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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 òåðìèíîâ

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 .

Êîãäà àâòîð ïèñàë òåðìèí w â äîêóìåíòå d , îí äóìàë î òåìå t,

è ìû õîòåëè áû âûÿâèòü, î êàêîé èìåííî.

Òåìàòè÷åñêàÿ ìîäåëü âûÿâëÿåò ëàòåíòíûå (ñêðûòûå) òåìû ïî

íàáëþäàåìûì ðàñïðåäåëåíèÿì ñëîâ p(w |d) â äîêóìåíòàõ.

Ê.Â. Âîðîíöîâ (voron�foresys.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 3 / 121



Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ìîòèâàöèè. Ïðîñòûå òåìàòè÷åñêèå ìîäåëè

Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

Ïðèìåð. Ìóëüòèÿçû÷íàÿ ìîäåëü Âèêèïåäèè

216 175 ðóññêî-àíãëèéñêèõ ïàð ñòàòåé.

Ïåðâûå 10 ñëîâ è èõ âåðîÿòíîñòè p(w |t) â %:

Òåìà �68 Òåìà �79

researh 4.56 èíñòèòóò 6.03 goals 4.48 ìàò÷ 6.02

tehnology 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

siene 1.97 òåõíè÷åñêèé 2.70 sored 2.72 ïðîòèâ 3.20

program 1.60 òåõíîëîãèÿ 2.30 up 2.57 êëóá 3.14

eduation 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 math 1.67 êîìàíäà 2.14

Àñåññîð îöåíèë 396 òåì èç 400 êàê õîðîøî èíòåðïðåòèðóåìûå.

Vorontsov, Frei, Apishev, Romov, Suvorova. BigARTM: Open Soure Library

for Regularized Multimodal Topi Modeling of Large Colletions. AIST-2015.

Ê.Â. Âîðîíöîâ (voron�foresys.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 4 / 121



Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ìîòèâàöèè. Ïðîñòûå òåìàòè÷åñêèå ìîäåëè

Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

Ïðèìåð. Ìóëüòèÿçû÷íàÿ ìîäåëü Âèêèïåäèè

216 175 ðóññêî-àíãëèéñêèõ ïàð ñòàòåé.

Ïåðâûå 10 ñëîâ è èõ âåðîÿòíîñòè p(w |t) â %:

Òåìà �88 Òåìà �251

opera 7.36 îïåðà 7.82 windows 8.00 windows 6.05

ondutor 1.69 îïåðíûé 3.13 mirosoft 4.03 mirosoft 3.76

orhestra 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

performane 0.78 òåàòð 1.14 seurity 0.92 server 1.54

mozart 0.74 ïàðòèÿ 1.05 mithell 0.82 ïðîãðàììíûé 1.08

sang 0.70 ñîïðàíî 0.97 orale 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.

Vorontsov, Frei, Apishev, Romov, Suvorova. BigARTM: Open Soure Library

for Regularized Multimodal Topi Modeling of Large Colletions. AIST-2015.
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Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

ðàçâåäî÷íûé ïîèñê â ïåðñîíàëèçèðîâàííûé ìóëüòèìîäàëüíûé ïîèñê

ýëåêòðîííûõ áèáëèîòåêàõ ïîèñê â ñîöñåòÿõ òåêñòîâ è èçîáðàæåíèé

äåòåêòèðîâàíèå è òðåêèíã íàâèãàöèÿ ïî áîëüøèì óïðàâëåíèåì äèàëîãîì â

íîâîñòíûõ ñþæåòîâ òåêñòîâûì êîëëåêöèÿì ðàçãîâîðíîì èíòåëëåêòå
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Êîíöåïöèÿ ðàçâåäî÷íîãî ïîèñêà (exploratory searh)

ïîëüçîâàòåëü ìîæåò íå çíàòü êëþ÷åâûõ òåðìèíîâ,

çàïðîñîì ìîæåò áûòü òåêñò ïðîèçâîëüíîé äëèíû,

èí�îðìàöèîííîé ïîòðåáíîñòüþ � ñèñòåìàòèçàöèÿ çíàíèé

íàâèãàöèÿ â ñåòè,

ïîèñê �àêòîâ,

óïîìèíàíèé,

êîíêðåòíûõ îòâåòîâ

ñàìîîáðàçîâàíèå,

òåìàòè÷åñêèé ïîèñê

ñèñòåìàòèçàöèÿ

çíàíèé

èññëåäîâàíèå,

ýêñïåðòèçà,

ðå�åðèðîâàíèå,

ìîíèòîðèíã òåì

Gary Marhionini. Exploratory Searh: from �nding to understanding. 2006.
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Ïðèìåð êàðòû ïðåäìåòíîé îáëàñòè, ïîñòðîåííîé âðó÷íóþ

Âûçîâ: êàê ñòðîèòü òàêèå êàðòû ïîëíîñòüþ àâòîìàòè÷åñêè?

http://www.theoryulturesoiety.org/brian-astellani-on-the-omplexity-sienes
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è ñìåæíûå îáëàñòè èññëåäîâàíèé

Äèíàìèêà öèòèðîâàíèÿ, ïî äàííûì Google Sholar:

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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Ïóñòü

W � êîíå÷íîå ìíîæåñòâî ñëîâ (òåðìèíîâ, òîêåíîâ)

D � êîíå÷íîå ìíîæåñòâî òåêñòîâûõ äîêóìåíòîâ

T � êîíå÷íîå ìíîæåñòâî òåì

êàæäîå ñëîâî w â äîêóìåíòå d ñâÿçàíî ñ íåêîòîðîé òåìîé t

D ×W × T � äèñêðåòíîå âåðîÿòíîñòíîå ïðîñòðàíñòâî

ïîðÿäîê ñëîâ â äîêóìåíòå íå âàæåí (bag of words)

ïîðÿäîê äîêóìåíòîâ â êîëëåêöèè íå âàæåí

êîëëåêöèÿ � ýòî i.i.d. âûáîðêà (di ,wi , ti )
n
i=1 ∼ p(d ,w , t)

di ,wi � íàáëþäàåìûå, òåìû ti � ñêðûòûå

ãèïîòåçà óñëîâíîé íåçàâèñèìîñòè: p(w |d , t) = p(w |t)
Òåìàòè÷åñêàÿ ìîäåëü, ïî �îðìóëå ïîëíîé âåðîÿòíîñòè:

p(w |d) =
∑

t∈T

p(w |��❅❅d , t) p(t|d)
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Ïðÿìàÿ çàäà÷à � ïîðîæäåíèå êîëëåêöèè ïî p(w |t) è p(t|d)

Âåðîÿòíîñòíàÿ òåìàòè÷åñêàÿ ìîäåëü êîëëåêöèè äîêóìåíòîâ D

îïèñûâàåò ïîÿâëåíèå òåðìèíîâ w â äîêóìåíòàõ d òåìàìè t:

p(w |d) = ∑

t∈T

p(w |t) p(t|d)

 

 

 

 

 

 

Разработан спектрально-аналитический подход к выявлению размытых протяженных повторов 

в геномных последовательностях. Метод основан на разномасштабном оценивании сходства 

нуклеотидных последовательностей в пространстве коэффициентов разложения фрагментов 

кривых GC- и GA-содержания по классическим ортогональным базисам. Найдены условия 

оптимальной аппроксимации, обеспечивающие автоматическое распознавание повторов 

различных видов (прямых и инвертированных, а также тандемных) на спектральной матрице 

сходства. Метод одинаково хорошо работает на разных масштабах данных. Он позволяет 

выявлять следы сегментных дупликаций и мегасателлитные участки в геноме, районы синтении 

при сравнении пары геномов. Его можно использовать для детального изучения фрагментов 

хромосом (поиска размытых участков с умеренной длиной повторяющегося паттерна).  

�( |!) 
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Îáðàòíàÿ çàäà÷à � âîññòàíîâëåíèå p(w |t) è p(t|d) ïî êîëëåêöèè

Äàíî: êîëëåêöèÿ òåêñòîâûõ äîêóìåíòîâ

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

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

t∈T

φwtθtd

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

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

Ýòî çàäà÷à ñòîõàñòè÷åñêîãî ìàòðè÷íîãî ðàçëîæåíèÿ:
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Ïðèíöèï ìàêñèìóìà ïðàâäîïîäîáèÿ

Ïðàâäîïîäîáèå � ïëîòíîñòü ðàñïðåäåëåíèÿ âûáîðêè (di ,wi )
n
i=1:

n∏

i=1

p(di ,wi ) =
∏

d∈D

∏

w∈d

p(d ,w)ndw

Ìàêñèìèçàöèÿ ëîãàðè�ìà ïðàâäîïîäîáèÿ

∑

d∈D

∑

w∈d

ndw ln p(w |d)p(d) → max
Φ,Θ

ýêâèâàëåíòíà ìàêñèìèçàöèè �óíêöèîíàëà

L (Φ,Θ) =
∑

d∈D

∑

w∈d

ndw ln
∑

t∈T

φwtθtd → max
Φ,Θ

ïðè îãðàíè÷åíèÿõ íåîòðèöàòåëüíîñòè è íîðìèðîâêè

φwt > 0;
∑

w∈W

φwt = 1; θtd > 0;
∑

t∈T

θtd = 1.
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PLSA � Probabilisti Latent Semanti Analysis [Hofmann, 1999℄

Çàäà÷à ìàêñèìèçàöèè ëîãàðè�ìà ïðàâäîïîäîáèÿ:

L (Φ,Θ) =
∑

d,w

ndw ln
∑

t

φwtθtd → max
Φ,Θ

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

ñî âñïîìîãàòåëüíûìè ïåðåìåííûìè ptdw = p(t|d ,w):

E-øàã:

M-øàã:







ptdw = 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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Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

Íåäîñòàòêè PLSA

1

ßêîáû íåâîçìîæíîñòü ìîäåëèðîâàíèÿ íîâûõ äîêóìåíòîâ

2

Áîëüøàÿ ðàçìåðíîñòü ïðîñòðàíñòâà ïàðàìåòðîâ

3

ßêîáû èç-çà ýòîãî ñèëüíîå ïåðåîáó÷åíèå

4

Íååäèíñòâåííîñòü è íåóñòîé÷èâîñòü ðåøåíèÿ:

