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Systems

Manually created lexico-syntactic patterns: PatternSim

Panchenko, A., Morozova, O., Naets, H. (2012). A Semantic Similarity Measure Based on Lexico-Syntactic
Patterns

Sabirova, K., Lukanin, A. (2014). Automatic Extraction of Hypernyms and Hyponnyms from Russian Texts

Word cooccurence counts: GNG

Bullinaria, J., Levy, J. (2007). Extracting Semantic Representations from Word Co-occurrence Statistics: A
Computational Study

Neural network: Word2Vec

Mikolov, T., Chen, K., Corrado, G., Dean, J. (2013). Efficient Estimation of Word Representations in Vector
Space
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Corpora

Name Description Tokens Documents Size, Gb
wiki Russian Wikipedia 238,052,379 1,159,723 3
web Russian Web Pages 567,914,057 890,551 7
librusec Lib.rus.ec book collection 12,902,854,351 233,876 149
Google Russian Google N-Grams 67,137,666,353* 591,310*
NIFETE *raw corpus *raw corpus

PatternSim: wiki (lemmatized), web
GNG: Google Ngrams

Word2Vec: wiki (lemmatized/non-lemmatized),
librusec
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PatternS1im — patterns

Patterns — extract semantically similar words from corpus

1. Takme/Taknx/Takmm NP, kak NP[, NP] n/unn NP — such NP as NP[, NP] and/or NP

B Poccuu pacnpocmpaHeHbl makue {[osowu]=HYPER} kak {[mopkoeb]=HYPQ}, {[nomudopei]=HYPO)}, {[kanycma]=HYPO} u
{[nyk]=HYPO}

Such {[vegetables]=HYPER} as {[carrot][=HYPO)}, {[tomato]=HYPOQO}, {[cabbage]=HYPO}, and {[onion]=HYPQO} are popular in
Russia

=> vegetable, carrot, tomato, cabbage, onion

2. NP, Takune/Takmnx/Takmm kak NP[, NP] n/unn NP — NP such as NP, NP[, NP] and/or NP

...{eucmem [eeposaHuli]=HYPER}, makux kak {[wamaHusm]=HYPO},{[nonumeusm]=HYPO},{[naHmeusm]=HYPO},
{[aHumu3m]=HYPO}

3. NP: NP[, NP] u/unu NP — NP: NP, [, NP] and/or NP

...Mup, nepedasaemnbitli Yerioeeky depes {ezo [owyweHusa]=HYPERY}: {[3peHue]=HYPOQO)}, {[cnyx]=HYPO},
{[o6oHsiHUE]=HYPOQO}, {[oca3zaHue]=HYPO} u dpyaue
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PatternS1im — patterns

4. NP[, NP][, a Takke/Takke Kak [u]/w/vnn] apyrue/opyrum/opyrmux/o apyrux NP

...ucrnonb3o8aHuem 3apaxeHHbix supycom {[wnpuuyes]=HYPO}, {[uen]=HYPOQO} u {Opyeux {meduyuHckux u napameOuUUHCKUX
[uHcmpymeHnmos]=HYPER}}

5. NP [n no cen geHb/B <A> Bpemsi] aTo/ecTb/aBnsaetcs/6bin [camblin] <A> NP

{PeHmeaeHocmpykmypHbil [aHanu3]=HYPQ} u ro celi 0eHb sensiemcsi cambiM {pacripocmpaHeHHbiM [Memodom]=HYPER} onpedeneHus
cmpyKkmypbl eeujecmea. ..

6. NP, Bkntovasa/s Tom uncne [u])/BkntountensHo, NP[,NP] n/unu NP

...cocyducmyto cucmemy {[no380HOYHbIX]=HYPER} xugomHbix, 8 mom yucre {[4enoseka]=HYPQO} u Hekomopbix 6€Cro380HOYHbIX
7. NP, [a] ocobeHHOo/B ocobeHHocTu/ocobo, NP[, NP] n/unn NP

L-ApauHuH exodum e {cocmae nenmudos u [6enkos]=HYPER}, ocobeHHO {8biCOKO codepxkaHue [apauHuHa]=HYPQO}...

8. NP, kak Hanpumep/B YactHocTu/Hanpumep/knpumepy, NP[, NP] n/unn NP

3Omo saensemcs 00HOU U3 OCHOBHbIX NPobriem npu rnpoekmuposaHuu ycmpoticme {uugpoeoli [anekmpoHuku]=HYPER}, 6 4yacmHocmu,
{uugpposnix [pomoannapamos]=HYPQO)}...

9. Bugbl/Tvnbl/popmbl/pasHoBugHocTu/copta NP, kak NP[, NP] n/unu NP

Takue 8udbli {[opyxusa]=HYPER} kak {[wnaea]=HYPQ} u {[panupa]=HYPQO} moxe npuducrisiom K medam, 4mo He

cosecemM 8epHO

10. NP - Bua/Tun/cpopma/pasHoBunagHoctb/copt NP

{[X066u]=HYPQ} — sud {uenose4veckol [0esmenbHOCMU]}, HEKOE 3aHAmue, yereYyeHue...
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PatternSim — algorithm

Input: Terms C, Corpus D
Output: Similarity matrix S [C x C]
1. K« from D extract sentences matching patterns

2. e; < number of sentences in K; from which both c; and c; were extracted
S. . — p.. . 2.I’Lb . P(C'Idcj)
() 1] b,,;*—l—b*j P(Ci)P(Cj)

p; — the number of distinct patterns which extracted the pair (c;, ¢)

b/ b,— the number of distinct words related to c; / ¢,

P(c) / P(c) — probability of c; / ¢; estimated on the corpus

4. Normalize S
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GNG — algorithm

Highly dimensional (~1M) sparse vectors
PPMI (positive pointwise mutual information):

P(w,cw,) )

a. = max(0, 1Og(P(w)P(CW.)

