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@ Order-embeddding

© Graph embeddings
© Word embeddings

@ Sentence embeddings

Rogozina A. Embeddings



er-embeddding

Order-embeddings

ITocranoBka 3a a9

YactuuHo yropsiouenHoe Maoxkectso (X, <X x), X € D

BoccranoBuTh 9acTUIHBIN MOPSIIOK M1 BCero D

CrpoektupoBarbh X B yKe 9aCTUYHO YHOPSIOUYEHHOE
npocrpancTio - "embedding space" (Y, < y)

"Order embeddings og images and language"by Ivan Vendrov, Ryan Kiros,

Sanja Fidler, Raquel Urtasun

Rogozina A. Embeddings



Order-embeddding

Breibop embedding nmpocTpancTsa

TpeboBanmst K 0TOOPaAKEHIIO

Oynknus [ : (X, <X x) — (Y, 2 y) onpegenser

order-embedding, ecian V(u,v) € X 1 u X xv & f(u) 2y f(v)

[Tpennaraemoe mpocTpancTBo Y

B kauectse (Y, < y) npearaercs B3sATb R/X C TAKUM
OTHOIIIEHHEM YaCTUIHOIO IOpA/iKa: T X Y < /\?:1 T > Y;
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Obyuenne

[MITpadsr

[Iperaraercst nuckare annpokcumarmio order-embedding f,

BBOJISI MITPAMDI JJIsi KAXKION MaphI
(z,y) € RY : E(z,y) = || max (0,z — y)|?

OyHKINA OMMOKN ITOAOUPAETCs JJIsi KasK 10 KOHKPETHOM

IPUKJIQJIHON 3318491
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Order-embeddding

Hypernum prediction

Hypernum pair - napa (mpumep, o6obIieHne), Harpumep
(woman, person), (New York, city) B paGore BoisiBisitorcst He
roJsibko direct hypernums (person, organism), o u transitive
hypernymy relation (cat, organism)

Z(u,v)GWordNet E(f(u)7 f(U)) + HlaX{O, o — E(f(ul)a f(vl))}
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-embedddi
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Figure 2: 2-dim order-embedding of a
small subset of the WordNet hypernym rela-
tion. All the true hypernym pairs (green ar-
rows) are correctly embedded, but two spu-
rious pairs (pink arrows), are introduced.
Only direct hypernyms are shown.




Order-embeddding

Caption-image retrieval

Xorum

OuenuBarb Mepy S(c,i) coorBercrBust onucanusi(caption)
kapruHke(image)

[Ipenmoxkenne

ITpoekTupyem n KapTHHKH, U ONHCAHHS, B OJHO
embedding-order npocrpancrso(byukuusmu f;(i) u fo(c)
coorBercrBenHo). Torma onpenennm S(c,i) = —E(fi(i), fe(c)).

Loss function

Z (Z max{a—S(c,i)+S(c, i) }+ (Z max{a—=S(c, i)+5(c,')})
(ci) ¢ i
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beddding

Results

a Captions Image rank
cosine  order-emb

a sitting area with furniture and flowers makes a back- 4 8

drop for a boy with headphones sitting in the fore-

round at one of the chairs at a dining table that holds

sses and a handbag working at a laptop

a kid is wearing headphone while on a laptop 286 24

view of top of a white building with tan speckled area 3 5
an uncovered awning with a pigeon in fight below and
a red umbrella behind balcony wall

a pigeon flying near white beams of a building 91 6

Figure 3: Images with captions of very different lengths, and the rank of the GT image when using
each caption as a query.




>mbeddding

Textual entailment / Natural language inference

O6obmenne 3agaun hypernum prediction Ha mpeIOKEHUS .
[Tpumep: "woman walking her dog in a park"< "woman walking
her dog" wmm "dog in a park", Ho He "old woman" wmau "black

n

dog".

> oy E(F (), f(R)) + Xy vy max{0, & = E(f(p), £())}
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Graph embeddings

Graph embeddings

OCHOBHBIE ITOIXOJIbI

@ Vertex embedding

o Deep walk
o Node2Vec
o Structural Deep Network Embedding (SDNE)

o Whole graph embedding
o Graph2vec
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Graph embeddings

DeepWalk

Vertex embedding

o Sampling: random walk 32 - 64 u3 kaxxoii Bepmunsl Ha 40
BEPIIUH B IVIyOuHY

@ Training skip-gram: IlosyauBiasicst mocie0BaTEIbHOCTD
BepINUH = peJjioykeHne B SKip-gram moesn

o Computing embeddings

; w S
’ sO0 2 S © S 3
- A —). ( X A (:\ ) —)
Sampllng Training /M5~ Computing
random OoOO0 skip-gram " embeddings
walks model

