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1
METHOD AND SYSTEM FOR CALCULATING
IMPORTANCE OF A BLOCK WITHIN A
DISPLAY PAGE

CROSS REFERENCE TO RELATED
APPLICATION

This application is a continuation application of U.S.
patent application Ser. No. 10/834,639, filed on Apr. 29, 2004,
and entitled “METHOD AND SYSTEM FOR CALCULAT-
ING IMPORTANCE OF A BLOCK WITHIN A DISPLAY
PAGE,” issued as U.S. Pat. No. 7,363,279 on Apr. 22, 2008,
which is hereby incorporated herein in its entirety by refer-
ence.

TECHNICAL FIELD

The described technology relates generally to identifying a
block within a display page that represents the primary topic
of the display page.

BACKGROUND

Many search engine services, such as Google and Over-
ture, provide for searching for information that is accessible
via the Internet. These search engine services allow users to
search for display pages, such as web pages, that may be of
interest to users. After a user submits a search request that
includes search terms, the search engine service identifies
web pages that may be related to those search terms. To
quickly identify related web pages, the search engine services
may maintain a mapping of keywords to web pages. This
mapping may be generated by “crawling” the web (i.e., the
World Wide Web) to identify the keywords of each web page.
To crawl the web, a search engine service may use a list of root
web pages to identify all web pages that are accessible
through those root web pages. The keywords of any particular
web page can be identified using various well-known infor-
mation retrieval techniques, such as identifying the words of
a headline, the words supplied in the metadata of the web
page, the words that are highlighted, and so on. The search
engine service then ranks the web pages of the search result
based on the closeness of each match, web page popularity
(e.g., Google’s PageRank), and so on. The search engine
service may also generate a relevance score to indicate how
relevant the information of the web page may be to the search
request. The search engine service then displays to the user
links to those web pages in an order that is based on their
rankings.

Whether the web pages of a search result are of interest to
a user depends, in large part, on how well the keywords
identified by the search engine service represent the primary
topic of a web page. Because a web page may contain many
different types of information, it may be difficult to discern
the primary topic of a web page. For example, many web
pages contain advertisements that are unrelated to the pri-
mary topic of the web page. A web page from a news web site
may contain an article relating to an international political
event and may contain “noise information” such as an adver-
tisement for a popular diet, an area related to legal notices,
and a navigation bar. It has been traditionally very difficult for
a search engine service to identify what information on a web
page is noise information and what information relates to the
primary topic of the web page. As a result, a search engine
service may select keywords based on noise information,
rather than the primary topic of the web page. For example, a
search engine service may map a web page that contains a diet
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advertisement to the keyword “diet,” even though the primary
topic of the web page relates to an international political
event. When a user then submits a search request that includes
the search term “diet,” the search engine service may return
the web page that contains the diet advertisement, which is
unlikely to be of interest to the user.

Itwould be desirable to have a technique for calculating the
importance of various information areas of a web page to the
primary topic of the web page.

SUMMARY

An importance system identifies the importance of infor-
mation areas of a display page. The importance system iden-
tifies information areas or blocks of a web page that represent
areas of the web page that appear to relate to a similar topic.
After identifying the blocks of a web page, the importance
system provides the characteristics or features of a block to an
importance function which generates an indication of the
importance of that block to its web page. The importance
system may learn the importance function by generating a
model based on the features of blocks and the user-specified
importance of those blocks.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG. 11is a block diagram that illustrates the components of
the importance system in one embodiment.

FIG. 2 is a flow diagram that illustrates the processing of a
generate importance function component of the importance
system in one embodiment.

FIG. 3 is a flow diagram that illustrates the processing of a
generate feature vector component of the importance system
in one embodiment.

FIG. 4 is a flow diagram that illustrates the processing of a
calculate block importance component of the importance sys-
tem in one embodiment.

FIG. 5 is a flow diagram that illustrates the processing of an
order search result component that uses the learned impor-
tance function in one embodiment.

FIG. 6 is a flow diagram that illustrates the processing of an
expand search result component that uses the learned impor-
tance function in one embodiment.

FIG. 7 is a flow diagram that illustrates the processing of a
retrieve web page component that uses the learned impor-
tance function in one embodiment.

