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Ìóëüòèãðàììíûå ìîäåëè

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Òåìàòè÷åñêàÿ ìîäåëü áèãðàìì

Ìîäåëü òåìàòè÷åñêèõ n-ãðàìì TNG

Ìóëüòèìîäàëüíàÿ ìóëüòèãðàììíàÿ ARTM

Íåñêîëüêî òåðìèíîâ èç ëèíãâèñòèêè

Åäèíèöà ÿçûêà, â çàâèñèìîñòè îò óðîâíÿ ÷ëåíåíèÿ òåêñòà �

�îíåìà, ìîð�åìà, ñëîâî, ñëîâîñî÷åòàíèå, �ðàçà, ïðåäëîæåíèå.

Ñî÷åòàåìîñòü (o-ourrene) � ñâîéñòâî ÿçûêîâûõ åäèíèö

ñî÷åòàòüñÿ â ðå÷è, îáðàçóÿ åäèíèöû áîëåå âûñîêîãî óðîâíÿ.

Âèäû ñî÷åòàåìîñòè: êîíòàêòíàÿ è äèñòàíòíàÿ.

n-ãðàììà � ïîñëåäîâàòåëüíîñòü èç n åäèíèö ÿçûêà

(n-ãðàììà � ýòî ïðèìåð êîíòàêòíîé ñî÷åòàåìîñòè).

Êîëëîêàöèÿ � n-ãðàììà ñëîâ, âñòðå÷àþùàÿñÿ â êîðïóñå

ãîðàçäî ÷àùå, ÷åì îæèäàåòñÿ ïðè èõ ñëó÷àéíîì ñîåäèíåíèè.

Ñëîâîñî÷åòàíèå � n-ãðàììà ñëîâ, ñâÿçàííûõ ïî ñìûñëó

è ãðàììàòè÷åñêè, ñëóæàùàÿ äëÿ îáîçíà÷åíèÿ åäèíîãî ïîíÿòèÿ.
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Ìóëüòèìîäàëüíàÿ ìóëüòèãðàììíàÿ ARTM

n-ãðàììû ðàäèêàëüíî óëó÷øàþò èíòåðïðåòèðóåìîñòü òåì

Êîëëåêöèÿ 20Conf çàãîëîâêîâ íàó÷íûõ ñòàòåé DBLP,

òåìà ¾Information Retrieval¿

Ahmed El-Kishky, Yanglei Song, Chi Wang, Clare R. Voss, Jiawei Han. Salable

Topial Phrase Mining from Text Corpora // VLDB, 2015.
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Áèãðàììû ðàäèêàëüíî óëó÷øàþò èíòåðïðåòèðóåìîñòü òåì

Êîëëåêöèÿ 1000 ñòàòåé êîí�åðåíöèé ÌÌ�Î, ÈÎÈ íà ðóññêîì

ðàñïîçíàâàíèå îáðàçîâ â áèîèí�îðìàòèêå òåîðèÿ âû÷èñëèòåëüíîé ñëîæíîñòè

unigrams bigrams unigrams bigrams

îáúåêò çàäà÷à ðàñïîçíàâàíèÿ çàäà÷à ðàçäåëÿòü ìíîæåñòâà

çàäà÷à ìíîæåñòâî ìîòèâîâ ìíîæåñòâî êîíå÷íîå ìíîæåñòâî

ìíîæåñòâî ñèñòåìà ìàñîê ïîäìíîæåñòâî óñëîâèå çàäà÷è

ìîòèâ âòîðè÷íàÿ ñòðóêòóðà óñëîâèå çàäà÷à î ïîêðûòèè

ðàçðåøèìîñòü ñòðóêòóðà áåëêà êëàññ ïîêðûòèå ìíîæåñòâà

âûáîðêà ðàñïîçíàâàíèå âòîðè÷íîé ðåøåíèå ñèëüíûé ñìûñë

ìàñêà ñîñòîÿíèå îáúåêòà êîíå÷íûé ðàçäåëÿþùèé êîìèòåò

ðàñïîçíàâàíèå îáó÷àþùàÿ âûáîðêà ÷èñëî ìèíèìàëüíûé à��èííûé

èí�îðìàòèâíîñòü îöåíêà èí�îðìàòèâíîñòè à��èííûé à��èííûé êîìèòåò

ñîñòîÿíèå ìíîæåñòâî îáúåêòîâ ñëó÷àé à��èííûé ðàçäåëÿþùèé

çàêîíîìåðíîñòü ðàçðåøèìîñòü çàäà÷è ïîêðûòèå îáùåå ïîëîæåíèå

ñèñòåìà êðèòåðèé ðàçðåøèìîñòè îáùèé ìíîæåñòâî òî÷åê

ñòðóêòóðà èí�îðìàòèâíîñòü ìîòèâà ïðîñòðàíñòâî ñëó÷àé çàäà÷è

çíà÷åíèå ïåðâè÷íàÿ ñòðóêòóðà ñõåìà îáùèé ñëó÷àé

ðåãóëÿðíîñòü òóïèêîâîå ìíîæåñòâî êîìèòåò çàäà÷à MASC

Ñåðãåé Ñòåíèí. Ìóëüòèãðàììíûå àääèòèâíî ðåãóëÿðèçîâàííûå òåìàòè÷åñêèå

ìîäåëè // Ìàãèñòåðñêàÿ äèññåðòàöèÿ, ÌÔÒÈ, 2015.
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Ïî êîëëåêöèè âûñòóïëåíèé ïðåçèäåíòîâ ÑØÀ

Shoaib Jameel, Wai Lam. An N-Gram Topi Model for Time-Stamped Douments.

ECIR 2013.
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Áèãðàììíàÿ òåìàòè÷åñêàÿ ìîäåëü

ndvw � ÷àñòîòà ïàðû ñëîâ ¾vw¿ â äîêóìåíòå d

φv
wt = p(w |v , t) � ðàñïðåäåëåíèå ñëîâ ïîñëå ñëîâà v â òåìå t

Ìîäåëü BTM (Bigram Topi Model):

∑

d∈D

∑

vw∈d

ndvw ln
∑

t∈T

φv
wtθtd → max

Φ,Θ

Ôîðìàëüíî, ýòî ìóëüòèìîäàëüíàÿ ìîäåëü:

M = W , êàæäîìó ñëîâó v ñîîòâåòñòâóåò îòäåëüíàÿ ìîäàëüíîñòü,

W v = W � âñå ñëîâà, êîòîðûå ìîãóò ñëåäîâàòü çà v .

