Kak onpegennutb ceMaHTUYeCKYHo
Orn30CTb CNOB HA OCHOBE Komnnekuuu
TEeKCTOB



CemaHTMYeCcKoe CXo0ACTBO C/10B

icnonb3yeTtca npu
CeMaHTUYeCKOM rpynmpoBaHnmn CrioB

HaxoxgeHun cxoacrea Mexay Tekctamu
(NpeanoXxeHnamm)

PacLunpeHmne noMcKoBOro 3anpoca u ap.
HaxoxaeHue cBda3en mexay 4acTaMm TekcTa

3agaya: BblpaboTaTb HEKOTOPYIO BEMUYMHY AN Napbl
cnoB: 1 — nonHoe cxoncTBo, 0 — HEeT HMKaKoro cxogcTea



OunctpmnbyTtmeHasa rmnoTesa (1954)

« JInHrBncTNYeCKne eauHuLbl, BCTPEYaIOLLIMECS B CXOKMX
KOHTEKCTax, UMeloT Ornmskme sHavyeHus.

« The degree of semantic similarity between two linguistic
expressions A and B is a function of the similarity of the
linguistic contexts in which A and B can appear.

 AKTMBHbIE nccnegoBaHusa ¢ 90-x rogos, koraa
NOSIBUIIOCb MHOIO TEKCTOB



CemMaHTUKa 1 agnuctpubyuma cnosa:
HarNAQHbIN NpUMep

Y10 TaKoe bardiwac?
OH npoTaHyn e byTbiNKY bardiwac-a.
MaAcHble 6at04a XOPOLLO coYveTatoTca ¢ bardiwac-amu.

[MoKaumnBasacb, Hangken noaHANCA HA HOTU, €ro INLLO PACKPACHENOoCh
oT bardiwac-a.

ManbbeK, oanH N3 ManoU3BECTHbLIX COPTOB bardiwa-4yHoz0
BMHOrpaja, XopoLlo co3peBaeT Noj, CoNHLem ABCTPanmu.

A noen xneba c cbipom, 3anNmMBana ero YyaecHbim bardiwac-om.

Hanutku 6binn BENMKONENHbI: U KPOBABO-KPACHbIN bardiwac wn
NIerkoe, clafikoe pemnHcCKoe.

Bardiwac — anKoronbHbIM HAaNUTOK M3 BUHOTPaAa HaCbIWEHHOrO
KpacHoro uBseTa.
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AOD the doctor. </p><p> "Just checking on the bardiwac , he boomed as he came back. "Edith's very
AOD </p><p>"Ihope you'll take to a good French bardiwac ,' chimed in Arthur Iverson jovially. *One
AOD “Our host did slip out to attend to the bardiwac &hellip;' </p><p> "That was before the shrimp
AOD Iverson did when he went through to see to the bardiwac before dinner.' Henry rubbed his hands.

AON and drinking red wine from France -- sour bardiwac , which had proved hard to sell. The room
AON eyes were alight and he was drinking the bardiwac down like water. “It is like Hallow-fair

AON quizzically at him and offering him some more bardiwac . </p><p> He shook his head. "I will sleep
A3C  drinks (as Queen Victoria reputedly did with bardiwac and malt whisky), but still the result

A3C Do we really “wash down' a good meal with bardiwac ? Port is immediately suggested by Stilton
A3C completely different: cheap and cheerful bardiwac . Two good examples from Victoria Wine are
A3C examples from Victoria Wine are its house bardiwac , juicy and a touch almondy, a good buy

ASE opened a bottle of rather rust-coloured bardiwac . I ate too much and drank nearly three-quarters
A66 elections, it was apparent the SDP of ° bardiwac and chips' mould-breaking fame at the time
AA0D the black hills. Not a night of vintage bardiwac . </p><p> Burnley: Pearce, Measham, McGrory

ABS SONS 0Id School -- the Marlborian navy, bardiwac and slim-white stripe. Heavy woven silk

ABS white-hot passion. We are like a good bottle of bardiwac ; we both have sediment in our shoes. </p>

AE0D few minutes later he was uncorking a fine bardiwac in Masha's room, saying he had something

AE0  the phone. Surkov silently offered me more bardiwac but I indicated a bottle of Perrier. </p>

AHU defenders as Villa swept past them like a bardiwac and blue tidal wave. </p><p> Things are difficult
AJM campaign. Refreshed by a nimble in-flight bardiwac , they serenaded him with a special song
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CemMaHTUYecKoe paccToaHue n paclindpoBKa
nepornndos

sim(—fls, ~®l_) = 0.770

e | N [T | mlas UL | Sl

(knife) Wl | 51 | 20 |84 0O 3 0
(cat) oo | 52 | 58 | 4| 4 6 26
?77? —Ffm | 115 | 83 10| 42 | 33| 17
boat) Jafa |l 59 | 30 | 23| 4 0 0
cup) —MNo | 08 | 14 | 6 2 1 0
pig) dal= | 12 17 | 3 D 9 27
banana) .M.\ | 11 2 | 2 0 18 0




EcTecTBEHHbIN A3bIK C TOYKU 3PEHUA KOMMNbOTEPA

get see | use | hear | eat kil
Baoe | N | Ul | mle [ 0. | S0

knife Wl | 51 | 20 | 84 0 3 0
cat —wa | 52 | 58 | 4 4 6 26
dog —Fw | 115 | 83 | 10| 42 | 33| 17
boat Jla] 59 | 39 | 23 4 0 0
cup —No | 98 14 | 6 2 1 0
pig dals | 12 17 | 3 D 9 27
banana . ™.\ | 11 2 D 0 18 0