FIG. 8 is a flow diagram that illustrates the processing of a
classify web page component that uses the learned impor-
tance function in one embodiment.

DETAILED DESCRIPTION

A method and system for identifying the importance of
information areas of a display page is provided. In one
embodiment, an importance system identifies information
areas or blocks of a web page. A block of a web page repre-
sents an area of the web page that appears to relate to a similar
topic. For example, a news article of a web page may repre-
sent one block, and a diet advertisement of the web page may
represent another block. After identifying the blocks of a web
page, the importance system provides the characteristics or
features of a block to an importance function that generates an
indication of the importance of that block to its web page. The
importance system “learns” the importance function by gen-
erating a model based on the features of blocks and the user-
specified importance of those blocks. To learn the importance
function, the importance system asks users to provide an
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indication of the importance of blocks of web pages in a
collection of web pages. For example, one user may identify
a certain block as of primary importance to a web page, and
another user may identify that same block as of secondary
importance to the web page. The importance system also
identifies a feature vector for each block that may represent
various spatial and content features of the block. For example,
a spatial feature may be the size of a block or the location of
a block, and a content feature may be the number of links
within a block or the number of words within the block. The
importance system then learns an importance function, based
onthe user-specified importance and the feature vectors of the
blocks, that inputs a feature vector of a block and outputs the
importance of the block. The importance system may attempt
to learn a function that minimizes the square of the differ-
ences between the user-specified importance of the blocks
and the importance calculated by the importance function. In
this way, the importance system can identify a block of a web
page that may be related to the primary topic of the web page
based on features of blocks that users think are important.

The importance function, once learned, can be used to
improve the accuracy of a wide range of applications whose
results depend on discerning topics of web pages. A search
engine service may use the importance function to calculate
relevance of web pages of a search result to the search request.
After the search result is obtained, the search engine service
may use the importance function to identify the most impor-
tant block of each web page and calculate a relevance of the
most important block (or group of importance blocks) to the
search request. Because this relevance is based on the infor-
mation of the most important block of the web page, it may be
a more accurate measure of relevance than a relevance that is
based on the overall information of the web page, which may
include noise information.

A search engine service may also use the importance func-
tion to identify web pages that are related to a certain web
page. The search engine service may use the importance
function to identify the most important block of that web page
and then formulate a search request based on the text of the
identified block. The search engine service may perform a
search using that formulated search request to identify web
pages that are related to that certain web page.

A search engine service may also use the importance func-
tion to classify web pages. For example, web pages may be
classified based on their primary topic. The search engine
service may use the importance function to identify the most
important block of a web page and then classify the web page
based on the text of the identified block.

A web browser may also use the importance function to
identify portions of a web page to be displayed when the
entire content of the web page cannot fit on a display device.
For example, devices such as cell phones or personal digital
assistants may have very small displays on which most web
pages cannot reasonably be displayed because of the amount,
size, and complexity of the information of the web page. A
web page is not reasonably displayed when the content is so
small that it cannot be effectively viewed by a person. When
such a device is used to browse web pages, the importance
function may be used to identify a most important block of a
web page and to display only the identified block on the small
display. Alternatively, a web browser may rearrange the
blocks of a web page, highlight blocks of a web page, remove
blocks of a web page, and so on based on the importance of
the blocks as indicated by the importance function.

The importance system can identify the information areas
of'a web page using various segmentation techniques such as
a document object model based (“DOM-based”) segmenta-
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4

tion algorithm, a location-based segmentation algorithm, a
vision-based segmentation algorithm, and so on. A DOM-
based segmentation algorithm may use the HTML hierarchy
of'a web page to identify its various blocks. A location-based
segmentation algorithm attempts to identify areas of a web
page that may be considered a unit based on physical charac-
teristics of the areas. A vision-based segmentation algorithm
is described in U.S. patent application Ser. No. 10/628,766,
entitled “Vision-Based Document Segmentation,” filed on
Jul. 28, 2003, which is hereby incorporated by reference. That
vision-based segmentation algorithm identifies blocks based
on the coherency of the information content of each block.
For example, an advertisement for a diet may represent a
single block because its content is a directed to a single topic
and thus has a high coherency. An area of a display page that
includes many different topics may be divided into many
different blocks.

