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Abstract

An unsupervised probabilistic learning framework for nor-
malizing product records across different retailer Web sites
is presented. Our framework decomposes the problem into
two tasks to achieve the goal. The first task aims at extracting
attribute values of products from different sites and normal-
izing them into appropriate reference attributes. This task is
challenging because the set of reference attributes is unknown
in advance. Besides, the layout formats are different in differ-
ent Web sites. The second task is to conduct product record
normalization aiming at identifying product records referring
to the same reference product based on the results of the first
task. We develop a graphical model for the generation of text
fragments in Web pages to accomplish the two tasks. One
characteristic of our model is that the product attributes to be
extracted are not required to be specified in advance and an
unlimited number of previously unseen product attributes can
be handled. We compare our framework with existing meth-
ods. Extensive experiments using over 300 Web pages from
over 150 real-world Web sites from three different domains
have been conducted demonstrating the effectiveness of our
framework.

Introduction
The readily accessible Internet provides a convenient and
cost-saving environment for both retailers and consumers.
Many retailers have set up Web sites containing catalogs of
products. Consumers can shop around over the Internet by
browsing retailer Web sites. Recently, several specialized
search engines have been developed for users to search and
compare products from different retailer Web sites1. Such
systems can help users match the same product from differ-
ent retailer sites and find the best deal. One limitation of
such systems is that retailers are required to manually input
the value for each attribute of products to the database of
the search engine via an interface. This may lead to out-of-
date information of products resulting in degradation of user
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1Examples are Google Product Search (http://www.google.com/products/) and

Shopping.com (http://www.shopping.com).

Figure 1: A sample of a portion of a Web page showing a digital camera collected

from a retailer Web site. (Web site URL: http://www.superwarehouse.com)

satisfaction. Moreover, the attributes of products in these
systems are just simple and general fields pre-defined by
the search engines, for example, brand name, model num-
ber, brief description, and price. However, there may exist
some domain specific attributes such as the attribute “reso-
lution” in the digital camera domain. These domain specific
attributes are important because they can help users retrieve,
analyze, and compare the products.

Another problem is that it is not easy to determine
whether product records from different Web sites refer to
the same product. For instance, some Web sites may use
different model numbers, or no model number for the same
digital camera. Examples of such situations can also be ob-
served in the data set used in our experiments. Figures 1
and 2 depict two Web pages collected from two different re-
tailer Web sites. Both pages consist of the same product,
but with different product names. To resolve the products,
human effort and expert knowledge are required.

Product record normalization is defined as the clustering
of the same/similar product records into the same group.
Bilenko et al. proposed a product normalization approach
which aims at computing the similarity between products
stored in a structured database (Bilenko, Basu, and Sahami
2005). Their method considers the linear combination of
different basic similarity functions related to each field of
records. One limitation of this approach is that it requires
structured records with a fixed set of attributes. As a result,
attribute values of each product need to be extracted man-
ually in advance. Alternatively, attribute values may be ex-
tracted from Web sites automatically by making use of wrap-
pers (Rurmo, Ageno, and Catala 2006; Chang et al. 2006;
Zhao, Meng, and Yu 2007; Sarawagi and Cohen 2004;
Viola and Narasimhan 2005; Wong and Lam 2007). How-
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Figure 2: A sample of a portion of a Web page showing the same digital camera

to the one depicted in Figure 1, but collected from a different retailer Web site. (Web

site URL: http://www.crayeon3.com)

ever, a learned wrapper for a Web site cannot be applied to
other site for information extraction because the layout for-
mats are different. Consequently, each Web site needs to
learn its own wrapper and training examples are required
for every site. As a result, this approach will be infea-
sible for handling numerous retailer Web sites. Another
limitation of the approach proposed by Bilenko et al. is
that human effort is needed to prepare training examples
of product normalization for learning the weights in the
linear combination. Product normalization shares certain
resemblance with the research area of duplicate detection
or record linkage in database (Bilenko and Mooney 2003;
Sarawagi and Bhamidipaty 2002; Ravikumar and Cohen
2004; Culotta et al. 2007). However, these approaches aim
at matching records which have a fixed set of attributes in
database. Therefore, they are not applicable to our problem
in which attributes of products can be previously unseen and
the number of attributes is unknown.