Knaccuyecknn noagxon K co3aaHuio
BEKTOPHLIX MpeacTaBfeHnn CrioB

[MpenpoueccuHr

— TokeHunsauus, yoaneHue 3HakoB npennHaHus
OnpegeneHne KOHTEKCTa

— [NpegnoxeHne

— Konun4yecTtBo croB (CMMMETPUYHO/HECUMMETPUYHO)
[TogcyeT maTpuLbl COBCTPEHAEMOCTH

B3BellunBaHMe NpU3HaAKOB

BbluncneHne 6nm3ocTy Ha OCHOBE MONYyYEHHbIX
BEKTOPOB



B3BelunBaHue NpuU3HaKoB

* B3BelwMBaHME NMPU3HAKOB UCMNONIb3yeTCA 4yTObObI YMEHbLLWNTDb
BK/1a4 meHee 3Ha4YUMbIX MPN3HAKOB

* Jlorapudmmyeckoe B3BewmsaHme: X’ = log (x+1) (3akoH
Bebepa-PexHepa)
— CHWXaeT 3Ha4YMMOCTb YacToT

« CTaTtucTuyeckne Mephbl KOppensaLy NPUHUMAaOT B PacyéeT
4aCTOTHOCTb LIENEeBOro CnoBa M KOHTEKCTHOMO NpuaHaka

— YeM MEeHee 4YacTOTHO LienieBoe CroBo U, YTo bonee BaXkHO,
KOHTEKCTHbIN NPU3HAaK, TEM BblLLE BEC AN UX COBMECTHOro
ynoTpebneHusi, NOCKOSbKY ManoBepPOSATHO, YTO OHU ObINn
ynotpebrieHbl B 04HOM KOHTEKCTE Cny4YanHo




Mepa Mutual Information (Ml)

N — pasmep Kopnyca B
crioBax unm crioBoopmax;
f — frequency, yactoTa
COBMECTHOW BCTPE4YaeMOoCTH
napbl CNoB. a, b nnu
abcontTHas YyactoTta
oTaenbHoro crnosa a unu b
COOTBETCTBEHHO;

3 Teopun BEPOATHOCTEN:

| — B3anmMHaa nHgopmauus,
P — BEpOATHOCTU CNOB N NX
codeTaHun (ecnu criosa
He3aBUCUMbI, Mepa paBHa 0,
ecnu cesidaHbl, To 6onbuie 0),
T.0., Ml oueHnBaeT cteneHb
HEe3aBNUCUMOCTU MOSIBNEHNS
OBYX CINOB B Koprnyce.

MI > 1, TO crnoBoco4yeTaHue
CTaTUCTUYECKN 3HAYNUMO

P(a,b)

(@.0) =18, 5 )P o)

f(a,b)xN

MI=100  ax F(b)



Mepa B3anmMHoW MHdopMaL K

word;  words fobs f1 f>
dog small 8b5 33,338 490,580
dog domesticated 29 33,338 918
fﬂbs N - ft—DbS
MI(w. = | = |
(w1, wa) = logy o 082 fi- b

fobs — 310 YacToTa cnosocoyeTtaHus, f1 n f2 —yacTtoTtbl Ccrnos’



[To3nTBHAg noTto4yeyHasa B3amMmHas
MHOopMaLUngd

MI — MOXET NpUHUMaTb OTpuLaTesibHblIe 3Ha4YeHnda ang
penko BCTpevatowmxca aBneHunin (Cnos)

[To3nTMBHaAs noToyevyHas B3aMMHas MHGopMauns
— PPMI=MI, MI=0
— PPMI=0, MI<0

Pesynbratbl kK 2012-2013rT:

PPMI| — nokasana nydywimne pesynbraTthbl B pa3HbIX
9KCMEPUMEHTAX Mo CpaBHEHUIO C APYrMMu cnocobamu
B3BeLLUMBaAHUA B 3aadax BOCNpon3BeaeHns
ceMaHTn4ecKkoun 6m3oCcTu CrioB




PaccTtoaHue mexKay c1oBamMU: reoMeTpuyeckas
MHTepnpeTaums

«  Cr1poka B Tabnuue — BEKTOP, ONMUCLIBAIOLLMIA
COOTBETCTBYHOLLEE CNOBO

* Cronbeu B Tabnuue — ogHa U3 KoopanHat
NpPOCTPaHCTBAa, B KOTOPOM 3aaH 3TOT BEKTOP

« BaxHO HarnpaslneHe BeKTopa, a He ero ; U
anuHa \\ 0=543
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® Heobxoauma Hopmanmsaumsa anuH
BEKTOPOB, YTOObI UCKIOYNTb BNUSHNE
abCoMTHOM YaCTOTHOCTM CrioBa

® Mepa paccTtogaHns — pacCTossHME Mexay
TOYKaMM Ha «eOUHNYHOW OKPYXXHOCTU» UM
BENiMYKMHA yrna a Mexgy BeKktopamu

0 20 40 60 80 100 120
get

Unaocmpayus 2eomempu4ecKo20 cemaHmuyecko2o
paccmosHus 8 08yx usmepeHuax — “use” u “get”




Hopmanusaumsa CTpO4YHbIX BEKTOPOB

 [€eOMETPUYECKNE PACCTOAHUS
MMeI'OT CMbIC” TO”bKO eC-nM Two dimensions of English V-0bj DSM

BEKTOPbl HOPMann30BaHbl, T.
e. NpuBeaeHbl K 0gMHaKOBOW
anvHe
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° BeKTOp AeJINTCA Ha ero aJyimHy
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Mepbl cxoacTBa