åñëè ΦΘ � ðåøåíèå, òî (ΦS)(S−1Θ) � òîæå ðåøåíèå

5

Íåò óïðàâëåíèÿ ðàçðåæåííîñòüþ Φ è Θ, ò.ê.
(â íà÷àëå φwt = 0) ⇔ (â �èíàëå φwt = 0),
(â íà÷àëå θtd = 0) ⇔ (â �èíàëå θtd = 0)

6

Òåìû íå âñåãäà èíòåðïðåòèðóåìû

7

Íåò âûäåëåíèÿ íåòåìàòè÷åñêèõ (�îíîâûõ) ñëîâ

8

Íå ÿñíî, êàê ó÷èòûâàòü äîïîëíèòåëüíóþ èí�îðìàöèþ

Blei D., Ng A., Jordan M. Latent Dirihlet Alloation. JMLR, 2003.
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Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ìîòèâàöèè. Ïðîñòûå òåìàòè÷åñêèå ìîäåëè

Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

�èïîòåçà îá àïðèîðíûõ ðàñïðåäåëåíèÿõ Äèðèõëå

�èïîòåçà. Âåêòîð-ñòîëáöû φt = (φwt)w∈W è θd = (θtd )t∈T
ïîðîæäàþòñÿ ðàñïðåäåëåíèÿìè Äèðèõëå, α ∈ R

|T |
, β ∈ R

|W |
:

Dir(φt |β) =
Γ(β0)

∏

w

Γ(βw )

∏

w

φβw−1
wt , φwt > 0; β0 =

∑

w

βw , βt > 0;

Dir(θd |α) =
Γ(α0)

∏

t

Γ(αt)

∏

t

θαt−1
td , θtd > 0; α0 =

∑

t

αt , αt > 0;

Ïðèìåð. �àñïðåäåëåíèå φ ∼ Dir(β) ïðè |W | = 10, φ, β ∈ R
10
:

βw = 0.1 βw = 1

(ðàâíîìåðíîå)

βw = 100
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�åãóëÿðèçàöèÿ

Ïî÷åìó èìåííî ðàñïðåäåëåíèå Äèðèõëå?

� Ìîæåò ïîðîæäàòü ñãëàæåííûå èëè ðàçðåæåííûå âåêòîðû

� Èìååò ïàðàìåòðû, óïðàâëÿþùèå ñòåïåíüþ ðàçðåæåííîñòè

� Íåïëîõî îïèñûâàåò êëàñòåðíûå ñòðóêòóðû íà ñèìïëåêñå

� ßâëÿåòñÿ ñîïðÿæ¼ííûì ê ìóëüòèíîìèàëüíîìó ðàñïðåäåëåíèþ

Ïðèìåð. Dir(θ|α) ïðè |T | = 3, θ, α ∈ R
3
:
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Ïóòåøåñòâèå âíóòðü òåêñòà
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Ìîòèâàöèè. Ïðîñòûå òåìàòè÷åñêèå ìîäåëè

Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

Áàéåñîâñêîå îáó÷åíèå � äîìèíèðóþùèé ïîäõîä â ÒÌ

Îñíîâà ïîäõîäà � áàéåñîâñêèé âûâîä:

Posterior(Φ,Θ) ∝ Prior(Φ,Θ)P(data|Φ,Θ)

Â ìîäåëè LDA Prior è Posterior � ðàñïðåäåëåíèÿ Äèðèõëå.

Ïðîáëåìû:

Íàì íóæíû ëèøü çíà÷åíèÿ Φ,Θ, à íå èõ ðàñïðåäåëåíèÿ

Prior Äèðèõëå èìååò ñëàáûå ëèíãâèñòè÷åñêèå îáîñíîâàíèÿ

Çàäà÷à ñèëüíî óñëîæíÿåòñÿ äëÿ íåñîïðÿæ¼ííûõ Prior

Áàéåñîâñêèé âûâîä óíèêàëåí äëÿ êàæäîé ìîäåëè

Òåõíè÷åñêè òðóäíî îáîáùàòü è êîìáèíèðîâàòü ìîäåëè

Blei D., Ng A., Jordan M. Latent Dirihlet Alloation. JMLR, 2003.
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Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

Ìàêñèìèçàöèÿ àïîñòåðèîðíîé âåðîÿòíîñòè äëÿ ìîäåëè LDA

Ñîâìåñòíîå ïðàâäîïîäîáèå äàííûõ è ìîäåëè:

ln
∏

d∈D

∏

w∈d

p(d ,w |Φ,Θ)ndw
∏

t∈T

Dir(φt |β)
∏

d∈D

Dir(θd |α) → max
Φ,Θ

Ïðèíöèï MAP (maximum a posteriori probability)

∑

d∈D

∑

w∈d

ndw ln
∑

t∈T

φwtθtd +

+
∑

t∈T

∑

w∈W

lnφβw−1
wt +

∑

d∈D

∑

t∈T

ln θαt−1
td → max

Φ,Θ

ïðè îãðàíè÷åíèÿõ íåîòðèöàòåëüíîñòè è íîðìèðîâêè

φwt > 0;
∑

w∈W

φwt = 1; θtd > 0;
∑

t∈T

θtd = 1.
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Ìîòèâàöèè. Ïðîñòûå òåìàòè÷åñêèå ìîäåëè

Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

�åãóëÿðèçîâàííûé EM-àëãîðèòì äëÿ ìîäåëè LDA

Ìàêñèìóì àïîñòåðèîðíîé âåðîÿòíîñòè:

∑

d,w

ndw ln
∑

t

φwtθtd

︸ ︷︷ ︸

ln ïðàâäîïîäîáèÿ L (Φ,Θ)

+
∑

t,w

(βw−1) lnφwt +
∑

d,t

(αt−1) ln θtd

︸ ︷︷ ︸

êðèòåðèé ðåãóëÿðèçàöèè R(Φ,Θ)

→ max
Φ,Θ

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:







ptdw = norm
t∈T

(
φwtθtd

)

φwt = norm
w∈W

(
∑

d∈D

ndwptdw + βw − 1
)

θtd = norm
t∈T

(
∑

w∈d

ndwptdw + αt − 1
)
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Ìè�û ïðî LDA

LDA ñóùåñòâåííî ìåíüøå ïåðåîáó÷àåòñÿ, ÷åì PLSA

LDA ñòðîèò ðàçðåæåííûå òåìàòè÷åñêèå ìîäåëè

LDA èìååò ìåíüøå ïàðàìåòðîâ ïî ñðàâíåíèþ ñ PLSA

LDA == òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íà ñàìîì äåëå,

LDA è PLSA ïî÷òè íå îòëè÷àþòñÿ íà áîëüøèõ äàííûõ

LDA íå ìàêñèìèçèðóåò ðàçðåæåííîñòü ìîäåëåé

LDA èìååò áîëüøå ïàðàìåòðîâ ïî ñðàâíåíèþ ñ PLSA

LDA íå ðåøàåò ïðîáëåìó íååäèíñòâåííîñòè ðàçëîæåíèÿ

LDA � ñëàáûé è íå î÷åíü èíòåðåñíûé ðåãóëÿðèçàòîð

Asunion A., Welling M., Smyth P., Teh Y. W. On smoothing and inferene

for topi models. Int'l Conf. on Unertainty in Arti�ial Intelligene, 2009.
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�åãóëÿðèçàöèÿ

Ñïîñîáíû ëè PLSA è LDA âîññòàíîâèòü èñòèííûå òåìû?

Ìàòðèöû Φ0 è Θ0 ïîðîæäàþòñÿ ðàñïðåäåëåíèåì Äèðèõëå.

Ñèíòåòè÷åñêàÿ êîëëåêöèÿ ïîðîæäàåòñÿ ìàòðèöàìè Φ0 è Θ0.

�àçìåðû: |D| = 500, |W | = 1000, |T | = 30, nd ∈ [100, 600].

Öåëü � ñðàâíèòü âîññòàíîâëåííûå ðàñïðåäåëåíèÿ p(i |j)
ñ èñõîäíûìè ñèíòåòè÷åñêèìè ðàñïðåäåëåíèÿìè p0(i |j)
ïî ñðåäíåìó ðàññòîÿíèþ Õåëëèíãåðà:

H(p, p0) =
1

m

m∑

j=1

√
√
√
√

1

2

n∑

i=1

(√

p(i |j)−
√

p0(i |j)
)2
,

êàê äëÿ ñàìèõ ìàòðèö Φ è Θ, òàê è äëÿ èõ ïðîèçâåäåíèÿ:

DΦ = H(Φ,Φ0);

DΘ = H(Θ,Θ0);

DΦΘ = H(ΦΘ,Φ0Θ0).
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�åãóëÿðèçàöèÿ

�àçðåæåííîñòü âåêòîðîâ, ïîðîæäàåìûõ ðàñïðåäåëåíèåì Dir

Çàâèñèìîñòü ðàçðåæåííîñòè (äîëè ïî÷òè íóëåâûõ ýëåìåíòîâ)

ðàñïðåäåëåíèé θ0d ∼ Dir(α) è φ0t ∼ Dir(β) îò ïàðàìåòðîâ α è β
ñèììåòðè÷íîãî ðàñïðåäåëåíèÿ Äèðèõëå:

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2
0

0.2

0.4

0.6

0.8

1

α,β

 

 

β

α

Θ
Φ
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Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

Íåóñòîé÷èâîñòü âîññòàíîâëåíèÿ ìàòðèö Φ è Θ

Çàâèñèìîñòü òî÷íîñòè âîññòàíîâëåíèÿ ìàòðèö Φ, Θ è ΦΘ
îò ðàçðåæåííîñòè ìàòðèöû Φ0 ïðè �èêñèðîâàííîì α = 0.01

PLSA LDA

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
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Âèòàëèé �ëóøà÷åíêîâ. Óñòîé÷èâîñòü ìàòðè÷íûõ ðàçëîæåíèé â çàäà÷àõ

òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ. Ìàãèñòåðñêàÿ äèññåðòàöèÿ, ÌÔÒÈ, 2013.
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Íåóñòîé÷èâîñòü âîññòàíîâëåíèÿ ìàòðèö Φ è Θ

Çàâèñèìîñòü òî÷íîñòè âîññòàíîâëåíèÿ ìàòðèö Φ, Θ è ΦΘ
îò ðàçðåæåííîñòè ìàòðèöû Θ0 ïðè �èêñèðîâàííîì β = 0.1

PLSA LDA
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Âèòàëèé �ëóøà÷åíêîâ. Óñòîé÷èâîñòü ìàòðè÷íûõ ðàçëîæåíèé â çàäà÷àõ

òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ. Ìàãèñòåðñêàÿ äèññåðòàöèÿ, ÌÔÒÈ, 2013.
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Âòîðîé ýêñïåðèìåíò � íà ðåàëüíûõ äàííûõ

Ïîñòû ÆÆ: |D|=300K, |W |=154K, n=35M, |T |=120.
LDA: ñèììåòðè÷íîå ðàñïðåäåëåíèå Äèðèõëå, β = 0.1, α = 0.5.

