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Problem and Motivation
 In several text related applications (text retrieval, classification, 

paraphrasing), exact keyword matching misses much information.
 Example 1 – Paraphrase Detection Example 1 – Paraphrase Detection

 Sentence 1: “The shares of the company dropped 14 cents”
 Sentence 2: “The organization’s stock slumped 14 cents”

 Sentence 1 is a paraphrase of sentence 2.

 share is synonym to stock
 d i t l drop is synonym to slump
 organization is semantically related to company

 In bibliographical data different terminology used creates even In bibliographical data, different terminology used creates even 
greater problems.
 Example 2 – Web Search

Q “ h i l l i ” Query: “search engine log analysis”
 Semantically related queries: “study of web transactions”, 

“web queries log analysis”, etc.
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Our Solution in a Nutshell

 Unless stated otherwise,Unless stated otherwise, 
we use Stanford Tagger
for POS tagging, Porter 
Stemmer for stemming

Pre-processing: Part of speech 
tagging, phrase detection, Stemmer for stemming, 

and TF-IDF for term 
weighting.

gg g, p ,
stemming, term weighting

Word Sense Disambiguation

WordNet 2 0

Semantic Representation && 
Relatedness Computation

WordNet 2.0
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Summary of Contributiony

 A novel measure of semantic relatedness between 
text segments

 Embedding into bibliographical data classification and 
l t iclustering

 Empirical evaluation shows clear improvement over 
t diti l t t hi t h itraditional term matching techniques

 Novel implementation of the Omiotis semantic 
l t drelatedness measure

 all WordNet pair-wise synset relatedness values indexed in a 
database (11 billion combinations 600 GB of data ~1 sec fordatabase (11 billion combinations, 600 GB of data, 1 sec for 
retrieving 100 term-pair relatedness values)
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OMIOTIS: A Thesaurus-based 
measure of Semantic Relatedness
 OMIOTIS is a dictionary-based measure of semantic 

relatedness.

 It does not require any type of training. It relies in the use 
of WordNet.

 For the first time, the following important factors are 
id d i t dconsidered in tandem:

 Semantic path length
 Depth of senses comprising the path Depth of senses comprising the path
 Importance of the semantic edge types
 All of the available semantic information by WordNet is 

considered
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SR: A Measure of Semantic Relatedness
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SR Definition
For all paths between si, sj we compute the product 
SMC·SPE, and we keep the maximum value found

)),(),(max(),( jijiji ssSPEssSCMssSR 

SMC SPE, and we keep the maximum value found

Given two terms ti, tj we compute SR values for all 
their sense combinations and we keep thetheir sense combinations, and we keep the 
maximum found

))(()( SRttSR )),(max(),( jiji ssSRttSR 

We solve this problem with an altered Dijkstra p j
algorithms and Fibonacci heaps.

Semantic Relatedness Hits Bibliographical Data, George Tsatsaronis et al., WIDM'09, November 2, 2009, Hong Kong 10/22



OMIOTIS SR(t t )
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Implementation and Complexityp p y
 Index all pair-wise synset SR values in Microsoft SQL 

Server 2005 (11 billion)Server 2005 (11 billion)

 Dijkstra with Fibonacci heaps

One time cost A DB of 600 GB created One-time cost. A DB of 600 GB created.

 Index all term-to-term SR values we meet

P i 100 t i t k i t l 1 Processing 100 term pairs takes approximately 1 
second!

 Demo available at: http://omiotis.hua.gr
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DBLP Bibliographical Data Setg p
 Parsing of 7 conferences DBLP entries, for years 2006, 

2007, and 2008

 Selected to cover various disciplines with potential 
interest overlap 

 k-nn used as classifier

Comparison against Comparison against 
 k-nn with VSM model and cosine

 SVM with linear kernel SVM with linear kernel

 Naive Bayes
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Classification Results
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Bibliographical Data Clusteringg p g
 Computed the table with all the pair-wise similarities 

between paper titlesbetween paper titles.

 Omi (all edges included in the graph), Omi2 and Omi3 
(some edges prunned according to small thresholds)(some edges prunned according to small thresholds) 
and Cos.

 Used rb graph clustering from the CLUTO suiteg p g

 Also compared against standard k-means with cosine

Similarity 
Table

Omi(rb) Omi2(rb) Omi3(rb) Cos(rb) Cos(k-means)

macro F1 Score 0 622 0 62 0 61 0 611 0 581‡macro F1 Score 0.622 0.62 0.61 0.611 0.581‡
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Identifying Related Scientific Communitiesy g

 Clustered researchers of two teams (INRIA, Max-Planck) into 
five groups (Hypergraph partitioning offered by hMetis suite)five groups (Hypergraph partitioning offered by hMetis suite)

 Omiotis groups together researchers from both teams, based 
on the semantic relevance of their works

Analysis based on co-authorship only

Analysis based on Omiotis only
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Conclusions and Future Work
 Semantic information from word thesauri, like WordNet, 

can improve the quality of results in bibliographical data 
mining

 A prototype implementation of the proposed measure, 
ll f it i ti i l l li tiallows for its incorporation in large-scale applications

 For the first time, all pair-wise WN synsets similarities 
are indexedare indexed

 Future Work:
 Combine distributional similarity Combine distributional similarity

 Combine knowledge bases (e.g., Wikipedia, and WordNet, like in 
the case of YAGO)

 Incorporate more properties on the graph clustering (e.g., co-
citation analysis)
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QuestionsQ

Thank you very much for your attention!

Questions/Comments?
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