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Gary Mar
hionini. Exploratory Sear
h: from �nding to understanding. 2006.
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×òî òàêîå ¾òåìà¿ â êîëëåêöèè òåêñòîâûõ äîêóìåíòîâ?

Âûäåëåíèå òåì � ïåðâûé øàã ê ïîíèìàíèþ ñìûñëà òåêñòà

òåìà � ñïåöèàëüíàÿ òåðìèíîëîãèÿ ïðåäìåòíîé îáëàñòè

òåìà � íàáîð ÷àñòî ñîâìåñòíî âñòðå÷àþùèõñÿ ñëîâ è ñëîâîñî÷åòàíèé

Áîëåå �îðìàëüíî,

òåìà � óñëîâíîå ðàñïðåäåëåíèå íà ìíîæåñòâå òåðìèíîâ,

p(w |t) � âåðîÿòíîñòü (÷àñòîòà) òåðìèíà w â òåìå t;

òåìàòèêà äîêóìåíòà � óñëîâíîå ðàñïðåäåëåíèå

p(t|d) � âåðîÿòíîñòü (÷àñòîòà) òåìû t â äîêóìåíòå d .

Î êàêîé òåìå t äóìàë àâòîð, êîãäà ïèñàë òåðìèí w â äîêóìåíòå d?

Òåìàòè÷åñêàÿ ìîäåëü âûÿâëÿåò ëàòåíòíûå (ñêðûòûå) òåìû ïî íàáëþäàåìûì

ðàñïðåäåëåíèÿì ñëîâ p(w |d) â êîëëåêöèè äîêóìåíòîâ.
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Ïðèìåð. Ìóëüòèÿçû÷íàÿ ìîäåëü Âèêèïåäèè. Èíòåðïðåòèðóåìîñòü òåì.

216K ðóññêî-àíãëèéñêèõ ïàð ñòàòåé. Ïåðâûå 10 ñëîâ è èõ âåðîÿòíîñòè â òåìå, %:

Òåìà �68 Òåìà �79

resear
h 4.56 èíñòèòóò 6.03 goals 4.48 ìàò÷ 6.02

te
hnology 3.14 óíèâåðñèòåò 3.35 league 3.99 èãðîê 5.56

engineering 2.63 ïðîãðàììà 3.17 
lub 3.76 ñáîðíàÿ 4.51

institute 2.37 ó÷åáíûé 2.75 season 3.49 �ê 3.25

s
ien
e 1.97 òåõíè÷åñêèé 2.70 s
ored 2.72 ïðîòèâ 3.20

program 1.60 òåõíîëîãèÿ 2.30 
up 2.57 êëóá 3.14

edu
ation 1.44 íàó÷íûé 1.76 goal 2.48 �óòáîëèñò 2.67


ampus 1.43 èññëåäîâàíèå 1.67 apps 1.74 ãîë 2.65

management 1.38 íàóêà 1.64 debut 1.69 çàáèâàòü 2.53

programs 1.36 îáðàçîâàíèå 1.47 mat
h 1.67 êîìàíäà 2.14

Àñåññîð îöåíèë 396 òåì èç 400 êàê õîðîøî èíòåðïðåòèðóåìûå.

K.Vorontsov, O.Frei, M.Apishev, P.Romov, M.Suvorova. BigARTM: Open Sour
e Library for

Regularized Multimodal Topi
 Modeling of Large Colle
tions. AIST-2015.
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Ïðèìåð. Ìóëüòèÿçû÷íàÿ ìîäåëü Âèêèïåäèè. Èíòåðïðåòèðóåìîñòü òåì.

216K ðóññêî-àíãëèéñêèõ ïàð ñòàòåé. Ïåðâûå 10 ñëîâ è èõ âåðîÿòíîñòè â òåìå, %:

Òåìà �88 Òåìà �251

opera 7.36 îïåðà 7.82 windows 8.00 windows 6.05


ondu
tor 1.69 îïåðíûé 3.13 mi
rosoft 4.03 mi
rosoft 3.76

or
hestra 1.14 äèðèæåð 2.82 server 2.93 âåðñèÿ 1.86

wagner 0.97 ïåâåö 1.65 software 1.38 ïðèëîæåíèå 1.86

soprano 0.78 ïåâèöà 1.51 user 1.03 ñåðâåð 1.63

performan
e 0.78 òåàòð 1.14 se
urity 0.92 server 1.54

mozart 0.74 ïàðòèÿ 1.05 mit
hell 0.82 ïðîãðàììíûé 1.08

sang 0.70 ñîïðàíî 0.97 ora
le 0.82 ïîëüçîâàòåëü 1.04

singing 0.69 âàãíåð 0.90 enterprise 0.78 îáåñïå÷åíèå 1.02

operas 0.68 îðêåñòð 0.82 users 0.78 ñèñòåìà 0.96

Àñåññîð îöåíèë 396 òåì èç 400 êàê õîðîøî èíòåðïðåòèðóåìûå.

K.Vorontsov, O.Frei, M.Apishev, P.Romov, M.Suvorova. BigARTM: Open Sour
e Library for

Regularized Multimodal Topi
 Modeling of Large Colle
tions. AIST-2015.
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äåòåêòèðîâàíèå è òðåêèíã íàâèãàöèÿ ïî áîëüøèì óïðàâëåíèåì äèàëîãîì â

íîâîñòíûõ ñþæåòîâ òåêñòîâûì êîëëåêöèÿì ðàçãîâîðíîì èíòåëëåêòå
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Äèíàìèêà öèòèðîâàíèÿ â àêàäåìè÷åñêèõ ïóáëèêàöèÿõ, ïî äàííûì Google S
holar:

Matrix Factorization NNMF, Nonnegative Matrix Factorization Topic Model

PLSA, Probabilistic Latent Semantic Analysis LDA, Latent Dirichlet Allocation Text Categorization

Text Classification Word Embedding word2vec LSTM, long short-term memory
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Ïîèñê òåìàòè÷åñêè áëèçêèõ äîêóìåíòîâ

θtq = p(t|q) � òåìàòè÷åñêèé ïðî�èëü òåêñòà çàïðîñà q

θtd = p(t|d) � òåìàòè÷åñêèå ïðî�èëè äîêóìåíòîâ d èç êîëëåêöèè

Êîñèíóñíàÿ ìåðà áëèçîñòè äîêóìåíòà d è çàïðîñà q:

sim(q, d) =

∑

t θtqθtd
(
∑

t θ
2
tq

)1/2(∑

t θ
2
td

)1/2
.

�àíæèðóåì äîêóìåíòû êîëëåêöèè d ∈ D ïî óáûâàíèþ sim(q, d)
Âûäà÷à òåìàòè÷åñêîãî ïîèñêà � k ïåðâûõ äîêóìåíòîâ.

�åàëèçàöèÿ: èíâåðòèðîâàííûé èíäåêñ äëÿ áûñòðîãî ïîèñêà äîêóìåíòîâ d

ïî êàæäîé èç òåì t çàïðîñà

A.Ianina, K.Vorontsov. Multi-obje
tive topi
 modeling for exploratory sear
h in te
h news. AINL, 2017.

