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CeMaHTHUeCKAada 0JIM30CTD CJ0B

* Co-BCTpeYaeMOCTH MEPBOTO MOPSIKA
syntagmatic associates / relatedness (bee and honey)
* Co-BCTpEYaeMOCTH BTOPOTO MOPSIKA

paradigmatic parallels / similarity (bee and bumblebee)

&
bee cosine
similarity
bumblebee

Schutze, H., & Pedersen, J. (1993). A vector model for syntagmatic and paradigmatic
relatedness. In Making Sense of Words: Proceedings of the Conference, pp. 104-113,
Oxford, England.



JIMcTpUOyTUBHAA TUIIOTE3A

“You shall know a word by the company it keeps.”
— Firth, 1957.

* Ckonp3siiee OKHO (PMKCUPOBAHHOM IIMPHHBI

* (CYETYHKH CO-BCTPECUYACMOCTH 7Tquy
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“You shall know a word by the company it keeps.”
— Firth, 1957.

* Ckonp3siiee OKHO (PMKCUPOBAHHOM IIMPHHBI
* (CYETYHKHU CO-BCTPEYAECMOCTU Ty

* Jlyumie: Pointwise Mutual Information:

ple) _ ngn

PMI = log = log
p(u)p(v) My




JIMcTpUOyTUBHAA TUIIOTE3A

“You shall know a word by the company it keeps.”
— Firth, 1957.

* Ckonp3siiee OKHO (PMKCUPOBAHHOM IIMPHHBI
* (CYETYHKHU CO-BCTPEYAECMOCTU Ty

* Jlyumie: Pointwise Mutual Information:

pwv) . nun
p(w)p() Y nun,

PMI = log

* Eme ayumne: positive Pointwise Mutual Information:

pPMI = max(0, PMI)



IIpobuempbI?

* Co-BCTpeYaeMOCTH MEPBOTO MOPSIKA
syntagmatic associates / relatedness (bee and honey)
* Co-BCTpEYaeMOCTH BTOPOTO MOPSIKA

paradigmatic parallels / similarity (bee and bumblebee)

bee

cosine
similarity

Schutze, H., & Pedersen, J. (1993). A vector model for syntagmatic and paradigmatic
relatedness. In Making Sense of Words: Proceedings of the Conference, pp. 104-113,
Oxford, England.

bumblebee




BeKTopHbIE MOAEJIN CEMAHTUKHU

* Bxoxa: co-BcTpeuaemocTH ciioB (counts, PMI, ...)
* Mertoa: noHnwxkeHue pasmepHocta (SVD, ...)

* BpIxoa: 01130CTh MEXY BEKTOpaMH CIIOB
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Turnay, P.D., Pantel, P.: from Frequency to Meaning: Vector Space Models of Semantics, 2010.



Y710 TaKOC KOHTEKCT?

amod nsubj prep

L pob_
ﬁ\f\@h VT

Australian scientist discovers star with telescope

prep with

amod nsubj

Australian scientist discovers star telescope

WORD CONTEXTS

australian  scientist/amod—!
scientist  australian/amod, discovers/nsubj !

discovers scientist/nsubj, star/dobj, telescope/prep_with
star discovers/dobj—?

telescope  discovers/prep_with 1

Omer Levy, Yoav Goldber, Dependency-Based Word Embeddings, ACL-2014.



Y710 TAaKOC KOHTEKCT?

* (C —»9T0 cl0Baph KOHTEKCTOB (Hamp., australian/amod)
* Ho 00BIYHO KOHTEKCTBI 3TO CJIOBA U3 OKHA

* Torma W = C u X — 3T0 CHMMETpHUYHAs MaTpHUIla

\% C T 0,
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Hu3kopaHroBble MATPUYHBIE
pPa3JI0KeHU A



Cunryisipaoe pasiaoxeHue (SVD)

X

U Y, VT
1L
| t
Eigenvector Eigenvejgtor
of X X7 | of X* X

Square roots of

eigenvalues of X I'x




Truncated SVD

5 T
OcTtapnsieM Tonbko k kommonent Xg = Ur2ii Vi

X Us 2k
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Truncated SVD

5 T
OcTtapnsieM Tonbko k kommonent Xg = Ur2ii Vi

2

Jlyumas anmpokcumanust panra k B cmeiciie HopMbl @poOeHuyca:

n ™m

X — X||r = \ DY (wi — #4)?

i=1 j=1




Kak ucnoJuab3zoBars SVD pasioxenue?