In this paper, we aim at developing an unsupervised
framework which can automatically conduct product record
normalization across different retailer Web sites. To achieve
this, our framework can also extract and normalize the do-
main specific attribute values of products. This can help
users analyze the products. It is particularly useful when
there is no identifier for products. We develop a probabilis-
tic graphical model which can model the generation of text
fragments in Web pages. Based on this model, our frame-
work decomposes product record normalization into two
tasks. The first task is the product attribute values extrac-
tion and normalization task. This task aims at automatically
extracting text fragments related to some domain specific at-
tributes from Web pages and clustering them into appropri-
ate reference attributes. One characteristic of our approach
is that it can handle Web pages with different layout formats.
Another characteristic is that it can handle previously unseen
attributes and an unlimited number of attributes. The second
task is the product record normalization task. We tackle this
task by considering the similarity between products based
on the results from the first task. Product record normaliza-
tion is then accomplished by another level of unsupervised
learning. We have conducted extensive experiments using

over 150 real-world retailer Web sites from three different
domains. We have compared our framework with existing
methods and the results demonstrate the effectiveness of our
approach.

Problem Definition
Consider a collection of reference products P in a domain
D. Each product pi ∈ P is characterized by the values of
a set of reference attributes A. For example, in the digi-
tal camera domain, reference attribute may include “resolu-
tion”, “sensor type”, etc. The product shown in Figure 1 has
a value of “10 Megapixel” for the reference attribute “reso-
lution”. We let v

p
i be the value of the attribute ai ∈ A for

the reference product p. Notice that A is domain specific
and the number of elements in A is unknown. Suppose we
have a collection of product records R which refers to the
set of realization of some products p ∈ P . For example,
Figures 1 and 2 show two different product records. We let
ri be the i-th product record in R and ri.U = p if ri is a
realization of the reference product p. Notice that each ref-
erence product p may have several product records, while
a product record r can only be a realization of a particu-
lar reference product. For example, the product records in
Figures 1 and 2 refer to the same reference product. For
each product record r, we let v

p
i (r) be the realization of the

value of the reference attribute ai of the product p for the
product record r. For example, the attribute values of the
reference attribute “light sensitivity” are “Auto, High ISO,
ISO 80/100/200/400/8000/1600, equivalent” and “Auto ISO
80/100/200/400/800/1600” in Figures 1 and 2 respectively.

We consider a collection of Web pages C which are col-
lected from a collection of Web sites S. Each Web page
c ∈ C contains a product record r. The Web page c can be
considered as a set of text fragments X . For example, “Fea-
tures” and “10 Megapixel” are samples of text fragments in
the Web page shown in Figure 1. Each text fragment x ∈ X
may refer to an attribute value v

p
i (r). We let x.T = 1 if x

refers to an attribute value of a product record, and 0 oth-
erwise. Moreover, we have x.A = ai if x refers to the
reference attribute ai ∈ A. We also define x.C and x.L
as the content and the layout format of the text fragment x
respectively. For example, the content of the text fragment
“10 Megapixel” in Figure 1 can be the terms contained. The
layout format of the same text fragment can be the color,
font size, etc. Notice that x.T and x.A are unobservable,
whereas x.C and x.L are observable. As a result, we can
define product record normalization as follows:
Product record normalization: Given two product records
rci

and rcj
contained in Web page ci and cj , product nor-

malization aims at predicting whether rci
.U = rcj

.U .
To support this, the attribute values of reference attributes for
a product record are required to be determined in advance.
Therefore, we define attribute extraction and normalization
as follows:
Attribute extraction: Given a collection of Web pages C.
Each page c ∈ C contains a record r ∈ R. The goal of
attribute extraction is to discover all text fragments x ∈ X
such that x.T = 1, given x.C and x.L.
Attribute normalization: Given a collection of text frag-
ments such that x.T = 1 for all text fragments in the collec-
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Figure 3: The graphical model for the generation of text fragments in Web pages.

