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Motivation
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Two Worlds of Computational Lexical Semantics

rlven Approach

Eur 0W01d Nel

BabelNet

N ¥ ¥
H_,g%}é(_“va
/' N )

oA

Alexander Panchenko

5/45

Data-Driven

ﬂ@BlmText

Linking Lan
with ©

word2vec

Tool for computing continuous distributed representations of words.

®Serelex

Semantic Vectors



Lexical Semantics
008000

Semantic Resources

A semantic resource is an graph (C, R):
m nodes C represent terms;

m edges R represent untyped semantic relations.

means of transport
vehicle
car,automobile

large vehicle
truck, bus, van

electric vehicle
electromobile

air-cushion vehicle
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Semantic Resources: WordNet
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Named Entiies.

python
Large Old
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python
Asoothsaying spirit or @ person who is possessed by such a spirt
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Python

(Greek mythology) dragon killed by Apolio at Delphi
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Python (programming language)

Python is a widely used general-purpose,
language

+level programming

017132240

Monty Python, Python (Monty)
Monty Python was a Brsh surreal comedy group that created

Monty Python's Flying Circus, a British television comedy sketch
show that first aired on the BBC on 5 Oct r 19¢

011576700

Pythonidae, family Pythonidae, Python (snake)

In some classifications a family seperate from Boidae comprising
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A multilingual Wo
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BabelNet
PTN Arabic ] Chinese ench ] German ] Gree
® Dictionary
Python (p -Python il -Py‘lhon
programming - Pylhon:iK Python p i

.pyc - PEP8 - Python prog - Python computer language - Py3K -
PythonLanguage - Python3 - .pyo - Python2 - Pyston - Pylhancode Py
(file extension) - The Zen of Python - Python3000 -

implementations - Python 2 - Pylhonscnphng Ianguage Pythonlstas
Python + Python P - Pythonic -
Python Enhancement Proposal

Python is a widely used general-purpose, high-level programming language.

llanguage * Dynamic programming language

EXPLORE NETWORK

object-oriented programming language

Translations

= s ol o s Python o

® Python, Pythor

&IHEE, Pythons

Python, Pythor
PEP8, Python
code,

thon programming, Python 3K, Python proy
mputer language, Py3K, PythonLanguage, Python3, .pyo, Python2, Pys
hon3000, Python implementations, Python 2, Python soripting language,
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Semantic Similarity
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Semantic Similarity Measures

A semantic similarity measure quantifies semantic relatedness input
terms ¢;, ¢; with the similarity score s;; = sim(c;, ¢;):

o J1 if (ci, cj) is a pair of syn, hyper, cohypo
Y10 otherwise

Properties

m Nonnegativity: 0 < s; < 1;
m Reflexivity: s =1 ¢ =¢j;

® Symmetry: s;; = sj;;
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Semantic Similarity Measures

m Many dissimilar pairs, few similar pairs: s;; ~ exp(\):

Syn+Rogets+WordNet
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m Similarity distribution of the term “doctor™

—A Semantic Similarity Measure
-=A Dictionary (Syn+Rogets+WordNet)

Similarity

0 50 100 150 200 250 300 350 400 450
Rank of the related term (sorted by similarity)
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Pattern-Based Measure
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A live demo

m http://serelex.org

ferrari| Search computational linguistics | | Search

Results count: 367 Results count: 88

[N NN I L

Show all results...
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Pattern-Based Measure
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Lexico-syntactic patterns

m 18 patterns that extract hypernyms, co-hyponyms and

synonyms

O such NP as NP, NP[,] and/or NP; O NP, for example, NP, NP[,] and/or NP;
O NP such as NP, NP[,] and/or NP; O NP i el]NP;

O NP, NP [,] or other NP; O NP (or NP);

O NP, NP [,] and other NP; O NP means the same as NP;

0O NP including NP, NP [,] and/or NP; O NP, in other words[,] NP;

00 NP especially NP, NP [,] and/or NP; O NP, also known as NP;

O NP: NP, [NR] and/or NP; 0O NP also called NP;