Onuusa 1:

®=Ux, ©0=V7T

Onuusa 2:

(I) Uk ‘\/ ’\/ VkT



BeKTopHbIE MOAEJIN CEMAHTUKHU

* Bxoxa: co-BcTpeuaemocTH ciioB (counts, PMI, ...)
* Mertoa: noHnwxkeHue pasmepHocta (SVD, ...)

* BpIxoa: 01130CTh MEXY BEKTOpaMH CIIOB
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Turnay, P.D., Pantel, P.: from Frequency to Meaning: Vector Space Models of Semantics, 2010.



B3Belnennbie kpaaparuuHbie norepu: GloVe

CocraBuM X m3 log Ny u paccMOTPUM (DYHKIHIO OTEPh:

ueﬁ/ veﬁ/ qbu’@vvbuabﬁ)

(R )1.0 -

08
06 |
04 |

02

oo . . . . d
.

Pennington et. al. GloVe: Global Vectors for Word Representation, 2014.



AsbikoBast Moaeab: SKip-Gram

[IpenckaseiBaeM kormexcmuol 1O CIOBY:

p(Wip, . wisnlw) = ] plwigrlw)
—h<k<h, k%0

Kax1yro BepoATHOCTbh MOAECITUPYEM KaK Sofimax:

exp (Pu, 0)
wew €XP <¢u’7 9v>

p(ulv) = >

JIBe MaTpHIIbl NapaMeTPOB (KaK U B IPYTUX METOIAX).



Kak o0y4yars Mmoaen?

MakcuMuzanus 102-npasoono0oos:

L= Y nylogp(ulv)
ueW veW \

co-ecmpedaemocmb

Meron;:
* SGD no napam CJ10B B KOpyce

IIpoGnema:
°* Softmax MO CIOBAPIO CYUTATh MEJICHHO.



SKip-gram Negative Sampling (SGNS)

BMecTo Toro 4To0ObI mpeicKa3bIiBaTh CIOBA,

OyzeM IIpEeACKa3bIBaTh «1a» U «HET» JJIS Map CJIOB:

S: S: Nuv 10g 0 ({GPu, Oy) )+

ueW veW

kEzlogo (— (¢u,03)) — max

* JlomoxurenbHBIC [MPpUMCEPLIL: CO-BCTPCTUBIIHUCCS IIapbl U , V

OTrpuuarenbHbIe NpUMEPLL: K CIlydalHBIX U U KaXkKI0TO U

OOyuJaeTcs BCe €llle CTOXaCTUYECKUM I'PpaJIMEHTHBIM CITYCKOM.



SGNS Kak HesIBHOE MATPHYHOE PA3JI0KEHHE

OyHkuua norepb B SGNS NMpUHUMAET MAKCUMYM, KOTa

(¢u,0,) pasHo shifted Pointwise Mutual Information:

sPMI = log =" _1og k
Ny Mooy
// 0,
bu
X ~ d X O

Levy and Goldberg. Neural Word Embedding as Implicit Matrix Factorization, 2014.



OueHuBanue Mojaeien



OunenuBanue MojaeJier: 0JIM30CTH CJIOB

Kak npoBepuTh 4TO O/113K1E 1060 UMEIOT OU3KUE BeKmMOopa']

e JIMHTBUCTHI BRIAETISIIOT HECKOIBKO TUITOB OJIU30CTH

* MOXHO HUCIOIBb30BATh YKCHEPMHble Oy eHKU TIap CIOB.

