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Outline

• Internet moved from a curiosity to a substrate for 
life activity

• Content growing, changing, diversifying, 
fragmenting

• Semantics of content unlock the value of the data 
ecosystem

• Explicit and implicit semantic sources
• Applications
• A virtuous feedback cycle for enhancing semantics 



Content Growth and Trends

Content trends

[Ramakrishnan and Tomkins 2007]
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Metadata trends

[Ramakrishnan and Tomkins 2007]

Content ownership

• Content consumption is fragmenting – nobody 
owns more than 10% of the Web page views

• No single place will own all the content

• Best of breed processing will operate on the 
web version (?)

• Value transitions to ecosystem
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Content Consumption is fragmenting 

By age…

By topic

Content access is fragmenting
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Time of Openness

Semantic Sources
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Semantic Sources in the Web

• Intrinsically Collaborative

• Explicit or Implicit 

• Taxonomies vs. Folksonomies

• Different Size and Growth 

• Diversity of Quality

• Public or Private

Examples

Metadata
RDF

Wikipedia ODP

Flickr

Text
Anchors + links

Answers Queries+clicks

Explicit Implicit

Wordnet

UGC

Private

Scale
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User Generated Content at Yahoo!

• Yahoo! Grups        8 million groups, 1 in 10 Internet users

• Del.icio.us        2 million users

• Flickr              1 million photos uploaded daily

• Yahoo! Answers 90M unique users, 250M answers

• Messenger        85M unique users 

Social propert ies had 115M unique visitors worldwide, 56M “ under 35” .

(2007 data)
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The Wisdom of Crowds

• James Surowiecki, a New Yorker  columnist, 
published this book in 2004
– “Under the right circumstances, groups are 

remarkably intelligent”

• Importance of diversity, independence and 
decentralization

“large groups of people are smarter than an elite few, 
no matter how brilliant—they are better at solving 
problems, fostering innovation, coming to wise 
decisions, even predicting the future”. 

Aggregating data
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The Wisdom of Crowds

–Crucial for Search Ranking

–Text: Web Writers & Editors 

• not only for the Web!

–Links: Web Publishers

–Tags: Web Taggers

–Queries: All Web Users!

• Queries and actions (or no action!)

Metadata: Microformats
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    Microformats

• microformats.org
• Originated by Tantek Celik and others
• Agreements on the way to encode certain kinds metadata in HTML

– Reuse of semantic-bearing HTML elements
– Based on existing standards
– Community process
– Persons, events, listings etc. but also syntactic metadata: licenses, tags

• Microformats have no shared syntax
– Each microformat has a separate syntax tailored to the vocabulary 

• Microformats are not ontologies
– No formal descriptions of schema, only text
– Limited reuse, extensibility of schemas
– No datatypes

• No namespaces, unique identifiers (URIs) 
– no interlinking
– mapping between instances is required 

• Relationship to page context is unclear
• Widely used in millions of documents

– User-generated as well as automatically generated

Example: tags and machine tags
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Metadata is out there

• Question:
– Just how much data is out there?
– What is the quality?

• Idea: bring metadata to the surface of search
• How does it work?

– User enters query
– Metadata is extracted dynamically
– Entity reconciliation 
– Metadata is used to display

• rich abstracts,  
• related pages 
• spatial, temporal visualization

• Microsearch prototype
• Play at http://www.yr-bcn.es/demos/microsearch/

Example: ivan herman

Related pages 
based on metadata

Events from 
personal calendar,
Conferences, and  
bio from LinkedIn

Geolocation

Rich abstract



- 38 -

Example: peter site:flickr.com

Flickr users named 
“Peter” by 
geography

Example: san francisco conference

Conferences in San 
Francisco by date
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Example: greater st. peter

Save to 
address book

Call phone number

(other actions)

Lessons

• More metadata than we expected

– 53% of unique queries have at least one metadata-enabled 
page in top 10 (n=7848)

