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×òî òàêîå ¾òåìà¿ â êîëëåêöèè òåêñòîâûõ äîêóìåíòîâ?

Âûäåëåíèå òåìàòèêè � ïåðâûé øàã ê ïîíèìàíèþ ñìûñëà òåêñòà

òåìà � ñïåöèàëüíàÿ òåðìèíîëîãèÿ ïðåäìåòíîé îáëàñòè

òåìà � íàáîð ÷àñòî ñîâìåñòíî âñòðå÷àþùèõñÿ òåðìèíîâ

òåìà � ñåìàíòè÷åñêè îäíîðîäíûé êëàñòåð òåêñòîâ

Èìåÿ êîëëåêöèþ òåêñòîâûõ äîêóìåíòîâ, õîòèì óçíàòü:

èç êàêèõ òåì ñîñòîèò êîëëåêöèÿ;

p(t|d) � èç êàêèõ òåì ñîñòîèò êàæäûé äîêóìåíò;

p(w |t) � èç êàêèõ ñëîâ èëè òåðìèíîâ ñîñòîèò êàæäàÿ òåìà.

Òåìàòè÷åñêàÿ ìîäåëü âûÿâëÿåò ëàòåíòíûå òåìû ïî íàáëþäàåìûì ðàñïðåäåëåíèÿì

ñëîâ p(w |d) â äîêóìåíòàõ.
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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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Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Òåìàòè÷åñêîå ìîäåëèðîâàíèå � ¾ìÿãêàÿ êëàñòåðèçàöèÿ¿ êîëëåêöèè òåêñòîâ

ðàçâåäî÷íûé ïîèñê â ïîèñê òåìàòè÷åñêîãî äåòåêòèðîâàíèå è òðåêèíã

ýëåêòðîííûõ áèáëèîòåêàõ êîíòåíòà â ñîöñåòÿõ íîâîñòíûõ ñþæåòîâ

ìóëüòèìîäàëüíûé ïîèñê àíàëèç áàíêîâñêèõ óïðàâëåíèåì äèàëîãîì â

òåêñòîâ è èçîáðàæåíèé òðàíçàêöèîííûõ äàííûõ ðàçãîâîðíîì èíòåëëåêòå
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è ñìåæíûå îáëàñòè èññëåäîâàíèé

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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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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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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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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Çàäà÷è, íåêîððåêòíî ïîñòàâëåííûå ïî Àäàìàðó

Çàäà÷à êîððåêòíî ïîñòàâëåíà, åñëè å¼ ðåøåíèå

ñóùåñòâóåò,

åäèíñòâåííî,

óñòîé÷èâî. Æàê Ñàëîìîí Àäàìàð

(1865�1963)

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 � 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 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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Äâà ÷àñòíûõ ñëó÷àÿ: êëàññè÷åñêèå ìîäåëè PLSA è LDA

PLSA (Probabilisti
 Latent Semanti
 Analysis) � íèêàêîé ðåãóëÿðèçàöèè íåò:

R(Φ,Θ) = 0.

LDA (Latent Diri
hlet Allo
ation, ëàòåíòíîå ðàçìåùåíèå Äèðèõëå)

� ñòîëáöû φt ïîõîæè íà âåêòîð β (βw > −1);
� ñòîëáöû θd ïîõîæè íà âåêòîð α (αt > −1):

R(Φ,Θ) =
∑

t∈T

∑

w∈W

βw lnφwt +
∑

d∈D

∑

t∈T

αt ln θtd .

Ì-øàã � ñãëàæåííûå ÷àñòîòíûå îöåíêè ñ ïàðàìåòðàìè βw , αt :

φwt = norm
w

(

nwt + βw
)

, θtd = norm
t

(

ntd + αt

)

.

Hofmann T. Probabilisti
 latent semanti
 indexing. SIGIR 1999.

