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We make the case for develo  a web of concepts by start- 
ing with the current view of web (comprised of hyperlinked 
pages, or s, each seen as a bag of words), extract- 
ing concept-centric metadata, and stitching it together to 
create a semantically rich aggregate view of all the informa- 
tion available on the web for each concept instance. The 
goal of building and maintaining such a web of concepts 
presents many challenges, but also offers the promise of en- 
abling many powerful applications, luding novel search 
and information discovery paradigms. We present the goal, 
motivate it with example usage scenarios and some ysis 
of Yahoo! logs, and discuss the challenges in building and 
leveraging such a web of concepts. We ce this ambitious 
research agenda in the context of the state of the art in the 
li ture, and describe various ongoing efforts at Yahoo! 
Research that are related. 

(which we collectively refer to as concepts). We believe that 
extracting and organizing metadata in a concept-centric way 
that allows us to retrieve and present the most relev - 
formation for the concepts related to a user’s information 
need is the next transformative step in the evolution of the 
web. This will not only improve how current search engines 
identify and rank relevant content but also allow us to sup- 
port richer attribute-oriented search criteria and to produce 
results that are meaningful concept-centric syntheses of in- 
formation scattered across multiple w ges. 

In this paper we outline a research agenda towards this 
ambitious goal, drawing upon many research threads from 
the database, information retrieval, machine learning, and 
web search communities. We begin with a discussion of what 
we mean by concepts and some of the challenges in repre- 
senting and organizing concepts and instances of concepts 
in Section 2. We then motivate our proposal for develo  
a web of concepts using a combination of example scenar- 
ios and data from Yahoo! logs in Section 3. We discuss 
the challenges in extracting and reconciling concept-centric 
information from the web in Section 4. A central point of 
this paper is that we need to develop -centric extrac- 
tion and maintenance systems in order to enable a web of 
concepts, going beyond the state of the art in site-centric 
wrappers, - t extraction, and the develop- 
ment of techniques that address a part (e.g., CRF-based 
attribute extraction algorithms) of the problem but not the 
whole end-to-end challenge. In Section 5 we discuss several 
applications, luding novel web search paradigms, that are 
enabled by a web of concepts. We discuss some related work 
in Section 6 and outline several research challenges in Sec- 
tion 7. 

Categories and Subject Descriptors 

H.3.3 [Information Storage and Retrieval]: Information 
Search and Retrieval—Miscellaneous 

General Terms 

Experimentation, Measurement, Theory 

 

Concepts, Extraction, Ranking, Selection 

1. INTRODUCTION 
The way we gather, represent, and index the web is chang- 

ing fundamentally to allow a more semantic view of content. 
The state of the art in indexing and searching the web is es- 
sentially based on viewing it as a collection of hyper-linked 
pages (each containing a bag of words). The value of the 
web, however, lies in the wealth of information provided by 
these pages on a broad range of entities, events, and topics 

2. CONCEPTS 
A discussion of entities, concepts, identities, and objects 

quickly enters deep epistemological and ontological waters. 
In this paper our focus is on a pragmatic approach to or- 
ganizing information gathered from the web in a concept- 
centric fashion; thus, we want to examine how to describe and 
represent concepts (whatever they are!) in a way that is 
amenable to indexing and retrieval. To this end, we will avoid 
rigorous definitions of central terms such as concepts and 
objects, and offer informal discussion and examples in- 
stead. We will, however, present one specific proposal for 
representing and storing concept-centric metadata, and the 
challenges associated with it, in order to make our discussion 
more concrete. 
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2.1 What are Concepts and Objects? 
We use the term concept to refer to things of interest to 

users of the web who are either searching for information 
(e.g., is there a good Indo-  restaur  San Jose?) or 
trying to accomplish some task (e.g., find a good restau- rant 
near downtown and make dinner reservations). Com- mon 
types of concepts lude entities, events, and topics. 