* CpaBHuBarh xoppeniyuto Cnupmera nas IByX CHHACKOB:

tiger tiger 10.00 tiger | tiger cos(Pu, Puv)
media | radio 7.42 media | radio

tiger cat 7.37 tiger cat

train car 6.31 train car




OuenuBanue MoOJaeJIeH: 3212492 aHAJOI UM

* B KOrHUTHUBHBIX HayKaxX U3BECTHA KaK relational similarity
(vs. attributional similarity).

e a:a kakb:b'(man: woman kak king : ?)

cos(b—a+a’, r) — max

€T
WOMAN UEENS
A AUNT Q
MAN / KINGS
UNCLE
QUEEN QUEEN
KING KING

Gentner, D. Structure-mapping: A theoretical framework for analogy. Cognitive Science, 1983.
Mikolov et. al. Linguistic Regularities in Continuous Space Word Representations, 2013.



CpaBHeHHe MoeJieH

* Count-based nmogxoapl HE YCTYIAIOT predictive TOAX0AaM

in | Method WordSim  WordSim  Bruni et al. Radinsky et al.
Similarity Relatedness MEN M. Turk
PPMI 132 699 744 .654
) SVD 172 671 J77 6477
SGNS 789 675 173 661
GloVe 120 605 128 .606
PPMI 132 706 138 .668
5 SVD 164 .679 776 .639
SGNS J72 .690 172 .663
GloVe 745 617 746 631

Levy et. al. Improving distributional similarity with lessons learned from word embeddings, 2015.



CpaBHeHue MoaeIeH

e 3ajayda aHaJIOrhM penracTcsa ¢ TOUHOCThIO 70%

, Google MSR
win | Method |\ 44/ Mul  Add/Mul
PPMI | 552/.677 .306/.535
, SVD | 554/.591 .408/.468
SGNS | .6767/.689 .617/.644
GloVe | 649/.666 .540/.591
PPMI | 518/.649 277/ .467
. SVD | 532/.569 .369/.424
SGNS | .692/.714 .605/.645
GloVe | 700/.712 .541/.599

Levy et. al. Improving distributional similarity with lessons learned from word embeddings, 2015.



Paragraph2vec, oH ke doc2vec

\And the only reason for being a lbee t?at I know of 1s making honey. ,

Y 1 Y
K
KOHTCKCTbBI CIIOBO OHTCKCTHI

DM (Distributed Memory):
p(w;i|w;—p, ... With,d)
DBOW (Distributed Bag Of Words):

p(Wi—py - Witn|d)



OuneHuBanue Mojaesien: 0JIU30CTH JOKYMEHTOB

Kak OLeHUTh 4TO Os1u3K1Ue OOKYMEHN bl AMEIOT 0/113K1Ue 8eKmopa’!
e ArXiv: cTtathsa A, I0X0Kas cTarhs B, He moxoxkas crarbs C

* TOYHOCTH yraJbiBaHusA, kKakad u3 crared B u C He mmoxoxa

http://arxiv.org/pdf/1206.5743 http://arxiv.org/pdf/cond-mat/0403258 http://arxiv.org/pdf/1408.0189
http://arxiv.org/pdf/1209.0268 http://arxiv.org/pdf/1307.7598 http://arxiv.org/pdf/math/0504051
http://arxiv.org/pdf/hep-ph/9908436 http://arxiv.org/pdf/nucl-th/9707019 http://arxiv.org/pdf/1112.3014
http://arxiv.org/pdf/1111.2905 http://arxiv.org/pdf/1303.2538 http://arxiv.org/pdt/1109.1922
http://arxiv.org/pdf/nucl-ex/0112013  http://arxiv.org/pdf/physics/9704013 http://arxiv.org/pdf/1408.4595
http://arxiv.org/pdf/0709.3419 http://arxiv.org/pdf/quant-ph/0611134 http://arxiv.org/pdf/0902.0616
http://arxiv.org/pdf/hep-th/9609148  http://arxiv.org/pdf/solv-int/9710009  http://arxiv.org/pdf/astro-ph/0508060

Andrew Dai, Cristopher Olah, Quoc Le. Document Embedding with Paragraph Vectors, CoRR, 2015.