Blei D., Ng A., Jordan M. Latent Diri
hlet allo
ation. 2003.
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Îáîáùåíèÿ

�åàëèçàöèÿ

Ïîñòàíîâêà çàäà÷è

Òåîðèÿ àääèòèâíîé ðåãóëÿðèçàöèè

Ïðèìåðû ðåãóëÿðèçàòîðîâ

�åãóëÿðèçàòîðû äëÿ óëó÷øåíèÿ èíòåðïðåòèðóåìîñòè òåì

background

Ñãëàæèâàíèå �îíîâûõ òåì t ∈ B ⊂ T (àíàëîãè÷íî ìîäåëè LDA):

R(Φ,Θ) = β0
∑

t∈B

∑

w

βw lnφwt + α0

∑

d

∑

t∈B

αt ln θtd

sparse

�àçðåæèâàíèå ïðåäìåòíûõ òåì t ∈ S ⊂ T (îáîáùåíèå LDA):

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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Îáîáùåíèÿ

�åàëèçàöèÿ

Ïîñòàíîâêà çàäà÷è

Òåîðèÿ àääèòèâíîé ðåãóëÿðèçàöèè

Ïðèìåðû ðåãóëÿðèçàòîðîâ

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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�åàëèçàöèÿ

Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

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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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

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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�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

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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�åàëèçàöèÿ
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

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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�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ïîñòðîåíèå òåìàòè÷åñêîé èåðàðõèè: ïî óðîâíÿì, ñâåðõó âíèç

Øàã 1. Ñòðîèì ìîäåëü âåðõíåãî óðîâíÿ ñ íåáîëüøèì ÷èñëîì òåì.

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

Ñòðîèì ñëåäóþùèé óðîâåíü � ìíîæåñòâî äî÷åðíèõ òåì S (subtopi
s), |S | > |T |.

�îäèòåëüñêèå òåìû t � ïñåâäî-äîêóìåíòû ñ ÷àñòîòàìè ñëîâ nwt = φwtnt :

∑

t∈T

∑

w∈W

nwt ln
∑

s∈S

φwsθst → max,

ãäå θst = p(s|t) � âåðîÿòíîñòü ïîäòåìû s â ðîäèòåëüñêîé òåìå t.

N.A.Chirkova, K.V.Vorontsov. Additive Regularization for Hierar
hi
al Multimodal Topi
 Modeling.

JMLDA, 2016.

A.V.Belyy, M.S.Seleznova, A.K.Sholokhov, K.V.Vorontsov. Quality Evaluation and Improvement for

Hierar
hi
al Topi
 Modeling. Dialogue 2018.
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�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Èåðàðõè÷åñêîãî òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

�àçáèåíèå ðîäèòåëüñêèõ òåì íà äî÷åðíèå ïîäòåìû: ïî óðîâíÿì, ñâåðõó âíèç

Íà äî÷åðíåì óðîâíå ðîäèòåëüñêèå òåìû ïðåâðàùàþòñÿ â ïñåâäî-äîêóìåíòû

Ñâÿçü ¾ìíîãî-êî-ìíîãèì¿: äî÷åðíÿÿ òåìà ìîæåò èìåòü ìíîãî ðîäèòåëüñêèõ
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�åàëèçàöèÿ
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

�èïåðãðà�îâûå ìîäåëè 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 �èíàíñîâûõ îðãàíèçàöèé:

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

Äàííûå î ïàññàæèðñêèõ àâèàïåðåâîçêàõ:

(u, x , y , a) � êëèåíò u âûëåòåë èç àýðîïîðòà x â àýðîïîðò y àâèàêîìïàíèåé a

Çàäà÷à: ïî âûáîðêå ð¼áåð ãèïåðãðà�à âûÿâèòü ëàòåíòíûå òåìû åãî âåðøèí.
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�èïåðãðà�îâûå ìîäåëè 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) 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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�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

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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Îáîáùåíèÿ

�åàëèçàöèÿ

Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

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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�åàëèçàöèÿ

Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

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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�åàëèçàöèÿ

Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

�èïåðãðà�îâûå ìîäåëè 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, 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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Îáîáùåíèÿ

�åàëèçàöèÿ

Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

�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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�åàëèçàöèÿ

Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

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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Îáîáùåíèÿ

�åàëèçàöèÿ

Ïðîåêò ñ îòêðûòûì êîäîì BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

Íåêîòîðûå ýêñïåðèìåíòû ñ 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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Îáîáùåíèÿ

�åàëèçàöèÿ

Ïðîåêò ñ îòêðûòûì êîäîì BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

Íåêîòîðûå ýêñïåðèìåíòû ñ 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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Îáîáùåíèÿ