Öåëü ýêñïåðèìåíòà � îöåíèòü ðàçëè÷íîñòü òåì, ïîëó÷àåìûõ

â íåñêîëüêèõ çàïóñêàõ àëãîðèòìà LDA Gibbs Sampling.

Ïðîáëåìà ¾ïðîêëÿòèÿ ðàçìåðíîñòè¿:

äëèííûå õâîñòû ìåøàþò ñðàâíèâàòü ðàñïðåäåëåíèÿ.

Äîëÿ ñóùåñòâåííûõ òåðìèíîâ â òåìàõ (word ratio):

WR = 1
|W |

1
|T |

∑

w∈W

∑

t∈T

[
φwt >

1
|W |

]
(â ýêñïåðèìåíòå ∼ 3.5%)

Äîëÿ ñóùåñòâåííûõ òåì â äîêóìåíòàõ (doument ratio):

DR = 1
|D|

1
|T |

∑

d∈D

∑

t∈T

[
θtd >

1
|T |

]
(â ýêñïåðèìåíòå ∼ 11.5%)

Koltov S., Koltsova O., Nikolenko S. Latent Dirihlet Alloation: Stability and

appliations to studies of user-generated ontent. ACM WebSi, 2014.
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Ìåòîäèêà ýêñïåðèìåíòà

Îñòàâëåíû ñëîâà w , èìåþùèå φwt >
1

|W | õîòÿ áû â îäíîé òåìå

Ñîêðàùåíèå ñëîâàðÿ (voabulary redution): 154K → 8K.

Äèâåðãåíöèÿ Êóëüáàêà�Ëåéáëåðà ìåæäó òåìàìè t è s:

KL(t, s) =
∑

w∈W

p(w |t) ln p(w |t)
p(w |s)

Íîðìèðîâàííàÿ KL-áëèçîñòü ïàð òåì t è s:

NKLS(t, s) =

(

1− KL(t, s)

max
t′,s′

KL(t ′, s ′)

)

Ïðè NKLS(t, s) > 0.9 â òåìàõ ñîâïàäàþò 30�50 òîïîâûõ ñëîâ,

è ýêñïåðòû-ñîöèîëîãè ïðèçíàþò òàêèå òåìû îäèíàêîâûìè.

Koltov S., Koltsova O., Nikolenko S. Latent Dirihlet Alloation: Stability and

appliations to studies of user-generated ontent. ACM WebSi, 2014.
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Íåóñòîé÷èâîñòü LDA â ðàçíûõ çàïóñêàõ

�åçóëüòàò ýêñïåðèìåíòà: íîðìèðîâàííàÿ KL-áëèçîñòü NKLS

ìåæäó òåìîé t è áëèæàéøåé ê íåé s â äðóãîì çàïóñêå.

t

NKLS(t, s)

1. Ìåíåå 50% òåì âîñïðîèçâîäÿòñÿ îò çàïóñêà ê çàïóñêó.

2. Ïëîõî âîñïðîèçâîäÿòñÿ êàê ìóñîðíûå òåìû, òàê è õîðîøèå.

Koltov S., Koltsova O., Nikolenko S. Latent Dirihlet Alloation: Stability and

appliations to studies of user-generated ontent. ACM WebSi, 2014.
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Òðåòèé ýêñïåðèìåíò: ðîáàñòíàÿ òåìàòè÷åñêàÿ ìîäåëü

�èïîòåçà: êàæäîå ñëîâî â äîêóìåíòå (d ,w) ÿâëÿåòñÿ
� ëèáî òåìàòè÷åñêèì, ñâÿçàííûì ñ êàêîé-òî òåìîé t,

� ëèáî ñïåöè�è÷íûì äëÿ äàííîãî äîêóìåíòà (øóì),

� ëèáî îáùåóïîòðåáèòåëüíûì (�îí).

Ìîäåëü ñìåñè òåìàòè÷åñêîé, øóìîâîé è �îíîâîé êîìïîíåíò

SWB (Speial Words with Bakground):

p(w |d) = γπdw + επw + (1− γ − ε)
∑

t∈T

φwtθtd

πdw ≡ p
ø

(w |d) � øóìîâàÿ êîìïîíåíòà, γ � ïàðàìåòð;

πw ≡ p
�

(w) � �îíîâàÿ êîìïîíåíòà, ε � ïàðàìåòð.

Chemudugunta C., Smyth P., Steyvers M. Modeling general and spei�

aspets of douments with a probabilisti topi model. NIPS, 2006.
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Ýêñïåðèìåíòû ñ ðîáàñòíûìè PLSA è LDA
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Êîëëåêöèÿ NIPS

Îáîçíà÷åíèÿ: P � PLSA, D � LDA (αt = 0.5, βw = 0.01)
S � ñýìïëèðîâàíèå òåìû èç p(t|d ,w) äëÿ êàæäîãî d ,w
R � ðîáàñòíîñòü (øóì γ = 0.3, �îí ε = 0.01)

A.Potapenko, K.Vorontsov. Robust PLSA performs better than LDA. ECIR-2013.
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Âûâîäû èç ýêñïåðèìåíòîâ

1

Ìàòðèöû Φ, Θ óñòîé÷èâî âîññòàíàâëèâàþòñÿ òîëüêî

ïðè ñèëüíîé ðàçðåæåííîñòè Φ0, Θ0 (áîëåå 90% íóëåé)

2

Ïðîèçâåäåíèå ΦΘ âîññòàíàâëèâàåòñÿ óñòîé÷èâî,

íåçàâèñèìî îò ðàçðåæåííîñòè èñõîäíûõ Φ0, Θ0

3

Â ðàçíûõ çàïóñêàõ ñî ñëó÷àéíîé èíèöèàëèçàöèåé èëè

ñýìïëèðîâàíèåì ñòðîÿòñÿ ñóùåñòâåííî ðàçëè÷íûå òåìû

4

PLSA íå ïåðåîáó÷àåòñÿ, à ëèøü õóæå ìîäåëèðóåò ìàëûå

âåðîÿòíîñòè ðåäêèõ ñëîâ, êîòîðûå íå èíòåðåñíû.

5

�àñïðåäåëåíèå Äèðèõëå � ñëèøêîì ñëàáûé ðåãóëÿðèçàòîð

Vorontsov K. V., Potapenko A. A. Additive Regularization of Topi Models.

Mahine Learning. Springer, 2015.

Koltov S., Koltsova O., Nikolenko S. Latent Dirihlet Alloation: Stability and

appliations to studies of user-generated ontent. ACM WebSi, 2014.
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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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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 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

ãäå norm
t∈T

(xt) =
max{xt ,0}∑

s∈T

max{xs ,0}
� îïåðàöèÿ íîðìèðîâêè âåêòîðà.

Âîðîíöîâ Ê. Â. Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

êîëëåêöèé òåêñòîâûõ äîêóìåíòîâ. Äîêëàäû �ÀÍ. 2014.
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Óñëîâèÿ âûðîæäåííîñòè ìîäåëè äëÿ òåì è äîêóìåíòîâ

�åøåíèå ìîæåò áûòü âûðîæäåííûì äëÿ íåêîòîðûõ òåì

(ñòîëáöîâ ìàòðèö Φ) è äîêóìåíòîâ (ñòîëáöîâ ìàòðèöû Θ).

Òåìà t âûðîæäåíà, åñëè äëÿ âñåõ òåðìèíîâ w ∈ W

nwt + φwt
∂R
∂φwt

6 0.

Åñëè òåìà t âûðîæäåíà, òî p(w |t) = φwt ≡ 0; ýòî îçíà÷àåò,
÷òî òåìà èñêëþ÷àåòñÿ èç ìîäåëè (ïðîèñõîäèò îòáîð òåì).

Äîêóìåíò d âûðîæäåí, åñëè äëÿ âñåõ òåì t ∈ T

ntd + θtd
∂R
∂θtd

6 0.

Åñëè äîêóìåíò d âûðîæäåí, òî p(t|d) = θtd ≡ 0; ýòî îçíà÷àåò,
÷òî ìîäåëü íå â ñîñòîÿíèè îïèñàòü äàííûé äîêóìåíò.
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Íàïîìèíàíèå. Óñëîâèÿ Êàðóøà�Êóíà�Òàêêåðà

Çàäà÷à ìàòåìàòè÷åñêîãî ïðîãðàììèðîâàíèÿ:







f (x) → min
x
;

gi (x) 6 0, i = 1, . . . ,m;

hj(x) = 0, j = 1, . . . , k .

Íåîáõîäèìûå óñëîâèÿ. Åñëè x � òî÷êà ëîêàëüíîãî ìèíèìóìà,

òî ñóùåñòâóþò ìíîæèòåëè µi , i = 1, . . . ,m, λj , j = 1, . . . , k :






∂L

∂x
= 0, L (x ;µ, λ) = f (x) +

m∑

i=1
µigi (x) +

k∑

j=1
λjhj(x);

gi (x) 6 0; hj(x) = 0; (èñõîäíûå îãðàíè÷åíèÿ)

µi > 0; (äâîéñòâåííûå îãðàíè÷åíèÿ)

µigi (x) = 0; (óñëîâèå äîïîëíÿþùåé íåæ¼ñòêîñòè)
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Âûâîä ñèñòåìû óðàâíåíèé èç óñëîâèé Êàðóøà�Êóíà�Òàêêåðà

1. Óñëîâèÿ ÊÊÒ äëÿ φwt (äëÿ θtd âñ¼ àíàëîãè÷íî):

∑

d ndw
θtd

p(w |d) +
∂R
∂φwt

= λt − µwt ; µwt > 0; µwtφwt = 0.

2. Óìíîæèì îáå ÷àñòè ðàâåíñòâà íà φwt è âûäåëèì ptdw :

φwtλt =
∑

d ndw
φwtθtd
p(w |d) + φwt

∂R
∂φwt

= nwt + φwt
∂R
∂φwt

.

3. Åñëè λt 6 0, òî òåìà t âûðîæäåíà, φwt ≡ 0 äëÿ âñåõ w .

