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Äèñòðèáóòèâíàÿ ãèïîòåçà è âèäû ñåìàíòè÷åñêîé áëèçîñòè ñëîâ

¾Ñìûñë ñëîâà îïðåäåëÿåòñÿ ìíîæåñòâîì åãî êîíòåêñòîâ¿

Words that occur in the same contexts tend to have similar
meanings [Harris, 1954].

You shall know a word by the company it keeps [Firth, 1957].

Ñèíòàãìàòè÷åñêàÿ áëèçîñòü ñëîâ:

ñî÷åòàåìîñòü ñëîâ â îäíîì êîíòåêñòå
(çäàíèå�ñòðîèòåëü, êðàí�âîäà, ôóíêöèÿ�òî÷êà)

Ïàðàäèãìàòè÷åñêàÿ áëèçîñòü ñëîâ:

âçàèìîçàìåíÿåìîñòü ñëîâ â îäíîì êîíòåêñòå
(çäàíèå�äîì, êðàí�ñìåñèòåëü, ôóíêöèÿ�îòîáðàæåíèå)

Z.Harris. Distributional structure. 1954.

J.R.Firth. A synopsis of linguistic theory 1930-1955. Oxford, 1957.

P.Turney, P.Pantel. From frequency to meaning: vector space models of semantics. 2010.
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Ôîðìàëèçàöèÿ äèñòðèáóòèâíîé ãèïîòåçû

Äàíî: òåêñò (w1 . . .wn), ñîñòîÿùèé èç ñëîâ ñëîâàðÿ W

Íàéòè: âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ vw ∈ Rd , òàê, ÷òîáû
áëèçêèå ïî ñìûñëó ñëîâà èìåëè áëèçêèå âåêòîðû

Ìîäåëü CBOW (continuous bag-of-words) äëÿ âåðîÿòíîñòè
ñëîâà wi â çàäàííîì êîíòåêñòå Ci = (wi−k . . .wi−1wi+1 . . .wi+k):

p(wi = w |Ci ) = SoftMax
w∈W

〈uw , v−i 〉,

v−i = 1
2k

∑
w∈Ci

vw � ñðåäíèé âåêòîð ñëîâ èç êîíòåêñòà Ci ,

vw � âåêòîðû ïðåäñêàçûâàþùèõ ñëîâ,
uw � âåêòîð ïðåäñêàçûâàåìîãî ñëîâà, â îáùåì ñëó÷àå uw 6= vw .

Êðèòåðèé ìàêñèìóìà log-ïðàâäîïîäîáèÿ, U,V ∈ R|W |×d :
n∑

i=1

log p(wi |Ci )→ max
U,V

T.Mikolov, K.Chen, G.Corrado, J.Dean. E�cient estimation of word representations in

vector space, 2013.
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Åù¼ îäíà ôîðìàëèçàöèÿ äèñòðèáóòèâíîé ãèïîòåçû

Äàíî: òåêñò (w1 . . .wn), ñîñòîÿùèé èç ñëîâ ñëîâàðÿ W

Íàéòè: âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ vw ∈ Rd , òàê, ÷òîáû
áëèçêèå ïî ñìûñëó ñëîâà èìåëè áëèçêèå âåêòîðû

Ìîäåëü Skip-gram äëÿ ïðåäñêàçàíèÿ âåðîÿòíîñòè ñëîâ
êîíòåêñòà Ci = (wi−k . . .wi−1wi+1 . . .wi+k) ïî ñëîâó wi :

p(w |wi ) = SoftMax
w∈W

〈uw , vwi 〉 ≡ norm
w∈W

(
exp〈uw , vwi 〉

)
,

vw � âåêòîð ïðåäñêàçûâàþùåãî ñëîâà,
uw � âåêòîð ïðåäñêàçûâàåìîãî ñëîâà, â îáùåì ñëó÷àå uw 6= vw .

