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Introduction

"Hypernymy extraction {...} may be the
best thing since sliced bread.”

* Noisy hypernymy dictionaries:
* /s-a dictionaries,
* COrpora,
 crowdsourcing, etc.

* The goal is to propagate hypernyms to
the less-covered words.
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Related Work

 Lexicographers: WordNet, RuThes, etc.
* Crowdsourcing: Wiktionary, etc.

* Sem. Classes: Pantel & Lin (2000s).

* Matching + MT: BabelNet, etc.

* Projection Learning: Fu et al. (2014).

* NNs: HypeNET, LexNET, etc.
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WATLINK: Overview

* Input: a set of

synsets §, a set of

relations R.

* Qutput: a graph N
that connects word
senses via

entity!

sign’

hypernymy. ickot? ag’

I_ ____________________________________
L

Word Relations : Word Transformation
[ Embeddings Matrix
|
|

Context : .| Nearest Neighbor Hyponym Vector Threshold Context
Construction Retrieval Transformation Filtering ”| Disambiguation
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|
I Context Expansion (Optional)

Semantic
Word Network
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WATLINK: Construction

* For each synset, a hierarchical context
IS constructed.

* Such a context represents all the
hypernyms for each word.

e.g. hctx({auto?, carl, automobile}) is
{vehicle, transport, motor vehicle}.

e Some words are more important,
some are less important - use tf-idf.
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WATLINK: Disambiguation

* For each word In hierarchical context,

the sense label is estimated.

h= argmax cos(hctx(S), S')
s'es,s+S',h'es’,
words({h'})={n}

e.g. {material, data} is likely to be
similar to {information!, data?, material®}
rather than to {material?, textile!}.

* Then, each synset is multiplied to its
disambiguated context - graph N.
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WATLINK: Expansion (Optional)

* Extract n nearest neighbors of each
hypernym using w2v.

* Multiply each hyponym vector to the
“projection” matrix and ensure that
the resulting vector is within 6.

supermarket _
corporation

organization

. o)
institution

bank
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Evaluation: Setup

* The synsets are obtained using the
WATSET method (our ACL 2017 paper).

* 55 369 synsets uniting 83 092 words

* Hypernyms from patterns, Wiktionary,
SAD - Joint (150K pairs w/o Exp).

* Projection learning: 20 matrices,
500 dimensions (our EACL 2017 paper).

* Meta-parameters: n=10, 6=0.6.
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Evaluation: Data & Measures

* Measures: precision, recall, F,-score.

 RuWordNet: a pair is matched iff
there is a path from hyponym to
hypernym.

« LRWC: “yes” or 'no” using microtask-
based crowdsourcing.
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Evaluation: RuWordNet

Method # of pairs | Precision | Recall | F -score
Patterns 1,597,651 | 0.1611 0.3255 | 0.2155
Patterns + SWN 236,922 | 0.1126 0.2451 | 0.1543
Patterns + Limit 10,458 | 0.3773 0.0157 | 0.0302
Patterns + Limit + Exp 10,715 | 0.3760 0.0160 | 0.0307
Patterns + Limit + SWN 46,758 | 0.1140 0.0717 | 0.0880
Patterns + Limit + Exp + SWN 47,387 | 0.1129 0.0722 | 0.0881
Wiktionary 108,985 | 0.3877 0.0898 | 0.1458
Wiktionary + Exp 110,329 | 0.3874 0.0907 | 0.1469
Wiktionary + SWN 177,787 | 0.1836 0.3460 | 0.2399
Wiktionary + Exp + SWN 179,623 | 0.1844 0.3464 | 0.2407
SAD 36,800 | 0.1823 0.1502 | 0.1647
SAD + Exp 37,702 | 0.1825 0.1515 | 0.1655
SAD + SWN 99,678 | 0.1385 0.1883 | 0.1596
SAD + Exp + SWN 98,085 | 0.1383 0.1879 | 0.1593
Joint 149,195 | 0.1719 0.2590 | 0.2067
Joint + Exp 151,150 | 0.1720 0.2594 | 0.2069
Joint + SWN 218,290 | 0.1687 0.3867 | 0.2350
Joint + Exp + SWN 216,285 | 0.1685 0.3865 | 0.2347
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Lexical Relations from the Wot(C

e | exical Relations from the Wisdom of
the Crowd (LRWCQ).

