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Bags of Words

• Most efficient (and still very effective) 
retrieval models treat words/terms as 
independent

• Generalized models based on (log-)linear 
combination of features of both query and 
document

SW(D;Q)=∑j wj·fj(D,Q)
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Syntactic Dependencies

I did not unfortunately receive an answer to this question

Maximum directed spanning tree

7

nn-1 = 109 = 1 billion 
possible trees!



Cross-Language Syntax
Parser projection

Auf Fragediese bekommenichhabe leider Antwortkeine

I did not unfortunately receive an answer to this question

8

Source language

Target language
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Cross-Language Syntax

9

Tschernobyl könnte dann etwas später an die Reihe kommen

Then we could deal with Chernobyl some time later

Structures not isomorphic:
use quasi-synchronous alignment features
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Also C-command, descendant, “none of the above”
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Question Answering

• Human vs. machine: Compare search engine 
queries with, e.g., StackOverflow

• Current QA systems perform simple 
“factoid” retrieval

• Who invented the paper clip?

• Where is the Valley of the Kings?

• When was the last major eruption of Mt. 
St. Helens?
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Question Answering
Example: Indri system 

used as first stage of IBM 
Watson

What kind of answer is 
the user expecting?
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