Shaded nodes and unshaded nodes represent the observable and unobservable vari-

ables respectively. The edges represent the dependence between variables and the

plates represent the repetition of variables.

tion, the goal of attribute normalization is to cluster the text
fragments xi and xj into the same group if xi.A = xj .A,
given x.C and x.L.
Formally, we consider the probabilities P (x.T |x.C, x.L)
and P (x.A|x.C, x.L) in attribute extraction and attribute
normalization respectively. However, tackling these two
problems separately may lead to conflict solution because
actually P (x.T |x.C, x.L) and P (x.A|x.C, x.L) are depen-
dent. Hence, in our framework, we consider the joint prob-
ability P (x.T, x.A|x.C, x.L) in a single framework facili-
tating cooperative interaction among both tasks. The output
of attribute extraction and attribute normalization can sup-
port the task of product normalization. In our framework,
we design another unsupervised learning method which can
effectively solve product normalization based on the results
from the attribute extraction and normalization task.

Our Model
We develop a graphical model, which can model the genera-
tion of text fragments in a Web page, for solving the product
record normalization task. To achieve this, our model also
considers the attribute extraction and normalization task. We
employ Dirichlet process prior in our model leading to the
characteristic that it can handle unlimited number of refer-
ence attributes. In essence, our model can be considered as
a Dirichlet mixture model. Each mixture component refers
to a reference attribute. Figure 3 shows the graphical model.
We adopt the stick breaking construction representation of
Dirichlet process in our presentation (Blei and Jordan 2006;
Teh et al. 2006). The block in dashed line refers to the
stick breaking construction of Dirichlet process and inter-
ested readers can refer to (Blei and Jordan 2006; Teh et al.
2006).

Suppose we have a collection of Web pages collected de-
noted as C. Each page c ∈ C contains a product record
r ∈ R. There is an unobservable variable rc.U for each
page c, depending on the variable P , which refers to the ref-
erence product in the domain. Therefore rc1 .U = rc2 .U if
the product records collected from pages c1 and c2 corre-
spond to the same product. Suppose we have a collection of
N different text fragments collected from C different Web
pages. Let xn(c) represent the n-th text fragment collected
from page c. Each text fragment consists of variables xn.T ,
xn.C, and xn.L as described in the previous section. There

is another variable xn.Z which is to replace xn.A. Essen-
tially xn.Z = i if xn.A = ai where ai ∈ A showing the
index of the reference attribute to which xn corresponds.
Each mixture component in our framework consists of its
own distribution about the content and layout format of the
text fragments referring to the attribute. θC

k is the parame-
ter of the content distribution. GC

0 is the base distribution
for generating θC

k in the Dirichlet process. Together with
rc.U and xn.Z, θC

k generates the content of a text fragment.
For example, we model the content of text fragments by a
mixture model of terms, θC

k is then the set of multinomial
distribution parameters and GC

0 is a Dirichlet distribution
using conjugacy. θL

k is the parameter for the distribution of
xn.T . θL

k is generated by another base distribute GL
0 . Since

xn.T is binary, we treat θL
k and GL

0 to be binomial and beta
distributions respectively. Together with xn.T , θL

c , which
refers to layout distribution parameter, will generate the lay-
out format xn.L. For example, a particular layout format
can be considered as a Bernoulli trial depending on the pa-
rameter θL

c and xn.T . The joint probability for generating
a particular text fragment xn collected from page c given
the parameters α, GC

0 , GT
0 , p, θL

s can then be expressed as
follows:

P (xn.C, xn.L, xn.T, xn.Z, rc.U, π1, . . . , θC
1 , . . . , θT

1 , . . . |α, GC
0 , GT

0 , P, θL
c )

=
∞
Q

i=1

{P (xn.L|xn.T, θT
c(xn))P (xn.Z = i|π1, π2, . . .)