�åàëèçàöèÿ

Ïðîåêò ñ îòêðûòûì êîäîì BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

Íåêîòîðûå ýêñïåðèìåíòû ñ BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

Áëàãîäàðÿ ARTM, ýòè ìåõàíèçìû ìîæíî

êîìáèíèðîâàòü â ëþáûõ ñî÷åòàíèÿõ:

1

ðåãóëÿðèçàöèÿ

2

ìîäàëüíîñòè

3

èåðàðõèÿ òåì

4

ãèïåðãðà�û òðàíçàêöèé

5

ïàðíàÿ âñòðå÷àåìîñòü òåðìîâ

6

îáðàáîòêà ïîñëåäîâàòåëüíîãî òåêñòà

Ìåõàíèçìû 4�6 ïîçâîëÿþò ó÷èòûâàòü ïîðÿäîê

ñëîâ â îáõîä ãèïîòåçû ¾ìåøêà ñëîâ¿
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Îáîáùåíèÿ

�åàëèçàöèÿ

Ïðîåêò ñ îòêðûòûì êîäîì BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

Íåêîòîðûå ýêñïåðèìåíòû ñ BigARTM

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

3.7M ñòàòåé Âèêèïåäèè, 100K ñëîâ. Â ÿ÷åéêàõ: ¾âðåìÿ â ìèíóòàõ (ïåðïëåêñèÿ)¿

ïðîöåññîðîâ |T | Gensim Vowpal Wabbit BigARTM ñèíõð BigARTM àñèíõð

1 50 142m (4945) 50m (5413) 42m (5117) 25m (5131)

1 100 287m (3969) 91m (4592) 52m (4093) 32m (4133)

1 200 637m (3241) 154m (3960) 83m (3347) 53m (3362)

2 50 89m (5056) 22m (5092) 13m (5160)

2 100 143m (4012) 29m (4107) 19m (4144)

2 200 325m (3297) 47m (3347) 28m (3380)

4 50 88m (5311) 12m (5216) 7m (5353)

4 100 104m (4338) 16m (4233) 10m (4357)

4 200 315m (3583) 26m (3520) 16m (3634)

8 50 88m (6344) 8m (5648) 5m (6220)

8 100 107m (5380) 10m (4660) 6m (5119)

8 200 288m (4263) 15m (3929) 10m (4309)

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

FRUCT ISMW, 2017.
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Îáîáùåíèÿ

�åàëèçàöèÿ

Ïðîåêò ñ îòêðûòûì êîäîì BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

Íåêîòîðûå ýêñïåðèìåíòû ñ BigARTM

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

Ïðîåêò ñ îòêðûòûì êîäîì BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

Íåêîòîðûå ýêñïåðèìåíòû ñ BigARTM

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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Îáîáùåíèÿ

�åàëèçàöèÿ

Ïðîåêò ñ îòêðûòûì êîäîì BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

Íåêîòîðûå ýêñïåðèìåíòû ñ BigARTM

Ïîñëåäîâàòåëüíîå âêëþ÷åíèå ðåãóëÿðèçàòîðîâ ñ ïîäáîðîì êîý��èöèåíòîâ

äåêîððåëèðîâàíèå ðàñïðåäåëåíèé òåðìîâ â òåìàõ (τ),

ðàçðåæèâàíèå ðàñïðåäåëåíèé òåì â äîêóìåíòàõ (α),

ñãëàæèâàíèå ðàñïðåäåëåíèé òåðìîâ â òåìàõ (β).
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�åçþìå

Òåìàòè÷åñêîå ìîäåëèðîâàíèå � ñïîñîá âåêòîðèçàöèè òîêåíîâ

×èñëåííûé ìåòîä � ðåãóëÿðèçàöèÿ ìàòðè÷íîãî ðàçëîæåíèÿ, EM-àëãîðèòì

ARTM � àääèòèâíàÿ ðåãóëÿðèçàöèÿ äëÿ êîìáèíèðîâàíèÿ òåìàòè÷åñêèõ

ìîäåëåé è ïîñòðîåíèÿ ìîäåëåé ñ çàäàííûìè ñâîéñòâàìè
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