Êîíñòàíòèí Âîðîíöîâ (k.v.vorontsov�physte
h.edu) Òåìàòè÷åñêèå âåêòîðíûå ïðåäñòàâëåíèÿ 9 / 56



Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Òåìàòè÷åñêèé ïîèñê è òåìàòè÷åñêîå ìîäåëèðîâàíèå

Êà÷åñòâî òåìàòè÷åñêîãî ïîèñêà â ýêñïåðèìåíòàõ

Äâå êîëëåêöèè íîâîñòåé ïðî òåõíîëîãèè

Habrahabr.ru

175 143 ñòàòåé íà ðóññêîì ÿçûêå

Øåñòü ìîäàëüíîñòåé â òåêñòàõ:

10 552 ñëîâ (óíèãðàìì)

742 000 áèãðàìì

524 àâòîðîâ ñòàòåé

10 000 àâòîðîâ êîììåíòàðèåâ

2546 òåãîâ

123 õàáà

Te
hCrun
h.
om

759 324 ñòàòåé íà àíãëèéñêîì ÿçûêå

×åòûðå ìîäàëüíîñòè â òåêñòàõ:

11 523 ñëîâ (óíèãðàìì)

1.2 ìëí. áèãðàìì

605 àâòîðîâ

184 êàòåãîðèé
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Ìåòîäèêà îöåíèâàíèÿ êà÷åñòâà ðàçâåäî÷íîãî ïîèñêà

Ïîèñêîâûé çàïðîñ

êëþ÷åâûå ñëîâà èëè �ðàãìåíòû òåêñòà, îäíà ñòðàíèöà À4

Ïîèñêîâàÿ âûäà÷à

äîêóìåíòû, òåìàòè÷åñêè áëèçêèå ê äîêóìåíòó-çàïðîñó

Äâà çàäàíèÿ àñåññîðàì

íàéòè êàê ìîæíî áîëüøå ñòàòåé, ïîëüçóÿñü ëþáûìè

ñðåäñòâàìè ïîèñêà (è çàñå÷ü âðåìÿ)

îöåíèòü ðåëåâàíòíîñòü ïîèñêîâîé âûäà÷è íà òîì æå

çàïðîñå

Ïðèìåð çàïðîñà äëÿ

ðàçâåäî÷íîãî ïîèñêà
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Êà÷åñòâî òåìàòè÷åñêîãî ïîèñêà â ýêñïåðèìåíòàõ

Ïðèìåð: �ðàãìåíò çàïðîñà ¾Ñèñòåìà IBM Watson¿

IBM Watson � ñóïåðêîìïüþòåð �èðìû IBM, îñíàù¼ííûé âîïðîñíî-îòâåòíîé ñèñòåìîé èñêóññòâåííîãî

èíòåëëåêòà, ñîçäàííûé ãðóïïîé èññëåäîâàòåëåé ïîä ðóêîâîäñòâîì Äýâèäà Ôåðó÷÷è. Åãî ñîçäàíèå �

÷àñòü ïðîåêòà DeepQA. Îñíîâíàÿ çàäà÷à Óîòñîíà � ïîíèìàòü âîïðîñû, ñ�îðìóëèðîâàííûå íà åñòå-

ñòâåííîì ÿçûêå, è íàõîäèòü íà íèõ îòâåòû â áàçå äàííûõ. Íàçâàí â ÷åñòü îñíîâàòåëÿ IBM Òîìàñà

Óîòñîíà.

IBM Watson ïðåäñòàâëÿåò ñîáîé êîãíèòèâíóþ ñèñòåìó, êîòîðàÿ ñïîñîáíà ïîíèìàòü, äåëàòü âûâîäû

è îáó÷àòüñÿ. Îíà òàêæå ïîçâîëÿåò ïðåîáðàçîâûâàòü öåëûå îòðàñëè, ðàçëè÷íûå íàïðàâëåíèÿ íàóêè è

òåõíèêè. Íàïðèìåð, ïðåäñêàçûâàòü ïîÿâëåíèå ýïèäåìèé èëè âîçíèêíîâåíèÿ î÷àãîâ ïðèðîäíûõ êàòà-

ñòðî� â ðàçëè÷íûõ ðåãèîíàõ, âåñòè ìîíèòîðèíã ñîñòîÿíèÿ àòìîñ�åðû áîëüøèõ ãîðîäîâ, îïòèìèçèðî-

âàòü áèçíåñ-ïðîöåññû, óçíàâàòü, êàêèå òîâàðû áóäóò â òðåíäå â áëèæàéøåå âðåìÿ.

... ... ...

�åëåâàíòíûå òåêñòû: ïðèìåðû ñåðâèñîâ è ïðèëîæåíèé, îñíîâà êîòîðûõ � êîãíèòèâíàÿ

ïëàò�îðìà IBM Watson, èñïîëüçóåìûå â IBM Watson òåõíîëîãèè, âîïðîñ-îòâåòíûå

ñèñòåìû, ñîïîñòàâëåíèå IBM Watson ñ Wolfram-Alpha.

Íåðåëåâàíòíûå òåêñòû: îáùèå âîïðîñû èñêóññòâåííîãî èíòåëëåêòà, äðóãèå

êîììåð÷åñêèå ðåøåíèÿ íà ðûíêå áèçíåñ-àíàëèòèêè.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Òåìàòè÷åñêèé ïîèñê è òåìàòè÷åñêîå ìîäåëèðîâàíèå

Êà÷åñòâî òåìàòè÷åñêîãî ïîèñêà â ýêñïåðèìåíòàõ

Òåìàòèêà çàïðîñîâ ðàçâåäî÷íîãî ïîèñêà

Ïðèìåðû çàãîëîâêîâ ðàçâåäî÷íûõ çàïðîñîâ ê Õàáðó

(îáú¼ì êàæäîãî çàïðîñà � îêîëî îäíîé ñòðàíèöû À4):

Àëãîðèòìû ðàñêðàñêè ãðà�îâ Ñèñòåìà IBM Watson

�åêîìåíäàòåëüíàÿ ñèñòåìà Net�ix 3D-ïðèíòåðû

Ìåòîäèêè áûñòðîãî íàáîðà òåêñòà CERN-êëàñòåð

Êîñìè÷åñêèå ïðîåêòû Èëîíà Ìàñêà AB-òåñòèðîâàíèå

Òåõíîëîãèè Hadoop MapRedu
e Îáëà÷íûå ñåðâèñû

Áåñïèëîòíûé àâòîìîáèëü Google 
ar Êîíòåêñòíàÿ ðåêëàìà

Êðèïòîñèñòåìû ñ îòêðûòûì êëþ÷îì Ìàðñîõîä Curiosity

Îáçîð ïëàò�îðì îíëàéí-êóðñîâ Âèäåîêàðòû NVIDIA

Data S
ien
e Meetups â Ìîñêâå �àñïîçíàâàíèå îáðàçîâ

Îáðàçîâàòåëüíûå ïðîåêòû mail.ru Ñåðâèñû Google s
holar

Ìåæïëàíåòíàÿ ñòàíöèÿ New horizons MIT MediaLab Resear
h

ßçûêîâàÿ ìîäåëü word2ve
 Ïëàò�îðìà Mi
rosoft Azure
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Òåìàòè÷åñêèé ïîèñê è òåìàòè÷åñêîå ìîäåëèðîâàíèå