The importance system may use various techniques to
learn the importance function from the feature vectors repre-
senting the blocks and the user-specified importance of the
blocks. For example, as described below in more detail, the
importance system may learn the importance function using a
neural network or a support vector machine. In addition, the
importance system may use various spatial and content fea-
tures of a block in a feature vector representation of the block.
For example, the spatial features may include the center loca-
tion of the block and the dimensions of the block, which are
referred to as “absolute spatial features.” These absolute spa-
tial features may be normalized based on the size of the web
page, which are referred to as “relative spatial features,” or
normalized based on the size of the window, which are
referred to as “window spatial features.” The content features
may relate to the images of the block (e.g., number and size of
images), links of the block (e.g., the number of links and the
number of words in each link), text of the block (e.g., number
of'words in block), user interaction of the block (e.g., number
and size of input fields), and forms of the block (e.g., number
and size). Various content features may also be normalized.
For example, the number of links of a block may be normal-
ized by the total number of links on the web page, or the
number of words of text in the block may be normalized by
the total number of words in the text of all the blocks of the
web page.

In one embodiment, the importance system may allow
users to specify the importance of blocks using discrete or
continuous values. Higher values may represent a higher
importance of a block to a web page. When using discrete
values of 1-4, a value of 1 may represent noise information
such as an advertisement, a copyright notice, a decoration,
and so on. A value of 2 may represent useful information that
is not particularly relevant to the primary topic of the page
such as navigation information, directory information, and so
on. A value of 3 may represent information that is relevant to
the primary topic of the page but not of prominent importance
such as related topics, topic indexes, and so on. A value of 4
may indicate the most prominent part of the web pages such
as a headline, main content, and so on.

FIG. 11is a block diagram that illustrates the components of
the importance system in one embodiment. The importance
system may include the components 101-105 and data stores
111-114. The components may include an identify blocks
component 101, a collect user-specified importance compo-
nent 102, a generate importance function component 103, an
apply importance function component 104, and a generate
feature vector component 105. The data stores may include a
web page store 111, a block store 112, a user-specified impor-
tance store 113, and an importance function store 114. The
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web page store may contain a collection of web pages for use
in generating or learning the importance function. The iden-
tify blocks component identifies the blocks of each web page
of the web page store and stores the identification of each
block in the block store. The collect user-specified impor-
tance component displays each web page of the web page
store to a user highlighting each of the blocks of the web page,
asks the user to specify the importance of each block, and
stores the specifications of importance in the user-specified
importance store. The generate importance function compo-
nent uses the generate feature vector component to generate a
feature vector for each block of the block store. The generate
importance function then learns an importance function to
model the feature vectors of the blocks and the user-specified
importance of the blocks. The importance function store may
contain information such as factors and parameters that
define the learned importance function that are calculated by
the generate importance function component. The apply
importance function component is passed a block of a web
page, invokes the generate feature vector component to gen-
erate the feature vector for the block, and applies the impor-
tance function to the generated feature vector to generate an
indication of the importance of the block.

The computing device on which the importance system can
be implemented may include a central processing unit,
memory, input devices (e.g., keyboard and pointing devices),
output devices (e.g., display devices), and storage devices
(e.g., disk drives). The memory and storage devices are com-
puter-readable media that may contain instructions that
implement the importance system. In addition, the data struc-
tures and message structures may be stored or transmitted via
a data transmission medium, such as a signal on a communi-
cations link. Various communications links may be used, such
as the Internet, a local area network, a wide area network, or
a point-to-point dial-up connection.

FIG. 1 illustrates an example of a suitable operating envi-
ronment in which the importance system may be imple-
mented. The operating environment is only one example of a
suitable operating environment and is not intended to suggest
any limitation as to the scope of use or functionality of the
importance system. Other well-known computing systems,
environments, and configurations that may be suitable for use
include personal computers, server computers, hand-held or
laptop devices, multiprocessor systems, microprocessor-
based systems, programmable consumer electronics, net-
work PCs, minicomputers, mainframe computers, distributed
computing environments that include any of the above sys-
tems or devices, and the like.