* Yron o mexay AByMA BEKTOpamMu U, vV 3aaaeTtcsa Gopmyion

f’_ uj (u.v)

COS (¥ =

v \/Z, lull2 - fJvli2

® KocumHycHaa mepa cxXxoAcTBa: CoS o

® cos a=1—KonnmHeapHble BEKTOPbI

® cos a=0— opToroHa/ibHble BEKTOPbI



[Mprmepbl NPUMEHEHUA BEKTOPOB

KA1aCTepmn3auni

Word space clustering of concrete nouns (V=0bj from BNC)
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[Tpumepbl NPUMEHEHUS BEKTOPOB:
ceMaHTN4ecKne KapThbl

Semantic map (V-0bj from BNC)

onion potato ke:tle ® bird
groundAnima
mushroom ® fruitTree
@ chicken cup green
e ® tool
® banana bowl ® vehicle
ow
cat lettuce o bottle
® pen
cherry o pd
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pig lion 9 @ pear
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® ® pea:ock truck o
penguin )
® helicopter chisel
turtle P ® ® screwdriver
L
i | | | scislsors |
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[Tpobnembl BEKTOPHOro npeactaBrneHns Ha

OCHOBE 4HacCTOT CJ10B

« 1) maTpuua 6onbLLas —pa3Mep crnoBapsi, pa3peXeHHas

MHOIO HYJEWN.

* 2) KOMMOHEHTbI MATPULLbl KOPPENNPOBAHLI MeXay cobdboun
(KynuTb-nNpoaaTthb)
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PacnpegeneHHble NpeacTaBrieHnsa crnoB
(word embeddings) - 2013

KombnHnpoBaHne BEKTOPHOM CEMAHTUKN C
BEPOATHOCTHLIMUN A3bIKOBbIMW MOAENAMMU

CnoBo npeacTaBseTcs Kak BEKTOP HU3KOW
pa3mepHocTn (100-1000 namepeHunn)

— Word embedding

Oby4yeHne HEMPOHHOW CETU NPOUCXOONUT MpPu

peeHnn 3agadm A3blIKOBOIro MogerinpoBaHnA,
T.€. NpencKka3daHnd nocrnegoBaTernbHOCTEN CIOB

[TakeTbl Word2vec, glove, Fasttext
— C 2014




HenpoHHbIe A3bIKOBbIE MOOENN B
ONCTPUOYTUBHOW CEMAHTUKE

« (Baroni et al., 2014) Don’t count, predict!

« T.e. kKnaccuyeckast QUCTPUOYTMBHAA CeEMaHTUKA
NoaCYNTbIBAET KONMUYECTBO COBMECTHbIX
BCTPEYaEeMOCTEN CITOB U BbIYUCIIAAET BEKTOPA

« A HOBble NoAxoAdbl NoONy4alT BEKTOPHOE
npeacTaBlieHMe CroB Ha OCHOBE npeackasaHus
cocelHUX CIoB

— OOby4aloTCcs BEKTOPHbIM NpeacTaBieHnsamMm HeOOMNbLLIOW
pasMepHOCTU



[lpencrtasneHne 3Ha4yeHUsa criosa — word2vec
(Mikolov et al., 2013)

« 2 6a30Bble apPXUTEKTYPbl HEMPOHHBLIX CETEWN:

— Continuous Bag of Word (CBOW): ncnonb3yeT OKHO KOHTEKCTa
OS5 NpefckasaHus criosa

— Skip-gram (SG): ncnonb3yeTcs CnoBo AN npegckasaHus
OKpY>XaloLLKX CIioB

INPUT PROJECTION OuUTPUT INPUT PROJECTION OuUTPUT

w(t-2) w(t-2)

w(t-1) P 4 w(t-1)

SUM

N w(t) w(t) r Ll

w(t+1) W w(t+)

w(t+2) w(t+2)

CBOW Skip-gram



Word2vec — Continuous Bag of Word

e “The cat sat on floor”

— Window size = 2

the

cat

on

floor

INPUT PROJECTION OUTPUT

w(t-2)
w(t-1)
\SUM
L W
w(t+1) 7(
w(t+2)

sat

22



Word2Vec: Continuous bag of words

Input layer

0

Index of cat in vocabulgry
0

0

cat | °

0

0

0

0

one-hot
vector

0

0

0

1

on

0

0

0

0

Hidden layer Output layer

mJlOjJOjJojjojojojo

olf:

one-hot
vector

sat

23



Word2Vec: Continuous bag of words

Input layer

cat

V-dim

on

V-dim

Ofjojojojjojoj=|jo

olf:

Ojojojoj=joOojojo

olf:

HyxxHo HavTn matpuubl W n W

Hidden layer

!
WNXV

N-dim

N will be the size of word vector

Output layer

mlOojJojJojJojojojo

(=]

sat

V-dim

24



Word2Vec: Continuous bag of words

Input layer

cat

Ojojojojojoj=|Jo

V-dim |o

on

ojojojoj=mjojojo

V-dim [

W/,
VXN
0124|1618 |05(09| .. | .. | .. |32 0
1
05|26|14(29(15|36| .. | .. | .. |61 )
% |o
0
0
1.2 0
0
0
= Veqr + Von
2
J’w
A
e Hidden layer
A .
5 N-dim