• Performance is poor

– Metadata needs to come from the index for performance

• Metacrap does exist

– Users have to see metadata to spot mistakes in their markup, 
warn others

• RDF templating is hard

– Adds extra complexity

• Scalability



Exploting Metadata: SearchMonkey

• Creating an ecosystem of publishers, developers and end-
users 

– Motivating and helping publishers to implement semantic 
annotation 

– Providing tools for developers to create compelling applications

– Focusing on end-user experience 

• Rich abstracts as a first application

• Addressing the long tail of query and content production

• Standard Semantic Web technology

– dataRSS = Atom + RDFa

– Industry standard vocabularies

SearchMonkey
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Before After

an open plat form  for using st ructured data to 
build m ore useful and relevant  search results

What is SearchMonkey?

im age

deep 
links

nam e/value 
pairs or 

abst ract

Enhanced Result
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Infobar

UGC: Exploiting Flickr Tags
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Tag Mining

• Objective:

– Deploy collective knowledge that exists 
within Social Media services (Flickr and 
Delicious) 

• Approach:

1. Use tag co-occurrence statistics for media 
annotation and retrieval

2. Semantic analysis of large tag-spaces

Tag Mining - Collective Knowledge

• Many users annotate photos of “La 
Sagrada Familia”:

– Sagrada Familia, Barcelona

– Sagrada Familia, Gaudi, architecture, 
church

– church, Sagrada Familia

– Sagrada Familia, Barcelona, Spain

• Derived collective knowledge:

– Barcelona, Gaudi, church, architecture
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Tag Mining - Semantics

• Assign tag semantics using WordNet broad categories

– Paris :: location 

– Eiffel Tower :: artifact

– Coverage: 52% of tag volume

Tag Mining - Semantics

• Extend this mapping using patterns found in Wikipedia

– Upperbound for coverage: 78.6% of the tag volume

– Based on SVM approach

• Features: Wikipedia templates and categories

• Training data: Wikipedia entries found in WordNet

– Extended coverage: 68% of the tag volume

– Mapping from Wikipedia pages to tags

• Reduces ambiguity in the classification
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Understanding tags

 Semantic Photo Search

tag:type

tag:type

tag:type

tag graph

WORDNET

Query
unsorted photos

tags



- 63 -

emergency landing

Media Search - Demo



Understanding Text

o u r w o rk!

Document Understanding Cartoon

gre p

dom a in  
e xpe rt

se a rch  
e ng ine s

Co m p le x it y  o f  Do c u m e n t Un d e rs t a n d in g

Q & A

se m a n t ic  
we b?



- 78 -

Extending metadata

Pablo Picasso  was born in Málaga , Spain .
LOC LOCPER

artist:name artist:placeofbirth artist:placeofbirth

Pablo_Picasso Spain

artist

artist_placeofbirth

wikiPageUsesTemplate

Málaga
artist_placeofbirth

describes

type

conll:PERSON

range

type

conll:LOCATION

E:PERSON GPE:CITY GPE:COUNTRY

If most artists are persons, than let’s assume all artists are persons.
If most places of birth are locations, then let’s assume all are.

Entity Containment Graph

query

Wikipedia
search

Sentences
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Example: Picasso

“emergency landing”
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Synthetic Document

Article

Article

Article

Article

Query

Syntactic matches: extract snippets

Other: group by relevant categories

Article

Sentence

Sentence

Sentence

Sentence

Synthetic Document

Category

Category

Article

Article

Article

Article

Article
Article

Article

Article

Article

Category

Category
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Related Entities Search

Sentence

Sentence

Sentence

Sentence

Query

Sentences

Entity

Entity

Entity

Sentence

Sentence

Sentence

Sentence

Sentence

Possibly filtered by type

1 relevant
sentence per entity

Entity graph Top entities

“emergency landing”
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Syntactic/Semantic Tagging

• Goals: Identify multiword expressions and entities, support 
generalization, coarse disambiguation

• Tagger: Average perceptron HMM (Collins, 2002) general 
purpose tagger: efficient (millions of features, hundreds of 
classes), fast (thousands of sentences/sec)

•  State of the art: 3rd NIST Automatic Content Extraction 
Evaluation (ACE) 2007 (Surdeanu & Ciaramita, 2007) 

• Tasks: PoS Tagging, supersense tagging (Ciaramita & Altun, 
2006), named entity detection (CoNLL, BBN-WSJ, ACE, etc.)

