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Questionanswering: Ideal examples
* |

Where 15 Romama locared! Europe

Whao wrote "Dubliners™? James Joyee

What is the wingspan of a condor? 9 feet

What is the populanoen of Japan? 120 million
What kirg signed the Magna Carta? King John
MName a flying marmmal. bat
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fInfo_rmation Retrieval / Text
Mining
Question Answering

Hinrich Schitze, IMS, University of Stuttgart
Wintersemester 2004/05, Dec 3

L

Today's topics
—

# Question answering



Why keyword retrieval doesnot work

N

“Low-relevancy” paragraphs according to keyword retrieval
sometimes do contain the answer.

Example: Who was the rst private citizen to y in space?

Ar chitecture

Questionanswering: Actual exampl

-

L

Why keyword retrieval doesnot worl

—

Highly “relevant” paragraphs according to keyword retrieve
often do not contain the answer.



Ar chitecture: Rationale (2)
N

Alternative: do pre-processing instead of processing on
the y

Examples:
Alphabetic search: Binary tree
Text search: Inverted index
Relational queries: Databases

Advantages: do all the work at “build” time, much faster
response time

But we don't know how to do this for QA

|

QA topics
Parsing T
Named entity recognition
Question type classi cation
Expected answer type classi cation
Aligning dependency structures
Scoring/ranking answers
Scoring/ranking paragraphs
Wordnet: morpholexical and semantic expansion
Evaluation

|
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Retrieval feedback

Ar chitecture: Rationale

Fast IR vs. Slow linguistic analysis
Loops increase precision
“Structural” components are used rst

“Fuzzy” and ranking components deal with uncertainty
and incompleteness if no “structural” answer is found.



Creatingthe dependencies

Recap: Naive Bayes

machine learning

Bayes' formula

generative model

training

decision criterion: f¢(x) = ~c %> ( (yes/no?)
independence assumptions

conditional independence
positional independence

Ar chitecture

Questionparsing



Termine: Montag, 13.12. Termine: Montag, 06.12.
N n

Institutsvortrag: Wolfgang Menzel, Parsing, 15:45 - Anette Frank, Salsa, Phonetiklabor, 11:30-13:00

17:15
Uebung faellt aus.

Neuer Termin: Dienstag, 14.12., 14:00-15:30, Raum
1.14 (Sondersprechstunde)

_ L
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Next topics Termine: Freitag,10.12
Vector space model / Ranking T f Text Mining Treffen in Heidelberg
Clustering Vorlesung faellt aus.
Latent Semantic Indexing Neuer Termin

Dienstag, 14.12., 11:30
Mittwoch, 15.12., 15:45
Donnerstag, 16.12., 11:30

| L

.~ p.20/64



Wordnet: Namedentities Ar chitecture

N n
| L

Wordnet example: Saguaro Namedentities
- N

What is the largest variety of cactus?



Answersto de nition questions Ar chitecture

N |
_ L

Examples: De nition questions De nition questions
N n



ExpectedAnswer Types: Examples

Answer Type Taxonomy

N

De nition questions

—

Google examples

easy example
hard example

Ar chitecture



Ar chitecture Most connectedtops of ATT
N n

ATT = Answer Type Taxonomy

| L
Wordnet: How its information is used Mapping Language(NER) —EATT
7 - N

Many-to-many mappings between named entities and top:
of the Expected Answer Type Taxonomy (EATT)



Ar chitecture Wordnet alternations

N n

| L
anking paragraphs: Answer windows Wordnet: Classes
7 - N



Aligning dep's: Questionl Ar chitecture

N |
_ L

Aligning dep's: Question?2 Aligning dep's: Questionl
N a



Example Q-A match: Organization Aligning dep's: Merge

N |
_ L

Example Q-A match: Currency(1) Inferring templates
* N a



Example Q-A match: Person(2) Example Q-A match: Curr ency(2)

B a
_ L

Ar chitecture Example Q-A match: Person(1)
N |



Ar chitecture

Retrieval feedback

|
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N

|
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Scoring/Ranking answers

Featuresusedfor perceptron

number of question words matched in same phrase as
EAT

number of question words matched in same sentence
as EAT (so the extracted text can be longer than
sentence?)

EAT followed by punctuation sign: yes/no

number of question words matched at most 3 words
and one comma away from EAT

number of question words occurring in the same order
as in question

average distance of question words from EAT
number of question words matched



~valuation: Effect of number of EATS Futur e of QA

- N
] L

Evaluation: Contrib ution of loops TREC9 evaluation results
- B



Evaluation: De nition of sets Evaluation: Effect of “knowledge”

N n
| L

Evaluation: Effect of learning Evaluation: Repetition of loops
- N
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