P (θC
i |GC

0 )P (θT
i |GT

0 )}
h

P (xn.C|xn.Z, θC
i )P (xn.T |xn.Z, θT

i )
iχ{xn.Z=i}

P (rc.U |P )
∞
Q

i=1

P (πi|α, π1, . . . , πi−1)

(1)
where χ{xn.Z=i} = 1 if xn.Z = i and 0 otherwise.

Product record normalization aims at computing
P (rc.U |xn.C, xn.L; ϕ). However, the computation is
intractable since it involves the marginalization of unob-
servable variables. We tackle this problem by decomposing
the problem into two tasks. The first task is the attribute
extraction and normalization task. In this task, we consider
that xn.C only depends on xn.Z as well as θC

k and compute
P (xn.T, xn.Z, |xn.C, xn.L; ϕ). The second task makes use
of the results from the first task. We derive an unsupervised
method to predict whether rc1 .U = rc2 .U based on the
extracted and normalized attributes from pages c1 and c2.

Attribute Extraction and Normalization
In attribute extraction and normalization, we consider that
xn.C only depends on xn.Z and θC

k . We employ the trun-
cated stick breaking process (Ishwaran and James 2001) and
variational method to tackle this problem. Denote O and U
for the observable and unobservable variables. The idea of
variational method is to design a distribution Q(U|ν) where
ν is called the set of variational parameters to approximate
P (U|O, ϕ). It can be shown that it is equivalent to maximiz-
ing EQ[log P (O,U|ϕ)] − EQ[log Q(U|ν)] where EQ[Y ] is
the expected value of Y over probability distribution Q. In
particular, we define Q as follows:

Q(x.T , x.Z, θC , θT , π)

=
K−1

Q

k=1

Qπ(πk|τk,0, τk,1)
K
Q

k=1

Q
θT (θT

k |δk,0, δk,1)

K
Q

k=1

Q
θC (θC

k |ζ)
N
Q

n=1
QT (xn.T |ωn)

N
Q

n=1
QZ(xn.Z|φn)

(2)
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where K is the truncation level; Qπ(·|τk,0, τk,1) is
the Beta distribution with parameters τk,0 and τk,1;
QθT (θT

k |δk,0, δk,1) is the Beta distribution with parameters
δk,0 and δk,1; QθC (θC

k |ζ) is the Dirichlet distribution with
parameter set ζ; QT (xn.T |ωn) is the binomial distribution
with parameter ωn; and QZ(xn.Z|φn,1, . . . , φn,K) is the
multinomial distribution with parameter set φn,1, . . . , φn,K .
In the truncated stick breaking process, QZ(xn.Z|φn) = 0
for xn.Z > K. Under this setting, EQ[log P (O,U|ϕ)] −
EQ[log Q(U|ν)] can be expressed in closed form. Optimal
value of each of the variation parameters can be determined
by finding the first derivative and setting it to zero. The op-
timal values of the variational parameters are listed as fol-
lows:

τk,0 = (1 − α) +
PN

n=1 φn,k

τk,1 = α +
PN

n=1

PK
j=k+1 φn,j

(3)

δk,0 = µT
0 +

PN
n=1 ωnφn,k

δk,1 = µT
1 +

PN
n=1 (1 − ωn)φn,k

(4)

ζk,j = µC
j +

PN
n=1 wn,jφn,k (5)

φn,k ∝ exp{
PK−1

j=1 [Ψ(τj,1) − Ψ(τj,0 + τj,1)]

+Ψ(τk,0) − Ψ(τk,0 + τk,1)

+
P|V |

j=1 wn,j [Ψ(ζk,j ) − Ψ(
P|V |

h=1 ζk,h)]

+ωn(Ψ(δk,0) − Ψ(δk,0 + δk,1))

+(1 − ωn)(Ψ(δk,1) − Ψ(δk,0 + δk,1))}

(6)

where wn,j = 1 if text fragment xn contains j-th token in
the vocabulary V , and 0 otherwise; Ψ(γ), which is called
digamma function, is the first derivative of the log Gamma
function.