Examples of concepts, in our sense of the term, lude 
restaurants, events, and academia. Consider the concept of 
restaurants. Instances, of course, are specific restaurants, and 
each is described by attributes such as location and cui- sine 
type. It is natural to think of a restaurant as an ob- ject, with 
a unique identifier (perhaps its address), state, etc. However, 
not all concepts have this property. Consider events, such as 
such as concerts and sports; instances lude specific events 
such as the heavyweight title match on Jan 20, 2010 or the 
2010 NFL Superbowl between the Packers and the Steelers. 
Sites such as  provide extensive event-
centric data. One could associate an id with an event, but are 
events concepts? To take the discussion one step further, 
consider the concept of academia. We all understand what 
this denotes, and appreciate that there are many facets to it. 
We may want to get more information on some aspect of it 
(e.g., models of tenure in the US versus Europe), but there is 
no underlying object that corresponds to the topic academia. 
N heless, when we focus on a spe- cific facet, say research 
publications, we may identify related concepts such as 
publications and research institutions, each with instances 
that are concepts, described by one or more attributes. 

2.2 Representing a Concept 
One of our goals is to enable an evolutionary shift from 

current search technology, which is based primarily on mas- 
sively scalable inverted index implementations. We therefore 
propose to describe an instance of a concept as a loosely- 
structured record (or just lrec) that consists of (attribute-key, 
value) pairs. We make two important stipulations: 

evolve, and the set of attributes associated with a concept 
may also evolve. 

This is a minimalist representational model. In practice, 
we may need to augment it with additional details at both 
the record and the concept levels. This model, however, 
gives us considerable flexibility in dealing with issues char- 
acteristic of the web, luding missing data, uncertainty 
about many aspects of the data, and constant evolution (see 
Section 7.3). 

We close this section by introducing one additional no- 
tion. A  is a set of related concepts. Thus, people, 
publications and conferences are examples of concepts in the 
academic community . 

2.3 Concept-Centric Data Organization 
Undertaking to organize all the information on the web 

at a semantically useful level is no mean task, and that is 
essentially what is involved here. We make no claim to hav- 
ing a comprehensive solution, but outline some important 
issues to be addressed. There is a considerable li ture 
on knowledge representation [13], to guide any detailed dis- 
cussion of representational issues. For concreteness in our 
discussion, however, we have delibera y separated what 
we believe to be a minimal core for representing semantic, 
concept-centric descriptions in a manner that is amenable to 
leveraging existing search engine infrastructure; this is the 
basic lrec representation we presented above. Almost cer- 
tainly, it will be worth considering extensions to this core, 
and the question is which extensions make sense and what 
they additionally support. In this context, so ances 
worth considering lude the following: 

• Should the basic model allow for nested structure, e.g., 
XML-style paths and nested references to lrec ids, rather 
than just a flat collection of attribute-value pairs in 
an lrec? We have suggested a simpler alternative in 
part because retrieval is more readily mapped to exist- 
ing inverted indexes, but also because populating more 
sophisticated representational structures using extrac- 
tion is likely to be harder. 

1. There is a distinguished key called id, with the prop- 
erty that it uniquely identifies the record in the stored 
corpus. However, we may discover that two dist t 
records in fact describe the same real-world concept, or 
that a record conflates information about two dis- t t 
real-world concepts. This is part of the challenge in 
determining what information on the web pertains to a 
given concept and to a given instance of a concept, and 
is closely related to the entity matching problem in 
the li ture; we will discuss this in Section 6. 

• Should there be support for provenance, versions, and 
uncertainty? It is by now traditional for large search 
engines to lude information directly on the search 
results page providing metadata and links for an ob- 
ject of interest. If the query references a restaurant, 
for instance, there will be a box with a map, con- tact 
information, ratings, and so forth. Connecting users 
to key pieces of text (professional reviews, user 
reviews, blog mentions, etc.) is a critical part of build- 
ing concept-oriented search engines. Furthermore, a 
piece of text may reference multiple concepts, the as- 
sociation to concepts is inferred and therefore uncer- 
tain, and may change over time, so simply associating 
the text with a single object is not sufficient: we will 
need to identify and maintain references between con- 
cepts of different types, and perhaps maintain versions 
of important concept instances over windows of time. 
These are computationally challenging requirements. 
How best can we approximate what is essential with 
an acceptable cost? 

2. For each concept that is represented in our corpus, we 
have metadata, luding such things as a listing of 
attributes for which we might have values for one or 
more instances of that concept. Given a record, we can 
determ he corresponding concept. 