Íåäîñòàòêè áèãðàììíîé ìîäåëè BTM:

âñå ïàðû ñîñåäíèõ ñëîâ îáðàçóþò áèãðàììû;

ìîäåëü íå îïèñûâàåò îòäåëüíûå ñëîâà (óíèãðàììû);

îáùåå ÷èñëî òåðìîâ-áèãðàìì O(|W |2).

Hanna Wallah. Topi modeling: beyond bag-of-words. ICML 2006
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Îáúåäèíåíèå óíèãðàìì è áèãðàìì â îäíîé ìîäåëè

Ìîäåëü TNG (Topial n-grams):

∑

d∈D

∑

vw∈d

ndvw ln
∑

t∈T

(
xvwtφ

v
wt + (1− xvwt)φwt

)

︸ ︷︷ ︸

p(w |v ,t)

θtd → max
Φ,Θ

xvwt = P(ïàðà ñëîâ ¾vw¿ ÿâëÿåòñÿ áèãðàììîé â òåìå t).

×àñòíûå ñëó÷àè:

xvwt = xvt � ìàòðèöà ïàðàìåòðîâ â ìîäåëè TNG.

xvwt ≡ 1 � ìîäåëü BTM;

xvwt = [ïàðà ñëîâ ¾vw¿ èç ñëîâàðÿ áèãðàìì];

Xuerui Wang, Andrew MCallum, Xing Wei. Topial N-Grams: Phrase and Topi

Disovery, with an Appliation to Information Retrieval. 2007.
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W k
� ñëîâàðè k-ãðàìì, ëèáî ñîñòàâëåííûå ýêñïåðòàìè, ëèáî

îòîáðàííûå ïî ñîâîêóïíîñòè ñèíòàêñè÷åñêèõ, ñòàòèñòè÷åñêèõ

è òåìàòè÷åñêèõ êðèòåðèåâ.

Ñâÿçü ñ ìîäåëüþ TNG: ïðè xvwt = λ[vw ∈ W 2]
ìàêñèìèçèðóåì íèæíþþ îöåíêó log-ïðàâäîïîäîáèÿ TNG:

∑

d∈D

∑

vw∈d

ndvw ln
∑

t∈T

(
xvwtφ

v
wt + (1 − xvwt)φwt

)
θtd =

∑

d∈D

∑

vw∈d

ndvw ln
(

λ
∑

t∈T

φv
wtθtd + (1− λ)

∑

t∈T

φwtθtd

)

>

λ
∑

d,vw

ndvw ln
∑

t∈T

φv
wtθtd + (1− λ)

∑

d,w

ndw ln
∑

t∈T

φwtθtd → max
Φ,Θ
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Âûäåëåíèå òåìàòè÷íûõ �ðàç

Çàäà÷à àâòîìàòè÷åñêîãî âûäåëåíèÿ òåðìèíîâ

Òåðìèí � �ðàçà (n-ãðàììà) ñî ñëåäóþùèì íàáîðîì ñâîéñòâ:

1

âûñîêàÿ ÷àñòîòíîñòü (frequeny):

ìíîãî ðàç âñòðå÷àåòñÿ â êîëëåêöèè;

2

êîíòàêòíàÿ ñî÷åòàåìîñòü ñëîâ (olloation):

ñîñòîèò èç ñëîâ, íåñëó÷àéíî ÷àñòî âñòðå÷àþùèõñÿ âìåñòå;

3

ïîëíîòà (ompleteness):

ÿâëÿåòñÿ ìàêñèìàëüíîé ïî âêëþ÷åíèþ öåïî÷êîé ñëîâ;

4

ñèíòàêñè÷åñêàÿ ñâÿçíîñòü (syntati onnetedness):

ÿâëÿåòñÿ ãðàììàòè÷åñêè êîððåêòíûì ñëîâîñî÷åòàíèåì;

5

òåìàòè÷íîñòü (topiality):

÷àñòî âñòðå÷àåòñÿ â íåáîëüøîì ÷èñëå òåì.

Ñóììà òåõíîëîãèé äëÿ ATE (Authomati Term Extration):

TopMine

1 2 3

+ UDPipe

4

+ BigARTM

5
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Âûäåëåíèå òåìàòè÷íûõ �ðàç

Àëãîðèòì TopMine: îïðåäåëåíèÿ è îñíîâíûå èäåè

C (a1, . . . , ak) � õýø-òàáëèöà ÷àñòîò k-ãðàìì

εk � ïîðîãîâîå çíà÷åíèå ÷àñòîòû ÷àñòûõ k-ãðàìì

Ad,k � ìíîæåñòâî ïîçèöèé i â äîêóìåíòå d , ñ êîòîðûõ

íà÷èíàþòñÿ âñå ÷àñòûå k-ãðàììû:

C (wd,i , . . . ,wd,i+k−1) > εk

Ñâîéñòâî àíòèìîíîòîííîñòè:

C (a1, . . . , ak) > C (a1, . . . , ak , ak+1)

Îñíîâíîé øàã àëãîðèòìà: äëÿ âñåõ i = 1, . . . , nd

åñëè (i ∈ Ad,k) è (i + 1 ∈ Ad,k) òî ++C (wd,i , . . . ,wd,i+k)

Ahmed El-Kishky, Yanglei Song, Chi Wang, Clare R. Voss, Jiawei Han. Salable

Topial Phrase Mining from Text Corpora. VLDB, 2015.
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Àëãîðèòì TopMine: áûñòðûé ïîèñê âñåõ ÷àñòûõ k-ãðàìì

Âõîä: êîëëåêöèÿ D, ïîðîãè εk ;

Âûõîä: õýø-òàáëèöà ÷àñòîò C (a1, . . . , ak), k = 1, . . . , kmax;

C (w) := nw äëÿ âñåõ w ∈ W ;