0 NP is DET ADJ).Super! NP; 0O NP alias NP;

[0 NP e.g., NP, NP[,] and/or NP; O NP aka NP.
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Patterns are encoded as FSTs

m Finite State Transducers (FSTs)
m Open source corpus processing tool Unitex:
http://igm.univ-mlv.fr/ unitex/



http://igm.univ-mlv.fr/~unitex/

Pattern-Based Measure
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A pattern encoded as an FST
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m Take into account linguistic variation

m Unlike string-based patterns (Bollegala et al., 2007)
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Pattern-Based Measure
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Patterns extract concordances

m such diverse {[occupations]} as {[doctorsl},
{[engineers]} and {[scientists]}[PATTERN=1]

m such {non-alcoholic [sodas]} as {[root beer]} and
{[cream soda]}[PATTERN=1]

m {traditional[food]}, such as
{[sandwich]},{[burger]}, and {[fryl}[PATTERN=2]

Alexander Panchenko 18/45
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Corpus Wikipedia4+-ukWaC: 2.9 - 10'? tokens

[ #Documents | #Tokens | #Lemmas [ Size |

[ Mame
Walky 26 ELS 2026107 | 3 368,147 588 Gb
uk Wal® 26494 643 (LEED 107 | 5 460,313 11.76 Gh
Walky + ukWal 5387431 2015107 | 7,585 089 17 6 Gh

Tabie 2.5: Corpora used by the Patte mSim measure.

Extracted concordances

m Wikipedia — 1.196.468
m ukWaC - 2.227.025
m WaCypedia+ukWaC — 3.423.493

Alexander Panchenko 19/45
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PatternSim Semantic Similarity

_ 2-pp  Pla,q)
~VP b by P(e)P(g)

€jj . .. .
m P(ci,q) = ﬁjelj — extraction probability of the pair (¢, ¢;), €j;
— frequency of co-occurrence of ¢; and ¢; in concordances K
m P(c) = % — probability of the term ¢;, f; — frequency of ¢;
m b, = Zj ej=p 1 — the number of extractions for term ¢; with
the frequency > 3, up = ‘C‘ Zlq b« — the average number
of extractions per term

m pjj € [1;18] — number of distinct patterns which extracted the
relation (c;, ¢;)
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Semantic Relation Ranking

m Precision is comparable or better w.r.t. the baselines;
m Recall is lower w.r.t. the baselines.
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Figure: Precision-Recall graphs (the BLESS dataset).
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Semantic Relation Extraction

g 4 R
L
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m Precision@1 ~ 0.80;

m “Good" coverage:

kappa:
~ kappa: 0.631
x kappa:

computational linguistics | Search | Word to search for: [computational linguistics _Search WordNet |

tically related words

Display Options: |(Select option to change) v | Change
Key: "S:" = 8

ow Synse

semantic) relations, "W:" = Sh

0.6

Display options for sense: (gloss) "an example sentence”
Noun

« S: (n) computational linguistics (the use of computers
applications)

o direct hyponym / full hyponym
« S: (n) machine translation, MT (the use of co
one language to another)

| sister tern
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Hybrid Measures
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Hybrid vs Single Measures
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Figure: Semantic relation extractor based on:
m (@) a single similarity measure;

m (b) a hybrid similarity measure.
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Hybrid Measures
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16 Features = 16 Single Similarity Measures

m 5 network-based measures :
WuPalmer;
Leacock and Chodorow;
Resnik;
Jiang and Conrath;
Lin.

m 3 web-based measures (NGD-Yahoo/Bing/Google);
m 5 corpus-based measures:

= 2 distributional (BDA, SDA)

m 1 lexico-syntactic patterns (PatternSim)

m 2 other co-occurence based (LSA, NGD-Factiva)
m 3 definition-based measures

ExtendedLesk;

GlossVectors;

DefVectors-WktWiki.

Alexander Panchenko 25/45



Hybrid Measures
0080000

Implementation of the baseline measures

m Semantic Vectors:
https://code.google.com/p/semanticvectors/

m S-Space Package:
https://code.google.com/p/airhead-research/

m WordNet::Similarity:
http://wn-similarity.sourceforge.net

m NLTK: http://nltk.googlecode.com/svn/trunk/doc/
howto/wordnet.html

= WikiRelate!
m PatternSim: http://serelex.org

m Web-based metrics:
http://cwl-projects.cogsci.rpi.edu/msr
m LSA: http://1sa.colorado.edu
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Hybrid Measures
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Supervised Combination of Measures

B Logistic Regression

A binary logistic regression;

Positive examples — synonyms, hyponyms, co-hyponyms;
Negative examples — random relations;

A relation (c;, t, ¢j) € R is represented with a vector of
pairwise similarities: x = (s}, ...,s}’), N = 2,16;
Category yj:

~_Jo if (ci, t,cj) is a random relation
Yi 1 otherwise

Using the model (w1, ..., wg) for combination:

