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This paper presents a multi-level matching method for document retrieval (DR) using a hybrid document
similarity. Documents are represented by multi-level structure including document level and paragraph
level. This multi-level-structured representation is designed to model underlying semantics in a more
flexible and accurate way that the conventional flat term histograms find it hard to cope with. The match-
ing between documents is then transformed into an optimization problem with Earth Mover’s Distance
(EMD). A hybrid similarity is used to synthesize the global and local semantics in documents to improve
the retrieval accuracy. In this paper, we have performed extensive experimental study and verification.
The results suggest that the proposed method works well for lengthy documents with evident spatial dis-
tributions of terms.
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1. Introduction

Collection and searching of documents has become an integral
part of most people’s lives because of the easy access to the inter-
net. Document retrieval (DR) refers to finding similar documents
for a given user’s query that can be ranged from a full description
of a document to a few keywords for different searching purposes.
Most of the widely used retrieval approaches are still keywords
based searching methods, in which untrained users provide search
engine several keywords to find relevant documents. Another ap-
proach is to use a query document for searching similar ones.
Apparently, using an entire document as a query will likely to de-
liver better retrieval results compared with using just few key-
words, but the entire document based approach is more complex
and computationally demanding (Chow & Rahman, 2009). In addi-
tion, using an entire document is undoubtedly more flexible to
users, because it is straightforward and quite often a query may
be in paragraphs, sections, and even a whole chapter. Thus, in this
paper we propose a DR using the entire document based approach.
Also, the corresponding data structure is developed accordingly.

Existing DR systems use statistical models and natural language
processing (NLP) approaches with different document representa-
tions to facilitate text data mining. Currently, most document
representation schemes are based on vector space, latent semantic
space and language models. The vector space model (VSM) (Salton
& Buckley, 1988; Salton & McGill, 1983), which usually uses tf.idf
for term weighting, constructs a basic vocabulary of ‘‘words’’ or
‘‘terms’’ for feature description. The term frequency (tf) is the
ll rights reserved.
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number of occurrences of each term. The inverse document fre-
quency (idf) is a function of the number of document where a term
appears. A term weighted vector is then constructed for each
document using tf and idf. Similarity between two documents is
measured using ‘cosine’ distance or any other distance functions
(Zobel & Moffat, 1998). Several dimensionality reduction methods
that map documents into latent semantic space are proposed to ex-
tract the statistical structure of documents in an attempt to relieve
the computational burden of VSM when computing the similarity
between two documents.

Latent semantic indexing (LSI) (Deerwester & Dumais, 1990)
maps the incident matrix of documents and terms into a latent
representation by employing a linear projection to compress the
feature vector of the VSM. LSI is not only a widely used technique
for performing feature compression, it is also useful for encoding
the semantics (Berry, Dumais, & O’Brien, 1995). Hofmann (1999)
later proposed a probabilistic latent semantic indexing (PLSI) ap-
proach to reveal the statistical properties of latent semantics. PLSI
defines a proper generative model to represent each word in a doc-
ument as a sample from a mixture distribution and develop factor
representations for mixture components. A brief overview of other
probabilistic models, such as latent Dirichlet allocation (LDA) (Blei,
Ng, & Jordan, 2003), exponential family harmonium (EFH) (Well-
ing, Rosen-Zvi, & Hinton, 2004) and rate adapting Poisson (RAP)
model (Gehler, Holub, & Welling, 2006), can be referred to (Zhang,
Chow, & Rahman, 2009). Apart from these probabilistic models,
language model (Ponte & Croft, 1998), which is an alternative to
VSM, has become increasingly popular. The relevance of a docu-
ment to a given query is ranked by statistical techniques and the
underlying language model. Erkan (2006) also introduced a lan-
guage model-based document representation using random walks
for document clustering. In addition to these techniques that aim
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to reduce the feature dimension, other attempts such as clustering
methods and new system structures were suggested to facilitate
DR. Rooney, Patterson, Galushka, and Dobrynin (2006) introduced
a clustering method for large document corpus. This method nar-
rows the searching scope by comparing a query to a group of doc-
uments that are clustered according to the semantic relevance.
Apart from these clustering techniques, a new file structure (Du,
Ghanta, Maly, & Sharrock, 1989) was also suggested to support
the retrieval process.

Despite the above progresses, most reported techniques are lar-
gely based on typical tf information from the ‘‘bag of words’’ mod-
el. They use the flat feature representation, which is a function of tf.
As this feature extraction scheme is only a rough representation of
a document, it often results in losing certain important semantic
information. For example, two documents containing similar term
frequencies may be contextually different when the spatial distri-
bution of terms are different, i.e., school, computer, and science
means very different when they appear in different parts of a doc-
ument compared with the case of ‘‘school of computer science’’ that
appear together. Thus, only relying on the tf information is not the
most effective way to account contextual similarity that includes
word inter-connections and spatial distributions of words. The
semantics may be very different irrespective of whether or not
the spatial distributions of terms are to be considered. By consider-
ing the patterns of the query term occurrence, Park, Ramamohan-
arao, and Palaniswami (2005) proposed a spectral-based DR
approach. They suggested that documents can be considered rele-
vant if they contain query terms that follow a similar positional
pattern. But this method is more applicable to keywords based
query only. To reflect the subtopic structure of a document, Kim
and Kim (2004) introduced a passage-based text categorization
model. It segments a test document into several passages, assigns
categories to each passage, and merges passage categories into
document categories. In Kim and Kim (2004), it suggested that
the location of a passage can determine its degree of contribution
to the test document. To improve the categorization performance
of document, Xue and Zhou (2009) proposed to represent the com-
pactness of the appearances of a word and the position of the first
appearance of the word by the distribution features. In our recent
work, we proposed a new document representation using the tf
and term connections. These features are extracted from different
term graphs using weighted feature extraction method (Chow,
Zhang, & Rahman, 2009). We also developed a new dual wing har-
monium model (DWHM) integrating the tf features and term con-
nection features into a low dimensional semantic space. It is noted
that the DWHM approach does not increase the computation bur-
den of DR (Zhang et al., 2009).

