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Exploration?
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How do we explore?
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http://bit.ly/archive-search

Archive Search Engine for New York Times (1987 - 2007)

HistDiv (CHIIR’16)

SIGIR’16



History by Diversity(CHIIR’16)
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HistDiv 
Semantic Search 

Text Analysis
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Angela

Merkel Angela Merkel

Chancellor Merkel

NED System
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 first Labour MP, 
 Keir Hardie

NED System
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KB

NED 
System

Game maker Hasbro will include 
female Star Wars: The Force 
Awakens character Rey in their Star 
Wars themed Monopoly game 

Mention to Entity 
Mapping

Entity Descriptions 
(Keyphrases)

Star Wars
Force Awakens

Jedi
Movie
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Popular entities?  
Mine Wikipedia! (and homepages)

Fully Automatic

Longtail entities?  
No Wikipedia page or 

too little context.  
Maybe the web?

Fully Manual?
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? Keyphrases 
that describe the entity

NED 
System

Human in the 
loop
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Star Wars
Force Awakens

Jedi
Movie

Coverage Problem 
(over Keyphrases)

Problem Definition
Document Collection

(ambiguous) 
Entity Mention 
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Johannes Hoffart, Dragan Milchevski, Gerhard Weikum, Avishek Anand, and Jaspreet Singh. The Knowledge Awakens: Keeping 
Knowledge Bases Fresh with Emerging Entities. In Proceedings of the 25th International Conference Companion on World Wide 
Web (WWW '16 Companion). 
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Approach 
(Singh-Rank)

User Feedback User Engagement Robustness

Query: mention + a few initial keywords

Iterative Ranking Approach
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User Feedback

Rocchio Algorithm 
Expand Query with Keyphrases (positive and negative)
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Engagement & Robustness

• Specialization due to feedback 
• Diversification to find new 

keyphrases  

• Concept Drift due to diversification 
• Bring it back on track with 

Interleaving

MJ - golf, basketball

Star Wars - books and movies
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k = keyphrase 
S = Set of selected keyphrases 
   = consequential document 
   = inconsequential document
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• Static List: LM, Diversified list 
• Dynamic List: LM, Diversified list 

• Diversification: 
• Keyphrases as aspects 

• Large space, noisy 
• Nigerian people vs People of Nigeria 

• Entities as aspects 
• Joint Disambiguation is used 
• Smaller space, canonicalized 
• Keyphrases occur in the vicinity of entities 

Approach Setup
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Baselines
• LM - Language Model 
• LM-Feedback
• DivKp - Keyphrase Diversification 
• DivEnt - Entity Diversification 
• DivKp-Feedback, DivEnt-Feedback
• Interleaving Approaches 

• I (static-list, dynamic-list) 
• example: I (DivEnt, DivEnt-Feedback)
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Measures
• Extrinsic Measure 

• Disambiguation Accuracy

• Intrinsic Measures 
• Coverage of relevant keyphrases 
• User Engagement Index 

• Engagement Index

A= + - + - + -

B= + - - - ++

+ = Consequential Document
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Experiments
• Document Collection: Clueweb 09
• Query Workload: 50 long-tail ambiguous queries 
• Ground truth & NED: AIDA with YAGO2 (Wikipedia ’14) 

Query = ambig. mention + 3 keyphrases

• User Simulation: 

• FACC1 - high precision entity linking 
• Document Relevance 

• AIDA - entity descriptions 
• Top 1000 keyphrases based on MI score 
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Coverage
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Takeaways
• Diversification based approaches are better 

• Diversifying over keyphrases is not good 
• User feedback is helpful 

• Interleaving helps when two contrasting 
approaches are used 

• I (LM, DivEnt-Feedback) achieves the best 

balance between accuracy, coverage and 
engagement
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Conclusion
• Entity annotations are needed for specialised 

ranking and mining techniques 

• Longtail entities often found in archives are not 
present in Wikipedia, making NED tools less 
effective 

• NED of ambiguous long tail entities can be tackled 
with a human in the loop approach