OuneHuBanue Mojaesien: 0JIU30CTH JOKYMEHTOB

Integral formula of Minkowski type and new
characterization of the Wulff shape
xiv.org/pdt/1408.0189
xiv.org/pdf/math/0504051
xiv.org/pdf/1112.3014
xiv.org/pdf/1109.1922

Yijun He * Haizhong Li

Abstract

Given a positive function F' on S™ which satisfies a convexity condition, we

introduce the r-th anisotropic mean curvature M, for hypersurfaces in R**! which XiV. org /p df/1408.4595

is a generalization of the usual r-th mean curvature H,. We get integral formulas

of Minkowski type for compact hypersurfaces in R**!. We give some new charac- XiV.OI‘g/pdf/ 0902.0616
terizations of the Wulff shape by use of our integral formulas of Minkowski type,

in case F' = 1 which reduces to some well-known results. XiV,OI‘g/ pdf/ aStI'O-ph/ 0508060

2000 Mathematics Subject Classification: Primary 53C42, 53A30; Secondary
53B25.

Key words and phrases: Wulff shape, F-Weingarten operator, anisotropic principal

curvature, r-th anisotropic mean curvature, integral formula of Minkowski type.




OuneHuBanue Mojaesien: 0JIU30CTH JOKYMEHTOB

G
intro
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of Mi
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2000 Ma
53B25.

Key word

curvature,

Integral formula of Minkowski type and new

characterization of the Wulff shape

COMPLEX CURVES IN ALMOST-COMPLEX
MANIFOLDS AND MEROMORPHIC HULLS

Sergei IVASHKOVICH - Vsevolod SHEVCHISHIN

Preface

incad Chapter I. Local Properties of Complex Curves.

Lecture 1. Complex Curves in Almost-Complex Manifolds.
1.1. Almost-Complex Manifolds, Hermitian Metrics, As-
sociated (1,1)-Forms. 1.2. Existence of Calibrating and
Tame Structures. 1.3. Almost-Complex Submanifold,
Complex Curves, Energy and Area. 1.4. Symplectic Sur-
faces. 1.5. Adjunction Formula for Immersed Symplectic
Surfaces.

... pp. 1-12

1051

508060




OuneHuBanue Mojaesien: 0JIU30CTH JOKYMEHTOB

Accepted for publication in Solar Physics, waiting for the authoritative version and a DOI
which will be available at http://www.springerlink.com/content/0038-0938

In|

Time-dependent Stochastic Modeling of Solar Active
Region Energy

M. Kanazir and M. S. Wheatland!

1:1 Received: 7 July 2010 / Accepted: 31 July 2010 / Published online: eeeeecesceee
of|
tel
in

Abstract A time-dependent model for the energy of a flaring solar active region

2000 Ma| Lecture 1. Complex Curves in Almost-Complex Manifolds. ... pp. 1-12
53B25. 1.1. Almost-Complex Manifolds, Hermitian Metrics, As-

sociated (1,1)-Forms. 1.2. Existence of Calibrating and

Tame Structures. 1.3. Almost-Complex Submanifold,

Complex Curves, Energy and Area. 1.4. Symplectic Sur-

faces. 1.5. Adjunction Formula for Immersed Symplectic

Surfaces.

Key word

curvature,




3agadya aHaJJorum 0e3 Marum:
king + man — woman != queen



Marndeckoe CBOMCTBO MojaeJu word2vec

\And the only reason for being a bee that I know of 1s making honey.

y ) 1 \ v )
KOHTCKCTBI
KOHTCKCTHBI CIIOBO OHTCKC

BekTtopa cJI0B ydarcs 1o npeacka3aHusM KOHTEKCTOB.