ωn = 1

1+e
−h(φn,k,δk,0,δk,1,θL

s ) (7)

where

h(φn,k, δk,0, δk,1, θL
s )

=
K
P

k=1

φn,k(Ψ(δk,0) − Ψ(δk,1)) +
PL

l=1 un,l(log θL
s,l − log(1 − θL

s,l))

and un,f = 1 if xn contains the f -th layout format in Fc in
page c = c(xn), and 0 otherwise. Given the model parame-
ters, one can then apply the steepest ascent algorithm to find
the values of the variational parameters. In particular, φn,k

shows how likely xn corresponds to ak ∈ A and ωn shows
how likely xn corresponds to an attribute value of a product
record. Similarly, we can find the optimal value of θLc(xn) as
follows:

θL
c,f = 1

NK

PN
n=1

PK
k=1 ωnun,f (8)

Based on this idea, we have developed an unsupervised
learning algorithm depicted in Figure 4 based on expectation
maximization technique. This algorithm can leverage the
content of text fragments, as well as the format layout of
text fragments to conduct extraction and normalization. Our
algorithm only requires a list of a few attribute related terms
in the domain. As a result, compared with many existing
methods, our proposed model significantly reduces human
effort. Readers can refer to (Wong, Lam, and Wong 2008)
for more detailed description of our algorithm.

Product Record Normalization
Product normalization aims at determining how likely that
rc1 .U = rc2 .U based on the extracted and normalized at-
tributes from pages c1 and c2. For example, “Auto, High ISO
Auto, ISO 80/100/200/400/800/1600 equivalent” and “Auto

————————————————————————
# Attribute extraction and normalization algorithm
INPUT: K: Truncation level of truncated stick breaking process

X : The set of text fragments from different Web pages
κ: A list of terms related to product attributes

OUTPUT: φn,k and ωn for all xn ∈ X

INIT:
0 set all model parameters as uninformative prior
1 set all ζk,j to zero for all 1 ≤ k ≤ K, 1 ≤ j ≤ |V |

2 set all δk,0 to 4 and δk,1 to 6 for all 1 ≤ k ≤ K

3 for i = 1, . . . , |κ|

4 set ζi,j to a value ≥ 1 if κi = vj

5 set δi,0 > δi,1

6 end for
7 foreach xn ∈ X

8 Compute φn,k according to Equation 6
9 Compute ωn according to Equation 7
10 end foreach
11 until convergence
E-Step
12 Invoke steepest ascent algorithm according to Equations 3-7
M-Step
13 Compute all θL

c,f according to Equation 8
————————————————————————
Figure 4: An outline of our unsupervised inference algorithm.

ISO 80/100/200/400/800/1600”are extracted from Figures 1
and 2 respectively and normalized to the same reference at-
tribute. In our approach, we first calculate the similarity for
each reference attribute between product records. The sim-
ilarity between product records is then computed based on
the individual reference attribute similarities.

For a particular attribute ai ∈ A discovered, the attribute
value vi(r) of a product record r basically contains a set of
tokens. As a result, we can measure the similarity of at-
tribute ai between two different product records based on
the token content. For each attribute ai, we first compute
the term frequency-inverse document frequency (TF-IDF)
weight for each distinct token in the attribute values vi(r).
In our model, TF is defined as the number of occurrence of
the token divided by the total number of tokens in the at-
tribute value for ai. IDF is defined as the logarithm of the
total number of product records divided by the number of
records containing the token in vi(r). Next, we employ the
cosine similarity, denoted as Simai