Sim(w;, w;) = cos(vector(w;), vector(w;))

Bullinaria, J., Levy, J. (2007). Extracting Semantic Representations from Word Co-occurrence
Statistics: A Computational Study
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GNG — data

Google Ngrams — Ngrams for n=1..5

collected from Google Books Corpus — for Russian: 67B
tokens / 590'000 volumes

Librusec: x5, Russian Wikipedia: x280
Only ngrams which occured in at least 40 volumes!

<N-gram> <Year> <Match_cnt> <Volume_cnt>

Kawa oka3anacb_VERB 1964

1 1
Kawa_NOUN mexagy ADP 1901 1 1
Kawmupbl _ADJ_ 1839 1 1
Kalle NpoayKTbl 1872 3 3
1 1

Kalla nepnosas_VERB 2000
Context of w — words to the right extracted from 5-grams starting with w

(right context window of size 5)
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GNG — results

abopureH KanbKynsaTop BOB

KOpPHSMY Tapudumkatop reHepan
BPOCLLNM pacyeTymnK "

B no
BO3QYLLHO
MOJSIKOBHMKA
NecCaHTHble
B
NONKOBHUK

Hi Oleg,

Yes, | would believe that the frequency thresholding on 3-grams, 4-grams, and 5-

grams would result in many fewer co-occurrences happening of two words than
actually occur in books.

Unfortunately we cannoft release the full list of Ngrams.
Good luck,

Yuri
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Word2Vec — algorithm

Skip-gram + negative sampling
the probability of word w to appear in context ¢

P(D =1|w,c;0) = (1 + e VWw)—1

optimizing parameters (word vectors W and context vectors V) to
maximize probability of real data and minimize probability of
random data

0* = arg max 1_[ P(D = 1|w,c;0) 1_[ (1—-P(D =1|w,c; 0),

(c,w)Ecorp (c,w)erand
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Word2Vec — corpus

Lib.rus.ec — part in FB2 format

Select books in Russian (lang=ru)

Convert to plaintext

Preprocessing
— convertetoe
— insert spaces around punctuation marks
— remove digits and special characters
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Word2Vec — similarity

Sim(w;, w;) = cos(vector(w;), vector(w;))

For out-of-vocabulary words:
* split by dash
sim(akTpuca, aktep-ctatucT) = sim(aktpuca, [akTep, ctaTtucTt]) = sim(aktpuca, aktep) = 0.75

sim(actress, dummy-actor) = sim(actress, [dummy, actor]) = sim(actress, actor) = 0.75

* remove prefixes

sim(aBToTEXHUKA, aBTOMOTOTEXHMKA) = SiM(aBTOTEXHMKA, [MOTOTEXHMKA, TEXHUKA]) =
sim(aBToTexHUKa, MOTOTEXHMKA) = 0.64

sim(auto-vehicles, auto-motor-vehicles) = sim(auto-vehicles, [motor-vehicles, vehicles]) =
sim(auto-vehicles, motor-vehicles) = 0.64
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‘ Word2Vec — metaparameters

the corpus and the number of iterations (sz500-w5)
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Word2Vec - metaparameters

the window size and the number of iterations (librusec 20%, sz500)
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Word2Vec — metaparameters

the window size and the vector size (librusec 20%, it1)
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RUSSE results

Method Corpus HJ RT AE AE2
max 0.763 max 0.959 max 0.956  max 0.985

patternsim web+wiki 0.372 0.754 0.708 0.797
patternsim wiki 0.322 0.755 0.724 0.784
patternsim web 0.322 0.745 0.696 0.775
skipgram-dim100-win10-iter1 lib 0.621 0.847 0.912 0.967
skipgram-dim500-win5-iter3 lib 0.654 0.903 0.912 0.965
(6th place) (6th place) (4th place) (5th place)
skipgram-dim500-win5-iter3 Wiki 0.532 0.731 0.881 0.914
nonlemm..

skipgram-dim500-win5-iter3 Wiki lemm. 0.601 0.803 0.771 0.928
skipgram-sim500-win10-iter3 lib 0.674 0.903 0.925 0.972
skipgram-sim500-win10-iter3 + lib 0.699 0.918 0.928 0.975
oov

right-context-window ngram 0.303 0.612 0.734 0.676
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‘ Error analysis

1. out-of-vocabulary words 14.4 % aBTOMOTOCPEACTBO
2. words with few occurences 20.3 % nepecrpaxoBaHue
3. non-common form 53 % nepecerneHka

4. too abstract hypernym 23.5 % ObITHOCTb

5. unknown error 342 % ?
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‘ Error analysis
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‘ Thank you

Questions?
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