Êðèòåðèé ìàêñèìóìà log-ïðàâäîïîäîáèÿ, U,V ∈ R|W |×d :
n∑

i=1

∑
w∈Ci

log p(w |wi )→ max
U,V

T.Mikolov et al. E�cient estimation of word representations in vector space, 2013.
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Ñðàâíåíèå ìîäåëåé CBOW è Skip-gram

Ðàçëè÷èå � â ñòðóêòóðå îïòèìèçàöèîííîãî êðèòåðèÿ:

CBOW:
n∑

i=1

log SoftMax
wi∈W

(
1

2k

∑
c∈Ci

〈uwi , vc〉
)
→ max

U,V

Skip-gram:
n∑

i=1

∑
c∈Ci

log SoftMax
c∈W

〈uc , vwi 〉 → max
U,V

Skip-gram òî÷íåå ìîäåëèðóåò âåðîÿòíîñòè ðåäêèõ ñëîâ

Îáå ìîäåëè ìîæíî îáó÷àòü ñ ïîìîùüþ SGD

Îáå ìîäåëè ðåàëèçîâàíû â ïðîãðàììå word2vec [Mikolov]

Îáà êðèòåðèÿ òðóäíî îïòèìèçèðîâàòü èç-çà SoftMax

×òî äåëàòü? Çàìåíÿòü ëèáî SoftMax, ëèáî êðèòåðèé

T.Mikolov et al. E�cient estimation of word representations in vector space, 2013.
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Èåðàðõè÷åñêèé SoftMax

Èäåÿ: çàìåíèòü SoftMax íà äðóãóþ ôóíêöèþ ïîòåðü,
ñëîæíîñòü âû÷èñëåíèÿ êîòîðîé O(log |W |) âìåñòî O(|W |).

Ïðåäâàðèòåëüíûé ýòàï:

Ïî ñëîâàðþ ÷àñòîò ñòðîèòñÿ áèíàðíîå äåðåâî Õàôôìàíà

Êàæäàÿ âíóòðåííÿÿ âåðøèíà n õðàíèò âåêòîð un ∈ Rd

Êàæäûé ëèñò âû÷èñëÿåò âåêòîð vw äëÿ ñëîâà w ∈ Rd

Ìîäåëü ïåðåõîäîâ èç âíóòðåííèõ âåðøèí äåðåâà:

íàïðàâî: p(+1|n,w) = σ(〈un, vw 〉)
íàëåâî: p(−1|n,w) = σ(−〈un, vw 〉) = 1− p(+1|n,w)

Îáó÷àþòñÿ âåêòîðû un âî âíóòðåííèõ âåðøèíàõ äåðåâà
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Èåðàðõè÷åñêèé SoftMax: îáó÷åíèå ìîäåëè

Ìîäåëü p(w |wi ), ãàðàíòèðóþùàÿ íîðìèðîâêó
∑

w p(w |wi ) = 1:

p(w |wi ) =

`(w)∏
j=1

p
(
βjw |njw ,wi

)
=

`(w)∏
j=1

σ
(
βjw 〈unjw , vwi 〉

)
ãäå `(w) � äëèíà ïóòè ê ëèñòó w ,
njw � j-ÿ âíóòðåííÿÿ âåðøèíà íà ïóòè ê ëèñòó w ,
βjw ∈ {−1,+1} � ïîâîðîò èç j-é âåðøèíû íà ïóòè ê w .

Ïðèìåð: p(w |wi ) = p(−1|n1w ,wi ) p(−1|n2w ,wi ) p(+1|n3w ,wi )

Ê.Â. Âîðîíöîâ (voron@forecsys.ru) Èñêóññòâåííûå íåéðîííûå ñåòè 8 / 25



Âåêòîðíûå ïðåäñòàâëåíèÿ òåêñòà
Âåêòîðíûå ïðåäñòàâëåíèÿ ãðàôîâ

Àâòîêîäèðîâùèêè è ãðàôîâûå íåéðîííûå ñåòè

Ãèïîòåçà äèñòðèáóòèâíîé ñåìàíòèêè
Ìîäåëè word2vec
Ìîäåëü FastText

Ïîäìåíà çàäà÷è: êëàññèôèêàöèÿ ïàð ñëîâ íà äâà êëàññà

Êðèòåðèé log-loss äëÿ SGNS (Skip-gram Negative Sampling):

n∑
i=1

∑
w∈Ci

(
log p(+1|w ,wi ) + log p(−1|w̄ ,wi )

)
→ max

U,V

ãäå p(y |w ,wi ) = σ
(
y〈uw , vwi 〉) � ìîäåëü êëàññèôèêàöèè, y = ±1;

y = +1, åñëè ïàðà ñëîâ (w ,wi ) íàõîäèòñÿ â îáùåì êîíòåêñòå;
y = −1, åñëè ïàðà ñëîâ (w ,wi ) íå íàõîäèòñÿ â îáùåì êîíòåêñòå;
w̄ ∼ p(w)3/4 ñýìïëèðóåòñÿ èç W \Ci â ìåòîäå SG.