In this paper, DR is performed in a way of comparing the entire
document via a multi-level matching (MLM) method. The multi-le-
vel structure of the document data includes document level and
paragraph level that correspond to the global semantics and local
semantics of a document, respectively. This data structure that
we used to represent the spatial distributions of terms enables us
to generate a signature for document matching. More importantly,
this multi-level-structured representation can accurately reflect
the underlying semantics that the traditional flat feature structure
is unable to handle. In our proposed method, the matching
between documents is transformed into an optimization proce-
dures using Earth Mover’s Distance (EMD). Document matching
is conducted via linear programming that finds the optimal
distance between documents. We use a hybrid similarity to
synthesize the global and local semantics to improve the retrieval
accuracy. Preliminary theoretical results and analysis on the
relationship of the global similarity and local similarity are
presented in later section of this paper. In application level, we
developed a two-step retrieval system to reduce the computational
burden, and to facilitate practical applications for large data cor-
pus. In this paper, we conducted intensive study on a new dataset
including lengthy documents, which were collected from the inter-
net (Chow & Rahman, 2009; Zhang et al., 2009). The proposed
method is compared with other two methods (VSM and LSI). The
presented results show that the proposed method performs well
for lengthy documents with evident spatial distributions of terms.
This paper also investigates the sensitivity of parameter setting on
the results. Our results indicate that using the multi-level-struc-
tured representation together with MLM can provide a general
framework for DR.

The contribution of this paper is twofold. First, we propose a
multi-level-structured representation to express more semantic
information of the term inter-connections and spatial distribution
of a document. Second, an MLM method incorporate with EMD dis-
tance solved by linear programming is introduced to find the opti-
mal similarity between documents. A hybrid similarity including
the global and local information is then used to enhance the retrie-
val accuracy. Experimental results corroborate that our proposed
method works well for lengthy documents. Our proposed two-step
retrieval system can serve as a general and computationally effi-
cient solution for DR. It is worth pointing out that the motive of
this work focuses on large document size problem, because it use-
ful to real world DR. The methodology described in this paper is a
major improvement compared to the traditional methods such as
VSM (Salton & Buckley, 1988; Salton & McGill, 1983) and LSI (Deer-
wester & Dumais, 1990), because our method considers document
partition, dimension reduction, and many-to-many matching.

The remaining sections of this paper are organized as follows.
Multi-level feature extraction is introduced in Section 2. Multi-
level-structured signatures of document are generated for later
MLM. In Section 3, multi-level matching scheme with hybrid sim-
ilarity is proposed by using EMD. Analysis on the interrelations of
global similarity and local similarity is presented. Section 4 intro-
duces the general framework of DR system together with imple-
mentation details. Extensive experimental results followed by
discussions are presented in Section 5. The paper ends with conclu-
sions in Section 6.
2. Multi-level-structured feature extraction

2.1. Document partition

In order to represent the spatial distributions of terms and in-
clude more semantic information, we propose a multi-level-struc-
tured representation that only consists of text content. To extract a
multi-level structure, a document can be partitioned into sections.
Sections are further partitioned into paragraphs. For simplicity
without loss of generality, we only segment a document into para-
graphs that form a two-level structure consisting of document le-
vel and paragraph level. We only consider HTML documents in
this paper. In HTML format document, paragraphs can be easily
identified using HTML tags. Before document segmentation, we
firstly filter out the formatted text that appears within the HTML
tags. The text is not accounted for in word counts or document fea-
tures. A document is segmented into a number of paragraphs
blocks using the HTML tags: ‘‘<p>’’, ‘‘<brn>’’, ‘‘<li>’’, ‘‘</td>’’, etc.
In order to control the number of paragraphs, we merge the subse-
quent blocks to form a new paragraph until the total number of
words of the merged blocks exceeds a paragraph threshold value
sp. We also include the study of the value of sp in the experimental
section. We set the minimum threshold for the total number of
words in a paragraph to 30; otherwise the new block is merged
with the previous paragraph. In this way, the blocks that contain



Fig. 1. Multi-level-structured representation of a document.
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only a few words (e.g. titles) will be attached to the real paragraph
blocks.

For handling HTML documents, there is no definite paragraph
detection algorithm for document segmentation. But the use of
HTML tags and thresholds of the word counts still enables us to
form a multi-level structure from global to local containing spatial
semantics. This is simple and effective in generating the two-level
structure. Of course, this approach can be further improved by
using other organizational structure to contain more HTML docu-
ment contents such as continuous text, discrete text, images and
hyperlinks, etc. But it demands more complex algorithms to ex-
tract and organize the features.