Ad,0 := {1, . . . , nd};
äëÿ k := 1, . . . , kmax

äëÿ âñåõ d ∈ D

Ad,k :=
{
i ∈ Ad,k−1

∣
∣ C (wd,i , . . . ,wd,i+k−1) > εk

}
;

äëÿ âñåõ i ∈ Ad,k

åñëè i + 1 ∈ Ad,k òî ++C (wd,i , . . . ,wd,i+k);

îñòàâèòü òîëüêî ÷àñòûå k-ãðàììû: C (a1, . . . , ak) > εk ;

Ïðåèìóùåñòâî àëãîðèòìà: ëèíåéíàÿ ïàìÿòü è ñêîðîñòü.
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Ìóëüòèãðàììíûå ìîäåëè

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Âûäåëåíèå êîëëîêàöèé è êëþ÷åâûõ �ðàç

Âûäåëåíèå ñèíòàêñè÷åñêè êîððåêòíûõ �ðàç

Âûäåëåíèå òåìàòè÷íûõ �ðàç

Àëãîðèòì TopMine: îòáîð �ðàç ïî ÷àñòîòå è ïîëíîòå

Èòåðàòèâíîå ñëèÿíèå �ðàç ñ ïîíèæåíèåì çíà÷èìîñòè α.

pu � îöåíêà âåðîÿòíîñòè âñòðåòèòü �ðàçó u

puv � îöåíêà âåðîÿòíîñòè âñòðåòèòü �ðàçó uv

Êðèòåðèè: Signi�aneSore =
puv − pupv√

puv
èëè PMI = log

puv

pupv
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Ìóëüòèãðàììíûå ìîäåëè

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Âûäåëåíèå êîëëîêàöèé è êëþ÷åâûõ �ðàç

Âûäåëåíèå ñèíòàêñè÷åñêè êîððåêòíûõ �ðàç

Âûäåëåíèå òåìàòè÷íûõ �ðàç

Ñèíòàêñè÷åñêèå àíàëèçàòîðû (UDPipe, SyntaxNet)

Âõîä: ñïèñîê ïðåäëîæåíèé

Âûõîä, äëÿ êàæäîãî ñëîâà â êàæäîì ïðåäëîæåíèè:

id (ïîðÿäêîâûé íîìåð ñëîâà â ïðåäëîæåíèè)

id ðîäèòåëüñêîãî ñëîâà (0 äëÿ êîðíÿ)

èñõîäíîå ñëîâî

íîðìàëüíàÿ �îðìà

÷àñòü ðå÷è: NOUN, VERB, ADJ, ADV, . . .

÷ëåí ïðåäëîæåíèÿ: nsubj, dobj, onj, , nmod, . . .

UDPipe (Universal Dependenies), 60 ÿçûêîâ, âêëþ÷àÿ ðóññêèé

Google SyntaxNet � ïðåäîáó÷åííàÿ íåéðîñåòü ïîâåðõ

TensorFlow, ïîääåðæèâàåò 40 ÿçûêîâ, âêëþ÷àÿ ðóññêèé.

D.Andor, C.Alberti, D.dWeiss, A.Severyn, A.Presta, K.Ganhev, S.Petrov, M.Collins.

Globally Normalized Transition-Based Neural Networks. 2016.
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Ìóëüòèãðàììíûå ìîäåëè

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Âûäåëåíèå êîëëîêàöèé è êëþ÷åâûõ �ðàç

Âûäåëåíèå ñèíòàêñè÷åñêè êîððåêòíûõ �ðàç

Âûäåëåíèå òåìàòè÷íûõ �ðàç

Èñïîëüçîâàíèå äåðåâà çàâèñèìîñòåé äëÿ îòáîðà òåðìèíîâ

Ïðèìåð äåðåâà çàâèñèìîñòåé:

Âàðèàíòû ñòðàòåãèé îòáîðà òåðìèíîâ-êàíäèäàòîâ:

áðàòü âñå ïîääåðåâüÿ

áðàòü âñå èìåííûå ãðóïïû (êîðåíü � NOUN)

íå áðàòü CONJ, SCONJ, DET, AUX, INTJ, PART, PUNCT, SYM

Announing SyntaxNet: the world's most aurate parser goes open soure.

https://researh.googleblog.om/2016/05/announing-syntaxnet-worlds-most.html

Äåíèñ Êèðüÿíîâ. Èçó÷àåì ñèíòàêñè÷åñêèå ïàðñåðû äëÿ ðóññêîãî ÿçûêà. 2018.

https://habr.om/ru/ompany/sberbank/blog/418701
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Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Âûäåëåíèå êîëëîêàöèé è êëþ÷åâûõ �ðàç

Âûäåëåíèå ñèíòàêñè÷åñêè êîððåêòíûõ �ðàç

Âûäåëåíèå òåìàòè÷íûõ �ðàç

Êðèòåðèè òåìàòè÷íîñòè �ðàç

Íàñêîëüêî äàëåêî p(t|w) = φwt
nt
nw

îò ðàâíîìåðíîãî p0(t) =
1
|T | .

Äèâåðãåíöèÿ Êóëüáàêà-Ëåéáëåðà:

KL(w) = KL(p0‖p) =
∑

t∈T

1

|T | ln
1
|T |

p(t|w)
→ max

Äèâåðãåíöèÿ Éåíñåíà-Øåííîíà (ìåòðèêà, íå èìååò ïðîáëåì

ñ íóëåâûìè âåðîÿòíîñòÿìè), ãäå p̄(t|w) = 1
2 (p(t|w) + 1

|T |):

JS(w) =
1

2
KL(p0‖p̄) +

1

2
KL(p‖p̄) → max

Íîðìèðîâàííàÿ ñóììà ñòåïåííûõ �óíêöèé, γ > 1:

Òåìàòè÷íîñòü(w) = |T |γ−1
∑

t∈T

p(t|w)γ → max
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Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Âûäåëåíèå êîëëîêàöèé è êëþ÷åâûõ �ðàç

Âûäåëåíèå ñèíòàêñè÷åñêè êîððåêòíûõ �ðàç

Âûäåëåíèå òåìàòè÷íûõ �ðàç

Ôðàçû ÷¼òêî ðàçäåëÿþòñÿ íà òåìàòè÷íûå è íåòåìàòè÷íûå

|W | = 46000 �ðàç èç |D| = 600 äîêóìåíòîâ êîëëåêöèè SyntagRus,

òåìàòè÷åñêèå ìîäåëè LDA íà 30 è 100 òåì.