X Xcat = Veat

2.4

2.6

1.8

Output layer

sat

mlOojJojojJojjojojo

ol V-dim

25



Word2Vec: Continuous bag of words

Input layer
0
1
0
0 -
cat [0 W, Hidden layer Output layer
0 VN
0 0
0 0
0
V-dim | o ol o
W! . xb=z [y =softmax(z)
VXN .
0 0
0 1
0 D
1 0
on ko WVXN N-dim -
0 Vsat
0 .
. V-dim
V-dim o N will be the size of word vector

26



HEeMPOHHaA A3bIKOBaA MOAE/b:

Bxoa — one-hot vector — BeKkTop BCcex Hynen n ogHon 1 8
NO3ULMKN TEKYLWLErO C/10Ba

Projection — layer — BblaenseTt n3 maTpuubl BEKTOpP, COOTB.
naHHomy cnosy (h)

BbixoaHOW YypOBEHb MNONYYAETCA IMHEMHOMN KOMBUHALUMEN:
« S=Wh

Pe3ynbTaT BbIXOAHOIO YPOBHA BEPOATHOCTb NOABAEHMA CIOB3,
TaK Ha3bliBaembiM softmax

54

B &
- Z). eSJ

p; = softmax(s;, 5)

Word2vec - 3TO 04HOC/IONHbIN NEPCENTPOH C NOTUCTUYECKOM
byHKUMEN akTMBaUMM (060bLLEHME ANA MHOTOMEPHOIO cay4as)



1

Softmax f@) = 135=

Softmax — 06obLieHne NpUMeHeHNAa NOTMCTUYECKON PYHKLUMK
AN MHOTOMEPHOTO C/1yyasn

S;

B €
— Zi >

p; = softmax(s;, 5)

Softmax noBbilaeT MaKCUMaIbHYIO BEIMYUHY U
«MPUKNMAET» MEHbLUNE BE/IUYUNHDI

[MprMepbl: ceTb NpeacKasana 3Ha4YeHus

[1,2,3,4,1,2,3] -> softmax [0.024, 0.064, 0.175, 0.475, 0.024,
0.064, 0.175]




Word2Vec: Continuous bag of words

Input layer
2 We would prefer y close to V.,
0
0 -
cat | © W. Hidden layer Output layer
0 VXN
0 0 0.01
0 0
0.02
0
V-dim |o 0 0.00
’ ~
WVXN Xv=2Z 2 0.02
0 y = softmax(z) [c 001
0 1 0.02
(1) v O 0.01
on Lo WVXN N-dim A 0.7
0 Ysat
2 V-dim 0.00
V-dim [ N will be the size of word vector V

29



Word2Vec: Continuous bag of words

T
Wyxn
0.1/24|16(18|05|09| .. . 3.2 .
Contain word’s vectors

Input layer o156 14201536 .. | . | . 6.1/

1

0

0 0618271192420/ .. . 1.2
Xcar 2 Output layer

0 0

0 WVXN 0

0

V-dim |o p 0
WVXN g sat

0 0

0 1

0 W

1 VxN o V-dim
x Lo Hidden layer
on 0 .

N-dim
0
0
V-dim [

MW, n W (npenctaBrieHMe CNOB KOHTEKCTa) MOXHO
paccMaTtpuBaTtbh Kak npeacrtaeneHus cnos. Ho word2vec - W 30



BeKkTOopa word2vec

o [1n8 Ka*KA0ro c2ioBa NOpoXAaatoTca ABa
BEKTOpa

— BeKTop cnoBa KaK ueneBoro
— BeKTop cnoBa KaK KOHTEKCT
— ITO pa3Hble BeKTopa

— PAKTUYECKU Mbl XOTUM, 4YTOObI BEKTOpP ueneBoro
C/10Ba Obl/1 MOXOXK Ha BEKTOPA C/Z10B B KOHTEKCTE.



Word2vec

Skip-gram model Output Layer

Softmax Classifier

Hidden Layer

Linear Neurons | y . ecibiieythat live word
Input Vector abandon” appears nearby

 Probabllity that the word
“ability” appears neacty

~ Probability that the woed
A1 In the poution - ‘ “able” appears neatby

corresponding Lo the ~——%

word “as”

[o;ouolologo}o]o[o]

o]
M

10,000
DOUM' ]
Probability that the word
“2one” appears nearby

10,000
eurony



[lpeackasaHue cnoBa car OKOJI0 CN0Ba ants

Output weights for “car”

Word vector for “ants”

I X

300 features

Probability that if you
= randomly pick a word
nearby “ants”, that it is

" "

car

300 features




Bonblune matpuubl, gonraa ob6paboTKa

* [ToaxoAanbl
— Subsampling frequent words
e 1na the — cAMWIKOM MHOroO KOHTEKCTOB,

* The — Mano 4To roBOPUT O COCEAHMNX CNOBAX
e PeweHue

— CnoBa BbIKMAbIBAKOTCA U3 TEKCTA C BEPOATHOCTbIO
I'IpOI'IOpLI,VIOHBI'IbHOVI MX 4acCTtoTe

— Negative sampling (HeratusHoe camninpoBaHme)



HeratmpHoe camnanpoBaHue

« QOOy4yeHune no Kaxgomy npumepy TpebyeT nepecyeta
BECOB /151 BCEX CI10B B BLIXOOQHOM CIioBe

* Wpeq: BbiIbOpaTb HEKOTOPOE KOMMYECTBO (Hanpumep, 5)
HeraTUBHbIX CINOB (T.€. TEX KOTOPbIX HET B KOHTEKCTE) U
TOJSIbKO A1 HUX NEePECTPOUTb Beca (M Takke Beca
nepecynTbIBaOTCA A9 NONOXNTENbHLIX CNOB)