4. Åñëè λt > 0, òî ëèáî φwt = 0, ëèáî nwt + φwt
∂R
∂φwt

> 0:

φwtλt =
(

nwt + φwt
∂R
∂φwt

)

+
.

5. Ñóììèðóåì îáå ÷àñòè ðàâåíñòâà ïî w ∈ W :

λt =
∑

w∈W

(

nwt + φwt
∂R
∂φwt

)

+
.

6. Ïîäñòàâèì λt èç (5) â (4), ïîëó÷èì òðåáóåìîå. �
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Çàäà÷è ìóëüòèìîäàëüíîãî òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Òåìû îïðåäåëÿþò ðàñïðåäåëåíèÿ íå òîëüêî òåðìèíîâ p(w |t),
íî è äðóãèõ ìîäàëüíîñòåé: p(àâòîð|t), p(âðåìÿ|t), p(ññûëêà|t),
p(áàííåð|t), p(ýëåìåíò_èçîáðàæåíèÿ|t), p(ïîëüçîâàòåëü|t), . . .
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Ìóëüòèìîäàëüíàÿ ARTM

Wm
� ñëîâàðü òîêåíîâ m-é ìîäàëüíîñòè, m ∈ M

Ìàêñèìèçàöèÿ ñóììû log ïðàâäîïîäîáèé ñ ðåãóëÿðèçàöèåé:

∑

m∈M

τm
∑

d∈D

∑

w∈Wm

ndw ln
∑

t∈T

φwtθtd + R(Φ,Θ) → max
Φ,Θ

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ 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 olletions. CIKM TM workshop, 2015.
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ìîòèâàöèè. Ïðîñòûå òåìàòè÷åñêèå ìîäåëè

Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

Íàïîìèíàíèå. Äèâåðãåíöèÿ Êóëüáàêà�Ëåéáëåðà

Ôóíêöèÿ ðàññòîÿíèÿ ìåæäó ðàñïðåäåëåíèÿìè P = (pi)
n
i=1 è Q = (qi)

n
i=1:

KL(P‖Q) ≡ KLi (pi‖qi ) =

n∑

i=1

pi ln
pi

qi
.

1. KL(P‖Q) > 0; KL(P‖Q) = 0 ⇔ P = Q;

2. Ìèíèìèçàöèÿ KL ýêâèâàëåíòíà ìàêñèìèçàöèè ïðàâäîïîäîáèÿ:

KL(P‖Q(α)) =

n∑

i=1

pi ln
pi

qi (α)
→ min

α

⇐⇒

n∑

i=1

pi ln qi(α) → max
α

.

3. Åñëè KL(P‖Q) < KL(Q‖P), òî P ñèëüíåå âëîæåíî â Q, ÷åì Q â P:

0 50 100 150 200

0

0.01
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0.03

0.04

0 50 100 150 200

0
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0.010

0.015

0.020

0 50 100 150 200

0
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0.015
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P PP

Q

Q Q

KL(P‖Q) = 0.442
KL(Q‖P) = 2.966

KL(P‖Q) = 0.444
KL(Q‖P) = 0.444

KL(P‖Q) = 2.969
KL(Q‖P) = 2.969
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ìîòèâàöèè. Ïðîñòûå òåìàòè÷åñêèå ìîäåëè

Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

�åãóëÿðèçàòîðû äëÿ óëó÷øåíèÿ èíòåðïðåòèðóåìîñòè òåì

background
Ñãëàæèâàíèå �îíîâûõ òåì B ⊂ T :

R(Φ,Θ) = β0
∑

t∈B

∑

w

βw lnφwt + α0

∑

d

∑

t∈B

αt ln θtd

sparse
�àçðåæèâàíèå ïðåäìåòíûõ òåì S = T \ B :
R(Φ,Θ) = −β0

∑

t∈S

∑

w

βw lnφwt − α0

∑

d

∑

t∈S

αt ln θtd

decorrelated
Äåêîððåëèðîâàíèå äëÿ ïîâûøåíèÿ ðàçëè÷íîñòè òåì:

R(Φ) = −τ
2

∑

t,s

∑

w

φwtφws

interpretable

Ñãëàæèâàíèå + ðàçðåæèâàíèå + äåêîððåëèðîâàíèå

äëÿ óëó÷øåíèÿ èíòåðïðåòèðóåìîñòè òåì
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ìîòèâàöèè. Ïðîñòûå òåìàòè÷åñêèå ìîäåëè

Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

Èåðàðõè÷åñêèå, òåìïîðàëüíûå, ðåãðåññèîííûå ìîäåëè

hierarchy
Ñâÿçü ðîäèòåëüñêèõ òåì t ñ äî÷åðíèìè ïîäòåìàìè s:

R(Φ,Ψ) = τ
∑

t∈T

∑

w∈W

nwt ln
∑

s∈S

φwsψst .

temporal
Òåìïîðàëüíûå ìîäåëè ñ ìîäàëüíîñòüþ âðåìåíè i :

R(Φ) = −τ
∑

i∈I

∑

t∈T

∣
∣φit − φi−1,t

∣
∣.

regression Ëèíåéíàÿ ìîäåëü ðåãðåññèè ŷd = 〈v , θd〉 äîêóìåíòîâ:
R(Θ, v) = −τ

∑

d∈D

(

yd −
∑

t∈T

vtθtd

)2
.

n of topics
�àçðåæèâàíèå p(t) äëÿ îòáîðà òåì:

R(Θ) = −τ
∑

t∈T

1

|T | ln p(t), p(t) =
∑

d∈D

p(d)θtd .
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Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ìîòèâàöèè. Ïðîñòûå òåìàòè÷åñêèå ìîäåëè

Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

Ñïåöèàëüíûå ñëó÷àè ìóëüòèìîäàëüíûõ òåìàòè÷åñêèõ ìîäåëåé

supervised

Ìîäàëüíîñòè ìåòîê êëàññîâ èëè êàòåãîðèé äëÿ çàäà÷

êëàññè�èêàöèè è êàòåãîðèçàöèè òåêñòîâ.

multilanguage Ìîäàëüíîñòü ÿçûêîâ è ðåãóëÿðèçàöèÿ ñî ñëîâàð¼ì

πuwt = p(u|w , t) ïåðåâîäîâ ñ ÿçûêà k íà ℓ:

R(Φ,Π) = τ
∑

u∈W k

∑

t∈T

nut ln
∑

w∈W ℓ

πuwtφwt

graph
Ìîäàëüíîñòü âåðøèí ãðà�à v , ñîäåðæàùèõ Dv :

R(Φ) = −τ
2

∑

(u,v)∈E

Suv
∑

t∈T

n2t

( φvt
|Dv |

− φut
|Du|

)2
.

geospatial
Ìîäàëüíîñòü ãåîëîêàöèé g ñ áëèçîñòüþ Sgg ′

:

R(Φ) = −τ
2

∑

g ,g ′∈G

Sgg ′

∑

t∈T

n2t

(φgt
ng

− φg ′t

ng ′

)2
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Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ìîòèâàöèè. Ïðîñòûå òåìàòè÷åñêèå ìîäåëè

Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà (beyond bag-of-words)

n-gram

Ìîäåëè ñ ìîäàëüíîñòÿìè n-ãðàìì, êîëëîêàöèé,

èìåíîâàííûõ ñóùíîñòåé

syntax

Ìîäåëè, ó÷èòûâàþùèå ðåçóëüòàòû àâòîìàòè÷åñêîãî

ñèíòàêñè÷åñêîãî ðàçáîðà (SyntaxNet)

coherence

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè íà îñíîâå

ñîâñòðå÷àåìîñòè ñëîâ (áèòåðìû, êîãåðåíòíîñòü)

sentence

Òåìàòè÷åñêèå ìîäåëè, ó÷èòûâàþùèå ãðàíèöû

ïðåäëîæåíèé, àáçàöåâ è ñåêöèé äîêóìåíòîâ

segmentation

Òåìàòè÷åñêèå ìîäåëè ñåãìåíòàöèè ñ àâòîìàòè÷åñêèì

îïðåäåëåíèåì ãðàíèö ñåãìåíòîâ
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ìîòèâàöèè. Ïðîñòûå òåìàòè÷åñêèå ìîäåëè

Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

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

(disussion group, issue traker, pull requests)

Äîêóìåíòàöèÿ http://bigartm.org

Ëèöåíçèÿ è ñðåäà ðàçðàáîòêè:

Ñâîáîäíàÿ êîììåð÷åñêàÿ ëèöåíçèÿ (BSD 3-Clause)

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

Èíòåð�åéñû API: ommand-line, C++, and Python
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Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ìîòèâàöèè. Ïðîñòûå òåìàòè÷åñêèå ìîäåëè

Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

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.Kohedykov, M.Apishev, L.Golitsyn, K.Vorontsov. Fast and Modular

Regularized Topi Modelling. FRUCT ISMW, 2017.
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Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ìîòèâàöèè. Ïðîñòûå òåìàòè÷åñêèå ìîäåëè

Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

BigARTM óïðîùàåò ðàçðàáîòêó òåìàòè÷åñêèõ ìîäåëåé

Äëÿ ïîñòðîåíèÿ ñëîæíûõ ìîäåëåé â BigARTM íå íóæíû

íè ìàòåìàòè÷åñêèå âûêëàäêè, íè ïðîãðàììèðîâàíèå ¾ñ íóëÿ¿.

Ê.Â. Âîðîíöîâ (voron�foresys.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 46 / 121



Ïóòåøåñòâèå ïî ìîäåëÿì
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Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ìîòèâàöèè. Ïðîñòûå òåìàòè÷åñêèå ìîäåëè

Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

Áàéåñîâñêîå îáó÷åíèå â òåìàòè÷åñêîì ìîäåëèðîâàíèè

Âåðîÿòíîñòíàÿ ìîäåëü ïîðîæäåíèÿ äàííûõ îáúåäèíÿåò

â åäèíîì îïèñàíèè ñòðóêòóðó ïðîñòðàíñòâà ïàðàìåòðîâ,

àïðèîðíûå ðàñïðåäåëåíèÿ, äîïîëíèòåëüíûå îãðàíè÷åíèÿ.
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Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ìîòèâàöèè. Ïðîñòûå òåìàòè÷åñêèå ìîäåëè

Ïðîâåðêà óñòîé÷èâîñòè

�åãóëÿðèçàöèÿ

Íå-áàéåñîâñêàÿ ðåãóëÿðèçàöèÿ â òåìàòè÷åñêîì ìîäåëèðîâàíèè

Ïðîñòàÿ ïîðîæäàþùàÿ ìîäåëü îïèñûâàåò ñòðóêòóðó ïðîñòðàíñòâà.