1 K
cmb k
s =z = E WkS;i + .
y 1 e—z’ p )
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Hybrid Measures
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Supervised Combination Methods
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Hybrid Similarity Measures

0.95 0.995
09y 0.99
0.85 0.985
B 0.8 5 098
2075 Z
£ g 975 R Mean-S8a
0.7, = 097 H-MeanNnz-S8a
’ = H-MeanZscore-S8a
0.65 0.965 |- - H-Median-S10
—+~H-Max-$7
0.6 0.96f | - - H-RankFusion-S10
055 0955, |~ H-RelationFusion-S10
== H-Logit-E15
0. :
04 05 06 07 08 09 1 0% 005 01 015 02 025 03 035 04 045 05
Recall Recall

Precision-Recall graphs calculated on the BLESS dataset:
m (a) 16 single measures and the best hybrid measure Logit-E15;
m (b) 8 hybrid measures.
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Supervised Hybrid Similarity Measures

Accuracy -- SN

bs 0.84
0.75 0.82
0.7 08
-
0.01 065 001
0.78
0.001 06 0001
0.76
0.0001 -5
: 0.0001 074
01 1 10 100 1,000 10,000 01 1 10 100 1000 10,000

C

Figure: Meta-parameter optimization with the grid search of the
C-SVM-radial-E15 measure.
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Word Embeddings

Key facts

Word embedding is a dense vector representing a word obtained
during a training of a neural network on a big corpus.

m Semantic similarity is cosine of word embeddings.

m The training process is known as representation learning.

m Learning methods rely on distributional hypothesis of Harris
(1954), similarly to classical distributional models.

m Most popular representation learning methods:

m Continuous Bag of Words (CBOW)
m Skip-Gram Model
m Global Vectors of for Word Representation (GloVe)

Alexander Panchenko 32/45



Word Embeddings

Distributional Hypothesis: "You shall know the word by the
company it keeps" (Firth, 1957)
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Word Embeddings

Skip-Gram Model

m Probability that word w appears in some context c:

1

P(D = 1w, i0) = 7o —vow,

m Assign high probability to (¢, w) pairs which appear in texts
(corp) and low probability to the ones which cannot (rand):

0* = argmax H P(D=1lw,c;6) [] (-P(D=1lw,c;0))

(c,w)€Ecorp (c,w)€rand

m 0 = (V, W) are two matrices with columns V. and W,,
contain vectors of dim dimensions of the context ¢ and the
word w.

m The "embedding" of the word w is the vector W,,.

Alexander Panchenko 34/45



Word Embeddings

Shared Task on Russian Semantic Similarity

>
&
DIQLOGUE

m www.dialog-21.ru/en/evaluation/2015/semantic

m Relatedness track: Synonyms, Hypernyms, Human
Judgements about Semantic Similarity

m Associative track: Free associations

Alexander Panchenko 35/45
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Evaluation

Word Embeddings

wordl word2 sim

netyx (cock) nerymok (cockerel) 0.952
mo6epexse (coast) 6eper (shore) 0.905
THI (type) Buz (kind) 0.852
muis (mile) uometp (kilometre) 0.792
yamka (cup) nocyza (tableware) 0.762
nruna (bird) netyx (cock) 0.714
BOMHa (war) BO¥icka (troops) 0.667
yauua (street) kBaprai (block) 0.667
gobpososer (volunteer) geBu3 (motto) 0.091
axkopj (chord) yaeibka (smile) 0.088
SHeprus (energy) Kpu3uc (crisis) 0.083
Gexgcraue (disaster) mwiomazns (area) 0.048
TIpoM3BOACTBO (production) aKMnax (crew) 0.048
mausauk (boy) myzper (sage) 0.042
npu6sLIb (profit) npeaynpexaeHHe (warning) 0.042
HanuToK (drink) MamuHa (car) 0.000
caxap (sugar) noxxof (approach) 0.000
nec (forest) moroct (graveyard) 0.000
npakTHKa (practice) yupexeHue (institution) 0.000
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Best Systems

Model ID

HJ

RT-AVEP

AE-AVEP

AE2-AVEP

Method Description

5-ae-3

0.7071

0.9185

0.9550

0.9835

Word2vec (skip-gram, window size 10,
300d vectors) on ruwac + lib.ru + ru-wiki,
bigrams on the same corpus, synonym
database, prefix dictionary, orthographic
similarity