* HeraTtuBHble crnoBa BbIONpaTCHA C BEPOATHOCTHLIO,
CBsiI3aHHOW C UX YacTtoToun. B peanusauynm word2vec —
9TO BbIMMAOUT TaK:

P(u;) = > (f(wj)3/4)



Peannsaunm word2vec

MNcxoaHbIM KoAa,:
— https://github.com/tmikolov/word2vec

Gensim

— https://radimrehurek.com/gensim/models/word2
vec.html

EcTb peanm3aymnm B naketax HEMPOHHbIX
ceteu (Torch, TensorFlow, Theano)

ECTb yxKe HaCiHUTaHHblIE MOdeNn

— [1nAa pyccKoro A3blka (rusvectores.org )


https://radimrehurek.com/gensim/models/word2vec.html
https://radimrehurek.com/gensim/models/word2vec.html

[loaoxon FastText

* B KadecTBe BEKTOPHOro npeacrasBrieHnda a4 crioBa
bepeTca cpegHee 13 NnpeacTaBneHnn BXoOAWMX B HEMO
N-rpamm
— TO €CTb CI10BO «PebEHOK» - 3TO HEKOTOpas

ycpeoHeHHaa CyMmMa BEKTOPOB «pey, «eb», «bey,
«eH» N T.40. (Nnpumep ansa durpamm)

* [1nwocbl nogxoaa:

— CuMBOIbHbIE N-TPaMMbl BCTPEYAOTCS Yalle, Yem
CrioBa UErnuKOM.

— YYTeM NOXOXECTb KOHTEKCTOB CITOB C OMHaKOBbIMU
adppumkcamum.

* N-rpamMmbl U3 adoPUKCOB «BLINOBAT» CEMAHTUKY U
CUHTaKCuc,

* N-rpamMMbl U3 KOPHEN — NEKCUKY.



RusVectorés

MNoxoxwe cnosa Buayanusaumm

KanbkynaTtop

PaanuyHele onepamm

Mopenu

O npoekTe

KOHTaKThI

RU/EN

B HacTOAWMA MOMEHT Bkl MOXETE CKayaTk CNenylne Moaenn (XMpHeIM BeIOENEeHs! MOOENW, AOCTYNHLIE ANA BelDopa B BeD-mHTEpdhence):

WoeHtudpmkatop 4 v

ruscorpora_upos_skipgram_300_5_2018

ruwikiruscorpora_upos_skipgram_300_2_2018

news_upos_cbow_600_2_ 2018

araneum_upos_skipgram_300_2_2018

araneum_none_fasttextcbow_300_5_2018

araneum_none_fasttextskipgram_300 5 2018

ruwikiruscorpora-
nobigrams_upos_skipgram_300_5 2018

Ckavatb

AT

191 MGaiir

376 MoaiT

547 Moait

192 Mbaitra

1 Moant

675 Mbaiat

385 Mbant

Kopnyc & ~

HKPA

HKPHA u
Bukunenua
3a nekabps 2017

PycckoAsblYHbIE
HOBOCTW,C ceHTADpA
2013 po HoADpA
2016

Araneum Russicum
Maximum

Araneum Russicum
Maximum

Araneum Russicum
Maximum

HKPA u
Bukunenua

3a nekabpb 2017
(Dea cknenBaHwA
ourpamm)

Pasmep
Kopnyca a v

250 MunnuoHoe
cnos

600 munnuoHoB
cnoe

nayTK
5 MUNNMapaose
cnos

OKONo
10 Mmunnuapooe
cnoe

OKOMNo
10 munnuapnoB
cnos

OKONo
10 Mmunnuapooe
cnoe

600 munnuoHoB
cnoe

ObBbEM
crnoeaps

AT

195 071

384 764

289191

196 620

195782

195 782

394 332

YacTtoTtHel Tarcer

nopor & v

20

40

200

400

400

400

40

AT

Universal
Tags

Universal

Tags

Universal
Tags

Universal

Tags

Het

Het

Universal
Tags

fas
CE
(3.

fas

m




Semantic associates for cmos (ALL)

Ruscorpora and
Russian Wikipedia

1.
2.
3.

CwWoNOO

ctonuk 0.679
Tabypet 0.526
TabypeTka
0.515

. NOAOKOHHUK

0.501

. aueaH 0.491

ctyn 0.484
kpoeaTk 0.476
Tymbouka 0.447
napta 0.439
kyweTka 0.428

CaunT rusvectores.ru:
CXOACTBO BEKTOPOB C/10B

Ruscorpora

1.
2.

O 0o~ O; A

ctonuk 0.794
MO OKOHHWK
0.642

. TabypeTka

0.637

. TabypeT 0.623
. auBaH 0.582

kpoeaTk 0.573

.cTyn 0.570

kyweTka 0.561

. Tymbouka 0.561

kpecno 0.552

Web corpus

g N BB W N =

. cTonuk 0.637

. ctyn 0.570

. Tabypet 0.554

. nogHoc 0.525

. Tymbouka 0.517
. TabypeTka

0.497

. 0beeHHbIIl

0.490

. kyweTtka 0.482
. kpecno 0.479
. CepBUPOBOYHbIN

0.470



TecTnpoBaHue mogeneu

« [laTaceTbl nap crnoB ¢ YENOBEYECKMMN OLIEHKaMMU
cemMaHTn4ecKkomn Ornm3ocTu

— CemaHTMn4yeckoe cxoacTBo: cobaka — »XMBOTHOE,
MOXHO 3aMEHUTb OJHO CJ10BO APYImMm,