�åãóëÿðèçàòîðû ñóììèðóþòñÿ ñ âåñàìè, â ëþáûõ ñî÷åòàíèÿõ,

è êàæäûé îïèñûâàåò òîëüêî îäíî äîïîëíèòåëüíîå òðåáîâàíèå.

Äåêîìïîçèöèÿ � êëàññè÷åñêèé ñïîñîá óïðîùåíèÿ çàäà÷è
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Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Áèãðàììû 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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Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Ñîâìåùåíèå äèíàìè÷åñêîé è n-ãðàììíîé ìîäåëè

Ïî êîëëåêöèè âûñòóïëåíèé ïðåçèäåíòîâ ÑØÀ

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

Douments. ECIR 2013.
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Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Ñîâìåùåíèå äèíàìè÷åñêîé è n-ãðàììíîé ìîäåëè

Ïî êîëëåêöèè âûñòóïëåíèé ïðåçèäåíòîâ ÑØÀ

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

Douments. ECIR 2013.
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

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

ñîâñòðå÷àåìîñòü 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

+ SyntaxNet

4

+ BigARTM

5
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Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Àëãîðèòì TopMine: îïðåäåëåíèÿ è îñíîâíûå èäåè

Õýø-òàáëèöà C (a1, . . . , ak) ñ÷¼ò÷èêîâ ÷àñòûõ k-ãðàìì,

èíèöèàëèçèðóåòñÿ äëÿ âñåõ óíèãðàìì a ñ ÷àñòîòîé na > ε1

Ñâîéñòâî àíòèìîíîòîííîñòè:

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

Ad,k � ìíîæåñòâî ïîçèöèé i â äîêóìåíòå d òàêèõ, ÷òî

C (wd,i , . . . ,wd,i+k−1) > εk ,

èíèöèàëèçèðóåòñÿ äëÿ âñåõ ÷àñòûõ óíèãðàìì.

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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Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Àëãîðèòì TopMine: áûñòðûé ïîèñê âûñîêî÷àñòîòíûõ k-ãðàìì

Âõîä: êîëëåêöèÿ D, ïîðîãè εk ;
Âûõîä: õýø-òàáëèöà ÷àñòîò C (a1, . . . , ak), k = 1, . . . , kmax;

Ad,1 := {1, . . . , nd};
C (w) := nw äëÿ âñåõ w ∈ W òàêèõ, ÷òî nw > ε1;
äëÿ k := 2, . . . , kmax ïîêà D 6= ∅

äëÿ âñåõ d ∈ D

Ad,k :=
{
i ∈ Ad,k−1

∣
∣ C (wd,i , . . . ,wd,i+k−2) > εk

}
;

åñëè Ad,k = ∅ òî D := D\{d};
äëÿ âñåõ i ∈ Ad,k

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

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

Ïðåèìóùåñòâî àëãîðèòìà: ëèíåéíàÿ ïàìÿòü è ñêîðîñòü.
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Àëãîðèòì TopMine: îòáîð �ðàç ïî ñîâñòðå÷àåìîñòè 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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Ñèíòàêñè÷åñêèé àíàëèçàòîð Google SyntaxNet

SyntaxNet � ïðåäîáó÷åííàÿ íåéðîñåòü ïîâåðõ TensorFlow,

ïîääåðæèâàåò 40 ÿçûêîâ, âêëþ÷àÿ ðóññêèé.

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, . . .

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

M.Collins. Globally Normalized Transition-Based Neural Networks. 2016.

Ê.Â. Âîðîíöîâ (voron�foresys.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 57 / 121



Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Ñèíòàêñè÷åñêèé àíàëèçàòîð Google SyntaxNet

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.
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Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

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

p0 ln
p0

p(t|w)
→ max

Äèâåðãåíöèÿ Éåíñåíà-Øåííîíà (ìåòðèêà, íå èìååò ïðîáëåì

ñ íóëåâûìè âåðîÿòíîñòÿìè), ãäå p̄(t|w) = 1
2 (p(t|w) + p0):

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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Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

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 � îêîëî 200 ñëîâ èç 46 000.
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Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

×èñëî òåì ïî÷òè íå âëèÿåò íà òåìàòè÷íîñòü

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

×èñëî �ðàç, êîòîðûå ïåðåõîäÿò èç òåìàòè÷íîé â íåòåìàòè÷íóþ

ïðè èçìåíåíèè ÷èñëà òåì T
â ñòðîêå

→ T
â ñòîëáöå

30 òåì âïîëíå äîñòàòî÷íî äëÿ îïðåäåëåíèÿ òåìàòè÷íîñòè.

Îòêðûòàÿ çàäà÷à: îöåíèòü äîëþ òåðìèíîâ ñðåäè òåìàòè÷íûõ

è íåòåìàòè÷íûõ �ðàç (ðó÷íàÿ ðàçìåòêà + òåçàóðóñ).
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Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

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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Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Ïîñò-îáðàáîòêà Å-øàãà: îáõîäèì ãèïîòåçó ìåøêà ñëîâ

�èïîòåçà ¾ìåøêà ñëîâ¿ � ñàìîå êðèòèêóåìîå

ïðåäïîëîæåíèå òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Êàæåòñÿ, ÷òî îíî çàëîæåíî â ñàìîé êîíñòðóêöèè

ðàçëîæåíèÿ ìàòðèöû p(w |d) = ndw
nd

Òåì íå ìåíåå, ýòî îãðàíè÷åíèå ìîæíî îáîéòè ñ ïîìîùüþ

ðåãóëÿðèçàòîðà Å-øàãà, ó÷èòûâàþùåãî ïîçèöèè ñëîâ

Ëàé�õàê: äåëàòü ïîñò-îáðàáîòêó ìàòðèöû p(t|d ,w) êàê
ïó÷êà âðåìåííûõ ðÿäîâ; îñòàëüíîå îñòàâèòü êàê åñòü

Óæå îïèñàíî â ARTM è ðåàëèçîâàíî â BigARTM!

N.Skahkov, K.Vorontsov. Improving topi models with segmental struture of

texts. Dialogue, 2018.
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

�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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Íàáðîñîê äîêàçàòåëüñòâà: òðè ëåììû

Ëåììà 1. Äëÿ �óíêöèè ptdw (Φ,Θ) = φwtθtd∑
z φwzθzd

è ëþáîãî z ∈ T

φwt
∂pzdw
∂φwt

= θtd
∂pzdw
∂θtd

= ptdw
(
[z= t]− pzdw

)
.

Ââåä¼ì �óíêöèþ îò âñïîìîãàòåëüíûõ ïåðåìåííûõ Π:

Qtdw (Π) =
∂R(Π)
∂ptdw

− ∑

z∈T

pzdw
∂R(Π)
∂pzdw

.

Ëåììà 2. Åñëè R(Π) íå çàâèñèò îò ptdw ïðè w /∈ d , òî

φwt
∂R(Π)
∂φwt

=
∑

d∈D

ptdwQtdw (Π); θtd
∂R(Π)
∂θtd

=
∑

w∈d

ptdwQtdw (Π).

Ëåììà 3. Ôîðìóëû Ì-øàãà:

φwt = norm
w∈W

(
∑

d∈D

ndwptdw +
∑

d∈D

Qtdwptdw + φwt
∂R̃
∂φwt

)

;

θtd = norm
t∈T

(
∑

w∈d

ndwptdw +
∑

w∈d

Qtdwptdw + θtd
∂R̃
∂θtd

)

.

Ê.Â. Âîðîíöîâ (voron�foresys.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 67 / 121



Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

�èïîòåçà: ïîñò-îáðàáîòêà Å-øàãà � ýòî íåÿâíàÿ ðåãóëÿðèçàöèÿ

Ìåæäó Å- è Ì-øàãîì äîáàâëÿåòñÿ îáðàáîòêà ìàòðèöû

ptdw = p(t|d ,w) òåìàòèêè ñëîâ äîêóìåíòà:

p̃tdw = ptdw

(

1 +
1

ndw

(
∂R(Π)

∂ptdw
−

∑

z∈T

pzdw
∂R(Π)

∂pzdw

))

(1)

Ïîñò-îáðàáîòêà Å-øàãà ïîçâîëÿåò ó÷èòûâàòü ïîðÿäîê ñëîâ

â êàæäîì äîêóìåíòå â îáõîä ãèïîòåçû ¾ìåøêà ñëîâ¿.

�èïîòåçà

Ëþáîå ¾ðàçóìíîå¿ ïðåîáðàçîâàíèå ptdw → p̃tdw ýêâèâàëåíòíî

íåêîòîðîìó ðåãóëÿðèçàòîðó R(Π(Φ,Θ)).

Îòêðûòûé âîïðîñ: ïðè êàêèõ óñëîâèÿõ ïî çàäàííûì

ptdw è p̃tdw âîçìîæíî ïîäîáðàòü �óíêöèþ R(Π) òàê, ÷òîáû
âûïîëíÿëîñü óðàâíåíèå ïîñò-îáðàáîòêè (1)?
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Ïðèìåð 1. Êðîññ-ýíòðîïèéíîå ðàçðåæèâàíèå p(t|d ,w)

Ïóòü êàæäûé òåðìèí îòíîñèòñÿ ê íåáîëüøîìó ÷èñëó òåì:

KL
(

1
|T |

∥
∥ p(t|d ,w)

)
→ max .

Ñóììèðóåì ïî âñåì òåðìèíàì âñåõ äîêóìåíòîâ:

R(Π) = − τ

|T |
∑

d∈D

∑

w∈d

ndw
∑

t∈T

ln ptdw → max .

Ôîðìóëà ðåãóëÿðèçîâàííîãî Å-øàãà:

p̃tdw = ptdw − τ
(

1
|T | − ptdw

)
.

Èíòåðïðåòàöèÿ: Åñëè ptdw < 1
|T | , òî ptdw ñòàíåò åù¼ ìåíüøå.

Òåìàòèêà òåðìèíà êîíöåíòðèðóåòñÿ â íåáîëüøîì ÷èñëå òåì.