* License: CC BY-SA 3.0.
* https://nlpub.ru/LRWC

* 500 most frequent Russian nouns.
* 10 600 annotated unique pairs.
 / annotators per task, strict control.

*DOI: 10.5281/zenodo.546302
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Yandex.Toloka: Example

i +) flHpekc.Tonoka X
C' | @& HanéxHbin | https://toloka.yandex.ru/requester/assignment-preview/project/3887/pool/271961 Y oG
ﬂHﬂEKC TOﬂOKa MpoexTbl Monb3osartenu HaBblkn Mpodunb CoobLeHus dopym 0,005 wm NLPub NLPub
X 1846  O6wwe 1 YacTHble crioBa VHCTpyKums
MpaBaa nu, YTo COCTaB — 3TO PA3HOBUAHOCTL hOPMbI? Mpaspaa nu, 4TO NPUYMHA — 3TO Pa3HOBUAHOCTbL BblCKa3blBaHNSA? MpaBaa nu, 4TO YenoBek — 3TO Pa3HOBUAHOCTb MENoYn?
Aa fa Na
Her Her Het
MpaBaa nu, 4To onepauusi — 3TO Pa3HOBUAHOCTb Hayku? MpaBaa nu, 4To 6opbba — 3TO Pa3HOBUAHOCTL CThIYKU? MpaBaa nu, 4to 6opbba — 3TO pasHOBMAHOCTL 60sI?
la la Da
Het Hert Het
MpaBpa nu, 4TO co3paHNe — 3TO PAa3HOBUAHOCTb PacLUMPEHUsi? Mpaeaa nu, 4TO UCTOPUSt — 3TO Pa3HOBUAHOCTL pemecna? Mpaeaa nu, 4TO 0GBEKT — 3TO Pa3HOBUAHOCTL NpeameTa?
Aa ha Na
Het Het Het
Mponyctntb [Hanble

Ha rnaBHyio

Anpekc:

f | 1383 e 1491 u m G+ 321 PykoBoacTBo 3akasumka APl O6patHas ceasb  CornalweHue ¢ 3akasumkom  Hosoctu
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Quality Control: Surprise!!

3bfcca05aac7939942a9107830b46212
Obwwme n yactHble cnosa — 2017-04-14

30pacTByiTe XOPOLLOE 3afaHmne. Koraa eLwo nosesaTca 3agaHus’
Cnacwubo.
3bfcca05aac7939942a9107830b46212

Korga ewo nossnarca7

Bcerpga Bam pagbl.

14



\ Ural Federal
University

Evaluation: LRWC

Method Precision Recall F -score
RuThes 0.7035 0.9168 0.7961
Joint + Exp 0.6719 0.9002 0.7695
Joint 0.6726 0.8975 0.7690
Wiktionary + SWN 0.6287 0.8775 0.7326
Wiktionary + Exp + SWN 0.6254 0.8779 0.7304
Joint + SWN 0.5590 0.9306 0.6985
Joint + Exp + SWN 0.5569 0.9304 0.6968
RWN (Nouns) 0.5878 0.8400 0.6917
SAD + Exp 0.6313 0.6141 0.6226
SAD 0.6321 0.6121 0.6220
Patterns 0.4821 0.8710 0.6207
Wiktionary + Exp 0.7488 0.3485 0.4756
Wiktionary 0.7492 0.3467 0.4741
Patterns + Limit 0.6711 0.3103 0.4244
Patterns + Limit + Exp 0.6700 0.3105 0.4244
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Conclusion

* WATLINK propagates and
disambiguates hypernyms.

* [t Improves the hypernymy extraction
recall.

* This is useful for processing not-so-
frequent words.

e GitHub: dustalov/watlink, nlpub/hyperstar.
 LRWC 1.1:10.5281/zenodo.546302.
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Thanks!

Dmitry Ustalov,
IMM UB RAS / UrFU.

e https://nlpub.ru/
e dmitry.ustalov@urfu.ru

The reported study is funded by RFBR according to grant
no. 16-37-00554 mon_a. The author grateful to Microsoft
Research for providing free access to computational
resources of the Microsoft Azure cloud under the Azure for
Research Award program.
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