calculated as follows :
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π = 1/N = 1/67                (10)
A linear HMM model M is formed with the target categories of the 
previous queries and the current query. The observation sequence 
is the set of target categories in the current query [2]. 

Fig. 2 : A Linear HMM Model

With the linear HMM model, the user intent which was assumed 
to be unknown can be obtained by finding the most probable 
sequence of the hidden states in the given HMM. To find the 
most probable sequence the dynamic programming based 
Viterbi algorithm is used. The Viterbi algorithm aims to find 
the best possible state sequence s={s1, s2, … st} with the given 
set of target categories of the current query. The obtained 
sequence allows for a better ranking of the user intent. For 
each transition in the model, the probability value is calculated 
using the formula given below:

Pr(s→ s’) = π(s) * A(s,s’) * B(s,s’)               (11)
where  s →s’is a transition in the given model M.
To find the most probable sequence,
Viter[t,i] = max P(q1..,qt = i,o1..,ot |M)             (12)
          q1,q2…,qt-1
where Viterbi[t,i] a matrix that contains probability values of 
state i at time t is used. 
For a transition from state i to j, the formula can be recursively 
written as follows :
Viterbi[t,i] = max(Viterbi[t-1,i]Aij) Oj(ot)  (13)
  i
where Aij, Oj(ot) represent transition and observation matrices 
respectively. The maximum value of each row in the Viterbi 
matrix is found and its relative category is regarded as the user 
intent. It appreciates the fact that the most probable category 
is the best possible user intent that is to be identified using 
this approach for the current query. 

III. Experimentation and Results
An AOL query log with a 500K user session collection is the 
dataset used. It consists of 5 fields namely, anon id, the given 
query, date and time at which the query was submitted, the 
rank of the item clicked and the clicked URL. The composition 
of the dataset was such that 5 were noisy queries and 168 
queries returned no result in Yahoo directory search. Manual 
classification of the queries in the dataset yielded the test set. 
The 1012 queries in the dataset were provided to 2 different 
users and the classification performed depended on the user’s 
instinct on seeing the query without any external reference. For 
each query a maximum of 5 target categories was obtained 
after the manual classification. The user intent obtained in the 
Markovian approach is compared with the user intent in the 
manual classification. The linear model was formed for 839 
queries with respect to its five previous queries. Therefore 813 
models were created. Not all queries had 60 categories and 
queries with less than three categories could not be taken for 
processing. 

Table 1: Result Analysis
S.NO ANONID TOTAL 

QUERIES
NUMBER OF 
QUERIES TAKEN 
FOR PROCESSING

1 1038 172 165
2 56615 324 269
3 56850 226 200
4 102720 44 26
5 109956 40 25
6 110863 25 22
7 111295 33 10
8 112169 125 105
9 109787 23 17

Certain queries were rejected due to one of the following 
reasons:
1. The previous queries had less than three categories.
2. Current query’s categories were less than its previous 

queries.
3. The probability values were either null or all the values were 

the same. In such case the query could not be confined 
to any of 67 categories.

Viterbi algorithm is applied to all 839 queries. 50% of each user 
queries were treated as training set and the remaining as test 
set For all the 839 queries the categories that are found to be 
most probable is matched with the first category in their manual 
classification. Accuracy was calculated for this approach using 
the below equation,
Accuracy=f(TC) / N    (14)
where f(TC) denotes the frequency which the target category 
obtained in the Markovian approach matches the manual 
classification and N denotes the total number of queries.

 

Fig. 3: Graph for Accuracy

IV. Conclusion
It was inferred that the accuracy depends on manual 
classification and that the returned categories purely depend 
on the frequencies of the categories involved in each transition 
with that of previous five queries.

This approach made use of the HMM model and the Viterbi 
algorithm in order to find the most probable category to which 
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the user intent fits. Future works are intended to form a HMM 
model by using the user clicks to extract the target category. 
User clicks can be obtained from user query logs and a ranked 
list of target categories based on the user intent can be achieved 
by applying the Viterbi algorithm.
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