
Acquiring Applicable Common Sense Knowledge
from the Web

Hansen A. Schwartz and Fernando Gomez

School of Electrical Engineering and Computer Science

University of Central Florida

Workshop on Unsupervised and Minimally Supervised Learning of Lexical Semantics. June 5, 2009. Boulder, Colorado.



INTRODUCTION

General Goal: Acquire common sense knowledge from the 

Web that can be applied successfully to Natural Language 

Processing problems.
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•Acquire words and phrases from the Web

•use of search phrases to automatically search

•use of a syntactic parser to increase accuracy

•Analyze relationship frequency data over WordNet

•produces probabilities between concept and noun

•Apply successfully to word sense disambiguation



INTRODUCTION

Common Sense Knowledge (CSK)

Knowledge which…

• … we use in everyday life without necessarily being aware of it.

• “…every person assumes his neighbors also possess.”
(Panton et al. 2006)

Examples

keys are kept in one’s pocket

keys are used to open a door
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INTRODUCTION

Motivation: Applications for NLP

1. He put the batter in the refrigerator

• lexical ambiguity

2. She ate the apple in the refrigerator

• syntactic ambiguity

• These problems can be solved via the knowledge:

Food is commonly found in the refrigerator.
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BACKGROUND

Related Work
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• Acquisition of Lexical Relationships

• VerbOcean (Chklovski and Pantel, 2004)

• ConceptNet (Liu and Singh, 2004)

• Manually built patterns (Hearst, 1992)

• Noun-noun relationships used for 

SemEval-2007 Task 4 (Girju et al., 2007)



BACKGROUND

Related Work
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• CYC (Lenat, 1995)

• Use of the Web for word sense disambiguation

• Acquired topic signatures (Agirre et al., 2001)

• Used directly in algorithm (Martinez et al., 2006; Schwartz and Gomez, 2008)

Motivation: This current work automatically creates a CSK 

database, where the type of knowledge is explicit. 



BACKGROUND

Prepositions and Relationships

• Prepositions state a relationship between two 

entities: 
a constituent of the sentence, and complement to the preposition

(Quirk et al., 1985)

in, into, inside, within, inside ofin area or volume

on, onto, atop, upon, on top of, down onon surface or line

prepositionsdescription
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BACKGROUND

Prepositions and Relationships

Examples:

• cup on table

• food in refrigerator

A relationship, e1Re2, exists between entities e1 and e2 if 

one finds “e1 is R e2.”
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NOUN ACQUISITION

Creating Web Queries from Search Phrases

• Parameters of a search phrase:
• nounA

• nounB

• prep

• verb (defined as part of the phrase)

• Example search phrases:

place nounA prep nounB

nounA is located prep nounB
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NOUN ACQUISITION

Web Search

• Algorithm

• Example
search phrase: place nounA prep nounB

web query: place * in the refrigerator

search using Google Search API (no longer supported), or Yahoo! Search Web Services (developer.yahoo.com/search)

for each search_phrase

for each prep

for each det

query = create_query(search_phrase, prep, det, nounB);

samples = websearch(query);
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NOUN ACQUISITION

Relationship during acquisition: nounA is [in | on] nounB
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NOUN ACQUISITION

Parse and Match

• Match missing parameter using Charniak’s Parser

web query: place * in the refrigerator => place something in the refrigerator

(VP (VB place)

(NP (NN something))

(PP (IN in) (NP (DT the) (NN refrigerator))))

web query result: He was told to place the mixed batter in the refrigerator

(S1 (S (NP (PRP He))

(VP (AUX was) (VP (VBN told) (S (VP (TO to)

(VP (VB place)

(NP (DT the) (JJ mixed) (NN batter))

(PP (IN in) (NP (DT the) (NN refrigerator))))]

(Charniak, 2000)

nounA = `batter’

(head noun of matching phrase)
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NOUN ACQUISITION

Example Eliminations from parse:

…(CC and)

(VP (VB place)

(PP (IN for) (NP (JJ several) (NNS hours)))

(PP (IN in) (NP (DT the) (NN refrigerator))))]

(VP (VB Place) 

(NP (NN something))

(PP (IN on) (NP (DT the) (NN road))))