Ýâðèñòèêè è ïðî÷èå çàìå÷àíèÿ:

Dynamic window: ñëó÷àéíûé âûáîð k ∼ [3..10]

Èòîãîâûå âåêòîðû ñëîâ: αvw + (1− α)uw

Ïðè¼ì NS ïðèìåíÿþò, êîãäà íå õâàòàåò âòîðîãî êëàññà

×òî äåëàòü ñî ñëîâàìè, êîòîðûå âñòðå÷àþòñÿ âïåðâûå?
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Ñâÿçü word2vec ñ ìàòðè÷íûìè ðàçëîæåíèÿìè

d � ðàçìåðíîñòü âåêòîðîâ ñëîâ vw è uw
V = (vw )W×d � ìàòðèöà ïðåäñêàçûâàþùèõ âåêòîðîâ ñëîâ
U = (uw )W×d � ìàòðèöà ïðåäñêàçûâàåìûõ âåêòîðîâ ñëîâ

SGNS ñòðîèò ìàòðè÷íîå ðàçëîæåíèå P ≈ UV ò ìàòðèöû
Shifted PMI (Point-wise Mutual Information):

Pab = ln
nabn

nanb
− ln k ,

nab � ÷àñòîòà ïàðû ñëîâ a, b â îêíå ±k ñëîâ,
na, nb � ÷èñëî ïàð ñ ó÷àñòèåì ñëîâà a è b ñîîòâåòñòâåííî,
n � ÷èñëî âñåõ ïàð ñëîâ â êîëëåêöèè.

Â êà÷åñòâå ýâðèñòèêè èñïîëüçóþò òàêæå Shifted Positive PMI:

P+
ab =

(
ln

nabn

nanb
− ln k

)
+
.

O.Levy, Y.Goldberg. Neural word embedding as implicit matrix factorization. 2014.
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Ïðîâåðêà íà çàäà÷àõ ñåìàíòè÷åñêîé áëèçîñòè è àíàëîãèè ñëîâ

Çàäà÷à ñåìàíòè÷åñêîé áëèçîñòè ñëîâ:
ïî âûáîðêå ïàð ñëîâ (a, b) îöåíèâàåòñÿ êîððåëÿöèÿ Ñïèðìåíà
ìåæäó cos(va, vb) è ýêñïåðòíûìè îöåíêàìè áëèçîñòè y(a, b)

Çàäà÷à ñåìàíòè÷åñêîé àíàëîãèè ñëîâ:
ïî òð¼ì ñëîâàì óãàäàòü ÷åòâ¼ðòîå
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Ìîäåëü âåêòîðíûõ ïðåäñòàâëåíèé FastText

Èäåÿ: âåêòîðíîå ïðåäñòàâëåíèå ñëîâà w îïðåäåëÿåòñÿ
êàê ñóììà âåêòîðîâ âñåõ åãî áóêâåííûõ n-ãðàìì G (w):

uw =
∑

g∈G(w)

ug

Â Skip-gram âìåñòî âåêòîðîâ ñëîâ uw îáó÷àþòñÿ âåêòîðû ug

Ïðèìåð: G (äàðìîëþá) = {<äà, àðì, ðìî, ìîë, îëþ, ëþá, þá>}

Ïðåèìóùåñòâà:

Ýòî ðåøàåò ïðîáëåìû íîâûõ ñëîâ è ñëîâ ñ îïå÷àòêàìè

Ïîäõîäèò äëÿ îáðàáîòêè òåêñòîâ ñîöèàëüíûõ ìåäèà

Ñëîâàðü 2- è 3-ãðàìì îáû÷íî ìåíüøå ñëîâàðÿ W

Ñóùåñòâóåò ìíîãî ïðåäîáó÷åííûõ ìîäåëåé

Bojanowski et al. Enriching word vectors with subword information. 2016.
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Ìîäåëè âåêòîðíûõ ïðåäñòàâëåíèé äëÿ òåêñòîâ è ãðàôîâ

word2vec: ýìáåäèíãè (âåêòîðíûå ïðåäñòàâëåíèÿ) ñëîâ
T.Mikolov et al. E�cient estimation of word representations in vector space. 2013.

paragraph2vec: ýìáåäèíãè ôðàãìåíòîâ èëè äîêóìåíòîâ
Q.Le, T.Mikolov. Distributed representations of sentences and documents. 2014.

sent2vec: ýìáåäèíãè ïðåäëîæåíèé
M.Pagliardini et al. Unsupervised learning of sentence embeddings using compositional n-gram features. 2017.