Íåäîñòàòîê: Òåìàòèêà ñîñåäíèõ ñëîâ ðàçðåæèâàåòñÿ íåçàâèñèìî.
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Ïðèìåð 2. Òåìàòè÷åñêàÿ ìîäåëü ñåãìåíòèðîâàííîãî òåêñòà

Sd � ìíîæåñòâî ìèêðî-ñåãìåíòîâ äîêóìåíòà d

nsw � ÷èñëî âõîæäåíèé ñëîâà w â ñåãìåíò s äëèíû ns
Òåìàòèêà ñåãìåíòà s ∈ Sd � ñðåäíÿÿ òåìàòèêà åãî ñëîâ:

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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Ïðèìåð. �åãóëÿðèçàòîð Å-øàãà äëÿ ñåãìåíòàöèè òåêñòà

Ïîëóñèíòåòè÷åñêàÿ êîëëåêöèÿ èç �ðàãìåíòîâ postnauka.ru

N.Skahkov, K.Vorontsov. Improving topi models with segmental struture of

texts. Dialogue, 2018.
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

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 ñîâñòðå÷àåìîñòü ñëîâ â ñîîáùåíèÿõ
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

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-âñòðå÷àåìîñòü 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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Ôîðìàëèçàöèÿ äèñòðèáóòèâíîé ãèïîòåçû â ïðîãðàììå word2ve

Äàíî: nuw � ñîâñòðå÷àåìîñòü 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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

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 ò

ìàòðèöû

Shifted PMI (Point-wise Mutual Information):

Pwu = ln
nwun

nwnu
− ln k ,

nwu � ñ÷¼ò÷èê ñîâñòðå÷àåìîñòè ïàðû ñëîâ (w , u),
nw , nu � ÷èñëî ïàð ñ ó÷àñòèåì ñëîâà w è u ñîîòâåòñòâåííî,

n � ÷èñëî ñîâñòðå÷àþùèõñÿ 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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Ïðåèìóùåñòâà è íåäîñòàòêè SGNS

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

àíàëîãèè è áëèçîñòè ñëîâ.

⊕⊕⊕ Âîçìîæíîñòü íåéðîñåòåâîé ðåàëèçàöèè ìåòîäîì SG.

⊕⊕⊕ Èìååòñÿ ãîòîâàÿ ðåàëèçàöèÿ word2ve îò Google

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

áîëüøèì òåêñòîâûì êîëëåêöèÿì íà ðàçíûõ ÿçûêàõ

⊖⊖⊖ Íåèíòåðïðåòèðóåìûå êîìïîíåíòû âåêòîðîâ

⊖⊖⊖ Íå ÿñíî, ïî÷åìó XY ò

, à íå XX ò

(îáû÷íî Y èãíîðèðóþò)

Òåìàòè÷åñêèå ìîäåëè Biterm TM è WordNetwork TM îáó÷àþòñÿ

ïî ñîâñòðå÷àåìîñòÿì, àíàëîãè÷íî word2ve.
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Ìîäåëè âåêòîðíûõ ïðåäñòàâëåíèé äëÿ òåêñòîâ è ãðà�îâ

word2ve: ýìáåäèíãè 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.

Íåäîñòàòîê: êîîðäèíàòû âåêòîðîâ íå èíòåðïðåòèðóåìû
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Ìîäåëè WNTM 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).

Îòëè÷èå ìîäåëè áèòåðìîâ: Θ = diag(π1, . . . , πt)Φ
ò

.

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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

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, 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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

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

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

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

Âàðèàíòû 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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

Ñðàâíåíèå word2ve è 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

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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Àâòîìàòè÷åñêîå âûäåëåíèå òåðìèíîâ

Âíóòðèòåêñòîâûé ðåãóëÿðèçàòîð

Ñîâñòðå÷àåìîñòü ñëîâ è òåìàòè÷åñêèå ýìáåäèíãè

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. 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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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ïðîáëåìà îïðåäåëåíèÿ ÷èñëà òåì

Òåìàòè÷åñêèå èåðàðõèè

Òåìàòèçàöèÿ òðàíçàêöèîííûõ äàííûõ

�åãóëÿðèçàòîð äëÿ îòáîðà òåì

Öåëü: èçáàâèòüñÿ îò ëèøíèõ òåì (àíàëîãè÷íî feature seletion).

�àçðåæèâàåì ðàñïðåäåëåíèå p(t) =
∑

d p(d)θtd , ìàêñèìèçèðóÿ
êðîññ-ýíòðîïèþ ìåæäó p(t) è ðàâíîìåðíûì ðàñïðåäåëåíèåì:

R(Θ) = −τ
∑

t∈T

ln
∑

d∈D

p(d)θtd → max .

Ïîäñòàâëÿåì, ïîëó÷àåì:

θtd = norm
t∈T

(

ntd − τ
nd

nt
θtd

)

, âàðèàíò: θtd = norm
t∈T

(

ntd

(

1− τ

nt

))

.

Ý��åêò: îáíóëÿþòñÿ ñòðîêè ìàòðèöû Θ ñ ìàëûìè nt , çàîäíî

(íåîæèäàííî) óäàëÿþòñÿ çàâèñèìûå è ðàñùåïë¼ííûå òåìû.

Vorontsov K. V., Potapenko A. A., Plavin A. V. Additive Regularization of Topi

Models for Topi Seletion and Sparse Fatorization. SLDS 2015.
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ïðîáëåìà îïðåäåëåíèÿ ÷èñëà òåì

Òåìàòè÷åñêèå èåðàðõèè

Òåìàòèçàöèÿ òðàíçàêöèîííûõ äàííûõ

Ýêñïåðèìåíòû ñ ðåãóëÿðèçàòîðîì îòáîðà òåì

Êîëëåêöèÿ ñòàòåé NIPS (Neural Information Proessing System)

|D| = 1566 îáó÷àþùèõ äîêóìåíòîâ; |D ′| = 174 òåñòîâûõ

|W | = 13K � ìîùíîñòü ñëîâàðÿ

Ñèíòåòè÷åñêàÿ êîëëåêöèÿ:

ñòðîèì PLSA çà 500 èòåðàöèé, |T0| = 50 òåì íà NIPS

ãåíåðèðóåì êîëëåêöèþ (n0dw ) èç ïîëó÷åííûõ Φ è Θ:

n0dw = nd
∑

t∈T0

φwtθtd

Ïàðàìåòðè÷åñêîå ñåìåéñòâî ïîëóñèíòåòè÷åñêèõ äàííûõ:

nαdw � ñìåñü ñèíòåòè÷åñêèõ äàííûõ n0dw è ðåàëüíûõ ndw :

nαdw = αndw + (1− α)n0dw
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Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ïðîáëåìà îïðåäåëåíèÿ ÷èñëà òåì

Òåìàòè÷åñêèå èåðàðõèè

Òåìàòèçàöèÿ òðàíçàêöèîííûõ äàííûõ

Ïîïûòêà îïðåäåëåíèÿ ÷èñëà òåì
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íà ñèíòåòè÷åñêèõ äàííûõ íàä¼æíî íàõîäèì |T | = 50

ïðè÷¼ì â øèðîêîì èíòåðâàëå çíà÷åíèé êîý��èöèåíòà τ

îäíàêî íà ðåàëüíûõ äàííûõ ÷¼òêîãî èíòåðâàëà íåò
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Ñðàâíåíèå ñ áàéåñîâñêîé òåìàòè÷åñêîé ìîäåëüþ HDP

HDP, Hierarhial Dirihlet Proess [Teh et.al, 2006℄ �

¾state-of-the-art¿ áàéåñîâñêèé ïîäõîä ê îïðåäåëåíèþ ÷èñëà òåì
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Êîý��èöèåíò êîíöåíòðàöèè γ â HDP âëèÿåò íà |T |
òàê æå ñèëüíî, êàê âûáîð êîý��èöèåíòà τ â ARTM.

Y.W.Teh, M.Jordan, M.Beal, D.Blei. Hierarhial Dirihlet Proesses. 2005.
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Ñðàâíåíèå ARTM è HDP ïî óñòîé÷èâîñòè

Çàïóñê ARTM è HDP ìíîãî ðàç èç ñëó÷àéíûõ èíèöèàëèçàöèé:
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HDP ìåíåå óñòîé÷èâ, ïðè÷¼ì â äâóõ ñìûñëàõ:

÷èñëî òåì ñèëüíåå �ëóêòóèðóåò îò èòåðàöèè ê èòåðàöèè;

ðåçóëüòàòû íåñêîëüêèõ çàïóñêîâ ðàçëè÷àþòñÿ ñèëüíåå.

¾�åêîìåíäóåìûå¿ çíà÷åíèÿ ïàðàìåòðîâ γ â HDP

è τ â ARTM äàþò ïðèìåðíî ðàâíîå ÷èñëî òåì |T | ≈ 60
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Ñðàâíåíèå ARTM è HDP ïî âðåìåíè âû÷èñëåíèé

Ñðàâíåíèå âðåìåíè îäíîãî ïðîõîäà êîëëåêöèè (se)

ARTM â 100 ðàç áûñòðåå!

Vorontsov K. V., Potapenko A. A., Plavin A. V. Additive regularization of topi

models for topi seletion and sparse fatorization. SLDS 2015.
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Óäàëåíèå ëèíåéíî çàâèñèìûõ è ðàñùåïë¼ííûõ òåì

Äîáàâèëè 50 ëèíåéíûõ êîìáèíàöèé òåì â ìîäåëüíóþ Φ.
�àñùåïèëè 50 òåì, êàæäóþ íà äâå ïîäòåìû â ìîäåëüíîé Φ.

Óäàëÿþòñÿ ëèíåéíî çàâèñèìûå è ðàñùåïë¼ííûå òåìû

Îñòàþòñÿ áîëåå ðàçëè÷íûå òåìû èñõîäíîé ìîäåëè.

Vorontsov K. V., Potapenko A. A., Plavin A. V. Additive regularization of topi

models for topi seletion and sparse fatorization. SLDS 2015.
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Âûâîäû

�åãóëÿðèçàòîð îòáîðà òåì � äëÿ óäàëåíèÿ

íåçíà÷èìûõ, çàâèñèìûõ, ðàñùåïë¼ííûõ òåì.

Îïòèìàëüíîãî ÷èñëà òåì âîîáùå íå ñóùåñòâóåò!

Îíî çàäà¼òñÿ èñõîäÿ èç öåëåé ìîäåëèðîâàíèÿ.

Çíà÷èò, íàäî èåðàðõè÷åñêè äðîáèòü òåìû íà ïîäòåìû,

ïóñòü ïîëüçîâàòåëü âûáèðàåò íóæíóþ åìó äåòàëèçàöèþ.