5rt3

0.7625

0.9228

0.8887

0.9749

Word2vec (skip-gram, window size 10,
300d vectors) on ruwac + lib.ru + ru-wiki,
synonym database, prefix dictionary,

ic similarity

1l-ae-1

0.6378

0.9201

0.9277

0.9849

Desicion trees based on n-grams (Wikipedia
titles and search queries), morphological
features and Word2Vec

15-rt-2

0.6537

0.9034

0.9123

0.9646

Word2vec trained on 150G of texts from
Lib.rus.ec (skip-gram, 500d vectors, window
size 5,3 iteration, min ent 5)

16-ae-1

0.6395

0.8536

0.9493

0.9565

GloVe (100d vectors) on RuWac
(lemmatized, normalized)

9-ae-9

0.7187

0.8839

0.8342

0.9517

Word2vec CBOW with window size

S on Russian National Corpus, augmented
with skip-gram model with context window
size 20 on news corpus

17-rt-1

0.7029

0.8146

0.8945

0.9490

Distributional vector-based model, window
size 5, trained on RUWAC and NRC,
plmi-weighting

9-ae-6

0.7044

0.8625

0.8268

0.9649

‘Word2vec CBOW model with context
window size 10 trained on web corpus

15-rt-1

0.6213

0.8472

0.9120

0.9669

Word2vec trained on 150G of texts from lib.
rus.ec (skip-gram, 100d vectors, window
size 10, 1 iteration, min cnt 100)

1rt3

0.4939

0.9209

0.8500

0.9723

Logistic regression trained on synonyms,
hyponyms and hypernyms on word2vec
features with AUC imizatic

12-rt-3

0.4710

0.9589

0.5651

0.7756

Applying knowledge extracted from
Wikipedia and Wiktionary for computing
semantic relatedness

Alexander Pa

henko
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Word Embeddings

Skip-Gram on 150Gb of lib.rus.ec corpus

1 [6penan narhpem Ueppu oS O15Ka MaACDY nampoaw 04080/ GaKAP/AM KOHBSK KOHBSKOM KO(he NYHLIA CONOA0BOTO GOKaN BUCKN nukepa nonGokana Kuf

2 [uauka Jowam hvamkm penst
3 |nnhns Bepmkanhuan NoNoCKa To4Ka MHUAMM UHMIO ypauvs Mosuyca nosuuus nponeub o4
"4 |mapc (OKOTIONYHHOM /yHy MUMAC TPHTOHE HETTyH A8 CATYPH NTYTOA MApCA CEICTUE MADCE BEHEpe BEHepa NaHET CATYpHa MepKypWi JanGaTaKy MepKy
5 |omap Xanum Jxessap xachus anb xanup, abaannax a6a Myca axmay Xyceiit amvp abynaGoac oMapy UGH yMap UCMAN XacaH MOXaMME/ XaMig, Myxammes &
"6 |kura CTPAHMLA KHKALLA TPWIOTMS GPOLUIOPA Nepe3aBANIACH PYKOMVCH KHUTe N3aHa M31aHHas MHOTOTOMHAS CE0PHMK GDOLLIODKA NbECA KHATW TETPagouK

7 peaut arponpomBatKe CCyAa KPEANTY KPEAUTOR KDEANTOM PYCHIMHAHC KPEAUTHI Ge3HaNY 3aEMLMK 38EM KPEAUTaM GECTIPOLIEHTHbIV GECTPOLIEHTHBIM GaHKOBC
8 |puiropa YBLITOK MPOCDHT BbITOA NPOCPUTY MAKCUMVZMPYETCH YCIYTa MADKa UHBECTVLIUA B3AUMOBBITORHOCTb BLITO/O/i HEBLITOLR BOIME3HA CYMMM GapbIL CB

9 |non nuHoneym napket i KOBEp HazeMb NUHONMYM nona ne
10 [ega A0/ NPoBMIR 3aYCKa TPANe3a BIYCHAS HEBKYCHA I0BCT XPATBA X(Paka N1eTKOYCBOSeMas HEBKYCHOH BOSIK NUTHe BINBK WAMOBKA SAS BIYCHO X