FastText: ýìáåäèíãè ñèìâîëüíûõ n-ãðàìì
https://github.com/facebookresearch/fastText

node2vec: ýìáåäèíãè âåðøèí ãðàôà
A.Grover, J.Leskovec. Node2vec: scalable feature learning for networks. 2016.

graph2vec: áîëåå îáùèå ýìáåäèíãè íà ãðàôàõ
A.Narayanan et al. Graph2vec: learning distributed representations of graphs. 2017.

StarSpace: ýìáåäèíãè ÷åãî óãîäíî îò Facebook AI Research
L.Wu, A.Fisch, S.Chopra, K.Adams, A.B.J.Weston. StarSpace: embed all the things! 2018.

BERT: ýìáåäèíãè ôðàç è ïðåäëîæåíèé îò Google AI Language
J.Devlin et al. BERT: pre-training of deep bidirectional transformers for language understanding. 2018.

GPT-3: ýìáåäèíãè, ïðåäîáó÷åííûå ïî 570Gb òåêñòîâ îò OpenAI
T.Â.Brown et al. Language Models are Few-Shot Learners. 2020.

Ê. Â. Âîðîíöîâ (voron@forecsys.ru) Èñêóññòâåííûå íåéðîííûå ñåòè 13 / 25

https://github.com/facebookresearch/fastText


Âåêòîðíûå ïðåäñòàâëåíèÿ òåêñòà
Âåêòîðíûå ïðåäñòàâëåíèÿ ãðàôîâ

Àâòîêîäèðîâùèêè è ãðàôîâûå íåéðîííûå ñåòè

Ìíîãîìåðíîå øêàëèðîâàíèå
Âåêòîðíûå ïðåäñòàâëåíèÿ ñîñåäñòâà SNE, t-SNE
Ìîäåëè ìàòðè÷íûõ ðàçëîæåíèé

Ìíîãîìåðíîå øêàëèðîâàíèå (multidimensional scaling, MDS)

Äàíî: (i , j) ∈ E � âûáîðêà ð¼áåð ãðàôà 〈V ,E 〉,
Rij � ðàññòîÿíèÿ ìåæäó âåðøèíàìè ðåáðà (i , j).
Íàïðèìåð, â IsoMAP Rij � äëèíà êðàò÷àéøåãî ïóòè ïî ãðàôó.

Íàéòè: âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí zi ∈ Rd , òàê, ÷òîáû
áëèçêèå (ïî ãðàôó) âåðøèíû èìåëè áëèçêèå âåêòîðû.

Êðèòåðèé ñòðåññà (stress):∑
(i ,j)∈E

w(Rij)
(
ρ(zi , zj)− Rij

)2 → min
Z
, Z ∈ RV×d ,

ãäå ρ(zi , zj) = ‖zi − zj‖ � îáû÷íî åâêëèäîâî ðàññòîÿíèå,
w(Rij) � âåñà (êàêèå ðàññòîÿíèÿ âàæíåå, áîëüøèå èëè ìàëûå).

Îáû÷íî ðåøàåòñÿ ìåòîäîì ñòîõàñòè÷åñêîãî ãðàäèåíòà (SG).

I.Chami et al. Machine learning on graphs: a model and comprehensive taxonomy. 2020.
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Âåêòîðíûå ïðåäñòàâëåíèÿ òåêñòà
Âåêòîðíûå ïðåäñòàâëåíèÿ ãðàôîâ

Àâòîêîäèðîâùèêè è ãðàôîâûå íåéðîííûå ñåòè

Ìíîãîìåðíîå øêàëèðîâàíèå
Âåêòîðíûå ïðåäñòàâëåíèÿ ñîñåäñòâà SNE, t-SNE
Ìîäåëè ìàòðè÷íûõ ðàçëîæåíèé