The importance system may be described in the general
context of computer-executable instructions, such as program
modules, executed by one or more computers or other
devices. Generally, program modules include routines, pro-
grams, objects, components, data structures, and so on that
perform particular tasks or implement particular abstract data
types. Typically, the functionality of the program modules
may be combined or distributed as desired in various embodi-
ments.

In one embodiment, the importance system learns a block
importance function by minimizing a least squares objective
function based on user-specified importance of blocks of a
collection of web pages. Each block can be represented by a
feature vector and importance pair (X, y) where x is the feature
vector of the block and y is its importance. The set of feature
vector and importance pairs of the collection of web pages is
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referred to as atraining set T. The importance system attempts
to learn an importance function f that minimizes the follow-
ing objective function:

2(xy)sr‘f(x)—Y‘2 (€9

The objective function can be solved using classification
techniques such as a support vector machine if'y is discrete
and regression techniques such as a neural network if y is
continuous.

When the importance is represented by continuous real
numbers, the importance system may apply a neural network
learning for learning the optimal f* which is given by mini-
mizing the following objective function:

m @
fr= argmfin; f e - yill?

where m is the number of blocks in the training set. This is a
multivariate non-parametric regression problem, since there
is no a priori knowledge about the form of the true regression
function that is being estimated.

A neural network model has three major components:
architecture, cost function, and search algorithm. The archi-
tecture defines the functional form relating the inputs to the
outputs (in terms of network topology, unit connectivity, and
activation functions). The search in weight space for a set of
weights that minimizes the objective function is the training
process. In one embodiment, the importance system uses a
radial basis function (“RBF”’) network and a standard gradi-
ent descent as the search technique.

The importance system constructs an RBF network with
three layers having different roles. The input layer comprises
source nodes (i.e., sensory units) that connect the network to
its environment (i.e., low-level feature space). The hidden
layer applies a nonlinear transformation from the input space
to the hidden space. Generally, the hidden space is of high
dimensionality. The hidden layer has RBF neurons, which
calculate the input of the hidden layer by combining weighted
inputs and biases. The output layer is linear and supplies the
block importance given the low-level block representation
applied to the input layer.

The function learned by RBF networks can be represented
by the following:

h 3)
fo=>)" oG

J=1

where iis a block in the training set, h is the number of hidden
layer neurons, w,€R are the weights, and G, is the radial
function defined as follows:

llx— cill® @
Gi(x) = exp Y

i

where c, is the center for G, and o, is the basis function width.
The k-dimensional mapping can be represented as follows:

=F @)= 10555, - - - Fil®) ®

where f=[f,, f,, . . . , fi] is the mapping function.
The RBF neural network approximates the optimal regres-
sion function from feature space to block importance. The
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importance system can train the RBF neural network off-line
with the training samples {x,y,}(i=1, . . ., m) of the training

set T. For a new block previously unprocessed, the impor-
tance system can calculate its importance using the regression
function f given the feature vector of the block.

When the importance is represented by discrete numbers,
the importance system applies a support vector machine for
learning the importance function. A support vector machine
attempts to minimize structural risk, rather than empirical
risk. The support vector machine may use a binary classifi-
cation such that the training set is defined by the following:

D={x,yi}=1" (6)
where D is the training set, tis the number of training samples,
and y,e{-1,1}. The importance system attempts to select,
among the infinite number of linear classifiers that separate
the data, the one with the minimum generalization error. A
hyperplane with this property is the one that leaves the maxi-
mum margin between the two classes. The importance func-
tion may be represented by the following:

‘ 0
f@ = sig,n[z @y, %) = b]

i=1
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system in one embodiment. In block 201, the component
retrieves the collection of web pages from the web page store.
In block 202, the component identifies the blocks within the
retrieved web pages and stores the indications of the blocks in
the block store. In block 203, the component collects user-
specified importance data for the blocks. The component may
display each web page along with an indication of the blocks
of'the web page and ask a user to rate the importance of each
block to the web page. The component stores the user-speci-
fied importance in the user-specified importance store. In
block 204, the component generates a feature vector for each
block and may store the feature vectors in the block store. In
block 205, the component learns the importance function
using a neural network or a support vector machine technique
as described above.