2.2. Vocabulary construction

First, all words from the documents of the two datasets are ex-
tracted. A stemming algorithm is subsequently applied to each
word. Porter stemming algorithm (Porter, 1980) is used to extract
stem of each word, and stems are used as the basic features instead
of original words. Thus, ‘‘send’’, ‘‘sent’’ and ‘‘sending’’ are all consid-
ered the same word. We then remove the stop words, which are a
set of common words like ‘‘the’’, ‘‘is’’, ‘‘this’’, etc. The stemmed
words are stored together in terms of the information of term-fre-
quency ft and document-frequency f d

t . We construct the vocabulary
based on the tf features. We then use a term-weighting measure,
which is similar to the VSM (Salton & Buckley, 1988), to calculate
the weight of each word

Wt ¼
ffiffiffiffi
f t

p
� idf ; ð1Þ

where the inverse-document-frequency idf ¼ log2ðN
f d
t
Þ, and N is the

total number of documents in the corpus. Then, the words are
sorted in descending order according to the weights. The first Ns

words are selected to construct the vocabulary. The choice of Ns de-
pends on the dataset.

2.3. Signature generation

After the vocabulary is formed, each document is partitioned
into paragraphs, and a two-layer tree structure is built for each
document. In the document level, only one node contains the his-
togram of a whole document. In the paragraph level, leaf nodes
contain the histogram of each paragraph of a document. The word
histograms for the documents and paragraphs are calculated to
represent the features of the nodes. Each element of the histogram
indicates the number of times that the corresponding word ap-
pears in a document or in a paragraph. The histogram vector
Hi = [ht] (t = 1, 2, . . . , Ns) of the ith document is normalized in the
following way

ht ¼
ntPNs
t¼1nt

� log
N
f d
t

� �
; ð2Þ

where nt is the frequency of the tth word in the vocabulary, and f d
t is

the document frequency of the tth word. The normalized histogram
is used to construct the PCA projection matrix B. PCA is used to
compress the histogram vector. To save the computational burden,
we use PCA only in the document level. We have used the MATLAB
tool (Høgh-Rasmussen, 2005) to compute the projection matrix. The
compressed histogram vector Fi ¼ f h

u

� �
(u = 1, 2, ... , NF) of the ith

document is calculated in the following

Fi ¼ Hi � B; ð3Þ

where B is the projection matrix with dimension Ns � NF, and NF is
the dimension of the projected feature. Thus, the projected features
in Fi are ordered according to their statistical importance. The pro-
jection base is saved for forming the features of a new query docu-
ment. Finally, the signatures of a document are constructed for
measuring the dissimilarity between documents in the subsequent
MLM. Each document consists of two signatures. One is used in the
document level; another is used in the paragraph level. A signature
of size K is defined as a set S ¼ fsk ¼ ðwk; FkÞgK

k¼1, where Fk is the fea-
tures of either a document or a paragraph, and wk is the weight rep-
resenting the information capacity delivered by these features. The
size of the signature in the document level is 1, because only one
node is included. Likewise, the size of the signature in the paragraph
level is the number of paragraphs of a document. In our work, the
weight wk is given by

wk ¼
Ts

kffiffiffiffiffi
Tt

k

q ; ð4Þ

where Tt
k denotes the total word counts of a document or a para-

graph (the length of a document or a paragraph), and Ts
k represents

the total selected word counts of a document or a paragraph. Obvi-
ously, if all the words are selected, the weight wk will equal to the
square root of the length of a document or a paragraph. Thus, it is
not only used to deliver the information of capacity of selected fea-
tures, it also delivers the length information of a document or a par-
agraph that is usually overlooked in the traditional VSM (Salton &
Buckley, 1988; Salton & McGill, 1983) and other methods (Berry,
Dumais, & O’Brien, 1995; Blei et al., 2003; Deerwester & Dumais,
1990; Gehler et al., 2006; Hofmann, 1999; Welling et al., 2004).

Multi-level-structured feature extraction aims to provide fea-
tures with more semantic information which results in improving
the accuracy of DR. Fig. 1 illustrates an example of such structure.
The overall procedures of extracting multi-level-structured fea-
tures are summarized as follows

(1) Extract words (except the stop words) from all the docu-
ments in the corpus and apply stemming to each word. Cal-
culate the weight of each word according to Eq. (1), and
select the first Ns words to construct tf-based vocabulary.

(2) Partition the document into paragraphs. Construct the
multi-level histogram structure.

(3) Calculate word histograms for documents and paragraphs.
Normalize histogram vectors using Eq. (2).

(4) Use the normalized histograms to construct a PCA projection
matrix. Use Eq. (3) to project all the features into the lower
dimensional PCA features. Save the projection base for later
use in constructing the features of a new query document.

(5) Generate the signatures of documents and paragraphs
according to Eq. (4). The multi-level-structured signatures
of a query document are constructed in the same way but
excluding steps 1 and 4, because they are only required once
to calculate over the dataset.

3. Multi-level matching (MLM)

This section describes how to measure the similarity between
the document signatures. Given two documents with the two-level
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Fig. 2. MLM between query document and document in corpus.
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signature sets like Fig. 2, the global similarity can be directly ob-
tained by matching nodes in the document level. The local similar-
ity can also be measured via matching nodes in the paragraph
level. Considering the weights of the paragraphs, it will be very
computationally demanding if one simply relies on exhaustive
matching among paragraphs. In addition, how to synthesize the
similarities of paragraphs is another demanding issue. In this work,
we propose to use the Earth Mover’s Distance (EMD) to solve these
issues. EMD is used to find the optimal similarities with minimum
cost of matching signatures through solving a linear programming
problem.