Ìíîãîìåðíîå øêàëèðîâàíèå äëÿ âèçóàëèçàöèè äàííûõ

Ïðè d = 2 îñóùåñòâëÿåòñÿ ïðîåêöèÿ âûáîðêè íà ïëîñêîñòü

Èñïîëüçóåòñÿ äëÿ âèçóàëèçàöèè êëàñòåðíûõ ñòðóêòóð

Ôîðìó îáëàêà òî÷åê ìîæíî íàñòðàèâàòü âåñàìè è ìåòðèêîé

Íåäîñòàòîê � èñêàæåíèÿ íåèçáåæíû

Íàèáîëåå ïîïóëÿðíûé ìåòîä äëÿ âèçóàëèçàöèè � t-SNE

Laurens van der Maaten, Geo�rey Hinton. Visualizing data using t-SNE. 2008
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Âåêòîðíûå ïðåäñòàâëåíèÿ òåêñòà
Âåêòîðíûå ïðåäñòàâëåíèÿ ãðàôîâ

Àâòîêîäèðîâùèêè è ãðàôîâûå íåéðîííûå ñåòè

Ìíîãîìåðíîå øêàëèðîâàíèå
Âåêòîðíûå ïðåäñòàâëåíèÿ ñîñåäñòâà SNE, t-SNE
Ìîäåëè ìàòðè÷íûõ ðàçëîæåíèé

Ìåòîä âåêòîðíîãî ïðåäñòàâëåíèÿ ñîñåäñòâà
(Stochastic Neighbor Embedding, SNE)

Äàíî: èñõîäíûå òî÷êè xi ∈ Rn, i = 1, . . . , `
Íàéòè: òî÷êè íà êàðòå-ïðîåêöèè yi ∈ Rd , i = 1, . . . , `, d � n
Êðèòåðèé: ðàññòîÿíèÿ ‖yi − yj‖ áëèçêè ê èñõîäíûì ‖xi − xj‖
Âåðîÿòíîñòíàÿ ìîäåëü ñîáûòèÿ ¾j ÿâëÿåòñÿ ñîñåäîì i¿
íà îñíîâå ïåðåíîðìèðîâàííûõ ãàóññîâñêèõ ðàñïðåäåëåíèé:

p(j |i) = norm
j 6=i

exp
(
− 1

2σ2
i
‖xi − xj‖2

)
� â èñõîäíîì ïðîñòðàíñòâå;

q(j |i) = norm
j 6=i

exp
(
−‖yi − yj‖2

)
� â ïðîñòðàíñòâå ïðîåêöèè;

ãäå p(j) = norm
j

(zj) =
zj∑
k zk

� îïåðàöèÿ íîðìèðîâêè âåêòîðà.

Ìàêñèìèçàöèÿ ïðàâäîïîäîáèÿ (ñòîõàñòè÷åñêèì ãðàäèåíòîì):∑
i

∑
j 6=i

p(j |i) ln q(j |i) → max
{yi}
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Âåêòîðíûå ïðåäñòàâëåíèÿ òåêñòà
Âåêòîðíûå ïðåäñòàâëåíèÿ ãðàôîâ

Àâòîêîäèðîâùèêè è ãðàôîâûå íåéðîííûå ñåòè

Ìíîãîìåðíîå øêàëèðîâàíèå
Âåêòîðíûå ïðåäñòàâëåíèÿ ñîñåäñòâà SNE, t-SNE
Ìîäåëè ìàòðè÷íûõ ðàçëîæåíèé

Ïðåèìóùåñòâà ìåòîäà SNE

Ïðåîáðàçîâàíèå ðàññòîÿíèé â âåðîÿòíîñòè óñòðàíÿåò
äèñáàëàíñû ìåæäó áîëüøèìè è ìàëûìè ðàññòîÿíèÿìè

Äèñáàëàíñ ìåæäó òî÷êàìè ñ áîëüøîé è ìàëîé ïëîòíîñòüþ
ñîñåäåé âûðàâíèâàåòñÿ íàñòðîéêîé σi ïî ïåðïëåêñèè

H(i) = −
∑

j p(j |i) log2 p(j |i) � ýíòðîïèÿ ðàñïðåäåëåíèÿ p(j |i);
2H(i) � ïåðïëåêñèÿ = ¾ýôôåêòèâíîå ÷èñëî ñîñåäåé ó xi¿
(åñëè p(j |i) = 1

k , òî 2H(i) = k); îáû÷íî ïåðïëåêñèÿ = 5..50.