D)
\,»‘ \4}\,/)

Phases of DeepWalk approach

Kaprunku: https://towardsdatascience.com/graph-embeddings-the-
summary-cc6075aba007
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Graph embeddings

Node2Vec

Vertex embedding

Hemocrarok DeepWalk

Tax kak "6myxkmanus"mo rpady ciydaiiHble, METOJT TIJIOXO
COXPAaHSIET JIOKAJIBHYIO OKPECTHOCTH BEPIITHHBI

Ucnpasienne

Iobapisirorcst mapamerpbr P u Q)

@ () - BEPOSITHOCTH YTO CJIy4aiiHOe OJIy:K/IaHue Iepeiier u3
BEPIIUHBI B HEIIPOCMOTPEHHYIO 9acTh rpada. OTBevuaer 3a
HCCJIENOBAHNE II00AIBHON CBASHOCTH U CJIOXKHBIX
3aBUCHUMOCTEN.

@ P - BepOATHOCTH BEPHYTHCS B IPOCMOTPEHHYIO 9acTh

rpacda. OTBeuaer 3a nUCCje0BaHUE JIOKAJIBHON OKPECTHOCTH
BEPIINH.
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Graph embeddings

1/Q 1/P

1/Q 1

The figure shows probabilities of a random walk step in Node2vec. We just made a step from the red to the

green node. The probability to go back to the red node is 1/P, while the probability to go the node not

connected with the previous (red) node 1/Q. The probability to go to the red node's neighbor is 1.




Graph embeddings

Structural Deep Network Embedding (SDNE)

Vertex embedding

CgoiicTBa

CoxpansieT 6JM30CTh IEPBOTO U BTOPOTO MOPSIIKA
o I[lepBblit TOPSIOK - GIU30CTH BEPIIUH, COEIMHEHHBIX PEOPOM

o Bropoii nmopsijiok - 6Jin30CTh BEPIIUH, COEIMHEHHBIX Yepe3
0061ux coceieii (KOMIOHEHTBI CBSI3HOCTH )

VerpoiicTBo

o /IBa "BaHmibHBIX"aBTOSHKO/IEPA TOJIYIAIOT BEKTOD
"cBsi3HOCTH" BEPIIMHBI U IBITAIOTCS BOCCTAHOBUTD €I'0 2KE.

o Ha Bxo/ 9BTOSHKOJEpPaAM IMOJAIOTCST TAPHI
BEPIINH,COeTMHEHHBIE PeOpoM. Paccrosane Mex Ty mx
5MOETUHTaMI BKJIFOUAETCS B OIIHOKY.
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Graph embeddings

| Input | | Input |
Shared
\ / weights /
>
Embedding e Distance Embedding
/ \ / \
/ \ < > /
/ \ Shared / !
/ weights  / \
| Output | | Output |

Puc.: Cxema Structural Deep Network Embedding
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sraph embeddings

Graph2Vec

o Opmu rpad - OUH BBIXOIHON BEKTOD

o Bbiuskwme mo crpykType rpadbl OKa3bIBAIOTCS OJITM3KU B
[IPOCTPAHCTBE SMOEJINHIOB.

o Brigenstem muOXKecTBO moarpados B rpade.

o I'padp = mmO)KecTBO MTOATPadOB, TOKYMEHT = MHOXKECTBO
cJ10B, TIo3TOMy obydaeM embedding kax doc2vec:
MaKCAMHU3UPYEM BEPOSITHOCTD IPeCcKa3aTh "CI0BO KOTOPOe
ecTb B "nokymenTe".

o Ha Bxome rpad mpencrasisiercst Kak one-hot BekTop.
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Graph 1

Graph 2

Graph 3

Graph 4

Graph 5

Graph n

Graph embeddings

Embedding

O
/ ©
O

O

Puc.: Cxema Graph2Vec

Embeddings

O-0000

Subgraphs

Subgraph 1

Subgraph 2

Subgraph 3

Subgraph 4

Subgraph 5




Word embeddings

Word embeddings

Fast overview

Strong
baselines

State-of
the-art

Words Embed.

FastText

ELMo

Unsupervised

weakly-annotated dataset

Sentences Embed.

Bag-of-Words

Uses unannotated or

Skip-Thoughts
Quick-Thoughts
DiscSqt

Google'sjdidlog
input-output

Rogozina A.

