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  Agenda

•  The Power of Data

•  Examples

–Improving Image Search (Faceted Clusters)

–Searching the Wikipedia (Correlator)

–Understanding Queries (Search Pad)

• Impacts not only relevance but also the UI

• Concluding Remarks
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Content and Metadata trends

[Ramakrishnan and Tomkins 2007]
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Examples

Metadata
RDF

Wikipedia ODP

Flickr

Text
Anchors + links

Y! Answers Queries+clicks

Explicit Implicit
Wordnet

UGC

Private

ScaleBlogs,
Groups

Quality?
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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

  

– Popularity

– Diversity

– Quality

– Coverage
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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!)
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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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Semantic Breakup of 
Tag Clouds

• Tag-cloud is organized by grouping together tags that have 
similar meaning
• The related terms are calculated using a probabilistic 
framework using different conditional probabilities to get a 
mixture of general and specific terms

•The grouping is a two levels

– Where? What? When?

– Locations, subjects, names, activities, time

•The classification of tags is derived using a machine learned 
classification of Wikipedia pages

Overell, Sigurbjornsson and van Zwol, WSDM 2009  Sigurbjornsson and van Zwol, WWW 2008  
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Tag Mining - Classification

• Assign tag semantics using WordNet broad categories

– Paris :: location 

– Eiffel Tower :: artefact

– Coverage: 52% of tag volume
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Tag Mining – Classification 

• Extend this mapping using patterns found in Wikipedia

– Upper bound 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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TagExplorer

• http://sandbox.yahoo.com/TagExplorer
• A prototype for browsing Flickr photos
• Provides query refinement for …

– … drilling in to more specific topics
– … zooming out to more general topics
– … side-track to a related topic

• Organizes refinement terms …
– … in a tag-cloud
– … groups together semantically similar terms 
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TagExplorer - Example
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Could suggest tags: nice but ....
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Dimensions of Diversity

• Topical diversity
Query: “Jaguar”

• Visual diversity
Query: “Jaguar X-type”

• Other dimensions: spatial, temporal, social
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Topical Diversity

• Diversification as part of the retrieval model
– Query Likelihood (full index, tags only)
– Relevance model (full index, tags only, dual index)

• Topics
– 95 topics extracted from Flickr search logs
– 25 ambiguous topics

• Collection: 
– 6M public photos from Flickr (Title, description and tags)

van Zwol, Murdock, Garcia-Pueyo, Ramírez.  ACM MIR 2008.
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Retrieval Performance

• Unambiguous topics

• Ambiguous topics
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  Use Visual Annotations

Flickr allows another kind of annotations (notes)

� Associate text with visual area

� Highly relevant to content

 �  Visual Annotation

� Valuable to learn different 

    the visual representations  of 
an object

Olivares, Ciaramita, van Zwol. ACM Multimedia 2008Olivares, Ciaramita, van Zwol. ACM Multimedia 2008
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     Content-based Image Retrieval

1. Extract visual features and describe them

– Processed 12,000 images.
– Computed Harris and Hessian features
– Described using SIFT

1. Build visual vocabulary

– Clustered SIFT descriptors to create vocabulary of 10,000 
words

– Implemented an approximate K-means algorithm
– 3 resulting vocabularies: based on Harris, Hessian and a 

combination of those 2 features.

k-means 
clustering

SIFT descriptors

} Visual vocabulary 
10k words
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High-level search outline

 (1) User performs a query (e.g. ”coke can”)

 (2) Visual annotations matching the query are selected

(2)

(1)
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High-level search outline

(3) For each annotation, the top k similar 
images are retrieved, using content-based 
image retrieval

(2)

(1)

(3)
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High-level search outline

(4) The result lists are aggregated to obtain the 
final result ranking

(2)

(1)

(3)

(4)
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Evaluation

Hypotheses:

� H1: Rank aggregation using visual annotations 
will significantly improve the retrieval 
performance in terms of precision

� H2: Tag-based search combined with CBIR using 
visual annotations will improve retrieval in terms 
of precision
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Results: Systems comparison

Tags only
Visual Annot.

Agg Visual Annot.
Visual Annot. + Tags

Agg Visual Annot. + Tags

H1

H2

}
  

}H1
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Application: Faceted Image Search 
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Bridging implicit and explicit metadata
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Language, Text, Search & “Semantics”…

Pablo Picasso was born in Málaga, Spain.