Êà÷åñòâî òåìàòè÷åñêîãî ïîèñêà â ýêñïåðèìåíòàõ

Îöåíèâàíèå êà÷åñòâà ïîèñêà

Pre
ision � äîëÿ ðåëåâàíòíûõ ñðåäè íàéäåííûõ

Re
all � äîëÿ íàéäåííûõ ñðåäè ðåëåâàíòíûõ

P =
TP

TP+ FP

� òî÷íîñòü (pre
ision)

R =
TP

TP+ FN

� ïîëíîòà, (re
all)

F1 =
P + R

2PR
� F1-ìåðà

TP (true positive) � íàéäåííûå ðåëåâàíòíûå

FP (false positive) � íàéäåííûå íåðåëåâàíòíûå

FN (false negative) � íåíàéäåííûå ðåëåâàíòíûå
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Òåìàòè÷åñêèé ïîèñê è òåìàòè÷åñêîå ìîäåëèðîâàíèå

Êà÷åñòâî òåìàòè÷åñêîãî ïîèñêà â ýêñïåðèìåíòàõ

Êàêèå ìîäåëè ïîèñêà ñðàâíèâàëèñü

assessors: ðåçóëüòàòû ïîèñêà, âûïîëíåííîãî ëþäüìè (àñåññîðàìè)

TF-IDF, BM25: ñðàâíåíèå äîêóìåíòîâ ïî âåêòîðàì ÷àñòîò ñëîâ

word2ve
: íåòåìàòè÷åñêèå âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ

PLSA: Probabilisti
 Latent Semanti
 Analysis [T.Hofmann, 1999℄

LDA: Latent Diri
hlet Allo
ation [D.Blei, A.Ng, M.Jordan, 2003℄

ARTM: òåìàòè÷åñêàÿ ìîäåëü ñ òðåìÿ ðåãóëÿðèçàòîðàìè

hARTM: äâóõóðîâíåâàÿ èåðàðõè÷åñêàÿ òåìàòè÷åñêàÿ ìîäåëü

Äîïîëíèòåëüíûå êðèòåðèè (ðåãóëÿðèçàòîðû) â ARTM è hARTM:

ñäåëàòü òåìû êàê ìîæíî áîëåå ðàçëè÷íûìè

ñäåëàòü ïðî�èëè p(t|d) êàê ìîæíî áîëåå ðàçðåæåííûìè

ñóæàòü îáëàñòü ïîèñêà ñ ïîìîùüþ èåðàðõè÷åñêèõ ïðî�èëåé p(t|d)
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Òåìàòè÷åñêèé ïîèñê è òåìàòè÷åñêîå ìîäåëèðîâàíèå

Êà÷åñòâî òåìàòè÷åñêîãî ïîèñêà â ýêñïåðèìåíòàõ

Ñðàâíåíèå êà÷åñòâà ïîèñêà ñ àñåññîðàìè è ïðîñòûìè ìîäåëÿìè

Òî÷íîñòü è ïîëíîòà ïî ïåðâûì k ïîçèöèÿì ïîèñêîâîé âûäà÷è (Habrahabr.ru)
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@
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A.Ianina, K.Vorontsov. Multi-obje
tive topi
 modeling for exploratory sear
h in te
h news. AINL, 2017.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Òåìàòè÷åñêèé ïîèñê è òåìàòè÷åñêîå ìîäåëèðîâàíèå

Êà÷åñòâî òåìàòè÷åñêîãî ïîèñêà â ýêñïåðèìåíòàõ

Ñðàâíåíèå êà÷åñòâà ïîèñêà ñ àñåññîðàìè è ïðîñòûìè ìîäåëÿìè

Òî÷íîñòü è ïîëíîòà ïî ïåðâûì k ïîçèöèÿì ïîèñêîâîé âûäà÷è (Te
hCrun
h.
om)
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A.Ianina, K.Vorontsov. Multi-obje
tive topi
 modeling for exploratory sear
h in te
h news. AINL, 2017.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Òåìàòè÷åñêèé ïîèñê è òåìàòè÷åñêîå ìîäåëèðîâàíèå

Êà÷åñòâî òåìàòè÷åñêîãî ïîèñêà â ýêñïåðèìåíòàõ

�åçóëüòàòû èçìåðåíèÿ òî÷íîñòè è ïîëíîòû ïî çàïðîñàì

Òî÷íîñòü, ïîëíîòà è âðåìÿ ïîèñêà (100 çàïðîñîâ, 3 àñåññîðà íà çàïðîñ, Habrahabr.ru)

òî÷íîñòü è ïîëíîòà ïîèñêà âðåìÿ è F1-ìåðà (àñåññîðû)

0.7 0.8 0.9 1.0
Precision

0.7

0.8

0.9

1.0

1.1

Re
ca

ll

Assessors
Topic search

0 10 20 30 40 50 60
Time (min.)

0.7

0.8

0.9

1.0

F1
-m

ea
su

re

Assessors

ñðåäíåå âðåìÿ îáðàáîòêè çàïðîñà àñåññîðîì � 30 ìèíóò

òî÷íîñòü âûøå ó àñåññîðîâ, ïîëíîòà � ó ïîèñêîâèêà

Êîíñòàíòèí Âîðîíöîâ (k.v.vorontsov�physte
h.edu) Òåìàòè÷åñêèå âåêòîðíûå ïðåäñòàâëåíèÿ 18 / 56



Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Òåìàòè÷åñêèé ïîèñê è òåìàòè÷åñêîå ìîäåëèðîâàíèå

Êà÷åñòâî òåìàòè÷åñêîãî ïîèñêà â ýêñïåðèìåíòàõ

Âëèÿíèå ÷èñëà òåì íà êà÷åñòâî ïîèñêà

Êîëëåêöèÿ Habrahabr.ru

Èñïîëüçóåì 3 ðåãóëÿðèçàòîðà, 5 ìîäàëüíîñòåé, ìåíÿåì ÷èñëî òåì

àñåññîðû 100 150 200 250 400

Pre
�5 0.821 0.662 0.721 0.810 0.761 0.693

Pre
�10 0.869 0.761 0.812 0.879 0.825 0.673

Pre
�15 0.875 0.733 0.795 0.868 0.791 0.651

Pre
�20 0.863 0.724 0.795 0.847 0.792 0.642

Re
all�5 0.780 0.732 0.807 0.840 0.821 0.721

Re
all�10 0.817 0.771 0.843 0.870 0.851 0.751

Re
all�15 0.850 0.824 0.895 0.891 0.871 0.773

Re
all�20 0.873 0.857 0.905 0.925 0.892 0.771

Ñóùåñòâóåò îïòèìàëüíîå ïî êðèòåðèþ êà÷åñòâà ïîèñêà ÷èñëî òåì
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Òåìàòè÷åñêèé ïîèñê è òåìàòè÷åñêîå ìîäåëèðîâàíèå