[TomyyaroTcst BEKTOpA, KOTOPHIE PEMIAIOT 3a]1a4y aHAJIOTHH:
* king — man + woman = queen

e Moscow — Russia + France = Paris

Hemo: rare-technologies.com/word2vec-tutorial/




IIpucmMoTpuMcsa BHMHUATEIbHEE

cos(b—a+ad, x) —» max

x¢{a,a’,b}
king — man + woman = King:

a a' b b' other
- ~ - » 0.90
Derivation .. 0.75
Inflections . 0.60
0.45
Lexicography 0.30
Encyclopedia . 015
- 0.00

Rogers et. al. The (Too Many) Problems of Analogical Reasoning with Word Vectors, 2017.



JlocTaTouHO B3SIThH OJIMzKamero coceaa ajs b?

J11s KaTeropuu MHOXKECTBEHHOIO yHnciia B garacere Google
aJrOPUTM, BBIJIAIOIINI OJIMKAMIIEro coceaa b, JaeT TOYHOCTh
70%. Kak »TO BO3MOKHO?

[

Linzen. Issues in evaluating semantic spaces using word analogies, 2016.



TouHocTh BBICOKAasS, koraa b u b' 0uin3ku

1.0
share of all questions
B accuracy (top 1)
0.84 [ accuracy (top 3)
1 accuracy (top 5)
0.6 1
0.4
0.2
=17n
17
0.0 =
0.0 0.1 0.2 0.3 04 0.5 0.0 0.7 0.8 0.9

Kop3uHKH 0OCHOBaHbI Ha OJIM30CTH MEXIYy b 1 b'.




BATS (Bigger analogies test set)

NudaekuuonHas mopgoJiorus:

* student:students, strong:stronger, follow.following, ...
JlepuBaniuoHHast MOP(OJIOT U

* bake:baker. edit:editable, home:homeless, ...

Jlekcukorpagpuueckass CEMAaHTHUKA:

* [urnoHuMMEBl, MEpOHUMBI: peach.fruit, sea:water, player:team, ...

* AHTOHHMMBI, CHHOHUMBI: up:down, clean.dirty, cry:scream, ...
JHIUKJIONEANYeCKass CEMAHTHKA:

* JKuBotHnie: cat:kitten, dog:bark, ...

* lTeorpadus: Athens:Greece, Peru:Spanish, ...

o Jlrvonu: Lincoln:president, Lincoln:American, ...

* Jlpyroe: blood:red, actor:actress, ...



KadecTBO M0 Kareropusim

Inflectional morphology Derivational morphology
1.0- 1.0-
0.9- 0.9-
0.8- 0.8-
o 07- 0.7-
C
8 os- 0.6-
S
o 05- 0.5-
a
O - -
§ 04 0.4
§ 0.3- 0.3-
2
0.2- 0.2-
0.1- 0.1-
0.0- 0.0-
Baseline 3CosAdd Baseline 3CosAdd

Finley et. al. What Analogies Reveal about Word Vectors and their Compositionality, 2017.



AHAJIOTHH HA MO0J U HA CTPAHBI — JIyYllIHe

Lexical semantics Named entities
1.0-
0.9-
0.8-
0.7-
0.6-
0.5-
0.4-

03- ————

Mean reciprocal rank

0.2-

Baseline 3CosAdd  Baseline 3CosAdd

Finley et. al. What Analogies Reveal about Word Vectors and their Compositionality, 2017.



IloyeMy TOJABKO cja0Ba?
BekTopa aj1st CHMBOJIOB U NPEIJI0KECHUH



Mopdoaorus

IIpo0dJembi:
* S3bikm ¢ Ooraroit Mopdoaoruei

 Penxue ciosa, OOV cioBa

—_— =
- -
- -
- -~
- ~

rispettosa - T irrispettosa

@00 @)~._ @0 @O0
rispettoso W T iy 1ITISpettoso

(@0 0 @)X —3(@0 0O
e < >
e

@0 0 @)« I (@ 0 © O

rispettosi e ¥ Irrispettosi

Hcnons3oBanue MOP()OJIOTrUM sl YIYUIIEHHUSI BEKTOPOB CJIOB.