FIG. 3 is a flow diagram that illustrates the processing of a
generate feature vector component of the importance system
in one embodiment. The component is passed an indication of
aweb page along with an indication of a block of the web page
whose importance is to be calculated. In block 301, the com-
ponent identifies the absolute spatial features of the block. In
block 302, the component calculates the window spatial fea-
tures of the block. The component may calculate the window
spatial features such as block center for the y-coordinate
according to the following:

BlockCenterY = )
BlockCenterY i
m; if BlockCenterY < HeaderHeight
*
0s if HeaderHeight < BlockCenterY <

where o, associated with the training sample x, expresses the
strength with which that point is embedded in the final func-
tion and b is the intercept also known as the bias in machine
learning. A property of this representation is that often only a
subset of the points will be associated with non-zero ¢,. These
points are called support vectors and are the points that lie
closest to the separating hyperplane. The nonlinear support
vector machine maps the input variable into a high dimen-
sional (often infinite dimensional) space, and applies the lin-
ear support vector machine in the space. Computationally,
this can be achieved by the application of a (reproducing)
kernel. The corresponding nonlinear decision function is rep-
resented as follows:

: ®
F) =sign > @yikin, x>—b]

i=1

where K is the kernel function. Some typical kernel functions
include a polynomial kernel, Gaussian RBF kernel, and sig-
moid kernel. For a multi-class classification problem, the
importance system can apply a one-against-all scheme.

FIG. 2 is a flow diagram that illustrates the processing of a
generate importance function component of the importance
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PageHeight— FooterHeight
(PageHeight — BlockCenterY) . otherwi
(2« FooterHeight) ; oterwise

where HeaderHeight and FooterHeight are predefined con-
stant values relating to the heights of headers and footers of a
page. In block 303, the component identifies the content
features of the block. In block 304, the component normalizes
the content features as appropriate and then returns the fea-
ture vector.

FIG. 4 is a flow diagram that illustrates the processing of a
calculate block importance component of the importance sys-
tem in one embodiment. The component is passed an indica-
tion of a web page and calculates the importance of each
block of the web page by applying the learned importance
function. In block 401, the component identifies the blocks of
the passed web page. In blocks 402-406, the component loops
calculating the importance of each block of the passed web
page. In block 402, the component selects the next block of
the passed web page. In decision block 403, if all the blocks
of the passed web page have already been selected, then the
component returns the importance of each block, else the
component continues at block 404. In block 404, the compo-
nent invokes the generate feature vector component to gen-
erate the feature vector for the selected block. In block 405,
the component applies the learned importance function to the
generated feature vector to calculate the importance of the
selected block. In block 406, the component saves the calcu-
lated importance and then loops to block 402 to select the next
block of the passed web page.

FIGS. 5-8 illustrate the use of the learned importance func-
tion in various applications. FIG. 5 is a flow diagram that
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illustrates the processing of an order search result component
that uses the learned importance function in one embodiment.
The component is passed a search result of web pages and
returns the search result reordered based on block importance
as calculated by the learned importance function. In block
501, the component selects the next web page of the search
result. In decision block 502, if all the web pages of the search
result have already been selected, then the component con-
tinues at block 505, else the component continues at block
503. In block 503, the component invokes a calculate block
importance component to calculate the importance of each
block of the selected web page. In block 504, the component
sets the relevance of the web page based on the block with the
highest importance. The component may calculate the rel-
evance based on how well the text of the most important block
(or blocks) matches the search request for which the search
result was identified. The component may also combine that
relevance with the relevance of each web page that was cal-
culated by a search engine. The component then loops to
block 501 to select the next web page of the search result. In
block 505, the component sorts the web pages based on the set
relevance and then returns the reordered web pages of the
search result.

FIG. 6 is a flow diagram that illustrates the processing of an
expand search result component that uses the learned impor-
tance function in one embodiment. The component is passed
aweb page and identifies web pages that may be related to the
passed web page. In block 601, the component invokes the
calculate block importance component to calculate the
importance of each block of the passed web page. In block
602, the component selects the block of the passed web page
with the highest importance. In block 603, the component
retrieves the text associated with the selected block. In block
604, the component formulates a search request based on the
retrieved text. In block 605, the component submits the for-
mulated search request to a search engine service and receives
the search result in return. The component then returns the
search result.