Êà÷åñòâî òåìàòè÷åñêîãî ïîèñêà â ýêñïåðèìåíòàõ

Âëèÿíèå ÷èñëà òåì íà êà÷åñòâî ïîèñêà

Êîëëåêöèÿ Te
hCrun
h.
om

Èñïîëüçóåì 3 ðåãóëÿðèçàòîðà, 4 ìîäàëüíîñòè, ìåíÿåì ÷èñëî òåì

àñåññîðû 350 400 450 475 500

Pre
�5 0.822 0.653 0.725 0.752 0.819 0.777

Pre
�10 0.851 0.663 0.732 0.762 0.867 0.811

Pre
�15 0.835 0.682 0.743 0.787 0.833 0.793

Pre
�20 0.813 0.650 0.743 0.773 0.825 0.793

Re
all�5 0.762 0.731 0.762 0.793 0.835 0.817

Re
all�10 0.792 0.763 0.793 0.812 0.868 0.855

Re
all�15 0.835 0.782 0.807 0.855 0.890 0.882

Re
all�20 0.867 0.792 0.823 0.862 0.919 0.903

Îïòèìàëüíîå ÷èñëî òåì ñóùåñòâåííî çàâèñèò îò êîëëåêöèè

Êîíñòàíòèí Âîðîíöîâ (k.v.vorontsov�physte
h.edu) Òåìàòè÷åñêèå âåêòîðíûå ïðåäñòàâëåíèÿ 20 / 56



Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Òåìàòè÷åñêèé ïîèñê è òåìàòè÷åñêîå ìîäåëèðîâàíèå

Êà÷åñòâî òåìàòè÷åñêîãî ïîèñêà â ýêñïåðèìåíòàõ

Âëèÿíèå êîìáèíàöèé ðåãóëÿðèçàòîðîâ íà êà÷åñòâî ïîèñêà

Òðè ðåãóëÿðèçàòîðà: Äåêîððåëèðîâàíèå, Θ-ðàçðåæèâàíèå, Φ-ñãëàæèâàíèå

Habrahabr Te
hCrun
h

R = 0 Ä ÄΘ ÄΘΦ R = 0 Ä ÄΘ ÄΘΦ

Pre
�5 0.628 0.748 0.771 0.810 0.652 0.775 0.779 0.819

Pre
�10 0.653 0.776 0.812 0.879 0.679 0.787 0.819 0.867

Pre
�15 0.642 0.765 0.792 0.868 0.669 0.773 0.798 0.833

Pre
�20 0.643 0.759 0.783 0.847 0.673 0.777 0.792 0.825

Re
all�5 0.692 0.784 0.805 0.840 0.673 0.812 0.812 0.835

Re
all�10 0.714 0.814 0.834 0.870 0.685 0.821 0.845 0.868

Re
all�15 0.725 0.835 0.867 0.891 0.712 0.859 0.869 0.890

Re
all�20 0.735 0.862 0.891 0.925 0.723 0.882 0.895 0.919

êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ óëó÷øàåò êà÷åñòâî ïîèñêà

õîòÿ èñõîäíî âñå ðåãóëÿðèçàòîðû íàöåëåíû íà óëó÷øåíèå èíòåðïðåòèðóåìîñòè

òåì, è íå îïòèìèçèðóþò êà÷åñòâî ïîèñêà â ÿâíîì âèäå
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Òåìàòè÷åñêèé ïîèñê è òåìàòè÷åñêîå ìîäåëèðîâàíèå

Êà÷åñòâî òåìàòè÷åñêîãî ïîèñêà â ýêñïåðèìåíòàõ

Âëèÿíèå ñî÷åòàíèÿ ìîäàëüíîñòåé íà êà÷åñòâî ïîèñêà

Êîëëåêöèÿ Habrahabr.ru. ×èñëî òåì |T | = 200. Ìîäàëüíîñòè:

Ñëîâà, Áèãðàììû, Òåãè, Õàáû, Êîììåíòàòîðû, Àâòîðû.

àñåññîðû Ñ Ê ÑÁ ÑÁÒÕ âñå

Pre
�5 0.821 0.612 0.549 0.654 0.737 0.810

Pre
�10 0.869 0.635 0.568 0.701 0.752 0.879

Pre
�15 0.875 0.625 0.532 0.685 0.682 0.868

Pre
�20 0.863 0.616 0.533 0.682 0.687 0.847

Re
all�5 0.780 0.722 0.636 0.797 0.827 0.840

Re
all�10 0.817 0.744 0.648 0.812 0.875 0.870

Re
all�15 0.850 0.778 0.677 0.842 0.893 0.891

Re
all�20 0.873 0.803 0.685 0.852 0.898 0.925

Íàèëó÷øåå êà÷åñòâî ïîèñêà � ïî âñåì ìîäàëüíîñòÿì

Íàèáîëåå ïîëåçíûå ìîäàëüíîñòè � ñëîâà è òåãè
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ïîñòàíîâêà çàäà÷è è êëàññè÷åñêèå ìåòîäû

Òåîðèÿ àääèòèâíîé ðåãóëÿðèçàöèè

�åàëèçàöèÿ: ïðîåêò BigARTM

Ìàòåìàòè÷åñêàÿ ïîñòàíîâêà çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Äàíî: êîëëåêöèÿ òåêñòîâûõ äîêóìåíòîâ D, ñëîâàðü ñëîâ èëè òåðìîâ W

ndw � ÷àñòîòû òåðìîâ â äîêóìåíòàõ, p̂(w |d) = ndw
nd

Íàéòè: ïàðàìåòðû òåìàòè÷åñêîé ìîäåëè p(w |d) =
∑

t∈T

p(w |t) p(t|d) =
∑

t∈T

φwtθtd

φwt=p(w |t) � âåðîÿòíîñòè òåðìîâ w â êàæäîé òåìå t

θtd =p(t|d) � âåðîÿòíîñòè òåì t â êàæäîì äîêóìåíòå d

Ýòî çàäà÷à ñòîõàñòè÷åñêîãî ìàòðè÷íîãî ðàçëîæåíèÿ, T � çàäàííîå ÷èñëî òåì:
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ïîñòàíîâêà çàäà÷è è êëàññè÷åñêèå ìåòîäû

Òåîðèÿ àääèòèâíîé ðåãóëÿðèçàöèè

�åàëèçàöèÿ: ïðîåêò BigARTM

PLSA � Probabilisti
 Latent Semanti
 Analysis [T.Hofmann, 1999℄

Ìàêñèìèçàöèÿ log-ïðàâäîïîäîáèÿ ïðè φwt > 0, θtd > 0,
∑

w φwt = 1,
∑

t θtd = 1:

L (Φ,Θ) =
∑

d,w

ndw ln
∑

t

φwtθtd → max
Φ,Θ

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:



























ptdw = p(t|d ,w) = norm
t∈T

(

φwtθtd
)

φwt = norm
w∈W

(

∑

d∈D

ndwptdw

)

θtd = norm
t∈T

(

∑

w∈d

ndwptdw

)

ãäå norm
t∈T

(xt) =
max{xt ,0}∑

s∈T

max{xs ,0}
� îïåðàöèÿ íîðìèðîâêè âåêòîðà.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ïîñòàíîâêà çàäà÷è è êëàññè÷åñêèå ìåòîäû

Òåîðèÿ àääèòèâíîé ðåãóëÿðèçàöèè

�åàëèçàöèÿ: ïðîåêò BigARTM

Òåìàòè÷åñêèå âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ è äîêóìåíòîâ

Êîëëåêöèÿ òåêñòîâ � ýòî äâóäîëüíûé ãðà� ñ ð¼áðàìè (d ,w)