Âûáîð ïåðïëåêñèè ìîæåò ñóùåñòâåííî âëèÿòü íà âèä ïðîåêöèè:

G.E.Hinton, S.T.Roweis. Stochastic Neighbor Embedding. 2002.
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Âåêòîðíûå ïðåäñòàâëåíèÿ òåêñòà
Âåêòîðíûå ïðåäñòàâëåíèÿ ãðàôîâ

Àâòîêîäèðîâùèêè è ãðàôîâûå íåéðîííûå ñåòè

Ìíîãîìåðíîå øêàëèðîâàíèå
Âåêòîðíûå ïðåäñòàâëåíèÿ ñîñåäñòâà SNE, t-SNE
Ìîäåëè ìàòðè÷íûõ ðàçëîæåíèé

Âåðîÿòíîñòíàÿ ìîäåëü t-SNE: äâà óñîâåðøåíñòâîâàíèÿ SNE

Ïðîáëåìà ñêó÷åííîñòè â SNE: îêðåñòíîñòü âìåùàåò ãîðàçäî
áîëüøå òî÷åê â n-ìåðíîì ïðîñòðàíñòâå, ÷åì â d-ìåðíîì

Èñïîëüçîâàíèå t-ðàñïðåäåëåíèÿ Ñòüþäåíòà
ñ áîëåå òÿæ¼ëûì õâîñòîì è ñèììåòðè÷íîãî
ñîâìåñòíîãî ðàñïðåäåëåíèÿ q(i , j):

q(i , j) = norm
(i ,j) : i 6=j

(
1 + ‖yi − yj‖2

)−1

Èñïîëüçîâàíèå ñîâìåñòíîãî ðàñïðåäåëåíèÿ p(i , j):

p(i , j) = 1
2`

(
p(j |i) + p(i |j)

)
Ìàêñèìèçàöèÿ ïðàâäîïîäîáèÿ (ñòîõàñòè÷åñêèì ãðàäèåíòîì):∑

(i ,j) : j 6=i

p(i , j) ln q(i , j)→ max
{yi}

L.J.P. van der Maaten, G.Hinton. Visualizing data using t-SNE. 2008
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Âåêòîðíûå ïðåäñòàâëåíèÿ òåêñòà
Âåêòîðíûå ïðåäñòàâëåíèÿ ãðàôîâ

Àâòîêîäèðîâùèêè è ãðàôîâûå íåéðîííûå ñåòè

Ìíîãîìåðíîå øêàëèðîâàíèå
Âåêòîðíûå ïðåäñòàâëåíèÿ ñîñåäñòâà SNE, t-SNE
Ìîäåëè ìàòðè÷íûõ ðàçëîæåíèé

Ìàòðè÷íûå ðàçëîæåíèÿ (graph factorization)

Äàíî: (i , j) ∈ E � âûáîðêà ð¼áåð ãðàôà 〈V ,E 〉,
Sij � áëèçîñòü ìåæäó âåðøèíàìè ðåáðà (i , j).
Íàïðèìåð, Sij = [(i , j) ∈ E ] � ìàòðèöà ñìåæíîñòè âåðøèí.

Íàéòè: âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí, òàê, ÷òîáû
áëèçêèå (ïî ãðàôó) âåðøèíû èìåëè áëèçêèå âåêòîðû.

Êðèòåðèé äëÿ íåîðèåíòèðîâàííîãî ãðàôà (S ñèììåòðè÷íà):∑
(i ,j)∈E

(
〈zi , zj〉 − Sij

)2 → min
Z
, Z ∈ RV×d

Êðèòåðèé äëÿ îðèåíòèðîâàííîãî ãðàôà (S íåñèììåòðè÷íà):∑
(i ,j)∈E

(
〈ϕi , θj〉 − Sij

)2 → min
Φ,Θ

, Φ,Θ ∈ RV×d

Îáû÷íî ðåøàåòñÿ ìåòîäîì ñòîõàñòè÷åñêîãî ãðàäèåíòà (SG).

I.Chami et al. Machine learning on graphs: a model and comprehensive taxonomy. 2020.
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Âåêòîðíûå ïðåäñòàâëåíèÿ òåêñòà
Âåêòîðíûå ïðåäñòàâëåíèÿ ãðàôîâ

Àâòîêîäèðîâùèêè è ãðàôîâûå íåéðîííûå ñåòè

Ìíîãîìåðíîå øêàëèðîâàíèå
Âåêòîðíûå ïðåäñòàâëåíèÿ ñîñåäñòâà SNE, t-SNE
Ìîäåëè ìàòðè÷íûõ ðàçëîæåíèé