Thus, a concept can be loosely thought of as a type, in that 
we typically store data about several instances, all of which 
have something ommon based on the nature of the 
underlying concept. oncrete terms, several instances of a 
concept are likely to have values defined for each of a set of 
attributes. However, we do not assume that every concept 
instance defines values for all attributes. Indeed, the set 
of attributes for which an instance has defined values may • In the real world, concepts are interrelated by many 

natural taxonomies and containment or inheritance re- 

 



 

 

lationships. How far should we extend support for or- 
ganizing lrecs into corresponding hierarchical relation- 
ships? A amples of the nuances we may want to 
capture, consider the following: 

We present a set of empirical observations based on ana- 
lyzing Yahoo! Search and Yahoo! Toolbar logs, focusing on 
how the notion of concepts may be relevant to user online ex- 
perience and how they may benefit from a concept-oriented 
interpretation of the web content on the part of search en- 
gines. – We may want to be able to talk about the Nikon 

D40 model of digital cameras; how it is a par- 
ticular kind of digital camera, which in turn is a 
particular kind of camera; and how it is a kind of 
Nikon cameras. 

We may want to be able to talk about the D40 
camera as a concept, with each physical unit of 
this type as an instance (e.g., in the Amazon in- 
ventory); we may also want to talk about the D40 
camera as an instance of the concept of camera 
models (e.g., in the  review forum). 

We may want to talk about how the D40 camera 

is part of a special camera package. 

We may want to talk about  concepts 
such as academia or war that have many facets, 
and are hard to categorize unambiguously into 
given taxonomies. Yet, a collection of such con- 
cepts may lend itself to hierarchical categoriza- 
tion techniques that yiel ta-driven taxon- 
omy. What is the relative role of the two approaches— 
categorizing concepts and instances into curator- 
developed taxonomies versus data-driven taxon- 
omy construction? 

Concepts vs. Search. The question we seek to answer 
is if users indeed search for both a specific instance of a 
concept and a set of concept instances with values for some 
keys satisfying certa onstraints. To do this, we looked at 
queries (over a month) resulting in a click on a URL from 

, a site hosting reviews on various local businesses. 
We identified three main sub-categories of these URLs: 

– 

• 

 

• 

59% are biz URLs, where each page is about an indi- 
vidual business, 

– 

19% are search URLs, where each page is a search 
result page in , which can be searching for 
either a specific business (e.g., a restaurant named 
churro factory hicago) or a group of businesses 
(e.g., wedding cakes Los Angeles). 

– 

• 11% are c URLs, or category URLs, where each page is 
about a group of businesses in a pre-defined category, 
e.g., San Jose Italian Restaurants. 

Thus, at least for searches that result licks on this web- 
site, we estimate that people search for a specific instance 
roughly 60%–70% of the time and search for a set of in- 
stances roughly 10%–20% of the time. Even if these specific 
numbers might vary for other websites, our study provides 
some evidence that users do conduct significant amounts of 
both types of search. 

The dist tions we have drawn are only illustrative; 
clearly, there are more representational issues to be 
considered. Beyond issues of expressiveness and com- 
putational cost, however, in our setting there are two 
new considerations. First, is it feasible to extract or 
otherwise obtain (e.g., via contractual feeds) informa- 
tion about concepts and instances at this level of detail, 
reflecting such taxonomic niceties? Second, can our 
ability to interpret what users are looking for and to 
match it with the concept database take such nuances 
into account reliably? What is the right granularity for 
a concept hierarchy, given our ability to automatically 
categorize and match to user intent? 

Searching for Attributes of a Concept. We now pro- 
ceed to ask if user plicitly search for different attributes of 
a concept. To study this, we performed experiments on the 
search logs. First we obtained a list of restaurant homepage 
URLs from . We then examined queries that led to 
a click on one of these restaurant homepage URLs. After re- 
moving the restaurant names and location information from 
the queries, we tallied the remaining tokens. Top words that 
co-occur onjunction with restaurant names are the fol- 
lowing:  (3%), coupons (1.8%), online, weekly spe- 
cials, locations (1.5%), etc., where the numbers in the 
parenthesis show the fraction of occurrence. Note that these 
are queries that led to a click on the restaurant’s homepage, 
even when the user was actually looking for a specific at- 
tribute. The fraction of co-occurring words remain largely the 
same even when the query merely contained the word 
restaurant, regardless of what the user clicked, or when the 
query contained more specific terms, say,  restau- 
rant. Other interesting but less frequently occurring at- 
tributes that surface from our study lude nutrition, to go, 
delivery, careers, and cod. 