Ñëîâî w âñòðå÷àåòñÿ â äîêóìåíòå d ïîòîìó, ÷òî ó íèõ åñòü îáùèå òåìû t

Òåìû èíòåðïðåòèðóþòñÿ áëàãîäàðÿ ðàñïðåäåëåíèþ ñëîâ p(w |t) = p(t|w)p(w)
p(t)
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ïîñòàíîâêà çàäà÷è è êëàññè÷åñêèå ìåòîäû

Òåîðèÿ àääèòèâíîé ðåãóëÿðèçàöèè

�åàëèçàöèÿ: ïðîåêò BigARTM

Çàäà÷è, íåêîððåêòíî ïîñòàâëåííûå ïî Àäàìàðó

Çàäà÷à êîððåêòíî ïîñòàâëåíà, åñëè å¼ ðåøåíèå

ñóùåñòâóåò,

åäèíñòâåííî,

óñòîé÷èâî. Æàê Ñàëîìîí Àäàìàð

(1865�1963)

Íàøà çàäà÷à ìàòðè÷íîãî ðàçëîæåíèÿ íåêîððåêòíî ïîñòàâëåíà:

åñëè Φ,Θ � ðåøåíèå, òî ñòîõàñòè÷åñêèå Φ′,Θ′
� òîæå ðåøåíèÿ

Φ′Θ′ = (ΦS)(S−1Θ), rank S = |T |

L (Φ′,Θ′) = L (Φ,Θ)

L (Φ′,Θ′) 6 L (Φ,Θ) + ε � ïðèáëèæ¼ííûå ðåøåíèÿ

�åãóëÿðèçàöèÿ � ñòàíäàðòíûé ïðè¼ì äîîïðåäåëåíèÿ ðåøåíèÿ ñ ïîìîùüþ

äîïîëíèòåëüíûõ êðèòåðèåâ.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ïîñòàíîâêà çàäà÷è è êëàññè÷åñêèå ìåòîäû

Òåîðèÿ àääèòèâíîé ðåãóëÿðèçàöèè

�åàëèçàöèÿ: ïðîåêò BigARTM

ARTM � Àääèòèâíàÿ �åãóëÿðèçàöèÿ Òåìàòè÷åñêèõ Ìîäåëåé

Ìàêñèìèçàöèÿ log-ïðàâäîïîäîáèÿ ñ ðåãóëÿðèçàòîðîì R :
∑

d,w

ndw ln
∑

t∈T

φwtθtd + R(Φ,Θ) → max
Φ,Θ

; R(Φ,Θ) =
∑

i

τiRi(Φ,Θ)

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ðåøåíèÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:



























ptdw = norm
t∈T

(

φwtθtd
)

φwt = norm
w∈W

(

nwt + φwt
∂R
∂φwt

)

, nwt =
∑

d∈D

ndwptdw

θtd = norm
t∈T

(

ntd + θtd
∂R
∂θtd

)

, ntd =
∑

w∈d

ndwptdw

Âîðîíöîâ Ê. Â. Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé êîëëåêöèé òåêñòîâûõ

äîêóìåíòîâ. Äîêëàäû �ÀÍ. 2014.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ïîñòàíîâêà çàäà÷è è êëàññè÷åñêèå ìåòîäû

Òåîðèÿ àääèòèâíîé ðåãóëÿðèçàöèè

�åàëèçàöèÿ: ïðîåêò BigARTM

Çàäà÷è ìóëüòèìîäàëüíîãî òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Òåìû îïðåäåëÿþò ðàñïðåäåëåíèÿ òåðìîâ ðàçëè÷íûõ ìîäàëüíîñòåé p(w |t):
p(àâòîð|t), p(âðåìÿ|t), p(êàòåãîðèÿ|t), p(êëàññ|t), p(òåã|t), p(ññûëêà|t),
p(áàííåð|t), p(ýëåìåíò_èçîáðàæåíèÿ|t), p(ïîëüçîâàòåëü|t), . . .

Topics of documents

Words and keyphrases of topics

doc1:

doc2:

doc3:

doc4:

...

Text documents

Topic
Modeling

D
o
c
u
m
e
n
t
s

T
o
p
i
c
s

Metadata:

Authors
Data Time
Conference
Organization
URL
etc.

Ads Images Links

Users
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ïîñòàíîâêà çàäà÷è è êëàññè÷åñêèå ìåòîäû

Òåîðèÿ àääèòèâíîé ðåãóëÿðèçàöèè

�åàëèçàöèÿ: ïðîåêò BigARTM

Ìóëüòèìîäàëüíàÿ ARTM

Ìàêñèìèçàöèÿ log-ïðàâäîïîäîáèé ìîäàëüíîñòåé ñî ñëîâàðÿìè òåðìîâ Wm
, m ∈ M:

∑

m∈M

τm
∑

d∈D

∑

w∈Wm

ndw ln
∑

t∈T

φwtθtd + R(Φ,Θ) → max
Φ,Θ

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ðåøåíèÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:



























ptdw = norm
t∈T

(

φwtθtd
)

φwt = norm
w∈Wm

(

∑

d∈D

τm(w)ndwptdw + φwt
∂R
∂φwt

)

θtd = norm
t∈T

(

∑

w∈d

τm(w)ndwptdw + θtd
∂R
∂θtd

)

K.Vorontsov, O.Frei, M.Apishev et al. Non-bayesian additive regularization for multimodal topi


modeling of large 
olle
tions. CIKM TM workshop, 2015.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ïîñòàíîâêà çàäà÷è è êëàññè÷åñêèå ìåòîäû

Òåîðèÿ àääèòèâíîé ðåãóëÿðèçàöèè

�åàëèçàöèÿ: ïðîåêò BigARTM

Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå âåêòîðíûå ïðåäñòàâëåíèÿ

Äîêóìåíòû ñîäåðæàò ñëîâà è òåðìû äðóãèõ ìîäàëüíîñòåé

Ïðèìåðû ìîäàëüíîñòåé: àâòîðû, âðåìÿ, òåãè, ïîëüçîâàòåëè,...

×åðåç òåìû ñìûñëû ñëîâ ïåðåäàþòñÿ äðóãèì ìîäàëüíîñòÿì
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ïîñòàíîâêà çàäà÷è è êëàññè÷åñêèå ìåòîäû

Òåîðèÿ àääèòèâíîé ðåãóëÿðèçàöèè

�åàëèçàöèÿ: ïðîåêò BigARTM

Ïðèìåð. Ìîäàëüíîñòü n-ãðàìì óëó÷øàåò êà÷åñòâî òåì

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

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

Ñåðãåé Ñòåíèí. Ìóëüòèãðàììíûå àääèòèâíî ðåãóëÿðèçîâàííûå òåìàòè÷åñêèå ìîäåëè.