(rc1 , rc2), to represent
the similarity in attribute ai between the two products col-
lected from pages c1 and c2

After computing the similarities for individual attributes,
the overall similarity between products can be computed.
We observe that common attributes such as “resolution”,
“sensor” in the digital camera domain are good indicators
for product record normalization because they are likely to
be mentioned in different Web sites and can be used for mea-
suring the similarities. However, some rare attributes which
are seldom mentioned may not be useful in this task. There-
fore, we define the weight wai

of attribute ai as follows:
wai

= Nai
(r)/N(r) (9)

where N(r) and Nai
(r) denote the total number of records

and the number of records containing attribute ai respec-
tively. The overall similarity between product records can
be defined as the linear combination of the similarities in
attributes between products as follows:

Sim(rc1 , rc2 ) =
X

a′∈A

wa′Sima′ (rc1 , rc2 ) (10)

1252



Attr. Attribute Values

Supported Battery Details 1 x Li - ion rechargeable battery (included)

Supported Battery: Sony NP-FH40

A#1 Battery Charger AC - L200

InfoLITHIUM Battery with AccuPower Meter System (NP-FH60)

rechargeable lithium - ion battery

16:9 Wide Screen Mode

LCD Monitor: 2.7 - inch

A#2 2.7” LCD Monitor

0.35”, 114,000 pixels, wide-screen

LCD Size 2.7 inches

Display Screen 2 ” Active Matrix TFT Color LCD 200 Kilopixels

Table 1: Samples of attribute values extracted and normalized from different Web

sites in the camcorder domain.

Based on the similarities between products, product record
normalization is then accomplished by invoking the hierar-
chical agglomerative clustering method similar to the one
described in (Bilenko, Basu, and Sahami 2005), in which
similar product records will be identified and form a cluster.
In the algorithm, the canopy method is applied to reduce the
complexity (McCallum, Nigam, and Ungar 2000).

Experimental Results
We have conducted several sets of experiments using over
150 real-world retailer Web sites in three different domains,
namely, camcorder, MP3 player, and digital camera, to eval-
uate the performance of our framework in conducting prod-
uct normalization. In particular, there are 96 Web pages
from 62 sites, 111 Web pages from 61 sites, and 85 Web
pages from 41 sites, in the camcorder, MP3 player, and digi-
tal camera domains respectively. Each page contains a prod-
uct record referring to a reference product. Notice that the
layout formats of Web pages are greatly different and it is
infeasible to use information extraction wrappers to extract
product attribute values. To prepare the gold standard for
evaluation purpose, each product record is labeled by hu-
man experts with the reference product to which the product
record corresponds.

We apply our framework to the collected Web pages
as described above for product normalization. We com-
pare our framework with the state-of-the-art existing
work for product normalization proposed by Bilenko and
Mooney (Bilenko, Basu, and Sahami 2005). We call this
method BM approach in this paper. Their approach requires
pre-processed dataset that includes several fields such as
“product name”, “brand”, “price”, and “raw description” of
each product record. We manually extracted these attributes
for each record. Since some pages do not explicitly men-
tion the attributes such as “brand”, we manually determined
the values for the record in such cases. Such information
is only provided for the BM approach. As their approach
requires learning the weight in calculating the similarity be-
tween products, manually labeled training examples are also
needed. As a result, the data pre-processing and the prepara-
tion of training examples require extensive human work and
expertise. In contrary, our framework is carried out in a fully
unsupervised manner and requires very little human effort.

In each domain, the experimental data are randomly di-
vided into two disjoint sets, in which there is no overlapping
of products. In each run of the experiment, one set is used

as training examples, while the other set is used as testing
data. This is to simulate the real-world situation that prod-
ucts are probably previously unseen. For the BM approach,
we first learn a model using the training examples. The
learned model is then applied to the testing data for prod-
uct normalization. Since our framework is unsupervised and
does not require training, we can directly apply our frame-
work to the testing data and compare the results with the one
obtained using BM approach. We adopt recall and precision
as the evaluation metrics in the experiments. Recall is de-
fined as the number of pairs of product records which are
correctly identified as the same product divided by the total
number of record pairs in the data. Precision is defined as
the number of pairs of product records which are correctly
identified as the same products divided by the total number
of record pairs identified by the system.