(S1 (S 

(VP (VB Place) 

(NP (DT the) (NN organization)) 

(PP (IN on) (NP (NP (DT the) (NN road)) 

(PP (TO to) (NP (NN recovery)))))) (. .)))              (Charniak, 2000)
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web query result:

…and place for several hours in 

the refrigerator

web query:

place * on the road

web query result:

Place the organization on the 

road to recovery.



nounA in bowl



nounA in pocket



nounA on table



NOUN ACQUISITION

Frequency becomes Probability

pw(nA, R, nB)

This is the probability of nA being returned to a query for the 

relationship, R, with nB. 
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CONCEPT ANALYSIS

Relationships between concept and word

conceptA is [in | on] nounB

Concept as synset in WordNet (Miller et al., 1993)

(batter-1, hitter-1, slugger-1, batsman-1) 

“(baseball) a ballplayer who is batting”

probabilities for 

noun senses and

synsets
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CONCEPT ANALYSIS

Incorporating the ontology

Function recurs based on the idea that a concept 

subsumes the probability all of it’s hyponyms.

Example: (money-3) is-a (currency-1), so 

Pc(currency-1, R, ‘pocket’) subsumes 

Pc(money-3, R, ‘pocket’)
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CONCEPT ANALYSIS

Relationship probabilities after analysis: 

conceptA is [in | on] nounB
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EVALUATION

Disambiguation System
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• CSK not sufficient by itself

• Only one type of relationship

• Intended to be used to improve WSD

• Integrated into GWSD (Sinha and Mihalcea, 2007)

• High all-words results

• Compatible with WordNet

• Results from 4 graph metrics, easy to integrate our knowledge 

as a 5th metric.



EVALUATION

Disambiguation System
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• We use the  Pc(concept, R, nB) values, where concept 
corresponds to a sense of the target word.

• nB matches “prep det nB” within the sentence

• suggests all senses with Pc value greater than 0.75 

max Pc over all senses

• Voting combines the 4 GWSD predictions with CSK suggestions.

• Ties were broken with lowest sense number among those tied.



EVALUATION

Experimental Corpus
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• Needed annotated corpus with instances of nouns as 

prepositional complements.

• Annotated sentences from Wikipedia matching “prep det lemma”

• Lemma is one of the 30 nounBs for which we acquired relationships.

• 342 sentences with one target noun annotated per sentence. [in, on]

• Assigned all appropriate WordNet senses: 26.3% instances were given 

multiple senses due to fine-grained nature of WordNet. (Ide and Wilks, 2006)

• Only polysemous nouns.



EVALUATION

Experimental Corpus and Baseline

69.027.689.280.5342both

67.827.291.980.8211in

71.028.284.779.9131on

F1MFSF1rndF1hagreeinsts

insts: number of annotated instances

percentages:

agree: inter-annotator agree %

F1 values (precision = recall):

h: human annotation, rnd: random baseline,

MFS: most frequent sense baseline.
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EVALUATION

Results

7266037ties

70.569.067.366.4both

72.571.669.768.7in

67.264.963.462.6on

F1indegF1allF1indegF1all

with CSKwithout CSK

F1 values with and without acquired CSK:
all: using all 4 graph metrics

indeg: using only the indegree metric
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EVALUATION

More Results

• 54.7% of instances received at least 1 suggestion from CSK

• 24.5% of instances received multiple suggestions from CSK

Other options when using indegree metric predictions with CSK:

• F1 value when using MFS backoff for ties: 70.2

• Precision when not predicting ties: 71.9% (on 270 instances)
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CONCLUSION

Effective method of discovering relationships

• unique requirement to match syntactic parse of web query

Produced Relationship between concept and word

• used WordNet to produce conceptARnounB probability.

Successfully incorporated into WSD system

• 4.5% error reduction for top results
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CONCLUSION

Future Work
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• Exhaustively acquire CSK for all nouns

• Acquire other forms of CSK

=> Test on standard corpora

• Study and improve the effectiveness of the parse

• Improvements to concept analysis

• Improvements to application via alternative voting schemes
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Thank You!

www.eecs.ucf.edu/~hschwartz/CSK/

• Frequency Data 

• Experimental Corpus
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