• Research problems: robustness on Web data (domain 
adaptation), learning/evaluating from user-generated data 
(Mika et al., forthcoming)

Parsing/SRL

• Goal: extract structured information at sentence level (beyond the 
bag of words/document-centric models)

• Dependency parsing:

– Parser: Fast discriminative multilingual Shift/Reduce parsing 
(hundreds of sentences/sec) (Attardi, 2006); 2nd in Adaptation 
Task of CoNLL 2007 (Attardi et al., 2007)

• Semantic role labeling: 

– Joint parsing and SRL: 3rd best system at CoNLL 2008 
(Forthcoming)

• Research problems: how can structured linguistic representations 
be used to improve search/ranking problems? (Surdeanu, 
Ciaramita & Zaragoza, ACL 2008)



Web Usage: 
Extracting Semantics from Queries

Relating Queries (Baeza-Yates, 2007) 

q1 q2 q3 q4 queries

pages    

clicks   
common

words

common session

common

clicks

w w

common terms

links
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 Qualitative Analysis

Link spamMediumWeakLink

Term spamLowMediumTerm

Multitopic pages
Click spamMediumHighClick

Physical 
sessions

HighMediumSession

PolysemyHighMediumWord

NoiseSparsityStrengthGraph

Click Graph
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Node Degree Distribution

Connected Components
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Implicit Folksonomy? 

 Set Relations and Graph Mining

•  Identical sets: synonyms

•  Subsets:  specificity

– directed edges

•  Non empty intersections (with threshold)
–  degree of relation

• Dual graph: URLs related by queries

–High degree: multi-topical URLs 

Baeza-Yates & Tiberi

ACM KDD 2007
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Implicit Knowledge? Webslang!

Evaluation: ODP Similarity

•  A simple measure of similarity among queries using ODP 
categories

– Define the similarity between two categories as the 

length of the longest shared path over the length of the 

longest path

– Let c_1,.., c_k and c'_1,.., c'_k be the top k categories 

for two queries. Define the similarity (@k) between the 

two queries as max{ sim(c_i,c'_j) | i,j=1,..,K }
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ODP Similarity

• Suppose you submit the queries “Spain” and “Barcelona” to 
ODP.

• The first category matches you get are:

– Regional/ Europe/ Spain

– Regional/ Europe/ Spain/ Autonomous Communities/ 

Catalonia/ Barcelona

• Similarity @1 is 1/2 because the longest shared path is 

“Regional/ Europe/ Spain”  and the length of the longest is 6

Experimental Evaluation

• We evaluated a  sample of 1,000 thousand edges 
for each kind of relation

• We also evaluated a sample of 1,000 random 

pairs of not adjacent queries (baseline) 

• We studied the similarity as a function of k 

(the number of categories used)
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Experimental Evaluation

Final Remarks
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Open Issues

• Explicit vs. implicit social networks 
–  Any fundamental similarities?

• How to evaluate with (small) partial knowledge?
–  Data volume amplifies the problem

• User aggregation vs. personalization
–  Optimize common tasks
–  Move away from privacy issues

The Virtuous Cycle

Metadata
RDF

Wikipedia ODP

Flickr

Text
Anchors + links

Answers Queries+clicks

Explicit Implicit

Wordnet
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The Future: Web 3.0?

• We are at Web 2.0 beta

• People wants to get tasks done

– Where I do go for a original holiday with 1,000 US$?

• Take in account the context of the task

I want to book a vacation in Tuscany.
Start Finish

Yahoo! Experience

No Questions?
Contact: rbaeza@acm.org

 Thanks to  Massi Ciaramita, Peter Mika, Borkur Sigurbjornsson, 
Mihai Surdeanu, Andrew Tomkins, Roelof van Zwol, Hugo Zaragoza

Second edition
coming soon