Figures 5 depicts the recall-precision plot for the results
of product record normalization in the camcorder domain
using our approach and the BM approach. Our approach
achieves a better performance with break-even point equal to
0.4, whereas the break-even point of BM approach is 0.28.
Recall that the BM approach involves a large amount of
human effort in preparing training examples, while our ap-
proach is fully automatic. Table 1 depicts the sample output
of our product attribute extraction and normalization method
in our framework in the camcorder domain. The attribute
values are normalized to the appropriate reference attributes.
For example, the attribute values corresponding to the refer-
ence attribute labeled as “A #1” and “A #2” are related to the
power supply and LCD display of a camcorder respectively.
Figures 6 and 7 depict the recall-precision plot for the results
of product record normalization in the digital camera and
MP3 player domains. The BM approach can only correctly
normalize a limited number of product records resulting in
a low recall. However, our approach is able to automatically
discover more normalized product records.

Related Work
Our framework is related to duplicate detection or record
linkage in database. Bilenko and Mooney proposed a
method which employs learnable edit distance with affine
gaps and vector-space model to compute record similar-
ity (Bilenko and Mooney 2003). Sarawagi and Bhamidipaty
solved the problem by making use of active learning algo-
rithm to train a combination of similarity functions between
attributes of records (Sarawagi and Bhamidipaty 2002). An
unsupervised probabilistic method for solving record link-
age was proposed by Ravikumar and Cohen (Ravikumar
and Cohen 2004). They designed a hierarchical graphical
model to model the generation of features of each product
pair. Record linkage is achieved by conducting inference
for the latent class variables. Culotta et al. proposed a
record canonicalization approach which aims at construct-
ing a single canonical form of duplicated records (Culotta
et al. 2007). It makes use of the edit distance to compute
string similarity and feature based method to select attribute
values for the canonical record. All the above methods aim
at matching records which have a fixed set of attributes in
database. Therefore, they are not applicable to our problem
which may involve any number of product attributes and un-
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Figure 5: The recall-precision plot for the results of

product record normalization in the camcorder domain.
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Figure 6: The recall-precision plot for the results of

product record normalization in the digital camera domain.
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Figure 7: The recall-precision plot for the results of

product record normalization in the MP3 player domain.

certain attribute values extracted from Web pages.
The objective of entity resolution shares certain resem-

blances with our goal. It aims at classifying whether two
references refer to the same entity. Singla and Domin-
gos developed an approach to entity resolution based on
Markov Logic Network (Singla and Domingos 2006). Bhat-
tacharya and Getoor proposed an unsupervised approach
for entity resolution based on Latent Dirichlet Allocation
(LDA) (Bhattacharya and Getoor 2006). One limitation of
these approaches is that the entities are required to be ex-
tracted in advance and cannot be applied to raw data.

Conclusions
We have developed an unsupervised framework for solving
the task of product record normalization from different re-
tailer Web sites significantly reducing the human effort. We
develop a graphical model to model the generation of text
fragments in Web pages. Based on this model, our frame-
work decomposes the product record normalization into two
tasks. The first task is the attribute extraction and normal-
ization task. This task aims at extracting the attribute values
of product records from different sites, and at the same time
normalize them to appropriate reference attributes. The sec-
ond task is to conduct product record normalization which
aims at normalizing product records from different retailer
sites to appropriate reference products based on the results
of the first task. We have conducted extensive experiments
and compared our framework with existing work using over
150 real-world Web sites in three different domains. The ex-
perimental results show that our framework can significantly
reduce the human effort and achieve a better performance.
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