Ìàãèñòåðñêàÿ äèññåðòàöèÿ, ÌÔÒÈ, 2015.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ïîñòàíîâêà çàäà÷è è êëàññè÷åñêèå ìåòîäû

Òåîðèÿ àääèòèâíîé ðåãóëÿðèçàöèè

�åàëèçàöèÿ: ïðîåêò BigARTM

BigARTM: áèáëèîòåêà òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Êëþ÷åâûå âîçìîæíîñòè:

Îíëàéíîâûé ïàðàëëåëüíûé ìóëüòèìîäàëüíûé ARTM

Áîëüøèå äàííûå: êîëëåêöèÿ íå õðàíèòñÿ â ïàìÿòè

Âñòðîåííàÿ áèáëèîòåêà ðåãóëÿðèçàòîðîâ è ìåð êà÷åñòâà

Ñîîáùåñòâî:

Îòêðûòûé êîä https://github.
om/bigartm

(dis
ussion group, issue tra
ker, pull requests)

Äîêóìåíòàöèÿ http://bigartm.org

Ëèöåíçèÿ è ñðåäà ðàçðàáîòêè:

Ñâîáîäíàÿ êîììåð÷åñêàÿ ëèöåíçèÿ (BSD 3-Clause)

Êðîññ-ïëàò�îðìåííîñòü: Windows, Linux, Ma
OS (32/64 bit)

Èíòåð�åéñû API: 
ommand-line, C++, and Python
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ïîñòàíîâêà çàäà÷è è êëàññè÷åñêèå ìåòîäû

Òåîðèÿ àääèòèâíîé ðåãóëÿðèçàöèè

�åàëèçàöèÿ: ïðîåêò BigARTM

Êà÷åñòâî è ñêîðîñòü: BigARTM vs Gensim è Vowpal Wabbit

3.7M ñòàòåé Âèêèïåäèè, 100K ñëîâ

T = 50 T = 200

ïðîö. ìèíóò ïåðïëåêñèÿ ìèíóò ïåðïëåêñèÿ

BigARTM 1 42 5117 83 3347

BigARTM asyn
 1 25 5131 53 3362

VowpalWabbit 1 50 5413 154 3960

Gensim 1 142 4945 637 3241

BigARTM 4 12 5216 26 3520

BigARTM asyn
 4 7 5353 16 3634

Gensim 4 88 5311 315 3583

BigARTM 8 8 5648 15 3929

BigARTM asyn
 8 5 6220 10 4309

Gensim 8 88 6344 288 4263

D.Ko
hedykov, M.Apishev, L.Golitsyn, K.Vorontsov. Fast and Modular Regularized Topi
 Modelling.

FRUCT ISMW, 2017.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ïîñòàíîâêà çàäà÷è è êëàññè÷åñêèå ìåòîäû

Òåîðèÿ àääèòèâíîé ðåãóëÿðèçàöèè

�åàëèçàöèÿ: ïðîåêò BigARTM

BigARTM óïðîùàåò ðàçðàáîòêó òåìàòè÷åñêèõ ìîäåëåé

Äëÿ ïîñòðîåíèÿ ñëîæíûõ ìîäåëåé â BigARTM íå íóæíû íè ìàòåìàòè÷åñêèå

âûêëàäêè, íè ïðîãðàììèðîâàíèå ¾ñ íóëÿ¿.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ïîñòàíîâêà çàäà÷è è êëàññè÷åñêèå ìåòîäû

Òåîðèÿ àääèòèâíîé ðåãóëÿðèçàöèè

�åàëèçàöèÿ: ïðîåêò BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

Áëàãîäàðÿ ARTM, ýòè ìåõàíèçìû ìîæíî

êîìáèíèðîâàòü â ëþáûõ ñî÷åòàíèÿõ:

1

ðåãóëÿðèçàöèÿ

2

ìîäàëüíîñòè

3

èåðàðõèÿ òåì

4

ïàðíàÿ âñòðå÷àåìîñòü òåðìîâ

5

ãèïåðãðà�û òðàíçàêöèé

6

ïîòåêñòîâàÿ âåêòîðíàÿ îáðàáîòêà

Íîâûå ìåõàíèçìû ïîçâîëÿþò ó÷èòûâàòü

ïîðÿäîê ñëîâ â îáõîä ãèïîòåçû ¾ìåøêà ñëîâ¿
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

Äèñòðèáóòèâíàÿ ãèïîòåçà è ñåìàíòè÷åñêèå âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ

Words that o

ur in the same 
ontexts tend to have similar meanings [Harris, 1954℄.

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

Çàäà÷à: íàéòè äëÿ êàæäîãî ñëîâà w âåêòîð xw ∈ R
T
òàê, ÷òîáû áëèçêèå

ïî ñìûñëó ñëîâà èìåëè áëèçêèå âåêòîðû.

Z.Harris. Distributional stru
ture. 1954.

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

P.D.Turney, P.Pantel. From frequen
y to meaning: Ve
tor spa
e models of semanti
s. JAIR, 2010.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

Ìîäåëè âåêòîðíûõ ïðåäñòàâëåíèé äëÿ òåêñòîâ è ãðà�îâ

word2ve
: âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ

T.Mikolov et al. E�
ient estimation of word representations in ve
tor spa
e. 2013.

paragraph2ve
: âåêòîðíûå ïðåäñòàâëåíèÿ �ðàãìåíòîâ èëè äîêóìåíòîâ

Q.Le, T.Mikolov. Distributed representations of senten
es and do
uments. 2014.

sent2ve
: âåêòîðíûå ïðåäñòàâëåíèÿ ïðåäëîæåíèé

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

FastText: âåêòîðíûå ïðåäñòàâëåíèÿ ñèìâîëüíûõ n-ãðàìì
https://github.
om/fa
ebookresear
h/fastText

node2ve
: âåêòîðíûå ïðåäñòàâëåíèÿ âåðøèí ãðà�à

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

graph2ve
: áîëåå îáùèå âåêòîðíûå ïðåäñòàâëåíèÿ íà ãðà�àõ

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

StarSpa
e: âåêòîðíûå ïðåäñòàâëåíèÿ ÷åãî óãîäíî, îò Fa
ebook AI Resear
h

L.Wu, A.Fis
h, S.Chopra, K.Adams, A.B.J.Weston. StarSpa
e: embed all the things! 2018.

Íåäîñòàòîê: êîîðäèíàòû âåêòîðîâ íå èíòåðïðåòèðóåìû
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

Ôîðìàëèçàöèÿ äèñòðèáóòèâíîé ãèïîòåçû â òåìàòè÷åñêîì ìîäåëèðîâàíèè

Ìîäåëü ñåòè ñëîâ WNTM ìîäåëèðóåò 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, Ji
hang Zhao, Ke Xu. Word Network Topi
 Model: a simple but general solution for short

and imbalan
ed texts. 2014.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

Ìîäåëè WNTM (Word Network Topi
 Model) 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 � ñîâñòðå÷àåìîñòü ñëîâ u,w (êñòàòè, nuw = nwu).

Yuan Zuo, Ji
hang Zhao, Ke Xu. Word Network Topi
 Model: a simple but general solution for short

and imbalan
ed texts. 2014.

Berlin Chen. Word Topi
 Models for spoken do
ument retrieval and trans
ription. ACM Trans., 2009.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

Èíòåðïðåòèðóåìûå âåêòîðíûå ïðåäñòàâëåíèÿ íà îñíîâå ñîâñòðå÷àåìîñòè ñëîâ

Èäåÿ äèñòðèáóòèâíîé ñåìàíòèêè: �Words that o

ur in the same 
ontexts tend

to have similar meanings� [Harris, 1954℄.