11 [asapust own6ia asapwel Avseponst aBapwsix NPOTEUKa X0AbIl
12 [crpara cynepaepxasa cTonMua Hauws chaNoﬁ TPy poga UMNEUA POCCUS TPELUA CTPAHE NNaHETa CBEPX
13 liopuct TN KOHCYNTUPYIOLMii NPaBOBEZ NPOKYPOP rePOHTONON IOPUCTOM NONUTIKOHOMMCT I0PUCTOB NOBEf
14|  COBCTBEHHOCTH)
15 [nonkop CHEpMUHT GATOHSKN MIOCHAMY TamMGYPIepsi LY FaHOb TPaHONY KATKAT NENCH APAXACOBLIM TBUKC aPBXVCOBOE CIMBMAM DROCTH3 GYPrEpbI KOpHC
16 |snageHve lorepamm BnajeloT NPOHUI BNaJeHNs! BNaIHNI0 BaEI0 BaieHM Hacnes|
17 [peup BewKy Xepb Gemenyluxa BEUBI0 WITYKY noﬂpnﬁhucn: LieHHas! camas! ey ceoetaka Beuya
18 npupopa cylHo Ayt npy
19| b poxgae

20 [posonponuTie  paGexy cpaxenue nogouue GparoyﬁwcmeHHaﬂ NPOAMTUE YCOBHO 6p:
21 |enuckon ‘enucKoNa NONNOH NaHrpCKuii XVHKMap npenar HacTosTeNt GOBIACKMI HapGOHCKAIi GOBe3CKi apxve

22 |gokTop LIaTOHHel NaliCTep AOKTOPa NareHTopN CTUCIeH Bpaya yakk HEipONCUXVIT MUCTEp CAllBonT AOKTOPOM Hesponor 614aMa [OKTOpY MelieHcTeliH 0Gep,
= ofbemoe

24 Jorypey, LyKUHM nIOWIMHKY T CanaT oryauow penaras HaKPOLIEHHIE CTPYIKOBbIl GaKTAXGH IUMOH NIONNYKA OMMAOP! LVHKYETCA NOMWIOPIMK OrypLa apﬁy
25 [cTexno cTeknom pasbutoe 6EMCKOe OKOHHOE cTekne cTekna
26 |ynuka KacTeTe KOMNpa 3aUenka WTY/bLEBCKYI0 KMB3pHa 3aLenoyKa 3akasyxa M3/IMHCA AAKTUNOTpad) CKUTaIbHOMY KyMeTOBCKVE NaTexKa yvke ynMKax
27 |oTMbiBaHMe OTMbIBKM OTMbIBKA OTMbIBKE HeBo3BpaT OchI 3apa6arbiBatie OTMbIBaHMI
28 [crpax i ii 0Bysin Vica aTaBuCTMIHOE ii Tpener i# Bcenor csem
29 [cpepa cpeno Hast

30 [ceaon PeCTHBAI ASKT TALLIPUTY CE30HE CE30H MYCCOHOB MYCOHHLIX WOt A0KAeH MYCCOHHbIX THMECTD CHOYGOPAHbIH OCEH, MATMAP NIeTa NETOM HECe3oH
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Applications

I[@ Applications of Semantic Similarity Measures
m Lexico-Semantic Search
m Filename Categorization
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Lexico-Semantic Search

Plan

I[@ Applications of Semantic Similarity Measures
m Lexico-Semantic Search
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Applications
oceo

Lexico-Semantic Search

Search for Related Words: the List and the Graph

m http://serelex.org

python Search

ally related words

programming language
\J\
ava— / \ snake
javascript — 5GPt king cobra
10n zard
hacking
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Applications
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Lexico-Semantic Search
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Filename Categorization

Short text classification with Vocabulary Projection

18XGirls Yulia HD Widget Android

{} {ekaterina, sonya, daughter} {gadget, menu, button}

Plan9 Unix

{linux macintosh, solaris, freebsd, bsd, window, platform, novell, sco}

Sexart 10 04 05 Nedda A Presenting

{} {adina, gilda, mimi, juliette, marguerite, heroine, lucia, lui, role}
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Evaluation of the Vocabulary Projection

Training Dataset Test Dataset Accuracy Accuracy (voc. projection)
Gallery (train) Gallery 96.41 96.83 (+0.42)
PirateBay Title+Desc+Tags PirateBay Title+Desc+Tags 98.92 98.86 (—0.06)
PirateBay Title+Tags PirateBay Title+Tags 97.73 97.63 (-0.10)
Gallery PirateBay Title+Desc+Tags 90.57 91.48 (+0.91)
Gallery PirateBay Title+Tags 84.23 88.89 (+4.66)
PirateBay Title+Desc+Tags Gallery 88.83 89.04 (+0.21)
PirateBay Title+Tags Gallery 91.16 91.30 (+40.14)

Table: Performance of an C-SVM linear classifier (10-fold cross

validation).
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