�àñïðåäåëåíèå �ðàç ïî íîðìèðîâàííîé òåìàòè÷íîñòè:

|T|=30 |T|=100

Ïîãðàíè÷íûé ñëîé ìåæäó òåìàòè÷íûìè è íåòåìàòè÷íûìè

�ðàçàìè î÷åíü óçêèé ≈ 200
46 000 è ñëàáî çàâèñèò îò ÷èñëà òåì.
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Ìóëüòèãðàììíûå ìîäåëè

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Âûäåëåíèå êîëëîêàöèé è êëþ÷åâûõ �ðàç

Âûäåëåíèå ñèíòàêñè÷åñêè êîððåêòíûõ �ðàç

Âûäåëåíèå òåìàòè÷íûõ �ðàç

Îñíîâíîé ýêñïåðèìåíò ATE: SyntaxNet + TopMine + BigARTM

Êîëëåêöèÿ |D| = 3200 àííîòàöèé ñòàòåé NIPS (Neural

Information Proessing Systems), n = 500 000 ñëîâ

�ó÷íàÿ ðàçìåòêà íåáîëüøîãî ñëó÷àéíîãî ïîäìíîæåñòâà

(2000 n-ãðàìì) íà òåðìèíû / íå-òåðìèíû

Train : Test = 1000 : 1000

7 ñòàòèñòè÷åñêèõ ïðèçíàêîâ èç TopMine

2 ñèíòàêñè÷åñêèõ ïðèçíàêà èç SyntaxNet

3 òåìàòè÷åñêèõ ïðèçíàêà èç BigARTM, 30 òåì

äâå ìîäåëè êëàññè�èêàöèè:

ëîãèñòè÷åñêàÿ ðåãðåññèÿ, ãðàäèåíòíûé áóñòèíã

Âëàäèìèð Ïîëóøèí. Òåìàòè÷åñêèå ìîäåëè äëÿ ðàíæèðîâàíèÿ ðåêîìåíäàöèé

òåêñòîâîãî êîíòåíòà. Áàêàëàâðñêàÿ äèññåðòàöèÿ, ÂÌÊ Ì�Ó, 2017.
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Ìóëüòèãðàììíûå ìîäåëè

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Âûäåëåíèå êîëëîêàöèé è êëþ÷åâûõ �ðàç

Âûäåëåíèå ñèíòàêñè÷åñêè êîððåêòíûõ �ðàç

Âûäåëåíèå òåìàòè÷íûõ �ðàç

Ñðàâíåíèå ìåòîäîâ àâòîìàòè÷åñêîãî îòáîðà òåðìèíîâ

Íàéòè êàê ìîæíî áîëüøå òåðìèíîâ � ïîëíîòà âàæíåå òî÷íîñòè

�ðóïïà ïðèçíàêîâ Ëèíåéíàÿ ìîäåëü �ðàäèåíòíûé áóñòèíã

Ñèíò Ñòàò Òåì AUC Òî÷íîñòü Ïîëíîòà AUC Òî÷íîñòü Ïîëíîòà

+ 0.83 0.20 0.91 0.83 0.20 0.91

+ 0.71 0.09 0.94 0.73 0.11 0.90

+ 0.92 0.32 1.00 0.95 0.32 1.00

+ + 0.88 0.22 0.91 0.88 0.24 0.91

+ + 0.91 0.36 0.91 0.95 0.34 0.99

+ + 0.93 0.29 0.94 0.98 0.34 1.00

+ + + 0.95 0.38 0.91 0.97 0.41 0.99

Ñòàò < Ñèí < Ñèí+Ñòàò < Òåì <

Ñòàò+Òåì

Ñèí+Òåì

< Ñòàò+Ñèí+Òåì

Òåìàòè÷åñêèå ïðèçíàêè ñóùåñòâåííî ïîâûøàþò êà÷åñòâî

Ñèíòàêñè÷åñêèå ïðèçíàêè ìîæíî íå èñïîëüçîâàòü
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Ìóëüòèãðàììíûå ìîäåëè

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Äèñòðèáóòèâíàÿ ãèïîòåçà è word2ve

Ìîäåëè áèòåðìîâ (BitermTM) è ñåòè ñëîâ (WNTM)

�åãóëÿðèçàòîðû êîãåðåíòíîñòè

Ïðîáëåìà êîðîòêèõ òåêñòîâ

Êîðîòêèå òåêñòû (short text):

Twitter è äðóãèå ìèêðîáëîãè

ñîöèàëüíûå ìåäèà

çàãîëîâêè ñòàòåé è íîâîñòíûõ ñîîáùåíèé

Òðèâèàëüíûå ïîäõîäû:

ñ÷èòàòü êàæäîå ñîîáùåíèå îòäåëüíûì äîêóìåíòîì

ðàçðåæèâàòü p(t|d) âïëîòü äî åäèíñòâåííîé òåìû

îáúåäèíèòü ñîîáùåíèÿ ïî àâòîðó/âðåìåíè/ðåãèîíó/è ò. ï.

îáúåäèíèòü ïîñòû ñ êîììåíòàðèÿìè

äîïîëíèòü êîëëåêöèþ äëèííûìè òåêñòàìè (Âèêèïåäèÿ è äð.)

Áîëåå èíòåðåñíàÿ èäåÿ:

èñïîëüçîâàòü ñî÷åòàåìîñòü ïàð ñëîâ â ñîîáùåíèÿõ
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Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Äèñòðèáóòèâíàÿ ãèïîòåçà è word2ve

Ìîäåëè áèòåðìîâ (BitermTM) è ñåòè ñëîâ (WNTM)

�åãóëÿðèçàòîðû êîãåðåíòíîñòè

Äèñòðèáóòèâíàÿ ãèïîòåçà è âèäû ñåìàíòè÷åñêîé áëèçîñòè ñëîâ

Words that our in the same ontexts tend to have similar

meanings [Harris, 1954℄.

You shall know a word by the ompany it keeps [Firth, 1957℄.

Ñèíòàãìàòè÷åñêàÿ áëèçîñòü ñëîâ:

ñî÷åòàåìîñòü ñëîâ â îäíîì êîíòåêñòå.