Åñòü ïðîñòîé ìåòîä äëÿ óäàëåíèÿ ëèøíèõ òåì,

íî ïîêà â ARTM íåò ïðîñòûõ êðèòåðèåâ äîáàâëåíèÿ òåì.

Îòêðûòàÿ ïðîáëåìà: ïî÷åìó ýòîò ðåãóëÿðèçàòîð

óäàëÿåò ëèíåéíî çàâèñèìûå è ðàñùåïë¼ííûå òåìû?
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Òåìàòèçàöèÿ òðàíçàêöèîííûõ äàííûõ

Ïðîáëåìà ìàëûõ òåì è òåì-äóáëèêàòîâ

Ýêñïåðèìåíò íà êîëëåêöèè postnauka.ru

Ñàìîé ìîäåëè íå âûãîäíî ïðîèçâîäèòü ìàëûå òåìû!

�åãóëÿðèçàòîð îòáîðà òåì ïëîõî óñòðàíÿåò äóáëèêàòû!

�.Ôîìèíñêàÿ. Âûÿâëåíèå òåì-äóáëèêàòîâ â òåìàòè÷åñêèõ ìîäåëÿõ.

Êóðñîâàÿ ðàáîòà, ÂÌÊ Ì�Ó, 2018.

Ê.Â. Âîðîíöîâ (voron�foresys.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 93 / 121



Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ïðîáëåìà îïðåäåëåíèÿ ÷èñëà òåì
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Ïðîáëåìà ìàëûõ òåì è òåì-äóáëèêàòîâ

Ýêñïåðèìåíò íà êîëëåêöèè postnauka.ru

�åãóëÿðèçàòîð äåêîððåëèðîâàíèÿ óäàëÿåò äóáëèêàòû ëó÷øå!

Çàîäíî îí óñèëèâàåò ðàçáðîñ òåì ïî èõ ìîùíîñòè p(t)

�.Ôîìèíñêàÿ. Âûÿâëåíèå òåì-äóáëèêàòîâ â òåìàòè÷åñêèõ ìîäåëÿõ.

Êóðñîâàÿ ðàáîòà, ÂÌÊ Ì�Ó, 2018.
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Ïðîáëåìà ðàñùåïëåíèÿ è ñëèÿíèÿ òåì

Òåìàòè÷åñêèå ìîäåëè ñòðåìÿòñÿ âûðàâíèâàòü òåìû

ïî èõ ìîùíîñòè (êðàñíûå êëàñòåðû).

Ýòî ïðèâîäèò ê ïîÿâëåíèþ òåì-äóáëèêàòîâ (A)

è ñåìàíòè÷åñêè ðàçíîðîäíûõ òåì (C).

Âûðàâíèâàíèå òåì ïî ðàäèóñó ñåìàíòè÷åñêîé îäíîðîäíîñòè

(çåë¼íûå êëàñòåðû) äîëæíî ðåøàòü îáå ïðîáëåìû.
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�àäèóñ ñåìàíòè÷åñêîé îäíîðîäíîñòè òåìû

Òåìà � êëàñòåð íà åäèíè÷íîì ñèìïëåêñå ðàçìåðíîñòè |W | − 1
ñ öåíòðîì p(w |t) è òî÷êàìè p(w |t, d), d ∈ D : θtd > 0

�èïîòåçà óñëîâíîé íåçàâèñèìîñòè: ðàäèóñ êëàñòåðà = 0

�èïîòåçà H0: p̂(w |t, d) = ntdw
ndt

∼ p̂(w |t) = nwt
nt

Ñòàòèñòèêà � ñåìåéñòâî äèâåðãåíöèé Êðåññè��èäà

CRλ(t, d) =
2ntd

λ(λ+ 1)

∑

w∈d

p̂(w |d , t)
((

p̂(w |d , t)
p̂(w |t)

)λ

− 1

)

=

=
2

λ(λ+ 1)

∑

w∈d

ndwt

((
ndwtnt

ntdnwt

)λ

− 1

)

.

�àäèóñ ñåìàíòè÷åñêîé îäíîðîäíîñòè òåìû t äëÿ äîêóìåíòà d �

êâàíòèëü ðàñïðåäåëåíèÿ CRλ(d , t) ïðè èñòèííîñòè ãèïîòåçû H0
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Ñâîéñòâà äèâåðãåíöèè Êðåññè��èäà

ñòàòèñòèêà õè-êâàäðàò ïðè λ = 1

ñòàòèñòèêà õè-êâàäðàò ìîäè�èöèðîâàííàÿ ïðè λ = −1

ñòàòèñòèêà G 2
(KL-äèâåðãåíöèÿ) ïðè λ→ 0

ðàññòîÿíèå Õåëëèíãåðà ïðè λ = −1
2

âçâåøåííîå åâêëèäîâî ðàññòîÿíèå ïðè λ = −2

èìååò àñèìïòîòè÷åñêîå õè-êâàäðàò ðàñïðåäåëåíèå, íî

àñèìïòîòèêà íå ðàáîòàåò äëÿ ðàçðåæåííûõ ðàñïðåäåëåíèé

Ïîêà îòêðûòûå âîïðîñû

Êàê èñïîëüçîâàòü ñòàòèñòè÷åñêèé òåñò äëÿ îöåíèâàíèÿ

ðàäèóñîâ ñåìàíòè÷åñêîé îäíîðîäíîñòè òåì?

Êàê âêëþ÷èòü â ïîñòàíîâêó çàäà÷è ïðèíöèï

áàëàíñèðîâàíèÿ òåì ïî ðàäèóñó, à íå ïî ìîùíîñòè?
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Ïðèìåð òåìàòè÷åñêîé èåðàðõèè

Georgeta Bordea. Domain adaptive extration of topial hierarhies for

Expertise Mining. 2013.

Ê.Â. Âîðîíöîâ (voron�foresys.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 98 / 121



Ïóòåøåñòâèå ïî ìîäåëÿì
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

ñòðóêòóðà èåðàðõèè: äåðåâî / ìíîãîäîëüíûé ãðà�

íàïðàâëåíèå: ñíèçó ââåðõ / ñâåðõó âíèç / îäíîâðåìåííî

íàðàùèâàíèå: ïîâåðøèííîå / ïîñëîéíîå

Îòêðûòûå ïðîáëåìû:

�Despite reent ativity in the �eld of HPTMs, determining the

hierarhial model that best �ts a given data set, in terms of

the struture and size of the learned hierarhy, still remains

a hallenging task and an open issue.�

�The evaluation of hierarhial PTMs is also an open issue.�

Zavitsanos E., Paliouras G., Vouros G. A. Non-Parametri Estimation of Topi

Hierarhies from Texts with Hierarhial Dirihlet Proesses. 2011.

Ê.Â. Âîðîíöîâ (voron�foresys.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 99 / 121



Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà
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Ïîñëîéíîå ïîñòðîåíèå óðîâíåé òåìàòè÷åñêîé èåðàðõèè

Øàã 1. Ñòðîèì ìîäåëü ñ íåáîëüøèì ÷èñëîì òåì.

Øàã k. Ïóñòü ìîäåëü ñ ìíîæåñòâîì òåì T óæå ïîñòðîåíà.

Ñòðîèì ìíîæåñòâî äî÷åðíèõ òåì S (subtopis), |S | > |T |.
�îäèòåëüñêèå òåìû ïðèáëèæàþòñÿ ñìåñÿìè äî÷åðíèõ òåì:

∑

t∈T

nt KLw

(

p(w |t)
∥
∥
∥
∑

s∈S

p(w |s)p(s|t)
)

→ min
Φ,Ψ

,

ãäå p(s|t) = ψst , Ψ = (ψst)S×T � ìàòðèöà ñâÿçåé.

�îäèòåëüñêàÿ Φp ≈ ΦΨ, îòñþäà ðåãóëÿðèçàòîð ìàòðèöû Φ:

R(Φ,Ψ) = τ
∑

t∈T

∑

w∈W

nwt ln
∑

s∈S

φwsψst → max .

�îäèòåëüñêèå òåìû t � ïñåâäî-äîêóìåíòû ñ ÷àñòîòàìè ñëîâ nwt .
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Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ïðîáëåìà îïðåäåëåíèÿ ÷èñëà òåì

Òåìàòè÷åñêèå èåðàðõèè

Òåìàòèçàöèÿ òðàíçàêöèîííûõ äàííûõ

Äâóõóðîâíåâàÿ ìîäåëü êîëëåêöèè postnauka.ru

20 òåì íà âåðõíåì óðîâíå, 58 òåì íà íèæíåì óðîâíå
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Òåìàòè÷åñêèå èåðàðõèè

Òåìàòèçàöèÿ òðàíçàêöèîííûõ äàííûõ

×òî òàêîå ¾ñïåêòð òåì¿ è çà÷åì îí íóæåí

Âèçóàëèçàöèÿ èåðàðõèè òåì âî âðåìåíè (êîíöåïò):

Èíòåðïðåòèðóåìûå îñè ¾âðåìÿ�òåìû¿

Áëèçêèå òåìû äîëæíû íàõîäèòüñÿ ðÿäîì

Ñïåêòð òåì � îäíîìåðíàÿ ëèíåéíàÿ ïðîåêöèÿ

(íàïðèìåð, íàóêè: ãóìàíèòàðíûå→ åñòåñòâåííûå→ òî÷íûå)
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Òåìàòè÷åñêèå èåðàðõèè

Òåìàòèçàöèÿ òðàíçàêöèîííûõ äàííûõ

Ïîñòðîåíèå ñïåêòðà òåì. Ïîñòàíîâêà çàäà÷è

Òåìàòè÷åñêèé ñïåêòð � òàêàÿ ïåðåñòàíîâêà òåì t1, . . . , t|T |, ÷òî

ñóììà ðàññòîÿíèé ìåæäó ñîñåäíèìè òåìàìè ìèíèìàëüíà:

|T |
∑

i=2

ρ(ti , ti−1) → min

Ôóíêöèÿ ðàññòîÿíèÿ ρ(t, t ′) ìåæäó òåìàìè, ïðèìåðû:

Ìàíõýòòåíñêîå: ρ(t, t ′) =
∑

w∈W

∣
∣φwt − φwt′

∣
∣

Õåëëèíãåðà: ρ2(t, t ′) = 1
2

∑

w∈W

(√

φwt −
√

φwt′
)2

Æàêêàðà: ρ(t, t ′) = 1− |Wt ∩Wt′ |
|Wt ∪Wt′ |

, Wt =
{
w : φwt >

1
|W |

}
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Òåìàòè÷åñêèå èåðàðõèè

Òåìàòèçàöèÿ òðàíçàêöèîííûõ äàííûõ

Ïîñòðîåíèå ñïåêòðà òåì � ýòî çàäà÷à êîììèâîÿæ¼ðà

Çàäà÷à TSP (traveling salesman problem)

Íàéòè ïóòü ìèíèìàëüíîé ñóììàðíîé ñòîèìîñòè, ñîåäèíÿþùèé

T ãîðîäîâ òàê, ÷òîáû â êàæäîì ãîðîäå ïîáûâàòü îäèí ðàç.