3.1. The Earth Mover’s Distance (EMD)

The EMD was firstly introduced by Rubner, Tomasi, and Guibas
(2000) to evaluate the dissimilarity between signatures that con-
tain clustered representations of histogram distributions. EMD
has been widely used in image retrieval applications (Fu, Liu, &
Deng, 2006; Ling & Okada, 2007; Rubner, Puzicha, Tomasi, & Buh-
mann, 2001; Rubner & Tomasi, 2001; Rubner et al., 2000) because
it supports the matching of different distributions, particularly the
partial matching. The whole set of transportation problem can be
efficiently solved using a rather standard optimization technique.
The solution of EMD problem is to minimize the amount of work
required to transport products from m suppliers to n consumers.
Computing EMD can be formalized as solving the following linear
programming problem. Let P ¼ fðui; piÞg

m
i¼1 be the supplier set,

where ui is the weight representing the amount of products;
Q ¼ fðv j; qjÞg

n
j¼1 be the consumer set, where vj is the weight denot-

ing the demand of products; and define the ground distance matrix
as D = [dij]m�n that is given by calculating the EMD. The objective is
to find the flow matrix F = [fij]m�n, in which elements indicate the
amount of products to be transported from one supplier to one
consumer. We can minimize the overall transportation cost as
follows

CostoptðP;QÞ ¼min
F

Xm

i¼1

Xn

j¼1

fij � dij; ð5Þ

that subjects to the following constraints

fij P 0; where 1 6 i 6 m; 1 6 j 6 n; ð6Þ

Xn

j¼1

fij 6 ui; where 1 6 i 6 m; ð7Þ

Xm

i¼1

fij 6 v j; where 1 6 j 6 n; ð8Þ

Xm

i¼1

Xn

j¼1

fij ¼min
Xm

i¼1

ui;
Xn

j¼1

v j

 !
: ð9Þ
The above formulations are a linear programming problem. The
flow matrix is obtained when they are solved. The EMD is given by

EMDðP;QÞ ¼
Pm

i¼1

Pn
j¼1fij � dijPm

i¼1

Pn
j¼1fij

: ð10Þ
3.2. MLM using the EMD between signatures

For comparing two documents using the proposed multi-level-
structured representation, EMD is a natural way to evaluate the
similarity (or dissimilarity) between document signatures
generated in Section 2.3 because EMD favors multi-featured sets.
On the other hand, there is an analogy between the document
comparison and transportation problem. In this paper, a query
document is regarded as a supplier, whilst a candidate document
in corpus is considered as a potential consumer. Thus, measuring
the similarity between documents can be solved by minimizing
an objective function (e.g. Eq. (5)).

The EMD in the document level that represents the global
similarity is a special case of the transportation issue with only
one supplier and one consumer, i.e. m = 1 and n = 1. The global
similarity between documents is then given by

SGlobal ¼ EMDDoc ¼
Pm

i¼1

Pn
j¼1f Doc

ij � dDoc
ijPm

i¼1

Pn
j¼1f Doc

ij

¼ dDoc
11

¼ f FQuery
Doc ; FCandidate

Doc

� �
; ð11Þ

where f(FQuery, FCandidate) is a ground distance function related to the
PCA feature vectors of the query document and candidate document
in the document level. Likewise, the EMD for evaluating the local
similarity between documents in paragraph level is represented as

SLocal ¼ EMDPara ¼
Pm

i¼1

Pn
j¼1f Para

ij � dPara
ijPm

i¼1

Pn
j¼1f Para

ij

;

dPara
ij ¼ f FQuery

i;Para ; F
Candidate
j;Para

� �
; ð12Þ

where f FQuery
i;Para ; F

Candidate
j;Para

� �
is a distance function about the features of

the ith paragraph of query document and the jth paragraph of can-
didate document. In general, the distance function f(FQuery, FCandidate)
can be any distance. The distance definition depends on the prob-
lem. In this paper, we use the cosine distance to define the ground
distance as follows

f ðFQuery; FCandidateÞ ¼ 1� FQuery � FCandidate

kFQuerykkFCandidatek
; ð13Þ

where � indicates the dot product operation. Finally, we use a hybrid
similarity to synthesize the global and local similarity as follows

SHybrid ¼ C � SGlobal þ ð1� CÞ � SLocal; ð14Þ

where C is the weight used to balance the importance of the global
and local similarity measure. Thus, the system provides flexibility
with users to change the value of C to balance this hybrid measure
according to their expectations. In this work, we also include the ef-
fect study of the parameter C in experiments. Solving the EMD effi-
ciently is essential particularly for retrieval applications, because a
speedy query response is always expected by users. Efficient algo-
rithms for solving such linear programming problems are available.
We determined the initial basic feasible solution by Russell’s meth-
od (Russell, 1969) and used the transportation simplex (Hillier &
Lieberman, 1990) mentioned in Rubner et al. (2000). The empirical
study in Rubner et al. (2000) shows that the computation complex-
ity is super-cubic for signatures with size Z, and can be an exponen-
tial worst case (Ling & Okada, 2007). But, in practice, because of the
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good initial solution and special applications, the performance is
quite promising (Rubner et al., 2000). We empirically studied the
computational time of our proposed two-step retrieval system in
the later experimental section.