— CemaHTM4YecKkast accoumaumsi: Myx — XXeHa, cobaka —
KOHypa, MalunHa — OeH3unH

 BcTaBka CMHOHMMOB O119 CrioBa B KOHTEKCTE
 [lponopumnun-aHanormu



TecTMpoBaHMe NOAXOA0B MO onpeaesieHuto
CXOZCTBA C/IOB

Reference Standards

* Rubenstein and Goodenough, 1965
- 65 pairs
- Assessed by 50 undergraduate students

- http://www.d.umn.edu/~tpederse/Data/ruben
stein-goodenough-1965.txt

* Miller and Charles, 1991
- 30 pair subset of R&G
- Re-assessed by 38 undergraduate students

- http://www.d.umn.edu/~tpederse/Data/miller-
charles-1991 .txt



Rubenstein and Goodenough pairs
no similarity (0.0) — synonyms (4.0)

* 3.94 gem jewel » 3.92 car automobile

+ 3.92 automobile car + 3.84 gem jewel

+ 2.41 brother lad » 1.66 lad brother

« 2.37 crane implement + 1.68 crane implement
* 0.04 rooster voyage » 0.08 rooster voyage

* 0.04 noon string * 0.08 noon string

- Rubenstein & - Miller & Charles
Goodenough



Wordsim similarity — 353 napbi cnos

CemaHTnyeckasa brnmsocTb « CemaHTHnyeckaa accoumaums
tiger cat 8.31

tiger tiger  10.00 — book paper 7.69
plane car 5.85 — computer keyboard 8.38
train car 6.31 — computer internet 8.23
television radio 6.85 — telephone communication 8.38

media radio 8.08 — drug abuse 6.46
bread butter 7.54 - smart  student 6.58
| - tock 6.85

cucumber potato 5.92 company  stoc
— stock market 7.46

— stock phone 1.54



Simlex-999 dataset — 999 nap cnos. (2015)

Two words are synonyms if they have very similar meanings. Synonyms represent the same type or category of thing. Here are
some examples of synonym pairs:

» Cup/mug
» glasses / spectacles
« envy/ jealousy N

In practice, word pairs that are not exactly synonymous may still be very similar. Here are some very similar pairs - we could say
they are nearly synonyms:

« alligator / crocodile
+ love / affection
« frog / toad

In contrast, although the following word pairs are related, they are not not very similar. The words represent entirely different types
of thing:

« car/tyre
« car/ motorway
« car/crash

In this survey, you are asked to compare word pairs and to rate how similar they are by moving a slider. Remember, things that are
related are not necessarily similar.

If you are ever unsure, think back to the examples of synonymous pairs (glasses / spectacles), and consider how close the words
are (or are not) to being synonymous.

There is no right answer to these questions. It is perfectly reasonable to use your intuition or gut feeling as a native English speaker,
especially when you are asked to rate word pairs that you think are not similar at all.



Pesynbratel WordSim-353. PaHHMe nogxoabl.
Koppenauusa CnupmeHa — 4em Bbille, TEM Ny4Lle

Leacock and Chodorow Hassan and Mihalcea
L&C (1998) (2011) Knowledge-based 0.302 0.356

Hassan and Mihalcea

WNE Jarmasz (2003) (2011) Knowledge-based 0.305 0.271
J&C Jiang and Conrath 1997 :—Izaoslsi;l and Mihalcea Knowledge-based 0.318 0.354
L&C (Lf;;g;:k and Chodorow ga;;i)n and Mihalcea 0\ ledge-based 0.348 0.341
H&S Hirst and St-Onge (1998) (Hzag‘fi;‘ and Mihalcea 0\ ledge-based 0.302 0.356
Lin Lin (1998) gagfi;‘ and Mihalcea . < based 0.348 0.357
Resnik Resnik (1995) :-'zaoslsi;l and Mihalcea Knowledge-based 0.353 0.365
ROGET Jarmasz (2003) Hassan and Mihalcea 1o doe-based 0.415 0.536

(2011)



Pesynbratel WordSim-353. HepgasHue noaxoabl

DSG

Sal8

ESA

Do19-hybrid

TSA

CLEAR

Y&Q

ConceptNet
Numberbatch

Song et al.
(2018)

Salle et al.
(2018)

Gabrilovich and
Markovitch
(2007)

Dobé (2019)

Radinsky et al.
(2011)

Halawi et al.
(2012)

Yih and

Qazvinian (2012) Qazvinian (2012)

Speer et al.
(2017)

Song et al.
(2018) Corpus-based
Dobd (2019) Corpus-based

Gabrilovich and

Markovitch Corpus-based
(2007)

Dobé (2019) Hybrid
Radinsky et al. .

(2011) Hybrid
Halawi et al.

(2012) Corpus-based
Yih and Hybrid

Speer et al. Hybrid

(2017)

0.726

0.733

0.748

0.795

0.80

0.81

0.81

0.828

N/A

0.704

0.503

0.276

N/A

N/A

N/A

N/



COop JaHHbIX O cEMaHTU4YeCKON BfN30CTU

MepBoe cnoso

Yalwlka

asTomobune

npou3sBoacTso

Apadar

noes3aka

NCUXonoruna

nepeuyucneHune

cpena

nobosb

0151 PYCCKNX CMNOB

Bropoe cnoso

Hanurtok

MalwunHa

noxopn

TEeppopuam

MalluHa

Hayka

KaTteropusa

HOBOCTU

CeKkcC

Hackoneko cesizaHbkl 3Tu cnosa?