3. USAGE STUDIES 
In this section we consider the implicit role of concepts in 

online user activities such as web search and browsing. We 
envision the following scenarios: 

• A user may have a specific instance of a concept in 
mind and wants to search or browse for various at- 
tributes associated with that instance, e.g., find the 

, or reviews, for a given restaurant. 

• A user may want to search for a set of concept instances 
whose values satisfy certa onditions, e.g., the best 
bakeries upertino, or the closest restaurant to a 
given theater. 

Value in Aggregation. Would users benefit from aggre- 
gated information? If we look at users who clicked on a biz type 
URL from Yelp, more than 59% of the time they also clicked 
on at least one other URL for the same query, and 35% of the 
time they clicked on at least two other URLs.  
examination of a small sample of the queries that 

By examining users’ search/browsing behavior, we hope to 
gain some insights into their activities with respect to con- 
cepts. Notice that in the search setting, users may also 
benefit from aggregated information, e.g., information on 
a specific concept hosted by different websites. 

 



 

 

led to these URLs finds most of them to be indeed looking 
for a specific business and other pages clicked can lude 
the homepage of the business, profile pages from other ag- 
gregation sites such as , , 

, etc., as well as blogs and reviews written 
about the business. Clearly, even when users are search- 
ing for a specific instance of a concept, they seek diverse 
information beyond one source. An aggregation page can 
facilitate this process (Section 5.2). 

As a concrete example of a more sophisticated search, here 
is a query from the log: mexican food chicago best salsa 
and the user clicked on a Yelp category page, a Citysearch 
search result page, as well as a page of expert reviews hosted 
by a restaurant. Most likely the user was consulting mul- 
tiple sources to reach a conclusion regarding the best salsa. 
An aggregated page with locations of different mexican food 

ces hicago, accompanied by reviews that commented 
on salsa from different sources, with meta information on the 
trust-worthiness of these sources could probably add more 
value to this user’s search for the best salsa. 

interest that may not be specific to any individual source. 
For example, a restaurant  might specify the concepts 

, location, review, an academic  might specify 
author, publication, and a shop   might specify 
product, seller, review. Most of the current extraction 
methods are site-centric, i.e., they can only be deployed to 
extract from a specific website or data source. ontrast, to 
construct a web of concepts, we propose to look at extraction 
holistically on a  level. To do this, we need to bridge 
the gap between the capabilities of existing methods and the 
requirements for -centric extraction. 

We start by describing the current extraction methods 
and then describe the -centric extraction methods 
that we are currently pursuing. 

4.1 Site-Centric Extraction 
The existing site-centric (or source-centric) methods for 

extraction can be classified alon o dimensions: structural 
and semantic. 

The structural approaches typically rely on the rich HTML 
structure employed by the author for presenting the content. 
For example, tables and lists are frequently used in web- 
pages to present structured content. Restaurant aggregators 
(e.g., , ), product catalogs (e.g., 

, ), music and movie web- 
sites (e.g., ), and virtually any website that serves 
pages off a database often uses scripts to generate highly 
structured and regular HTML, and thus impart structure 
across multiple pages within the website. In this direction, 
wrapper induction [22, 44, 49, 40, 21, 39, 58, 7, 50, 4] has 
been used as a powerful and robust way for structural site- 
centric extraction. With relatively few labeled examples, 
extraction rules, called wrappers, can be learnt to extract in- 
formation from a specific website. The main drawback with 
wrappers is that they rely on the existence of a structure. 

ontrast, semantic approaches view w ges as text 
s and employ natural language processing [16] and 

machine-learned probabilistic models. For instance, Condi- 
tional Random Fields [33, 36, 46] have been used effectively 
to parse postal addresses and lists of publications. Seman- tic 
techniques often require large supervised training data, and 
are sensitive to the construction of this training data; e.g., a 
probabilistic model learnt to extract US restaurant addresses 
may comple y fail on European restaurant ad- dresses, and 
a model learnt to extract Computer Science publications may 
perform poorly on Physics publications. 