3.3. Global similarity vs local similarity

The global similarity is only based on the tf features, whilst the
local similarity zooms into the document details and measures the
spatial distributions of terms. Intuitively, they are much related to
each other. In the following, we analyze the relationship between
them. We assume the original feature histograms of two docu-
ments without using PCA projection for simplicity. All the words
are selected as the vocabulary. We use the following notations
and assumptions

� Let P = (wp, p) be the document signature of the first document,
where p ¼ ½pk�

c
k¼1 is the histogram vector with size c,

wp ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPc

k¼1pk

q
is the weight; Q ¼ ðwq; qÞ denote the document

signature of the second one, where q ¼ ½ql�
c
l¼1 represents the his-

togram vector, wq ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPc

l¼1ql

q
is the weight.

� The first document has b paragraphs that are represented by a

signature set fPi ¼ ðwpi
; piÞg

b
i¼1, where pi ¼ ½pik�

c
k¼1 is the histo-

gram vector, wpi
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPc
k¼1pik

q
is the corresponding weight of

the ith paragraph. The second document contains d paragraphs

denoted by a signature set fQj ¼ ðwqj
; qjÞg

d
j¼1, where qj ¼ ½qjl�

c
l¼1

and wqj
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPc
l¼1qjl

q
have the similar meanings like the first

document.
� Assume the linear programming problem is perfectly solved,

the optimal flow from the paragraph Pi to the paragraph Qj is
denoted by fij.
� Use the distance function like Eq. (13) as the ground distance

between signatures.

With these notations and assumptions, we obtain the following
propositions for evaluating the relationship between the global
similarity and local similarity.

Proposition 1. Given two documents as described above, if P = Q,
then SGlobal 6 SLocal.
Proposition 2. If kpk�kqkfij
kpik�kqjk

Pm

i¼1

Pn

j¼1
fij
6 1, then SGlobal 6 SLocal, and vice

versa.
The proofs of above propositions can be found in the Appendix.

Proposition 1 corroborates that even if two documents have the
same global histograms, the semantics may be very different con-
sidering the spatial distributions of terms. Here, we only give the
sufficient conditions to measure the difference of the global simi-
larity and local similarity in Proposition 2. Finding the necessary
conditions is difficult because it needs more constraints and math-
ematical effort which deems unnecessary in this application.

4. Framework of DR system

The query response of the EMD is speedy enough for small data-
sets because computing the EMD starts from good initial solutions.
In DR applications, large datasets are usually considered. Directly
using the EMD to measure the dissimilarity between documents
is still time consuming. We thus shrink the searching domain to re-
duce the computation. The shrinking operations incur minimal
computational effort, but it has a significant effect on speeding
up the whole operation. Thus, we develop a two-step retrieval sys-
tem. First, it only uses the global similarity to retrieve the related
documents to the query in a large corpus. Second, it filters out
the documents that are too far from the query. The whole imple-
mentation framework is summarized in Fig. 3.

The overall system implementation procedures are summarized
as follows

(1) Extract all the words in the corpus, stem each word, and
select the important words according to Eq. (1) to construct
the vocabulary.

(2) Partition documents and construct the multi-level histo-
gram structure.

(3) Calculate term histograms and normalize histogram vectors
using Eq. (2).

(4) Project histograms into lower dimensional PCA features
using Eq. (3) and save the projection base.

(5) Generate the signatures of documents and paragraphs
according to Eq. (4).

(6) Input a query document, repeat steps 2, 3 and 5.
(7) Match the query to the documents in the corpus by compar-

ing the global similarity according to Eq. (11).
(8) Sort the candidate documents in ascending order and add

the first predefined N1
Ret documents into the first-step retrie-

val list. Here, the value of N1
Ret can be much smaller than the

total number of documents in corpus and its determination
depends on datasets.

(9) Compute the local similarities between the query and the
retrieved documents at the first step according to Eq. (12),
and sort the documents in ascending order using the hybrid
similarity calculated by Eq. (14). Add associated documents
into the second-step retrieval list until at least user-defined
Nret documents are appended. Here, the user-defined Nret

must be larger than N1
Ret .

(10) Return the first Nret documents to users.

5. Experiments

5.1. Datasets and experimental setup

We conducted large-scale experiments to show the perfor-
mance of our proposed MLM DR approach. Intuitively, our pro-
posed MLM method is more effective on large size of documents
because the spatial distributions of terms will become conspicuous
in a lengthy document. In order to provide a more real-life exper-
iment, we collected a dataset (Chow & Rahman, 2009; Chow et al.,
2009; Zhang et al., 2009), ‘CityU_01’, with 26 categories consisting
of documents with the size ranging from few hundred words to
over 100 thousand words. Each category includes 400 documents
making a total number of 10,400 documents. For each category,
400 documents were retrieved from ‘‘Google’’ using a set of key-
words. Some of the keywords are shared among different catego-
ries, but the set of keywords for a category is different from that
of other categories. The database can be found online at ‘http://
www.ee.cityu.edu.hk/~twschow/Html_CityU1.rar’ for other
researchers.

We randomly selected 90% of each data corpora as a candidate
set and 10% as a test set that is used for query. Thus, the query in
this study is the whole document, which is randomly selected from
the dataset. The relevant documents are the ones that belong to the
corresponding category. The distribution details of two-level docu-
ment data of the above dataset were summarized in Table 1. The
parameters in our experiment are empirically set as follows. The
number of selected terms (or the size of vocabulary) Ns was equal
to 3000. We set the dimension of the projected feature NF to 100.
We set the paragraph threshold value sp to 50. We also included
the effect study on these parameters in Section 5.3. We set the

http://www.ee.cityu.edu.hk/~twschow/Html_CityU1.rar
http://www.ee.cityu.edu.hk/~twschow/Html_CityU1.rar
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maximum number of iterations and the threshold value to deter-
mine the accuracy of the solution for calculating the EMD to 100
and 1 � 10�6, respectively. It was also noticed that a mild deviation
from these settings would not have noticeable effect on the overall
performance. We set the weight C, which is used to balance the
importance of the global and local similarities, to 0.35. The study
on the influence of different weights was also included. All the
experiments were performed on a PC with Intel Core-2 2.13 GHz
and 2 GB memory. The feature extraction programs were written
in Java programming language. The DR programs were tested in Vi-
sual Studio C++ 6.0.