Ñëîâî èíäóöèðóåò ïñåâäî-äîêóìåíò âñåõ åãî êîíòåêñòîâ
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

word2ve
 è ARTM íà çàäà÷àõ àíàëîãèè ñëîâ

Äâà ïîäõîäà ê ñèíòåçó âåêòîðíûõ ïðåäñòàâëåíèé ñëîâ:

ARTM: èíòåðïðåòèðóåìûå ðàçðåæåííûå êîìïîíåíòû

word2ve
: èíòåðïðåòèðóåìûå âåêòîðíûå îïåðàöèè

Îïåðàöèÿ �åçóëüòàò ARTM �åçóëüòàò word2ve


king � boy + girl

queen, prin
ess,

lord, prin
e

queen, prin
ess,

regnant, kings

mos
ow � russia + spain

madrid, bar
elona,

aires, buenos

madrid, bar
elona,

valladolid, malaga

india � russia + ruble

rupee, birbhum,

pradesh, madhaya

rupee, rupiah,

devalued, debased


ars � 
ar + 
omputer


omputers, software,

servers, implementations


omputers, software,

hardware, mi
ro
omputers

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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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

word2ve
 è ARTM â çàäà÷å ñåìàíòè÷åñêîé áëèçîñòè äîêóìåíòîâ

ArXiv triplets dataset: 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℄

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

Andrew Dai, Cristopher Olah, Quo
 Le. Do
ument Embedding with Paragraph Ve
tors, 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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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

Òðàíçàêöèîííûå äàííûå

Âûáîðêà ìîæåò ñîäåðæàòü íå òîëüêî ïàðû (d ,w), íî òàêæå òðîéêè, ÷åòâ¼ðêè, . . . ,

n-êè ýëåìåíòîâ ðàçíûõ ìîäàëüíîñòåé.

Ïðèìåðû:

Äàííûå ñîöèàëüíîé ñåòè:

(d , u,w) � ïîëüçîâàòåëü u çàïèñàë ñëîâî w â áëîãå d

Äàííûå ñåòè èíòåðíåò-ðåêëàìû:

(u, d , b) � ïîëüçîâàòåëü u êëèêíóë áàííåð b íà ñòðàíèöå d

Äàííûå �èíàíñîâûõ îðãàíèçàöèé:

(b, s, g) � ïîêóïàòåëü u êóïèë ó ïðîäàâöà s òîâàð g

Çàäà÷à: ïî âûáîðêå ð¼áåð ãèïåðãðà�à âûÿâèòü ëàòåíòíûå òåìû åãî âåðøèí.

Êîíñòàíòèí Âîðîíöîâ (k.v.vorontsov�physte
h.edu) Òåìàòè÷åñêèå âåêòîðíûå ïðåäñòàâëåíèÿ 43 / 56



Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

Òåìàòè÷åñêàÿ ìîäåëü ãèïåðãðà�à: îïðåäåëåíèÿ è îáîçíà÷åíèÿ

Γ = 〈V ,E 〉 � îðèåíòèðîâàííûé ãèïåðãðà�.

V = V 1 ⊔ · · · ⊔ VM
� ðàçáèåíèå âåðøèí ïî ìîäàëüíîñòÿì

M � ìíîæåñòâî ìîäàëüíîñòåé:

K � ìíîæåñòâî òèïîâ ð¼áåð:

T � ìíîæåñòâî òåì:

X k
� íàáëþäàåìàÿ âûáîðêà òðàíçàêöèé � ð¼áåð òèïà k

ðåáðî (d , x) ñîñòîèò èç âåðøèíû-êîíòåéíåðà d ∈ V è ìíîæåñòâà âåðøèí x ⊂ V ,

ndx � ÷èñëî âõîæäåíèé ðåáðà (d , x) â âûáîðêó X k

p(d , x) � íåèçâåñòíîå ðàñïðåäåëåíèå íà ð¼áðàõ òèïà k
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

Òåìàòè÷åñêàÿ ìîäåëü ãèïåðãðà�à

Âåðîÿòíîñòíàÿ òåìàòè÷åñêàÿ ìîäåëü ð¼áåð òèïà k :

p(x |d) =
∑

t∈T

θtd
∏

v∈x

φvt ,

θtd = p(t|d) � òåìàòèêà êîíòåéíåðà íå çàâèñèò îò òèïà ðåáðà k

φvt = p(v |t) � ðàñïðåäåëåíèå òåðìîâ ìîäàëüíîñòè v â òåìå t

Çàäà÷à ìàêñèìèçàöèè log-ïðàâäîïîäîáèÿ:

∑

k∈K

τk
∑

(d,x)∈X k

ndx ln
∑

t∈T

θtd
∏

v∈x

φvt → max
Φ,Θ

,

φvt > 0,
∑

v∈Vm

φvt = 1; θtd > 0,
∑

t∈T

θtd = 1;

ãäå τk > 0 � âåñà òèïîâ ð¼áåð.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

EM-àëãîðèòì äëÿ ãèïåðãðà�îâîé ARTM

Çàäà÷à ìàêñèìèçàöèè ðåãóëÿðèçîâàííîãî log-ïðàâäîïîäîáèÿ:

∑

k∈K

τk
∑

(d,x)∈X k

ndx ln
∑

t∈T

θtd
∏

v∈x

φvt + R(Φ,Θ) → max
Φ,Θ

.

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ðåøåíèÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:



































ptdx = norm
t∈T

(

θtd
∏

v∈x
φvt

)

φvt = norm
v∈Vm

(

∑

k∈K

τk
∑

(d,x)

[

v ∈x
]

ndxptdx + φvt
∂R
∂φvt

)

θtd = norm
t∈T

(

∑

k∈K

τk
∑

(d,x)

ndxptdx + θtd
∂R
∂θtd

)
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

Èíòåðïðåòèðóåìûå ýìáåäèíãè òðàíçàêöèîííûõ äàííûõ

�èïåðãðà� � ýòî ñèñòåìà ïîäìíîæåñòâ âåðøèí-òåðìîâ

Òðàíçàêöèÿ = ïîäìíîæåñòâî òåðìîâ = ðåáðî ãèïåðãðà�à

Òðàíçàêöèÿ òåì áîëåå âåðîÿòíà, ÷åì áîëüøå îáùèõ òåì èìåþò å¼ òåðìû
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

Ìîäåëè ïðåäëîæåíèé è êîðîòêèõ òåêñòîâ TwitterLDA, senLDA

Sd � ìíîæåñòâî ïðåäëîæåíèé äîêóìåíòà d

nsw � ñêîëüêî ðàç òåðì w âñòðå÷àåòñÿ â ïðåäëîæåíèè s

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèÿ s:

p(s|d) =
∑

t∈T

p(t|d)
∏

w∈s

p(w |t)nsw =
∑

t∈T

θtd
∏

w∈s

φnsw
wt

Ìàêñèìèçàöèÿ ðåãóëÿðèçîâàííîãî log-ïðàâäîïîäîáèÿ

∑

d∈D

∑

s∈Sd

ln
∑

t∈T

θtd
∏

w∈s

φnsw
wt + R(Φ,Θ) → max

Φ,Θ

ýòî ÷àñòíûé ñëó÷àé ãèïåðãðà�îâîé ìîäåëè, ïðåäëîæåíèÿ ÿâëÿþòñÿ ãèïåð-ð¼áðàìè.