Supervised

Uses annotated dataset

InferSent
Machir/@iilg nslation

Multi-task learning

Uses several annotated or unannotated datasets

MILA/MSR’s General Purpose Sent.
Google’s Universal Sentence Enc.
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Word embeddings

Word embeddings

Most commonly used
o GloVe
o Word2Vec
e ELMo
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Word embeddings

OcHoBHaga ujed

Matrix factorization + local context window

e Crponm marpumy X € RV*V,

CJIOBO § BCTpeYaeTcs B KOHTEKCTe ¢j1oBa j (B okue < 9 cJIoB)

Zi5 — KOJIMYECTBO pa3, Korla

o P = T BEPOSITHOCTD j B KOHTEKCTE {

o F(w;,wj,wy) = ]Ij“; - Kakoe CJI0BO (i WM j) BeposiTHee
J
yBUJIETb B KOHTEKcTe k
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Word embeddings

)T ~ ) _ Fwlwy) F(UJT

e onennM F((w; — wj = FTay’ ;
J

wi) = P,
e Bosbmem F(z) = exp(x), a w; TakuMu, 910
wi g, = log(Pir,) = log(xu) —log (3 ij)
o OnruMmusupyeM (YHKIHOHA OMIMOKN HOJLY IHBIIErOCsT
SVD - pasyioxkenusi:

J = Zz",/jzl f(xij)(wa0; + by +b; —log (zi))?, tre
bi +bj =log (3_; xij)
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Word embeddings

Word2Vec: Skip-Gram

o Makcumusupyem GyHKITUIO

L =p(wi—p, ..., wiyn|wi) = H—hgkgh,k;éo P(Wiyk | w;)
o p(u|v) = Softmax(wy,w,)
o Continuous Bag-of-Words - Bce aHa/lornaHo, HO

IpeacKa3bIBa€M HE KOHTEKCT IIO CJIOBY, a CJIOBO IIO
KOHTEKCTY
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Word embeddings

ELMo represents a word /; as a linear combination of
corresponding hidden layers (inc. its embedding)

ELMo is a task specific .
representation. A down-stream biLMs
task learns weighting parameters

Forward LM Backward LM

task LM Concatenate
s x ot NN T

ELMo{™ = [/ « 3 & s x ny EEEEEN h

task LM (RLM. fLM
s x pv [ TR B

(X %)

Unlike usual word embeddings, ELMo is

assigned to every token instead of a type

Puc.: http://www.machinelearning.ru/wiki/images/d/d7/Mmtal8-

sentence-encoders.pdf




Sentence embeddings

Sentence embeddings

Most commonly used
@ Supervized
o InferSent
o Unsupervized

o Skip-thoughts vectors
o Quick-thoughts vectors

o Multi-task learning

o Google’s Universal Sentence Encoder

Rogozina A. Embeddings



Sentence embeddings

Supervised: InferSent

4

lfully-connected layers |

t

| ('IL,’U, |’££—'U‘,’U«*’U) ‘

[TpoBomuTcst TpexkJracco-
Bast Kyiaccudukanus. Ila-
PBI TIPEJJIOKEHUN pa3Me-

Paper:
9eHbl Ha 3 KATeropuwu:
neutral, contradiction u

entailment U ] \ U
sentence encoder sentence encoder
with premise input with hypothesis input

“Supervised Learning of Universal Sentence Representations from Natural

Language Inference Data” by A. Conneau et al.
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Sentence embeddings

Skip-thoughts

Unsupervized

@ RNN - based encoder - decoder nmpejicka3biBaeT
"okpyxKaromiue" TaHHOe IPeIJIOXKEeHNsT

@ Vocabulary expansion scheme - jinneitHoe mpeobpazoBanue:
BBIyYeHHBIE SMOe/InHrn — word2vec(Hampumep).

Thought vector
Next phrase in text <EOS>

-~ -~ -~ -~
hl hg h3 S4

Some input phrase <EOS> Next phrase in text

Puc.: Kiros et. al. Skip-Thought Vectors, 2015
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Sentence embeddings

Quick-thoughts

Unsupervized

o IIpenckasbiBaTh cieayomniee IPeIIOXKEeHne 110
[PEIbIAYIIEMY — KJIacCHpUKAINs

o T'opazo GeicTpee.

Spring had come. —- @j

They were so black. —{ Ene (g) @—L
And yet his crops didn’t grow. — Enc (g) D _3
He had blue eyes. — Ene (g) @—1

Quick-thoughts classification task. The classifier has to chose the following sentence from a set of sentence

embeddings. Source: "An efficient framework for learning sentence representations” by Logeswaran et al.

Classifier
]
3
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