5.2. Comparative study

In this section we compare our proposed MLM method to VSM
and LSI based on the one-step and two-step DR. The details of VSM
and LSI can be found in Salton and McGill (1983) and Deerwester
and Dumais (1990). The VSM with the tf and tf.idf features (i.e.
VSM-tf and VSM-tf.idf) are investigated without any data reduc-
tion techniques. LSI with only the tf features (i.e. LSI-tf) performed
on 100 dimensional latent semantic representations. It is noted
that LSI with the tf.idf features is the same mechanism with
MLM-global if we use the same term weighting scheme. We also
evaluated the performance of MLM methods only base on the glo-
bal similarity and local similarity (i.e. MLM-global and MLM-local)
to investigate their contributions on the improvement of the retrie-
val accuracy. To quantify the retrieval results, we used averaged
precision and recall values for each query document. The precision
and recall measures (Chow & Rahman, 2009; Gehler et al., 2006;
Welling et al., 2004; Zhang et al., 2009) are defined as follows

Precision ¼ No: of correctly retrieved documents
No: of retrieved documents

; ð15Þ

Recall ¼ No: of correctly retrieved documents
No: of documents in relevant category

: ð16Þ

Thus, the following measure called ‘‘area under the precision-recall
curve’’ (AUC) Gehler et al., 2006; Zhang et al., 2009 is used to eval-
uate the influence of the weight C.
Table 1
Distribution of words and paragraphs in ‘CityU_01’ dataset.

Name Class Number of
documents

Maximal number of words in each
document

Average
docume

CityU_01 26 10400 363068 1849
AUCðCÞ ¼
Xnmax

iA¼2

ðPCðiAÞ þ PCðiA � 1ÞÞ � ðRCðiAÞ � RCðiA � 1ÞÞ
2

; ð17Þ
where nmax denotes the maximum number of retrieved documents,
PC(iA), and RC(iA) denotes the precision and recall values with iA doc-
uments retrieved.

The retrieval results of different methods such as one-step re-
trieval, and directly matching without any pre-filtering procedures
are summarized in Fig. 4 together with the corresponding numer-
ically comparative results listed in Table 2. We also summarize the
results of two-step retrieval following the one-step scheme in
Fig. 5 and Tables 3. For two-step retrieval, we firstly retrieve 800
documents that relate to the query. Several interesting observa-
tions can be found in these results.

Fig. 4 shows the precision results with the number of retrieved
documents varying from 1 to 360. It is observed that the MLM
methods deliver better performance than VSM and LSI. Compared
with other methods, VSM method produces the worst results irre-
spective of the features used. The MLM-local performs better than
MLM-global when the number of retrieved documents varying
from 1 to 200. The performance of the MLM-local deteriorates in
an insignificant rate when the number of retrieved documents in-
creases. The MLM-hybrid consistently delivers better results than
the MLM-global. Compared with the MLM-local, the performance
of MLM-hybrid is slightly inferior when the number of retrieved
documents varied from 10 to 40. The MLM-hybrid performs better
when the number of retrieved documents is increased from 40. In
Table 2, it shows that the MLM-hybrid achieves over 8% improve-
ment compared with VSM, when 10 and 360 documents are re-
trieved. The MLM-hybrid also delivers around 3% improvement
compared with MLM (only using global information), when 10
and 40 documents are retrieved. Similar results are also observed
based on the recall measurement. For the case of two-step retrie-
val, the results of the MLM methods shown in Fig. 5 are similar
to the results shown in Fig. 4. But the MLM-global performs the
best when only one document is retrieved, which is different from
the corresponding results of the one-step retrieval. Furthermore,
the MLM-local delivers better results than MLM-hybrid when the
number of retrieved documents varies from 3 to 100. The perfor-
number of words in each
nt

Number of maximal
paragraphs

Average number of
paragraphs

2368 20.34



Table 2
Comparative results based on one-step retrieval.

Method No. of retrieved documents

10 40 360 10 40 360

Precision (%) Recall (%)

MLM-hybrid 0.8728 0.8492 0.7370 0.0242 0.0944 0.7370
MLM-local 0.8755 0.8534 0.7148 0.0243 0.0948 0.7148
MLM-global 0.8472 0.8174 0.7209 0.0235 0.0908 0.7209
LSI-tf 0.8372 0.8140 0.6915 0.0233 0.0904 0.6915
VSM-tf.idf 0.7715 0.7770 0.6683 0.0214 0.0863 0.6683
VSM-tf 0.7927 0.7806 0.6324 0.0220 0.0867 0.6324
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Fig. 5. Performance of MLM methods for two-step retrieval.

Table 3
Results based on two-step retrieval.