Wayne Xin Zhao, Jing Jiang, Jianshu Weng, Jing He, Ee Peng Lim et al. Comparing Twitter and

traditional media using topi
 models. ECIR 2011.

G.Balikas, M.-R.Amini, M.Clausel. On a topi
 model for senten
es. SIGIR 2016.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

�èïåðãðà�îâûå òåìàòè÷åñêèå ìîäåëè ÿçûêà

×òî åù¼ ìîæåò áûòü ðåáðîì ãèïåðãðà�à?

Ëþáîå ïîäìíîæåñòâî ñâÿçàííûõ ïî ñìûñëó òåðìîâ, ïîðîæäàåìûõ îáùåé òåìîé.

ïðåäëîæåíèå

ñèíòàãìà, âåòêà ñèíòàêñè÷åñêîãî äåðåâà

èìåííàÿ ãðóïïà

�àêò ¾îáúåêò, ñóáúåêò, äåéñòâèå¿

ïàðû òåðìîâ â îäíîì èëè ñîñåäíèõ ïðåäëîæåíèÿõ, ñâÿçàííûõ òåçàóðóñíûìè

îòíîøåíèÿìè: ñèíîíèìû, ãèïîíèì�ãèïåðîíèì, ìåðîíèì�õîëîíèì

ëåêñè÷åñêàÿ öåïî÷êà

òåêñò ñîîáùåíèÿ è åãî àâòîð

�èíàíñîâàÿ òðàíçàêöèÿ ñ òåêñòîì ïëàò¼æíîãî ïîðó÷åíèÿ
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

Èíòåðïðåòèðóåìûå ýìáåäèíãè ïðåäëîæåíèé

Ïðåäëîæåíèå � ýòî íàèáîëåå ñåìàíòè÷åñêè îäíîðîäíàÿ åäèíèöà ÿçûêà

Ïðåäëîæåíèå = ïîäìíîæåñòâî ñëîâ = ðåáðî ãèïåðãðà�à

Ïðåäëîæåíèå òåì áîëåå âåðîÿòíî, ÷åì áîëüøå îáùèõ òåì èìåþò åãî ñëîâà
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

Ñåãìåíòíàÿ ñòðóêòóðà òåêñòà è ïîñò-îáðàáîòêà Å-øàãà

Äîêóìåíò d = {w1, . . . ,wnd }, nd � äëèíà äîêóìåíòà d

Ìàòðèöà òåìàòèêè ñëîâ â äîêóìåíòàõ p(t|d ,wi) ðàçìåðà T×nd :

123 ... ... nd
1

.

.

.

|T|

↓ ñåêöèîíèðîâàíèå è ðàçðåæèâàíèå ↓

↓ ñãëàæèâàíèå è êîíòðàñòèðîâàíèå ↓
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

�åãóëÿðèçàöèÿ Å-øàãà

Òð¼õìåðíàÿ ìàòðèöà Π =
(

ptdw = p(t|d ,w)
)

T×D×W

Ìàêñèìèçàöèÿ log ïðàâäîïîäîáèÿ ñ ðåãóëÿðèçàòîðàìè R è R̃ :
∑

d∈D

∑

w∈d

ndw ln
∑

t∈T

φwtθtd + R(Π(Φ,Θ)) + R̃(Φ,Θ) → max
Φ,Θ

.

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:







































ptdw = norm
t∈T

(

φwtθtd
)

p̃tdw = ptdw

(

1 + 1
ndw

(

∂R(Π)
∂ptdw

−
∑

z∈T

pzdw
∂R(Π)
∂pzdw

))

φwt = norm
w∈W

(

∑

d∈D

ndw p̃tdw + φwt
∂R̃
∂φwt

)

θtd = norm
t∈T

(

∑

w∈d

ndw p̃tdw + θtd
∂R̃
∂θtd

)
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

Ïðèìåð. Òåìàòè÷åñêàÿ ìîäåëü ñåãìåíòèðîâàííîãî òåêñòà

Sd � ìíîæåñòâî ìèêðî-ñåãìåíòîâ äîêóìåíòà d

nsw � ÷èñëî âõîæäåíèé òåðìà w â ñåãìåíò s äëèíû ns
Òåìàòèêà ñåãìåíòà s ∈ Sd � ñðåäíåå ïî âñåì åãî òåðìàì:

ptds ≡ p(t|d , s) = 1
ns

∑

w∈s
nswptdw .

Êðîññ-ýíòðîïèéíûé ðåãóëÿðèçàòîð ðàçðåæèâàíèÿ p(t|d , s):

R(Π) = −
∑

d∈D

∑

s∈Sd

∑

t∈T

ln
∑

w∈s
nswptdw → max .

Ôîðìóëà ðåãóëÿðèçîâàííîãî Å-øàãà:

p̃tdw = ptdw

(

1− τ
ndw

∑

s∈Sd

nsw
ns

(

1
ptds

−
∑

z∈T

pzdw
pzds

))

.

Èíòåðïðåòàöèÿ: åñëè ptds <
1
|T | , òî ptdw óìåíüøàòñÿ ∀ w ∈ s.

Òåìàòèêà ñåãìåíòà êîíöåíòðèðóåòñÿ â íåáîëüøîì ÷èñëå òåì.
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Óìíûé èí�îðìàöèîííûé ïîèñê

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè òåêñòà êàê âåêòîðíîé ïîñëåäîâàòåëüíîñòè

Ïðèìåð. Ýêñïåðèìåíò íà ïîëóñèíòåòè÷åñêîé êîëëåêöèè

Ñåãìåíòàöèÿ òåêñòîâ, ñêëååííûõ èç �ðàãìåíòîâ ìîíîòåìàòè÷íûõ ñòàòåé

íàó÷íî-ïðîñâåòèòåëüñêîãî ïîðòàëà postnauka.ru

N.Ska
hkov, K.Vorontsov. Improving topi
 models with segmental stru
ture of texts. Dialogue, 2018.
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�åçþìå

Òåìàòè÷åñêîå ìîäåëèðîâàíèå � êëþ÷åâîé ìåõàíèçì ðàçâåäî÷íîãî ïîèñêà

Ñòàíäàðòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå (PLSA, LDA):

ìàòðè÷íîå ðàçëîæåíèå + ãèïîòåçà ¾ìåøêà ñëîâ¿

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM) ýêñïëóàòèðóåò íååäèíñòâåííîñòü

ðåøåíèÿ, ÷òîáû ñòðîèòü ìîäåëè ñ çàäàííûìè ñâîéñòâàìè

BigARTM � ý��åêòèâíàÿ ðåàëèçàöèÿ ýòîãî ïîäõîäà

Íîâûå ìåõàíèçìû ARTM, âûõîäÿùèå çà ðàìêè ¾ìåøêà ñëîâ¿:

� àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ (óñòîé÷èâûõ âûðàæåíèé),

� òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè,

� ãèïåðãðà�îâûå ìîäåëè ëåêñè÷åñêèõ è ñåìàíòè÷åñêèõ ñâÿçåé,

� îáðàáîòêà òåêñòà êàê ïîñëåäîâàòåëüíîñòè òåìàòè÷åñêèõ âåêòîðîâ òåðìîâ
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