çäàíèå�ñòðîèòåëü, êðàí�âîäà, �óíêöèÿ�òî÷êà

Ïàðàäèãìàòè÷åñêàÿ áëèçîñòü ñëîâ:

âçàèìîçàìåíÿåìîñòü ñëîâ â îäíîì êîíòåêñòå.

çäàíèå�äîì, êðàí�ñìåñèòåëü, �óíêöèÿ�îòîáðàæåíèå

Z.Harris. Distributional struture. 1954.

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

P.D.Turney, P.Pantel. From frequeny to meaning: Vetor spae models of

semantis // Journal of Arti�ial Intelligene Researh (JAIR). 2010.
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Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Äèñòðèáóòèâíàÿ ãèïîòåçà è word2ve

Ìîäåëè áèòåðìîâ (BitermTM) è ñåòè ñëîâ (WNTM)

�åãóëÿðèçàòîðû êîãåðåíòíîñòè

Çàäà÷à ñåìàíòè÷åñêîãî âåêòîðíîãî ïðåäñòàâëåíèÿ ñëîâ

Çàäà÷à: ïî íàáëþäàåìîé ñèíòàãìàòè÷åñêîé áëèçîñòè ñëîâ

ïîñòðîèòü âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ (word embedding)

xw ∈ R
T
, w ∈ W , òàê, ÷òîáû ïàðàäèãìàòè÷åñêè áëèçêèå ñëîâà

èìåëè áëèçêèå âåêòîðû.

Ñïîñîá ïðîâåðêè � çàäà÷à ñåìàíòè÷åñêîé àíàëîãèè ñëîâ:

ïî òð¼ì ñëîâàì óãàäàòü ÷åòâ¼ðòîå.
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Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Äèñòðèáóòèâíàÿ ãèïîòåçà è word2ve

Ìîäåëè áèòåðìîâ (BitermTM) è ñåòè ñëîâ (WNTM)

�åãóëÿðèçàòîðû êîãåðåíòíîñòè

Ôîðìàëèçàöèÿ äèñòðèáóòèâíîé ãèïîòåçû â ïðîãðàììå word2ve

Äàíî: nuw � ÷àñòîòà ïàðû ñëîâ u,w â îêíå ±h ñëîâ

Íàéòè: âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ xw è êîíòåêñòîâ yu
Ìîäåëü: âåðîÿòíîñòü ñëîâà w â êîíòåêñòå ñëîâà u:

p(w |u) = SoftMax
w∈W

〈xw , yu〉 = norm
w∈W

(
exp〈xw , yu〉

)

Êðèòåðèé ìàêñèìóìà log-ïðàâäîïîäîáèÿ:

∑

w ,u∈W

nwu ln p(w |u) → max
{xw ,yu}

è åãî àïïðîêñèìàöèÿ SGNS (Skip-Gram Negative Sampling):

∑

w ,u∈W

nwu

(

lnσ〈xw , yu〉+
∑

v∈Vk(u)

lnσ(−〈xv , yu〉)
)

→ max
{xw ,yu}

ãäå Vk(u) ⊂ W � ñëó÷àéíûå k ñëîâ íå èç êîíòåêñòà u.

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

vetor spae, 2013.
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Ñâÿçü word2ve ñ ìàòðè÷íûìè ðàçëîæåíèÿìè

T � ðàçìåðíîñòü âåêòîðîâ ñëîâ xw è êîíòåêñòîâ yu
X = (xw )W×T � ìàòðèöà âåêòîðîâ ñëîâ

Y = (yu)W×T � ìàòðèöà âåêòîðîâ êîíòåêñòîâ

SGNS ñòðîèò ìàòðè÷íîå ðàçëîæåíèå P ≈ XY T
ìàòðèöû

Shifted PMI (Point-wise Mutual Information):

Pwu = ln
nwun

nwnu
− ln k ,

nwu � ÷àñòîòà ïàðû ñëîâ w , u â îêíå ±h ñëîâ,

nw , nu � ÷èñëî ïàð ñ ó÷àñòèåì ñëîâà w è u ñîîòâåòñòâåííî,

n � ÷èñëî âñåõ ïàð ñëîâ â êîëëåêöèè.

Â êà÷åñòâå ýâðèñòèêè èñïîëüçóþò òàêæå Shifted Positive PMI:

P+
wu =

(

ln
nwun

nwnu
− ln k

)

+
.

O.Levy, Y.Goldberg. Neural word embedding as impliit matrix fatorization, 2014.
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Ìîäåëè âåêòîðíûõ ïðåäñòàâëåíèé äëÿ òåêñòîâ è ãðà�îâ

word2ve: ýìáåäèíãè (âåêòîðíûå ïðåäñòàâëåíèÿ) ñëîâ

T.Mikolov et al. E�ient estimation of word representations in vetor spae. 2013.

paragraph2ve: ýìáåäèíãè �ðàãìåíòîâ èëè äîêóìåíòîâ

Q.Le, T.Mikolov. Distributed representations of sentenes and douments. 2014.

sent2ve: ýìáåäèíãè ïðåäëîæåíèé

M.Pagliardini et al. Unsupervised learning of sentene embeddings using ompositional n-gram features. 2017.

FastText: ýìáåäèíãè ñèìâîëüíûõ n-ãðàìì
https://github.om/faebookresearh/fastText

node2ve: ýìáåäèíãè âåðøèí ãðà�à

A.Grover, J.Leskove. Node2ve: salable feature learning for networks. 2016.

graph2ve: áîëåå îáùèå ýìáåäèíãè íà ãðà�àõ

A.Narayanan et al. Graph2ve: learning distributed representations of graphs. 2017.

StarSpae: ýìáåäèíãè ÷åãî óãîäíî îò Faebook AI Researh

L.Wu, A.Fish, S.Chopra, K.Adams, A.B.J.Weston. StarSpae: embed all the things! 2018.

BERT: ýìáåäèíãè �ðàç è ïðåäëîæåíèé îò Google AI Language

J.Devlin et al. BERT: pre-training of deep bidiretional transformers for language understanding. 2018.