Method No. of retrieved documents

10 40 360

Precision (%)

MLM-hybrid 0.8605 0.8406 0.7360
MLM-local 0.8677 0.8514 0.7210
MLM-global 0.8472 0.8174 0.7209
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Fig. 6. AUC value of different weights.
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Fig. 4. Performance of MLM methods for one-step retrieval.
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mance of the MLM-local deteriorates in a significant rate when the
number of retrieved documents increases. In Table 3, it shows that
the MLM-hybrid achieves around 1.3% improvement over MLM-
global method. In addition, it must be noted that the two-step re-
trieval system is a more computational efficient method. In Section
5.4, the study on the computational time of the two-step retrieval
system will be described.

In summary, the MLM-hybrid method achieves much improve-
ment of retrieval accuracy compared with other methods. We be-
lieve that the performance of the MLM is highly related to the
document size; the lengthy the document is, the more conspicuous
the term spatial distribution is. Therefore, large document size fa-
vors the MLM, while the MLM-global and other existing methods
perform well enough for short documents datasets. In addition,
the superior performance delivered by the MLM-hybrid is attrib-
uted to the co-existence of the global local information, and the
integration of the multi-level features that include more semantics
from documents. Compared with the one-step DR system, the two-
step retrieval is not only capable of delivering similar retrieval re-
sults that are more accurate than VSM and LSI, it also enables the
system to provide a rapid query response to users. We will empir-
ically study the time performance in the next section. Our compar-
ative study and analysis indicate that our proposed method is
suitable for real world large document applications.

At last in this section, we study the effect of different weights on
the retrieval performance. Fig. 6 shows the AUC values produced
by the MLM-hybrid in terms of precision-recall curves against
the weight value varying from 0 to 1 at an increment of 0.05. It
is observed that there is an optimal weight value to balance the
importance of the global and local information for each dataset.
It, thus, demonstrates the contribution of the global and local
semantics. In our study, setting the weights to 0.35 for ‘CityU_01’
appears to be the best choice for the MLM-hybrid method.

5.3. Parameter study

This section studies the effect of the parameters on the results.
Our studies include the vocabulary size Ns, the dimension of pro-
jected features NF, and the paragraph threshold sp.

In this study, we use the VSM weighting scheme (see Eq. (1)) to
rank the importance of each term, and select the first Ns terms as
the vocabulary. The effect of different vocabulary sizes on the
AUC performance is investigated. With the setting of NF = 100, we
obtain the results as shown in Fig. 7, where the vocabulary size
Ns varies from 3,000 to 10,000. The results suggest that different
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values of Ns do not have noticeable effect on the retrieval perfor-
mance. This attributes to the weighting scheme that ranks the
important words higher in the vocabulary list. We have also stud-
ied the effect of different dimensions of PCA features. AUC measure
is used to evaluate the performance of DR with different values of
NF. With the setting of Ns = 3000, Fig. 8 shows the results of the
AUC against the dimension of PCA features that varies from 60 to
120 at an increment of 20. It is observed that the AUC values of
all the three MLM approaches decrease slightly with the increase
of the dimension. Thus, it indicates that the higher dimension of
PCA features does not perform well for DR. The optimal choice de-
pends on the dataset.

The paragraph threshold sp is used to control the number of
paragraphs to facilitate the document segmentation. In Fig. 9, it
empirically studies the effects of different values of threshold sp

on the retrieval results. It is observed that, with the increase of
sp, the AUC value achieved by the MLM-local increases moderately,
whilst the AUC value achieved by the MLM-hybrid tends to stabi-
lize at the case of sp = 60. In general, the impact of the threshold sp

on the results is insignificant. We believe that this is attributed to
the use of HTML tags for document segmentation.
5.4. Computational time

In this section we study the computational time required by
our proposed method. A theoretical analysis of the computa-
tional complexity of computing the EMD is difficult, because
the EMD employs the simplex algorithm that may have an expo-
nential worst case (Klee & Minty, 1972; Rubner et al., 2000).
First, we summarize the query time of different methods in Ta-
ble 4. It is observed that the two-step retrieval can be up to 12
times faster than the one-step method. We believe that the two-
step retrieval will save much computational time with increasing
the size of documents and datasets, and its query time will also
be comparable to other tf-based methods. In Fig. 10, we also plot
the query time against the number of retrieved documents at
the first step retrieval based on the CityU_01 dataset. It is ob-
served that the computational cost increases in a significant rate
when the number of retrieved documents at the first step in-
creases from 1000 unto 10,000. Also, as the document collection
grows, the initial retrieval of 1000 (or more) documents will be
significantly slowed down. Thus only using the one-step MLM
may become impractical for relatively large datasets. We develop
the two-step retrieval system by firstly retrieving a few thou-
sands of the most relevant documents to the query (only using
the global information). We then perform further matching, i.e.
using multi-level matching. The multi-level matching approach
enables the retrieval performance to be significantly improved
at a minor additional computational cost (see Table 4). For the
dataset of ‘CityU_01’, if we retrieve 800 documents at the first
step, compared with only using the global information (i.e.
MLM-global or LSI), the additional cost of the MLM-hybrid for
one query will be 1.44 s. It is worth noting that the additional
cost only relates to the number of documents retrieved at the
first step; it is independent of the size of the whole document
collection.
5.5. Summary

The proposed retrieval system consists of many steps: term
extraction, dimension reduction, multi-level matching (MLM),
one-step retrieval, and two-step retrieval. Summarize them here
can flow light on the impact of each step. Five points are to be elab-
orated here.



Table 4
Query time of different methods.