4.2 -Centric Extraction 
The ma hallenge onstructing a web of concepts is to 

extrapolate si evel extraction techniques to work at the 
 level. A  has an unbounded number of web- 

sites, which renders pure wrapper-style extraction infeasi- ble, 
and a large amount of diversity, which cannot be easily 
captured by probabilistic models. While a complete solu- tion 
towards constructing a web of concepts requires several 
challenges to be solved (Section 7.2), we describe some of the 
ongoing work at Yahoo! Research, and briefly discuss work 
that is especially relevant from other research groups. 

Concepts vs. Browsing. How do users get to concepts 
on the web? To understand this, we yzed the toolbar logs. 
As before, we obtained a list of restaurant homepages from 

; these homepages are meant to represent the 
instances of the restaurant concept. We then examined the 
user trails that pass through one of these restaurant home- 
pages. First, we observed that about 42% of the homepage 
visits are immedia y preceded by a query to a search en- 
gine. Next, we examined the URL that is surfed immedi- 
a y after the homepage is visited and observed that about 
11.5% of these URLS are the location/address of the restau- 
rant, 9% of them are the  pages, and about 1% of them 
are coupons. These studies demonstrate that users are al- 
ready looking for natural attributes of the restaurant con- cept, 
even in a browsing mode. Furthermore, about 10.5% of the 
user trails contain more than one dist t instance of the 
restaurant concept, suggesting that an aggregation of 
instances might be beneficial to the user. 

4. CONSTRUCTING A WEB OF CONCEPTS 
We can view today’s web as a simplified web of concepts, 

where each record is of type “ .” We want to start 
from here and extract records of richer types. We use the term 
extraction broadly to refer to any of the operations that either 
create new records belonging to the concept or enrich existing 
records. The following list of extraction operations is typical. 

• Information extraction. Thi tracts structured data 
from s, e.g., an address from a restaurant 
website or a list of publications from a al home- 
page. 

Linking. This creates links between existing records. 
Examples lude linking a restaurant review to its cor- 
responding restaurant or matchin o different men- 
tions of the same author. 

ysis. This attaches metadata to records, e.g., iden- 
tify and tag the cuis ype for a restaurant website 
or assign sentiments to a review. 

• 

• 

-Centric List Extraction. The goal of this work 
[41] at Yahoo! Research is a -centric extraction of 
lists. The motivation is that much information on the web 
is present in the form of lists or tables, e.g., a list of restau- 

We propose constructing a web of concepts using - 
centric extraction. A  specifies a set of concepts of 

 



 

 

rants, a list of  items for a restaurant, a list of publi- 
cations, etc. This work tries to extract content in the form 
of lists by combining structure and semantics. A list can 
often be identified on a w ge by a repeating pattern of 
HTML structure. However, w ges often contain several 
lists, and we need to identify the lists that we are interested 
in; this typically requires us to combine  knowledge 
with structural cues. For example, to extract a list of restau- 
rants, we might have two kinds of  knowledge: first, 
the fields of interest such as the address, city, zip code, phone 
number, and hours of operation, along with rules to iden- 
tify zips/phones, and second, certain statistical properties 
(e.g., each restaur  associated with a single zip code 
and has one or two phone numbers). This  knowl- 
edge, along with an ysis of the repeated structure, is 
used to identify lists of addresses in a comple y unsuper- 
vised, site- t fashion. 

sider a restaurant website that lists a . As discussed 
before, we can identify lists by a structural ysis of the 
HTML content; this will yield us the  items. Now, if 
we can map a few of the  items to our database (that 
reflects our current knowledge of Italian restaurant  
items), then we can infer that the list represents an Ital- ian 
restaurant  and can extract additional  items 
from the list to add to the database. Thus, we can start from 
a small set of seed records and bootstrap to extract more 
records from sources that overlap with the current set or 
records. 