Àëãîðèòì Ëèíà�Êåðíèãàíà â ðåàëèçàöèè Õåëüñãàóíà � ëó÷øèé

äëÿ ðåøåíèÿ çàäà÷è TSP, ïî äàííûì Enylopedia of operations

researh íà 2013 ãîä.

Âû÷èñëèòåëüíàÿ ñëîæíîñòü T 2.2
.

Äðóãèå àëãîðèòìû îêàçàëèñü íå òîëüêî ìåäëåííåå, íî è õóæå

ïî êà÷åñòâó òåìàòè÷åñêèõ ñïåêòðîâ.

Keld Helsgaun. An e�etive implementation of the Lin�Kernighan traveling

salesman heuristi. EJOR, 2000.

Äìèòðèé Ôåäîðÿêà. Òåõíîëîãèÿ èíòåðàêòèâíîé âèçóàëèçàöèè

òåìàòè÷åñêèõ ìîäåëåé. Áàêàëàâðñêàÿ äèññåðòàöèÿ. ÌÔÒÈ, 2017.
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Ïðèìåð ñïåêòðà (êîëëåêöèÿ postnauka.ru)
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ïðîáëåìà îïðåäåëåíèÿ ÷èñëà òåì

Òåìàòè÷åñêèå èåðàðõèè

Òåìàòèçàöèÿ òðàíçàêöèîííûõ äàííûõ

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 ðåêîìåíäàòåëüíîé ñèñòåìû:

(u, f , s) � ïîëüçîâàòåëü u îöåíèë �èëüì f â ñèòóàöèè s

Äàííûå �èíàíñîâûõ îðãàíèçàöèé:

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

Çàäà÷à: ïî íàáëþäàåìîé âûáîðêå ð¼áåð ãèïåðãðà�à âûÿâèòü

ëàòåíòíûå òåìû åãî âåðøèí.
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ïðîáëåìà îïðåäåëåíèÿ ÷èñëà òåì

Òåìàòè÷åñêèå èåðàðõèè

Òåìàòèçàöèÿ òðàíçàêöèîííûõ äàííûõ

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): âåðøèíà-êîíòåéíåð d ∈ V è âåðøèíû x ⊂ V ,

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

pk(d , x) � íåèçâåñòíîå ðàñïðåäåëåíèå íà ð¼áðàõ òèïà k
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Òåìàòè÷åñêàÿ ìîäåëü ãèïåðãðà�à

Âåðîÿòíîñòíàÿ òåìàòè÷åñêàÿ ìîäåëü ð¼áåð òèïà k :

pk(x |d) =
∑

t∈T

θtd
∏

v∈x

φkvt ,

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

φkvt = pk(v |t) � äëÿ ìîäàëüíîñòè v â òåìå t íà ð¼áðàõ òèïà k

Çàäà÷à ìàêñèìèçàöèè log ïðàâäîïîäîáèÿ:

∑

k∈K

τk
∑

(d,x)∈X k

ndx ln
∑

t∈T

θtd
∏

v∈x

φkvt → max
Φ,Θ

,

φkvt > 0,
∑

v∈Vm

φkvt = 1; θtd > 0,
∑

t∈T

θtd = 1;

ãäå τk > 0 � âåñà òèïîâ ð¼áåð.
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ïðîáëåìà îïðåäåëåíèÿ ÷èñëà òåì

Òåìàòè÷åñêèå èåðàðõèè

Òåìàòèçàöèÿ òðàíçàêöèîííûõ äàííûõ

EM-àëãîðèòì äëÿ ãèïåðãðà�îâîé ARTM

Çàäà÷à ìàêñèìèçàöèè ðåãóëÿðèçîâàííîãî ïðàâäîïîäîáèÿ:

∑

k∈K

τk
∑

(d,x)∈X k

ndx ln
∑

t∈T

θtd
∏

v∈x

φkvt + R(Φ,Θ) → max
Φ,Θ

.

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

ñî âñïîìîãàòåëüíûìè ïåðåìåííûìè pktdx = pk(t|d , x):

E-øàã:

M-øàã:







pktdx = norm
t∈T

(

θtd
∏

v∈x
φkvt

)

φkvt = norm
v∈Vm

(
∑

(d,x)

[
v ∈x

]
τkndxpktdx + φkvt

∂R
∂φkvt

)

θtd = norm
t∈T

(
∑

k∈K

∑

(d,x)

τkndxpktdx + θtd
∂R
∂θtd

)
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Ïóòåøåñòâèå ïî ìîäåëÿì
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Òåìàòè÷åñêèå èåðàðõèè

Òåìàòèçàöèÿ òðàíçàêöèîííûõ äàííûõ

Ýêñïåðèìåíòû íà ìîäåëüíûõ äàííûõ

13Ì òðàíçàêöèé, 3 ìîäàëüíîñòè, 5 êëàññîâ, 9 òèïîâ ð¼áåð

Âûâîä: îáû÷íûå ìîäåëè íå ìîãóò âîññòàíîâèòü ãèïåðãðà�.

Èëüÿ Æàðèêîâ. �èïåðãðà�îâûå òåìàòè÷åñêèå ìîäåëè òðàíçàêöèîííûõ

äàííûõ. Ìàãèñòåðñêàÿ äèññåðòàöèÿ, ÌÔÒÈ, 2018.
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Ïóòåøåñòâèå ïî ìîäåëÿì

Ïóòåøåñòâèå âíóòðü òåêñòà

Ïóòåøåñòâèå ïî ñòðóêòóðàì

Ïðîáëåìà îïðåäåëåíèÿ ÷èñëà òåì

Òåìàòè÷åñêèå èåðàðõèè

Òåìàòèçàöèÿ òðàíçàêöèîííûõ äàííûõ

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

φnswwt

Ìàêñèìèçàöèÿ ðåãóëÿðèçîâàííîãî log-ïðàâäîïîäîáèÿ

∑

d∈D

∑

s∈Sd

ln
∑

t∈T

θtd
∏

w∈s

φnswwt + R(Φ,Θ) → max
Φ,Θ

ýòî ÷àñòíûé ñëó÷àé ãèïåðãðà�îâîé ìîäåëè, â êîòîðîé

ïðåäëîæåíèÿ ÿâëÿþòñÿ ¾òðàíçàêöèÿìè¿ èëè 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 sentenes. SIGIR 2016.
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Èíòåðïðåòèðóåìûå ýìáåäèíãè ñëîâ è äîêóìåíòîâ

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

Ñëîâî w âñòðå÷àåòñÿ â d , êîãäà ó íèõ åñòü îáùèå òåìû

Èíòåðïðåòèðóåìîñòü òåì âîçíèêàåò áëàãîäàðÿ p(w |t)



Èíòåðïðåòèðóåìûå ýìáåäèíãè ñîâñòðå÷àåìîñòè ñëîâ

Èäåÿ äèñòðèáóòèâíîé ñåìàíòèêè: �Words that our in the

same ontexts tend to have similar meanings� [Harris, 1954℄.

Ñëîâî èíäóöèðóåò ïñåâäî-äîêóìåíò âñåõ åãî êîíòåêñòîâ



Èíòåðïðåòèðóåìûå ýìáåäèíãè ìóëüòèìîäàëüíûõ äîêóìåíòîâ

Äîêóìåíòû ñîäåðæàò ñëîâà è òîêåíû äðóãèõ ìîäàëüíîñòåé

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

×åðåç òåìû ñìûñëû ñëîâ ïåðåäàþòñÿ äðóãèì ìîäàëüíîñòÿì



Èíòåðïðåòèðóåìûå ýìáåäèíãè òðàíçàêöèîííûõ äàííûõ

�èïåðãðà� � ìíîæåñòâî ïîäìíîæåñòâ âåðøèí-òîêåíîâ

Òðàíçàêöèÿ = ïîäìíîæåñòâî òîêåíîâ = ðåáðî ãèïåðãðà�à

Òðàíçàêöèÿ ïðîèñõîäèò, êîãäà òîêåíû èìåþò îáùèå òåìû



Èíòåðïðåòèðóåìûå ýìáåäèíãè ïðåäëîæåíèé

Ïðåäëîæåíèå � ñåìàíòè÷åñêè îäíîðîäíàÿ åäèíèöà ÿçûêà

Ïðåäëîæåíèå îáðàçóåòñÿ èç ñëîâ, èìåþùèõ îáùèå òåìû

Ïðåäëîæåíèå = ïîäìíîæåñòâî ñëîâ = ðåáðî ãèïåðãðà�à



Âìåñòî çàêëþ÷åíèÿ. Àëãîðèòì ÍÈ�

Èòåðàòèâíî ïîâòîðÿòü, â ïðîèçâîëüíîì ïîðÿäêå:

ïîãðóæåíèå â ñîâðåìåííóþ íàó÷íóþ ëèòåðàòóðó

ïîèñê ïðîòèâîðå÷èé è èõ àêêóðàòíàÿ �îðìàëèçàöèÿ

ïîèñê ëàêîíè÷íûõ îáîçíà÷åíèé è ïðîñòûõ äîêàçàòåëüñòâ

ïðîâåðêà ïðåäïîëîæåíèé â ýêñïåðèìåíòàõ

àíàëèç ïðîñòûõ ÷àñòíûõ èëè êðàéíèõ ñëó÷àåâ

èçìåíåíèå ïîñòàíîâêè çàäà÷è íà áëèçêèå

àêêóðàòíîå ïèñüìåííîå èçëîæåíèå âñåãî

ñåìèíàðû, îáñóæäåíèÿ, äèñïóòû, áðåéí-øòîðìû

http://bigartm.org

voron�foresys.ru
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