Ìîäåëü ñëó÷àéíûõ áëóæäàíèé

Îáîáùåíèå Skip-gram (òåêñò âåäü òîæå ãðàô, ïðîñòàÿ öåïü):∑
i∈V

(∑
j∈Ci

log σ
(
〈ϕi , θj〉) +

∑
j∈C̄i

log σ
(
−〈ϕi , θj〉)

)
→ max

Φ,Θ
,

Ci � îêðåñòíîñòü (¾êîíòåêñò¿) âåðøèíû i , ñýìïëèðóåìàÿ
ñëó÷àéíûì áëóæäàíèåì äëèíû k (DeepWalk, node2vec),
C̄i � âåðøèíû, äàë¼êèå îò i , ñýìïëèðóåìûå j ∼ p(j)3/4

Ïàðàìåòðèçàöèÿ ñëó÷àéíûõ áëóæäàíèé:
âåðîÿòíîñòü p(v→w) ïîñëå ïåðåõîäà t→v
p↓ q ↑ � áëèæå ê ïîèñêó â øèðèíó (BFS)
p↑ q ↓ � áëèæå ê ïîèñêó â ãëóáèíó (DFS)

B.Perozzi et al. DeepWalk: online learning of social representations. SIGKDD-2014.

A.Grover, J.Leskovec. Node2vec: scalable feature learning for networks. SIGKDD-2016.
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Âåêòîðíûå ïðåäñòàâëåíèÿ òåêñòà
Âåêòîðíûå ïðåäñòàâëåíèÿ ãðàôîâ

Àâòîêîäèðîâùèêè è ãðàôîâûå íåéðîííûå ñåòè

Àâòîêîäèðîâùèêè
GraphEDM: îáîáù¼ííûé àâòîêîäèðîâùèê íà ãðàôàõ
Ãðàôîâûå íåéðîííûå ñåòè

Íàïîìèíàíèå. Àâòîêîäèðîâùèêè äëÿ îáó÷åíèÿ ñ ó÷èòåëåì

Äàííûå: íåðàçìå÷åííûå (xi )
`
i=1, ðàçìå÷åííûå (xi , yi )

`+k
i=`+1

Ñîâìåñòíîå îáó÷åíèå êîäèðîâùèêà, äåêîäèðîâùèêà è
ïðåäñêàçàòåëüíîé ìîäåëè (êëàññèôèêàöèè, ðåãðåññèè èëè äð.):∑̀

i=1

L
(
g(f (xi , α), β), xi

)
+ λ

`+k∑
i=`+1

L̃ (ŷ(f (xi , α), γ), yi )→ min
α,β,γ

zi = f (xi , α) � êîäèðîâùèê
x̂i = g(zi , β) � äåêîäèðîâùèê
ŷi = ŷ(zi , γ) � êëàññèôèêàòîð

Ôóíêöèè ïîòåðü:
L (x̂i , xi ) � ðåêîíñòðóêöèÿ
L̃ (ŷi , yi ) � ïðåäñêàçàíèå

Dor Bank, Noam Koenigstein, Raja Giryes. Autoencoders. 2020
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Âåêòîðíûå ïðåäñòàâëåíèÿ òåêñòà
Âåêòîðíûå ïðåäñòàâëåíèÿ ãðàôîâ

Àâòîêîäèðîâùèêè è ãðàôîâûå íåéðîííûå ñåòè

Àâòîêîäèðîâùèêè
GraphEDM: îáîáù¼ííûé àâòîêîäèðîâùèê íà ãðàôàõ
Ãðàôîâûå íåéðîííûå ñåòè

Âåêòîðíûå ïðåäñòàâëåíèÿ ãðàôîâ êàê àâòîêîäèðîâùèêè

Âñå ðàññìîòðåííûå âûøå ìåòîäû âåêòîðíûõ ïðåäñòàâëåíèé
ãðàôîâ ñóòü àâòîêîäèðîâùèêè äàííûõ î ð¼áðàõ:

ìíîãîìåðíîå øêàëèðîâàíèå: Rij → ‖zi − zj‖
SNE è t-SNE: p(i , j)→ q(i , j)

ìàòðè÷íûå ðàçëîæåíèÿ: Sij → 〈ϕi , θj〉

Âõîä êîäèðîâùèêà:

Wij � äàííûå î ðåáðå ãðàôà (i , j)

Âûõîä êîäèðîâùèêà:

âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí zi

Âûõîä äåêîäèðîâùèêà:

àïïðîêñèìàöèÿ Ŵij , âû÷èñëÿåìàÿ ïî (zi , zj)