HE CBA3aHbl

He CBA3aHbl

He CBA3aHbl

HE CBA3aHbl

He CBA3aHbl

He CBA3aHbl

HE CBA3aHbl

He CBA3aHbl

He CBA3aHbl



Example of human judgements about
semantic similarity (HJ)

word1l word2 sim

netyx (cock) nmetyuok (cockerel) 0.952
nmobepekbe (coast) 6eper (shore) 0.905
TuI (type) Buz (kind) 0.852
Muia (mile) kunoMmeTp (kilometre) 0.792
yamika (cup) rmocyza (tableware) 0.762
ntuia (bird) neTyx (cock) 0.714
BouHa (war) BOMCKa (troops) 0.667
yiauiia (street) kBapTaa (block) 0.667
nobpososern (volunteer) AeBHu3 (motto) 0.091
akkopz (chord) ynbpiOKka (smile) 0.088
sHeprusa (energy) Kpu3suc (crisis) 0.083
bencreue (disaster) naouniaaeb (area) 0.048
npou3BoACTBO (production) SKUIMaxX (crew) 0.048
masbduK (boy) myzaper; (sage) 0.042
nnpu6bLIb (profit) npeaymnpexzaeHue (warning) 0.042
HanuTok (drink) ManinHa (car) 0.000
caxap (sugar) noaxoz (approach) 0.000
snec (forest) noroct (graveyard) 0.000
npakTuka (practice) y4upexaeHue (institution) 0.000




TECTMpOBaHMEZ TeéCT Ha CUHOHWMbI

ESL Synonym Tests

» Provide one target word in context

+ Select “closest” synonym from a list of 4

» Used in previous versions of TOEFL and other
standardized tests

« http://aclweb.org/aclwiki/index.php?title=ESL_Synonym_ Questions (State
of the_art)

» 50 question data set available from Peter Tumey

- http://lwww.apperceptual.com/



[Tonmep TecTta Ha CUHOHUMDI

» Stem: "A rusty nail is not as strong as a clean,
new one."

* Choices:



IEl,aTaCeTI:I Anda TeCTmpoBaHUA Mo aHarormnm

 AHanornm “aistoa * as b is to bx
— MSR’s analogy dataset
« 8000 mopdocHHTaKCUYECKNX aHanornm
« good is to best as smart is to smartest

— Google’s analogy dataset

* 19544 MmopdOCUHTAKCUYECKNX N CEMAHTNYECKUX
aHanornu

 Paris is to France as Tokyo is to Japan



Word Analogies

Test for linear relationships, examined by Mikolov et al. (2014)

(wp — wg + we) T w,
ab ::c:? — d = arg max

T ||wp — wa + wel|

man:woman :: king:?

king [0.300.70 ] queen
0.75 _ king
man [0.200.20 |
. _ 0.5
woman 1 0.60 0.30
woman
0.25 man
queen [0.700.80 ]
0

0 0.25 0.5 0.75 1



RusVectorés

IMNoxoxwme cnoBa Buayanuzaumm Kanbkynatop PaanuuyHele onepavuum Mopenn O npoekTe KoHTakTsl RU/EN

Bbl moxeTe BblUMCNATL OTHOWEeHMA. Hanpumep, «HainTu cnoso D, cBAsaHHoe Bl Taicke moxeTe nonpoboBaTs Donee cnomHele onepaunin
co crnosom C Takum xe o6pa3oM, kak crnoso A cBA3aHO co cnosom B». Takum Ha[ BeKTopamu, YeM NpocToe peLleHne NponopUmn.
obpa3oMm MOXKHO onpefenATb CEMaHTUYEeCKWe CBA3W My noHATuAMK. B dhopme
BBOAA NPUBEAEH NPUMEp: KaKkoe CMOBO OTHOCWUTCA K CNOBY «NMOHAOOHY, TaK e, Kak
«poccHUA» OTHOCUTCA K «mockBen? OTBeT — «BenuKkoBputaHua»: JIoHOoH cTonuua
BenukobputaHum, a MockBa — ctonuua Poccun. NogpobHee

BeeauTe B «NONOXUTENBHYH» U €OTPULIATENBHYH?
hopmel He Bonee 10 cnoe yepes npoben. RusVectorées
CIOMWUT BEKTOPA MONMOKMUTENBHBIX CNOB W BBIYTET M3 HWUX
oTpyUaTtensHble. 3ateM OH BbIAACT cnosa, Hanbonee
Bnuakue K nonydYuBlLEMYCA BEKTOpY. ECNK Bel ocTaBuTte

mockBa_PROPN Bapwasa_PROPN - _
— — oTpULaTENLHOE Nnone nycTbiM, RusVectorés npocTo HangeTt
LEeHTP NeKcUYecKoro Knactepa, obDpa3oBaHHOIO
NONOAXMTENBbHBIMK CITOBaM. £
222 +

poccua_PROPN

TenedoH ManeHbK1i

HoBOCTHOM
Kopnyc
1. nonbwa 0.41 w

Buibepume modens:

HOBOCTHOM kopnye [ Araneum fastText [ HKPH u Wikipedia

. Benopyccusa 0.39 ' HKPS

. cTpaHa 0.39 L4

i

Moxassisams MonsKo.

. repmaHua 0.38 . @ MpunaraTencHble @ lMeHa coBcTBEHHbIE @ [Maronkl

© CywecTBUTENLHbIE © Hapeynwa @ Bce 4acTh pedn L

[ 52 IR S S B N

. eBpona 0.38 D

e 4
BeiGepume Modens:
HoBOCTHOW Kopnyc Araneum fastText HEPA v Wikipedia HEFPA

Mokasbisams MonsKo.