Method Two-step retrieval One-step retrieval LSI VSM

MLM-hybrid MLM-local MLM-global MLM-hybrid MLM-local MLM-global

Query time (/s) 1.52 1.51 0.08 18.63 13.5 0.08 0.08 0.62
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Fig. 10. Query time against number of retrieved documents based on CityU_01
dataset.
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� We used the tf.idf weighting scheme to select thousands of
important terms (see Eq. (1)) for constructing the vocabulary.
In Section 5.3, it is observed that adding more terms into the
vocabulary has no noticeable effect on the retrieval perfor-
mance. Adding more terms simply include more insignificant
words that only generate noises into the system. Also, selecting
all the words will significantly increase the computational load
and storage space.
� Dimension reduction technique such as PCA is used to project

the original term vectors (low level features) to latent seman-
tics. This approach has been widely studied on small document
size (Berry et al., 1995; Blei et al., 2003; Deerwester & Dumais,
1990; Gehler et al., 2006; Hofmann, 1999; Welling et al., 2004).
It delivers marked improvement on the retrieval performance
compared with only using the VSM with the low level features
(see Section 5.2). Comparative study on large document size
suggests that our proposed method further improves the results
by incorporating the local information into the global similarity
between documents.
� MLM is developed to facilitate our proposed multi-level docu-

ment representation. The EMD, which is used to facilitate the
many-to-many matching, enables us to incorporate the local
semantics into the document matching.
� The query response of the one-step retrieval is speedy enough

for small document collections because computing the EMD
starts from the good initial solutions. When one is handling
large datasets, the query response is relatively slow (see Section
5.4), because using the EMD directly to measure the dissimilar-
ity between documents is still time consuming.
� Through developing a two-step retrieval system, we are able to

shrink the searching domain of the EMD at minimal additional
cost. But that the overall retrieval rate is significantly increased
as a result. We used the global similarity to retrieval the rele-
vant documents to the query in a large corpus and filter out
the documents that are too far from the query.
6. Conclusion

A new document representation using multi-level-structured
signatures is proposed. Each document is segmented into para-
graphs to construct the multi-level signatures that contain term
spatial distribution information from global to local and the
length measurement of paragraphs represented as a feature
weight. This representation can provide more semantic informa-
tion, and it can serve as a general feature extraction framework
for various document mining tasks. To solve the problem, we
transform the multi-level matching into a classic transportation
problem (or a linear programming problem) and use the EMD
to measure the dissimilarity between signatures. This approach
enables us to solve the whole problem efficiently. We also
propose a hybrid similarity measurement for synthesizing mul-
ti-level information. An analysis on the relationship between
the global and local similarity is also concerned. Experimental
results demonstrate the full potentiality of our proposed method
that is, of course, capable of handling documents of any length.
Our proposed system performs well particularly for large data-
sets with lengthy documents, which we believe is essential for
real world application. We believe that our proposed retrieval
system can be served as a practical tool for on-line applications.
In the future work, we plan to develop new document
partitioning algorithms, particularly for HTML files, to accurately
include more semantic information for various data mining
applications.
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Appendix A. Appendix proposition proof

Proposition 1. Given two documents as described above, if P = Q,
then SGlobal 6 SLocal.
Proof. If P = Q, i.e. wp = wq, p = q, then h

SGlobal ¼ 1� p � q
kpk � kqk ¼ 0;

On the other hand, obviously, SLocal P 0. Therefore, we have
SGlobal 6 SLocal.

Proposition 2. If kpk�kqkfij

kpik�kqjk
Pm

i¼1

Pn

j¼1
fij
6 1, then SGlobal 6 SLocal, and vice

versa.
Proof. Firstly, we have the difference between SGlobal and SLocal in
the following expression: h
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SGlobal � SLocal ¼ 1� p � q
kpk � kqk

� �
�
Pm

i¼1

Pn
j¼1ðfij � ð1�

pi �qj

kpik�kqjk
ÞÞPm

i¼1

Pn
j¼1fij

¼ 1� p � q
kpk � kqk

� �
� 1�

Pm
i¼1

Pn
j¼1ðfij � ð

pi �qj

kpik�kqjk
ÞÞPm

i¼1

Pn
j¼1fij

 !

¼
Pm

i¼1

Pn
j¼1ðfij � ð

pi �qj

kpik�kqjk
ÞÞPm

i¼1

Pn
j¼1fij

� p � q
kpk � kqk

¼
kpk � kqk

Pm
i¼1

Pn
j¼1ðfij � ð

pi �qj

kpik�kqjk
ÞÞ � p � q

Pm
i¼1

Pn
j¼1fij

kpk � kqk
Pm

i¼1

Pn
j¼1fij

:

If the statement SGlobal 6 SLocal is true, it suffices to prove

kpk � kqkPm
i¼1

Pn
j¼1fij

Xm

i¼1

Xn

j¼1

fij �
pi � qj

kpik � kqjk

 ! !
� p � q 6 0:

The above inequality is equivalent to

Xm

i¼1

Xn

j¼1

kpk � kqkfij

kpik � kqjk
Pm

i¼1

Pn
j¼1fij

� ðpi � qjÞ
 !

6 p � q:

Based on the above assumptions and because of the special signa-
ture structure of documents and paragraphs, the following state-
ment is true:

Xm

i¼1

Xn

j¼1

ðpi � qjÞ ¼ p � q:

Therefore, if kpk�kqkfij
kpik�kqjk

Pm

i¼1

Pn

j¼1
fij
6 1, then SGlobal 6 SLocal, and vice versa.
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