Pablo
Picassowas

born
Málaga Spain

÷£¿ ¥ ÷ c£ËËð £Ë ¿¥r© © X£ £g£, Ë÷£ ©.� � � � � �

� £Ë
¿¥r©÷ c£ËËð�
÷£¿ ¥�X£ £g£� Ë÷£ ©�

÷£¿ ¥ ÷ c£ËËð� �  £Ë ¿¥r© © � � X£ £g£� , Ë÷£ ©� .
LOC LOCPER

÷£¿ ¥ ÷ c£ËËð £Ë ¿¥r© © X£ £g£, Ë÷£ ©.� � � � � �

IR

Text

NLP

Semantics born-in

City-in-Country{Person, Painter, XXth Century}
{etc., etc.…}
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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.
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Entity Containment Graph

query

Wikipedia
search

Sentences
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Example: Picasso
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Correlator

• URL: correlator.sandbox.yahoo.com

• Find relations in the Wikipedia

– Relate entities: names, places, dates

– Change the result interface

• If the query is not an entry in the wikipedia

– Synthetic page is created

• Based on linear time natural language parsing and 
competitive quality

Zaragoza, Attardi, Ciaramita, Atserias, Castillo, Mika, Surdeanu, .....
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 Correlator - Examples
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Overview page

• For topics without a 
Wikipedia page,  
Correlator creates a 
“synthetic page” with 
an overview of the topic

• Query: 
– art deco chicago

• Synthetic page:
– Defines Art Deco

– Defines Chicago

– Shows relations 
between Art Deco and 
Chicago
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Step 1: Definitions of query concepts

• Parse query using Wikipedia titles and redirects

– nyc parks => “New York City” parks

– art deco chicago => “Art Deco” Chicago

• Display first paragraphs of each from each concept’s 
Wikipedia page and sentences connecting the concepts
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Step 2: Relations between query concepts (1/2)

• Retrieve related sentences

– Output: Ranked list of sentences

• Aggregate sentences over Wikipedia pages

– Page score is the sum of the score of its sentences

– Output: Ranked list of pages

• Aggregate pages over Wikipedia categories

– Each relevant page votes for its categories

– Category score is the sum of its votes

– Output: Ranked list of categories containing releva nt 
pages
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Step 2: Relations between query concepts (2/2)
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 Synthetic page – another example
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Yahoo! Quest
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R. Baeza-Yates: “Graphs from search engine queries”. SOFSEM 2007.

Queries as implicit tags
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Click Graph
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barcelona

cheap barcelona hotels

barcelona hotels

luxury barcelona hotels

Specialize

brcelona

Correct

barcelona f.c.

Parallel move
Specialize

Rieh, S. Y. and Xie, H: “Analysis of multiple query reformulations on the web”. IPM  2006

Query-reformulation types

Specialize

Generalize
Generalize
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        SearchPad  SearchPad  
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Research Session

• What are the characteristics of a research session?

• Possible scenarios:

– Buying a house

– Migraine treatment

– Piano tuning

– ....

• Need for taking notes and remembering past actions and 
decisions

• Detection using machine learning
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Implicit Folksonomy? 
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Implicit Knowledge? Web slang!
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Experimental Evaluation
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Cliques & articulation points
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Hierarchical Clustering
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Hierarchical Clustering
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Open Issues

• Data Volume versus Better Algorithms

• Explicit versus implicit social networks 
–  Any fundamental similarities?

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

• User aggregation versus personalization
–  Optimize common tasks
–  Move away from privacy issues
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So what’s next?

We are far  from being done with innovation in sear ch engines

• Possible future

– The new frontiers: front-end and user experience 

• The most probable reason for users to switch betwee n 
quasi-equivalent engines is a better user experienc e

– We still don’t understand well information needs
 (will we ever? brain electrodes don’t work � )

– New search:  contextual content delivery

• Large scale usage data is key to getting there BUT
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Three major conflicting factors

PrivacyContextualization

Usage data at a very large scale

Over personalization endangers 
privacy   �

Contextualization doesn't

Long-term logs endanger 
privacy

More data via larger 
communities, makes data less 

personalized
 

wisdom of crowds does not 
work well on small corpora

More data over longer periods of time brings more i nsights

Contextualize the task: query intent detection
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The Virtuous Cycle

Metadata
RDF

Wikipedia ODP

Flickr

Text
Anchors + links

Y! Answers Queries+clicks

Explicit Implicit

Wordnet



Questions?
Contact: rbaeza@acm.org

 Thanks to   Carlos Castillo, Francesco Bonchi, Debora Donato, 
Yoelle Maarek, Peter Mika, Borkur Sigurbjornsson,

Roelof van Zwol, Hugo Zaragoza

Second edition
coming in 2010