FIG. 7 is a flow diagram that illustrates the processing of a
display web page component that uses the learned importance
function in one embodiment. This component is passed a
uniform resource locator of a web page and displays the
content of the block of that web page with the highest impor-
tance as the content of the web page itself. In block 701, the
component uses the passed uniform resource locator to
retrieve the web page. In block 702, the component invokes
the calculate block importance function to calculate the
importance of each block of the retrieved web page. In block
703, the component selects the block of the retrieved web
page with the highest importance. In block 704, the compo-
nent displays the selected block as the content of the web
page.

FIG. 8 is a flow diagram that illustrates the processing of a
classify web page component that uses the learned impor-
tance function in one embodiment. The component is passed
a web page and classifies that web page. In block 801, the
component invokes the block importance function to calcu-
late the importance of each block of the passed web page. In
block 802, the component selects the block (or group of
blocks) of the passed web page with the highest importance.
In block 803, the component retrieves the text of the selected
block with the highest importance. In block 804, the compo-
nent generates a classification based on the retrieved text. The
classification may also be based on links within the selected
block. The component then returns the classification.

One skilled in the art will appreciate that although specific
embodiments of the importance system have been described
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herein for purposes of illustration, various modifications may
be made without deviating from the spirit and scope of the
invention. The principles of the importance system may be
used to determine the importance of information areas within
various information sources other than web pages. These
information sources may include documents represented
using HTML, XML, or other markup languages. One skilled
in the art will appreciate that some applications of block
importance may use an importance function that is not
“learned.” For example, a developer can simply define an
importance function that reflects their concept of block
importance and not rely on collecting empirical data of user
ratings of block importance. Such an importance function
could rate the importance of a block based on a combination
of its size and location. Accordingly, the invention is not
limited except by the appended claims.

We claim:

1. A method in a computer system with a processor and a
memory for establishing relevance of pages of search results,
the method comprising:

submitting to a search engine a search request;

receiving from the search engine a search result for the

search request, the search result identifying pages
related to the search request;

identifying by the processor blocks of each page of the

search result; and

for each page of the search result,

selecting by the processor the block of the page with the
highest importance by, for each block of the page,
generating a feature vector for the block and applying
an importance function to the generated feature vec-
tor; and

setting by the processor the relevance of the page to the
search request based on the selected block wherein
the setting of the relevance includes adjusting a pre-
viously calculated relevance.

2. The method of claim 1 wherein the importance function
is learned based on user-specified importance for blocks of a
collection of pages.

3. The method of claim 1 including ordering the pages
based on the set relevance.

4. A method in a computer system for selecting a portion of
a page for display on a display device, the method compris-
ing:

submitting to a search engine a search request;

receiving from the search engine a search result for the

search request, the search result identifying a page
related to the search request;

identifying blocks of the page;

selecting the block of the page with the highest importance

by, for each block of the page, generating a feature
vector for the block and applying an importance func-
tion to the generated feature vector;

receiving a request to display the page; and

in response to receiving the request to display the page,

displaying the selected block on the display device with-
out displaying the other identified blocks of the page.

5. The method of claim 4 wherein the display device cannot
reasonably accommodate displaying the entire page.

6. The method of claim 4 wherein the display device is
associated with a cell phone.

7. The method of claim 4 wherein the display device is
associated with a personal digital assistant.

8. The method of claim 4 wherein a subset of the identified
blocks are displayed based on their importance.
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9. The method of claim 4 wherein the importance function
is learned based on user-specified importance for blocks of a
collection of pages.
10. A method in a computer system for classifying a page,
the method comprising:
submitting to a search engine a search request;
receiving from the search engine a search result for the
search request, the search result identifying a page
related to the search request;
identifying blocks of the page;
selecting by the computer system the block of the page with
the highest importance by, for each block of the page,
generating a feature vector for the block and applying an
importance function to the generated feature vector; and

12
generating a classification for the page based on the
selected block.
11. The method of claim 10 wherein the importance func-
tion is learned based on user-specified importance for blocks

5 ofa collection of pages.

12. The method of claim 10 wherein the generating of the
classification is further based on text associated with the
selected block.

13. The method of claim 10 wherein the generating of the

10 classification is further based on multiple blocks that have a

high importance.