I.Chami et al. Machine learning on graphs: a model and comprehensive taxonomy. 2020.
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Âåêòîðíûå ïðåäñòàâëåíèÿ òåêñòà
Âåêòîðíûå ïðåäñòàâëåíèÿ ãðàôîâ

Àâòîêîäèðîâùèêè è ãðàôîâûå íåéðîííûå ñåòè

Àâòîêîäèðîâùèêè
GraphEDM: îáîáù¼ííûé àâòîêîäèðîâùèê íà ãðàôàõ
Ãðàôîâûå íåéðîííûå ñåòè

GraphEDM: îáîáù¼ííûé àâòîêîäèðîâùèê íà ãðàôàõ

Graph Encoder Decoder Model � îáîáùàåò áîëåå 30 ìîäåëåé:

W ∈ RV×V � âõîäíûå äàííûå î ð¼áðàõ
X ∈ RV×n � âõîäíûå äàííûå î âåðøèíàõ, ïðèçíàêîâûå îïèñàíèÿ
Z ∈ RV×d � âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí ãðàôà
DEC(Z ; ΘD) � äåêîäåð, ðåêîíñòðóèðóþùèé äàííûå î ð¼áðàõ
DEC(Z ; ΘS) � äåêîäåð, ðåøàþùèé supervised-çàäà÷ó
yS � (semi-)supervised äàííûå î âåðøèíàõ èëè ð¼áðàõ
L � ôóíêöèè ïîòåðü

I.Chami et al. Machine learning on graphs: a model and comprehensive taxonomy. 2020.
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Âåêòîðíûå ïðåäñòàâëåíèÿ òåêñòà
Âåêòîðíûå ïðåäñòàâëåíèÿ ãðàôîâ

Àâòîêîäèðîâùèêè è ãðàôîâûå íåéðîííûå ñåòè

Àâòîêîäèðîâùèêè
GraphEDM: îáîáù¼ííûé àâòîêîäèðîâùèê íà ãðàôàõ
Ãðàôîâûå íåéðîííûå ñåòè

Ãðàôîâûå íåéðîííûå ñåòè (Graph Neural Network, GNN)

Îäèí èç âàðèàíòîâ êîäèðîâùèêà â GraphEDM � ðåêóððåíòíàÿ
ñåòü ñ ïåðåäà÷åé ñîîáùåíèé ïî ãðàôó (Message Passing):

z ti =
∑

j∈N(i)

f (xi , xj , z
t−1
j ;α)

ŷ ti = ŷ(xi , z
t
i ; γ)

t � íîìåð èòåðàöèè
xi � âåêòîð ïðèçíàêîâîãî îïèñàíèÿ âåðøèíû i
N(i) � ìíîæåñòâî ñîñåäíèõ âåðøèí âåðøèíû i
f � ìíîãîñëîéíàÿ íåéðîííàÿ ñåòü (èñïîëüçóþòñÿ ðàçëè÷íûå
àðõèòåêòóðû, â ÷àñòíîñòè, ñâ¼ðòî÷íûå è ðåêóððåíòíûå)

I.Chami et al. Machine learning on graphs: a model and comprehensive taxonomy. 2020

Ziwei Zhang, Peng Cui and Wenwu Zhu. Deep learning on graphs: A survey. 2020

Zonghan Wu et al. A comprehensive survey on graph neural networks. 2019
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Ðåçþìå

Ñèíòåç âåêòîðíûõ ïðåäñòàâëåíèé (ýìáåäèíãîâ) � ýòî
� îáó÷åíèå ïðåäñòàâëåíèé (Representation Learning)
� ãåíåðàöèÿ ïðèçíàêîâ (Feature Generation)
� âåêòîðèçàöèÿ ñëîæíî ñòðóêòóðèðîâàííûõ äàííûõ

Ìíîãîêðèòåðèàëüíàÿ èíôîðìàòèâíîñòü ýìáåäèíãîâ:
� êà÷åñòâî ðåêîíñòðóêöèè îáúåêòà ïî ýìáåäèíãó
� êà÷åñòâî ïðåäñêàçàòåëüíîé ìîäåëè

Ýìáåäèíãè ãðàôîâ îáîáùàþò ìíîãèå çàäà÷è âåêòîðèçàöèè
òåêñòîâ, äèñêðåòíûõ ñèãíàëîâ, èçîáðàæåíèé è äð.
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