@ MpunaraTentHble @ MMeHa cobcTBeHHbIE @) [Maronkl @ CylWecTBUTENbHbIE @ Hapedua

@ BcevacTi peun

Beruncnntsl =



CeKCcn3M HEMPOHHbIX A3bIKOBbIX Moaenen

RusVectores

Moxoxkue cnopa Busyanuaayum Kankxynsitop PaanuiHsie onepagymm Moaenm O npoexre KouTakTsl RU/EN

Bbl MOXKETE BLIYUCNIATL OTHOWEHKA. Hanpumep, «HanTy cnoso D, cansanHoe Bol raike moxere nonpobosarb Bonee cNoxHbie onepagymm
co cnosom C Takum e oGpasom, Kak cnoso A censzano co cnosom Br» Takum HAA BEKTOPAMMKU, HEM MPOCTOE PeLUeHne NPONoOPLUUA.
oﬁpaaoM MOXHO onpeaenaThs CeEMaHTUHeCKHe CBA3W MeXxAay NOHATUSIMK B cpopme
BEOAA NpUBeNeH NPpUMep: Kakoe CNoOB0 OTHOCUTCA K CNOBY «NOHAOH», TAK e, Kak
«POCCUA» OTHOCUTCH K «MocKkBe»? OTeeT — «eenukoBpuranusy JloHAOH cTONWLE
Benuwkobputanmm, a Mockea — ctonuua Poccun. Noapobnee

BeeauTe B «NONOXUTENBHYIO» U <OTPULATENBHYIO»
dopmbl He Bonee 10 cnoe vepes npoben. RusVectores
CNOXUT BEKTOPA NONOMUTENLHLIX CMOB U BBIMTET U3 HUX
oTpULATENBHBIE. 3aTeM OH BblAacT cnoea, Hambonee
Bnuakue K nonyumswiemycs sexktopy. Ecnu Bol octasute

MyWMHa—NOUN )KeHU.lMHa_NOUN orpylarensHoe none nycTeim, RusVectorés npocto nanaer
LEeHTP Nekcudeckoro knacrepa, obpasosanmoro
NONOMUTENLHLIMKW CNOBAMMK.
+
???
nporpammMmmcT_NOL
renedhorn ManeHLkun
HoBocTHOM Araneum fastText
Kopnyc 1. nporpammucTia 0.83
Beibepume modens:
1. ween 0.43 2. nporpamucT 0.82
[¥] HoeoctHoit kopnye [#] Araneum fastText 7] HKPS v Wikipedia
2. noruct 0.41 3. nporpammep 0.74 7 HKPA
3. KOManOTepLI.WIK 0.40 4. nporpBMMMHr 0:72 Mokaabieams MoLKO.
4. TecTupasumk 0.39 5. nporpaMmmMucTCKMin » MpunaratencHsle () Wmena cobcteennbie ) MMarons
5. NPoA@KHUK 0.39 0.67 ) CyuwiecteutensHbie ) Hapeuns @ Bce uactu peun

Boiamcnurs!
Bubepume modens

V] Homocruon kopnyc (&) Araneum fastText [7] HKPHA »w Wikipedia [7] HKPA

llorkaskieames monsxo,

™ anl\ﬂl'lﬂeIlhllMU " Umena cobernenvme o Fnaronu [ Cyu.qucmmcnmn.lc () anQNMN

@ Bce vactm peun

Beivumcnure!

Cnosa, 6b10eneHHble JeNeHbIM, SENSIMes 6bICOKONacmomHMbIMu (Qons cnoea & Kopnyce ebiwe 0.00001), cnosa, 8bI0ENeHHbIE KPACHbLIM, AEM1KIOMCS
HUIKoHacmomubimu (Gons cnoéa 6 Kopnyce Huxe 0.0000005)




[IpuMeHeHne BEKTOPHbLIX NpeacTaBneHnn
cloB

1) NccnepoBaHne cemaHTU4ecknx bnmsoctemn
CJ10B

— ['pynnupoBaHne cnos,

— [peackasaHme OTHOLWEHNN MexXay croBamu

2) Bxon Bcex HENMPOHHBLIX ceTeun ans
aBToMaTn4eckom obpaboTKmn TEKCTOB — 3TO
BEKTOPHbIE NpeacTaBneHnsa cnos (+ gon.
npu3aHaku()

— OdPpekTnBHO bpaTb NpeaodyveHHble BEKTOPHbIE
npeacraBrieHus



3apanHune. Wordsim similarity

B3aTb partacetsl

— Wordsim-353 http://alfonseca.org/pubs/ws353simrel.tar.gz
— Similarity: wordsim_similarity _goldstandard.txt:

— Relatedness: wordsim_relatedness_goldstandard.txt
— Simlex-999 https://th295.qgithub.io/simlex.html

Mopgenb Fasttext https:/fasttext.cc/docs/en/pretrained-vectors.html.

[TocunTtaTb BNM30CTK ANga nap CNoB N3 CNMcKoB wordsim
similarity, wordsim-relatedness.

Boluncnute koppensaumio CnmpmeHa (nakeT) pesynesraTtoB C
PYYHbIMU OLEHKaMWU

EcTb nn Koppenauna moaesim ¢ 4ejioBe4eCKMMmu oueHKamMmn?

[ns kakoro cnucka koppensuus Bbie? Noyemy pesynbraTthl
MOTYT TaK pa3nun4aTbCs



https://fh295.github.io/simlex.html
https://fasttext.cc/docs/en/pretrained-vectors.html
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