I. Vulic et. al. Morph-fitting: Fine-Tuning Word Vector Spaces with Simple Language-Specific Rules, 2017.



FastText

IIpeacTaBuM CI0BO MEIIKOM OYKBEHHBIX N-TpaMM, JJIsi n = 3:

Guhere - _wh, whe, her, ere, re , where_

Mogenupyem BEKTOpP CJIOBA KaK CYMMY BEKTOPOB N-IpaMM:

SGNS: FastText:
sim(u,v) = (¢y, 0y) sim(u,v) = Z (Pu,04)

gelGy

Koa u BekTopa: https://fasttext.cc/

P. Bojanowsky et al. Enriching Word Vectors with Subword Information, 2016.



Sent2vec

IlepBble naen:
* VYcpenHUTh npedobyuentvle BEKTOpa ClIoB (word2vec, GloVe).
* BosmoxHo, ncnoanr3oBarhk TF-IDF Beca.

Sent2vec:

*  Obyuumsb BEKTOpA MPEIIOKEHUM KaK YCPEITHEHUE BEKTOPOB:

, 1
sim(u, 3) = 171 3 (6.0

gelG
e G s OTO MHOXXECTBO N-I'paMM JIJISI IPEIIOKECHUA S.

Ko u BekTopa: https://github.com/epfml/sent2vec

Pagliardini et. al. Unsupervised Learning of Sentence Embeddings using Compositional n-Gram Features, 2017.



StarSpace

OO01mMii UHCTPYMEHT:

cywinocmu (MIPEAI0KEHUS) U npu3Haxu (CI0oBa)

MHOXKeCTBO NPUJIOKEHUM:
* Knaccudukaius TeKCTOB, HAaIpUMeEp, CCHTUMEHT
* PamxupoBaHue, HAIPUMEDP, BbIJIAYU ITOUCKA
* PexoMeHaaTeNbHbIE CUCTEMBI

* Ilpeacrasienus rpados

Koa u Tteroropuad: github.com/facebookresearch/Starspace

Wau et. al. StarSpace: Embed All The Things! 2017



StarSpace

Mode 3 (BeKTOpA 1151 NPEAJI0KEHM M ):

3adaua: oOy4YUTh BEKTOPA IPEAI0KECHUM, NCI0Ib3Ys KOJUICKIIHMIO
nap OJIM3KUX MPEITOKECHHUM.

Dopmam OoanHbix. ONU3KUE NPEITIOKECHUS B OJJHOM CTPOKE:

sentl wordl sentl word2 .. <tab> sent2 wordl sent2 word2 ..

Ob6yuenue:

* Kaxmoe npeanokeHue npeacTaBlIsIeTCsl Kak MEIIOK MPU3HAKOB
(CIOB M n-rpaMm).

* IIpenckaspiBaeTcCs nmonapHas OJM30CTh IPEAI0KECHHUM.

* HeraruBHble NpUMEPHI TTAP COMILTUPYIOTCS CIYYAKUHO.



SKip-thought vectors

* IIpenckaspiBaeM IpeabIAyIIEe U CICAYIOIIEE PEII0KEHNE
» Apxutekrypa: RNN encoder-decoder

Thought vector
Next phrase n text <EOS>
” N\ N\ N\ ” N\ T
L \ /4 \ L \ L \
\ \ \ \
| 1 | |
hl =]’L2 =h3 » U '|: S1 | S2 ‘, S3 ‘ S4
i
\ \ \ \
i f f RPN
Some 1nput phrase <EOS> Next phrase in text

Kiros et. al. Skip-Thought Vectors, 2015, https://github.com/ryankiros/skip-thoughts.




SOTA yuuia 3a a1Ba roga Biepen...

FastText Bag-of-Words
Unsupervised
Uses unannotated or 5
weakly-annotated dataset Su perwsed
Ski p-Th oug ht Uses annotated dataset

Quick-Tho

ELMo DiscS
Google’s
input-output

recent
trend

Multi-task learning

Uses several annotated or unannotated datasets

MILA/MSR’s General PMnt.
Google’s Universal Sentence Enc.

https://medium.com/hugegingface/universal-word-sentence-embeddings-ce48ddc8fc3a