Matching. The matching work done at Yahoo! Research 
[23] aims to bridge the structured and unstructured views 
of a record by establishing that a piece of text is “about” a 
record. For example, matching a piece of text that is known 
to be a restaurant review to its corresponding restaurant 
will fall in this category. The main idea is to develop a 

-centric generative model of text that takes into ac- 
count the  knowledge (e.g., address, city, cuisine, etc. 
for restaurants) and use this model in order to choose the 
most likely restaurant a given review is about. This work 
is related to the widely studied entity matching problem, 
which we discuss in Section 6. 

Relational Classification. Most large web sites have pages 
covering a variety of content. One might be interested in 
filtering out only those pages that belong to a certa at- 
egory and then ng further extraction on them. For ex- 
ample a city site such as  has pages on diverse 
categories such as ho s, attractions, night-life, restaurants, 
events, etc. Let us say we are interested in selecting only 
events pages and extracting individual event information from 
them. If we are also interested in repeating the same process 
on thousands of city sites, then it is not scalable to develop 
an events classifier for each site s e it requires labeling 
several pages on each site as events/non-events. De- velo  
a global events classifier is easier, but it tends to be noisy 
given the vastly different content in the large collection of 
sites. Fortuna y, the link and directory relationships in a 
site contain valuable signals for solving such a classification 
problem. For instance, all the events pages in  
are ced in a directory called calendar. Note that this 
relational structure will be different for different web sites. 
After bootstrap  the pages of a site with the classification 
labels given by an inaccurate classifier (such as the global 
classifier mentioned above), the relational structure present in 
that site can be used to revise them and get highly ac- curate 
classification. Graph-based methods for ng the above are 
discussed in [60]. 

Other Work. The DBLife project at Wisconsin [25] shares 
the goal of building concept-centric integrated web reposito- 
ries, and has led to the creation of dblife.cs.wisc.edu and 
influenced our work at Yahoo!. ontrast to our strong em- 
phasis on -centric training of machine learned mod- 
els, however, the DBlife project has taken a more rule-oriented 
approach and emphasized issues such as mass collaboration, 
managing site evolution, and optimizing extraction. The 
Avatar project at IBM Almaden [42] aims to apply extrac- 
tion to a diverse range of datasets to improve search over 
enterprise datasets. It also takes a rule-oriented approach, 
and emphasizes rapid rule development and optimization. 
The WebTables work of Cafarella et al. [15] aims to ex- 
tract all tables from the web and store them as relational 
data. The techniques are -centric. The ma hal- 
lenge here is to attach semantics to the extracted data for 
it to be useful in populating a web of concepts. An or- 
thogonal approach is DeepWeb [45], which aims to surface 
the deep web by automated form-filling techniques. The 
KnowItAll [30] and the TextRunner work at the University 
of Washington also aim to extract information from the web 
in a site- t manner using simple yet effective natu- 
ral language techniques. The focus however is on extracting 
“common knowledge”, i.e., the facts described textually in 
natural language and that occur often at several ces on 
the web. 

Aggregator Mining. tly maintained concept- 
centric web corpora will emerge and grow in importance. 
Many examples already exist: Wikipedia and numerous ag- 
gregator sites such as Yelp; sites such as LinkedIn that gather 
and selectively expose structured information about indi- 
viduals; and structured integrated corpora such as base 
and KnowItAll [30], and community driven mass collabora- 
tion sites such as DBLife [25, 48]. Automatically discover- 
ing such concept-centric web corpora, extracting data from 
them, and integrating with data from the rest of the web 
can significantly rease the quality of the unified web of 
concepts that we seek to build. 

The aggregator mining work currently in progress at Ya- 
hoo! Research aims to address this problem by applying 
bootstrap  to make extraction scalable. The main idea is 
to use already extracted records to automatically generate 
labeled data and use it to extract more records. For instance, 
suppose we have already extracted a small set of Italian 
restaurant  items and stored them in a database. Con- 

5. APPLICATIONS 
In this section we discuss a variety of applications that are 

enabled by a web of concepts. 

5.1 Augmenting Web Search 
We begin with applications in the  of web search. 

First, it is by now traditional for large search engines to in- 
clude information directly on the search results page provid- 
ing metadata and links for an object of interest. If the query 
references a restaurant, for instance, there will be a box with 
a map, contact information, ratings, and so forth. If 
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