Íåäîñòàòîê: êîîðäèíàòû âåêòîðîâ íå èíòåðïðåòèðóåìû
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Ïðåèìóùåñòâà è íåäîñòàòêè íåòåìàòè÷åñêèõ ýìáåäèíãîâ

⊕⊕⊕ Óäèâèòåëüíî âûñîêîå êà÷åñòâî íà çàäà÷àõ ñåìàíòè÷åñêîé

àíàëîãèè è áëèçîñòè ñëîâ.

⊕⊕⊕ Âîçìîæíîñòü íåéðîñåòåâîé ðåàëèçàöèè ìåòîäîì SG.

⊕⊕⊕ Èìåþòñÿ ãîòîâûå ðåàëèçàöèè îò Google, Faebook è äð.

⊕⊕⊕ Èìåþòñÿ ãîòîâûå âåêòîðû ñëîâ, ïðåäîáó÷åííûå ïî

áîëüøèì òåêñòîâûì êîëëåêöèÿì íà ðàçíûõ ÿçûêàõ

⊖⊖⊖ Íåèíòåðïðåòèðóåìûå êîìïîíåíòû âåêòîðîâ

⊖⊖⊖ Íå ÿñíî, ïî÷åìó XY T
, à íå XX T

(îáû÷íî Y èãíîðèðóþò)

Òåìàòè÷åñêèå ìîäåëè BitermTM, WordNetworkTM, WordTM

îáó÷àþòñÿ ïî ÷àñòîòàì ñî÷åòàíèÿ ñëîâ, àíàëîãè÷íî word2ve.
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Áèòåðìû: ìîäåëü ñî÷åòàåìîñòè ñëîâ â êîðîòêèõ òåêñòàõ

Áèòåðì � ïàðà ñëîâ, âñòðå÷àþùèõñÿ ðÿäîì:

â îäíîì êîðîòêîì ñîîáùåíèè / ïðåäëîæåíèè / îêíå ±h ñëîâ.

Òåìàòè÷åñêàÿ ìîäåëü áèòåðìîâ (Biterm Topi Model):

p(u, v) =
∑

t∈T

p(u|t)p(v |t)p(t) =
∑

t∈T

φutφvtπt ,

ãäå φwt = p(w |t), πt = p(t) � ïàðàìåòðû ìîäåëè.

Êðèòåðèé ìàêñèìóìà ëîãàðè�ìà ïðàâäîïîäîáèÿ:

∑

u,v

nuv ln
∑

t

φutφvtπt → max
Φ,π

,

φvt > 0;
∑

v φvt = 1; πt > 0;
∑

t πt = 1

Xiaohui Yan, Jiafeng Guo, Yanyan Lan, Xueqi Cheng. A Biterm Topi Model for Short

Texts. WWW 2013.
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Íåîáõîäèìûå óñëîâèÿ òî÷êè ìàêñèìóìà ïðàâäîïîäîáèÿ

Ìàêñèìèçàöèÿ log ïðàâäîïîäîáèÿ ñ ðåãóëÿðèçàòîðîì R :

∑

u,v

nuv ln
∑

t

φutφvtπt + R(Φ, π) → max
Φ,π

,

nuv � ÷àñòîòà áèòåðìà (u, v) â äîêóìåíòàõ êîëëåêöèè.

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:







ptuv ≡ p(t|u, v) = norm
t∈T

(
φutφvtπt

)

φvt = norm
v∈W

(

nvt + φvt
∂R
∂φvt

)

, nvt =
∑

u∈W

nuvptuv

πt = norm
t∈T

(

nt + πt
∂R
∂πt

)

, nt =
∑

u,v∈W

nuvptuv
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Áèòåðìû êàê ðåãóëÿðèçàòîð äëÿ îáû÷íîé ΦΘ-ìîäåëè

1. �åãóëÿðèçàòîð áèòåðìîâ äëÿ ìàòðèöû Φ:

R(Φ) = τ
∑

u,v∈W

nuv ln
∑

t∈T

ntφutφvt → max .

Ïîäñòàâëÿåì â �îðìóëó Ì-øàãà, ïîëó÷àåì ñãëàæèâàíèå:

φwt = norm
w

(

nwt + τ
∑

u∈W

nuwptuw

)

; ptuw = norm
t∈T

(
ntφwtφut

)
.

Ýòî ýêâèâàëåíòíî îáðàáîòêå ïñåâäî-äîêóìåíòîâ du, ãäå êàæäûé

du îáúåäèíÿåò âñå êîíòåêñòû ñëîâà u, ïðè÷¼ì θtu ∝ ntφut ;

nuw � ÷èñëî âõîæäåíèé ñëîâà w â ïñåâäî-äîêóìåíò du.

2. �åãóëÿðèçàòîð ðàçðåæèâàíèÿ äëÿ ìàòðèöû Θ:

R(Θ) = −τ ′
∑

d∈D

∑

t∈T

αt ln θtd → max .
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�åãóëÿðèçàòîðû êîãåðåíòíîñòè

Ìîäåëü ñåòè ñëîâ WNTM äëÿ êîðîòêèõ òåêñòîâ

Èäåÿ: ìîäåëèðîâàòü íå äîêóìåíòû, à ñâÿçè ìåæäó ñëîâàìè.

du � ïñåâäî-äîêóìåíò, îáúåäèíåíèå âñåõ êîíòåêñòîâ ñëîâà u.

nuw � ÷èñëî âõîæäåíèé ñëîâà w â ïñåâäî-äîêóìåíò du.

Êîíòåêñò � êîðîòêîå ñîîáùåíèå / ïðåäëîæåíèå / îêíî ±h ñëîâ.

Yuan Zuo, Jihang Zhao, Ke Xu. Word Network Topi Model: a simple but general

solution for short and imbalaned texts. 2014.
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�åãóëÿðèçàòîðû êîãåðåíòíîñòè

Ìîäåëè WNTM (Word Network) è WTM (Word Topi Model)

Òåìàòè÷åñêàÿ ìîäåëü êîíòåêñòîâ, ðàçëîæåíèå W×W -ìàòðèöû:

p(w |du) =
∑

t∈T

p(w |t)p(t|du) =
∑

t∈T

φwtθtu,

ãäå du � ïñåâäî-äîêóìåíò ñëîâà u.

Ìàêñèìèçàöèÿ ëîãàðè�ìà ïðàâäîïîäîáèÿ:

∑

u,w∈W

nuw log
∑

t∈T

φwtθtu → max
Φ,Θ

,

ãäå nuw � ÷àñòîòà ñî÷åòàíèÿ ïàðû ñëîâ (w , u).

Yuan Zuo, Jihang Zhao, Ke Xu. Word Network Topi Model: a simple but general

solution for short and imbalaned texts. 2014.

Berlin Chen. Word Topi Models for spoken doument retrieval and transription.

ACM Trans., 2009.
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�åçóëüòàòû îöåíèâàíèÿ ìîäåëè WNTM

Êîãåðåíòíîñòü íà êîðîòêèõ òåêñòàõ ëó÷øå, ÷åì ó LDA

è BitermTM; íà äëèííûõ òåêñòàõ ïðåèìóùåñòâ íåò.

Ñëåâà: îöåíèâàíèå ñåìàíòè÷åñêîé áëèçîñòè ñëîâ ïî p(t|w),
êîððåëÿöèÿ ñ 10-áàëëüíûìè ýêñïåðòíûìè îöåíêàìè.

Ñïðàâà: ïîëíîòà è òî÷íîñòü ðàñïîçíàâàíèÿ íîâîé òåìû

â çàâèñèìîñòè îò ÷èñëà äîêóìåíòîâ.

Yuan Zuo, Jihang Zhao, Ke Xu. Word Network Topi Model: a simple but general

solution for short and imbalaned texts. 2014.
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�åãóëÿðèçàòîðû êîãåðåíòíîñòè

WN-ARTM íà çàäà÷àõ ñåìàíòè÷åñêîé àíàëîãèè ñëîâ

Äâà ïîäõîäà ê ñèíòåçó âåêòîðíûõ ïðåäñòàâëåíèé ñëîâ:

WN-ARTM: èíòåðïðåòèðóåìûå ðàçðåæåííûå êîìïîíåíòû

word2ve: èíòåðïðåòèðóåìûå âåêòîðíûå îïåðàöèè

Îïåðàöèÿ �åçóëüòàò WN-ARTM �åçóëüòàò word2ve

king � boy + girl

queen, priness,

lord, prine

queen, priness,

regnant, kings

mosow � russia + spain

madrid, barelona,

aires, buenos

madrid, barelona,

valladolid, malaga

india � russia + ruble

rupee, birbhum,

pradesh, madhaya

rupee, rupiah,

devalued, debased

ars � ar + omputer

omputers, software,

servers,

implementations

omputers, software,

hardware,

miroomputers

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilisti embeddings: bridging

the gap between topi models and neural networks. AINL-6, 2017.
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�åãóëÿðèçàòîðû êîãåðåíòíîñòè

word2ve è WN-ARTM íà çàäà÷àõ ñåìàíòè÷åñêîé áëèçîñòè ñëîâ

Äàìï Âèêèïåäèè 2016-01-13, |W | = 100K, ðàçðåæåííîñòü 93%.

Êîíêóðåíòû: LDA, SVD-PPMI, SGNS (word2ve).

Âàðèàíòû WN-ARTM: o�line, online, online-with-sparsing.

WordSim

similarity

WordSim

relatedness

WordSim

joint

Bruni et

al. MEN

Radinsky

m.turk

LDA 0.530 0.455 0.474 0.583 0.483

SVD-PPMI 0.711 0.648 0.672 0.236 0.616

SGNS 0.752 0.632 0.666 0.745 0.661

ARTM o� 0.701 0.615 0.647 0.707 0.613

ARTM on 0.718 0.673 0.685 0.669 0.639

ARTM on-sp 0.728 0.672 0.680 0.675 0.635

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilisti embeddings: bridging

the gap between topi models and neural networks. AINL-6, 2017.
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Ñðàâíåíèå word2ve è WN-ARTM ïî èíòåðïðåòèðóåìîñòè òåì

SGNS (word2ve) � íåò èíòåðïðåòèðóåìîñòè:

avg hearth so protetor deomposition whip stohasti sewer splinter aessory

howie thief thermodynami boltzmann equilibrium kingship unonsious

rainy mioene snowy horner fb triassi eleventh amadeus dams tenth mesozoi

fourteenth thirteenth ninth diaries bight demographis seventh almana eoene

gnis usda bloomberg usgs regulator nhk gerd magnetism apaitor fed lassi�es

apaitane stadt bipolar multilateral trpod kunst reiproal smiths potassium

WN-ARTM � åñòü èíòåðïðåòèðóåìîñòü:

sottish sotland edinburgh glasgow mps oxford eduated ambridge ollege

aberdeen dundee royal uk sots fellows �fe orpus kingdom thistle eton angus

game games video gameplay multiplayer puzzle mario nintendo player gaming

pok playable mortal super kombat adventure rpg ds puzzles online smash zelda

eletion party eleted eletions parliament assembly seats members minister

legislative eletoral liberal ounil representatives parliamentary demorati

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilisti embeddings: bridging

the gap between topi models and neural networks. AINL-6, 2017.
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Ìóëüòèãðàììíûå ìîäåëè

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Äèñòðèáóòèâíàÿ ãèïîòåçà è word2ve

Ìîäåëè áèòåðìîâ (BitermTM) è ñåòè ñëîâ (WNTM)

�åãóëÿðèçàòîðû êîãåðåíòíîñòè

WN-ARTM íà çàäà÷àõ ñåìàíòè÷åñêîé áëèçîñòè äîêóìåíòîâ

ArXiv triplets dataset [Dai et. al, 2015℄: 20K òðîåê ñòàòåé:

〈 ñòàòüÿ A, ñõîæàÿ ñòàòüÿ B, íåïîõîæàÿ ñòàòüÿ C 〉

îáó÷åíèå ïî 1M òåêñòîâ ñòàòåé ArXiv

òåñòèðîâàíèå íà òðèïëåòàõ ArXiv

Êîíêóðåíò: DBOW paragraph2ve

[Dai et. al, 2015℄

WN-ARTM ïðåâîñõîäèò ìîäåëü DBOW (distributed bag-of-words)

Andrew Dai, Cristopher Olah, Quo Le. Doument Embedding with Paragraph

Vetors, CoRR, 2015

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilisti embeddings: bridging

the gap between topi models and neural networks. AINL-6, 2017.
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Ìóëüòèãðàììíûå ìîäåëè

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Äèñòðèáóòèâíàÿ ãèïîòåçà è word2ve

Ìîäåëè áèòåðìîâ (BitermTM) è ñåòè ñëîâ (WNTM)

�åãóëÿðèçàòîðû êîãåðåíòíîñòè

Íàïîìèíàíèå. Êîãåðåíòíîñòü � ìåðà èíòåðïðåòèðóåìîñòè

Êîãåðåíòíîñòü (ñîãëàñîâàííîñòü) òåìû t ïî k òîïîâûì ñëîâàì:

PMIt =
2

k(k − 1)

k−1∑

i=1

k∑

j=i+1

PMI(wi ,wj )

ãäå wi � i -å ñëîâî òåìû, â ïîðÿäêå óáûâàíèÿ φwt .

PMI(u, v) = ln |D|Nuv

NuNv
� ïîòî÷å÷íàÿ âçàèìíàÿ èí�îðìàöèÿ

(pointwise mutual information),

Nuv � ÷èñëî äîêóìåíòîâ, â êîòîðûõ ñëîâà u, v õîòÿ áû îäèí

ðàç âñòðå÷àþòñÿ ðÿäîì (â îêíå 10 ñëîâ),

Nu � ÷èñëî äîêóìåíòîâ, â êîòîðûõ u âñòðåòèëñÿ õîòÿ áû 1 ðàç.

Newman D., Lau J.H., Grieser K., Baldwin T. Automati evaluation of topi

oherene // Human Language Tehnologies, HLT-2010.
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Ìóëüòèãðàììíûå ìîäåëè

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Äèñòðèáóòèâíàÿ ãèïîòåçà è word2ve

Ìîäåëè áèòåðìîâ (BitermTM) è ñåòè ñëîâ (WNTM)

�åãóëÿðèçàòîðû êîãåðåíòíîñòè

�åãóëÿðèçàòîð äëÿ ìàêñèìèçàöèè êîãåðåíòíîñòè òåì

�èïîòåçà: òåìà ëó÷øå èíòåðïðåòèðóåòñÿ, åñëè îíà ñîäåðæèò

êîãåðåíòíûå (÷àñòî âñòðå÷àþùèåñÿ ðÿäîì) ñëîâà u,w ∈ W .

Ïóñòü Cuw � îöåíêà êîãåðåíòíîñòè, íàïðèìåð p̂(w |u) = Nuw

Nu
.

Ñîãëàñóåì φwt ñ îöåíêàìè p̂(w |t) ïî êîãåðåíòíûì ñëîâàì,

p̂(w |t) = ∑

u p̂(w |u)p(u|t) = 1
nt

∑

u Cuwnut ;

R(Φ) = τ
∑

t∈T

nt
∑

w∈W

p̂(w |t) lnφwt → max .

Ïîäñòàâëÿåì â �îðìóëó Ì-øàãà, ïîëó÷àåì ñãëàæèâàíèå:

φwt = norm
w

(

nwt + τ
∑

u∈W

Cuwnut

)

.

Mimno D., Wallah H. M., Talley E., Leenders M., MCallum A. Optimizing semanti

oherene in topi models. EMNLP-2011.
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Ìóëüòèãðàììíûå ìîäåëè

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

Äèñòðèáóòèâíàÿ ãèïîòåçà è word2ve

Ìîäåëè áèòåðìîâ (BitermTM) è ñåòè ñëîâ (WNTM)

�åãóëÿðèçàòîðû êîãåðåíòíîñòè

Àëüòåðíàòèâíûé ðåãóëÿðèçàòîð êîãåðåíòíîñòè

Êâàäðàòè÷íûé ðåãóëÿðèçàòîð Quad-Reg:

R(Φ) = τ
∑

t∈T

ln
∑

u,v∈W

Cuvφutφvt → max,

ãäå Cuv = Nuv

[
PMI(u, v) > 0

]
� îöåíêà ñî÷åòàåìîñòè ïàðû ñëîâ

Ïîäñòàâëÿåì â �îðìóëó Ì-øàãà, ñíîâà ïîëó÷àåì ñãëàæèâàíèå:

φwt = norm
w




nwt + τφwt

∑

(u,w)∈Q

Cuwφut +
∑

(w ,v)∈Q

Cwvφvt

∑

(u,v)∈Q

Cuvφutφvt




 .

Â ëèòåðàòóðå ïîêà íå âûðàáîòàí îêîí÷àòåëüíûé âàðèàíò

ðåãóëÿðèçàòîðà êîãåðåíòíîñòè.

Newman D., Bonilla E. V., Buntine W. L. Improving topi oherene with regularized

topi models. 2011.
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�åçþìå

�àçëè÷íûå ñïîñîáû ó÷¼òà ñîâìåñòíîé âñòðå÷àåìîñòè:

âûäåëåíèå �ðàç íà ýòàïå ïðåäîáðàáîòêè

âûäåëåíèå �ðàç âìåñòå ñ òåìàòè÷åñêèì ìîäåëèðîâàíèåì

òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

(BitermTM, WTM, WNTM, êîãåðåíòíîñòü)

Ìîäåëè ñî÷åòàåìîñòè ïðåîáðàçóþò èñõîäíûå äàííûå

î ñèíòàãìàòè÷åñêîé áëèçîñòè ñëîâ nuv â ïàðàäèãìàòè÷åñêèå

áëèçîñòè ñëîâ (u, v) êàê ðàñïðåäåëåíèé p(t|u) è p(t|v).

Ñåòè ñëîâ (WNTM)

ëó÷øèé ñïîñîá òåìàòèçàöèè êîðîòêèõ òåêñòîâ

ëåãêî ðåàëèçîâàòü â BigARTM, ïåðåðàçáèâ êîëëåêöèþ

íà ïñåâäî-äîêóìåíòû � ëîêàëüíûå êîíòåêñòû ñëîâ

äà¼ò âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ, àíàëîãè÷íî word2vet,

íî ðàçðåæåííûå è èíòåðïðåòèðóåìûå
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