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Òåìàòè÷åñêîå ìîäåëèðîâàíèå: ¾î ÷¼ì âñå ýòè òåêñòû?¿

Äàíî:

êîëëåêöèÿ òåêñòîâûõ äîêóìåíòîâ D, ñëîâàðü W

ndw � ÷àñòîòà ñëîâ (òåðìîâ) w ∈W â äîêóìåíòå d ∈ D

|T | � ñêîëüêî òåì õîòèì íàéòè â êîëëåêöèè D

Íàéòè:

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

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

p(w |d) =
∑
t∈T

φwtθtd � òåìàòè÷åñêóþ ÿçûêîâóþ ìîäåëü

Êðèòåðèé: ïðàâäîïîäîáèå ïðåäñêàçàíèÿ ñëîâ w â äîêóìåíòàõ d
ñ äîïîëíèòåëüíûìè êðèòåðèÿìè-ðåãóëÿðèçàòîðàìè Ri (Φ,Θ):∑

d∈D

∑
w∈d

ln
∑
t∈T

φwtθtd +
∑
i

τiRi (Φ,Θ)→ max
Φ,Θ
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Êðèòåðèé 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 ëîãàðèôìà ïðàâäîïîäîáèÿ∑
d∈D

∑
w∈d

ndw ln p(w |d)��
�H
HHp(d)

const
→ max

Φ,Θ

ýêâèâàëåíòíà ìàêñèìèçàöèè ôóíêöèîíàëà

L(Φ,Θ) =
∑
d∈D

∑
w∈d

ndw ln
∑
t∈T

φwtθtd → max
Φ,Θ

ïðè îãðàíè÷åíèÿõ íåîòðèöàòåëüíîñòè è íîðìèðîâêè ñòîëáöîâ
(òàêèå ìàòðèöû Φ,Θ íàçûâàþòñÿ ñòîõàñòè÷åñêèìè)

φwt > 0;
∑

w∈W
φwt = 1; θtd > 0;

∑
t∈T

θtd = 1.
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Òðè èíòåðïðåòàöèè çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

1. Ìÿãêàÿ êëàñòåðèçàöèÿ äîêóìåíòîâ ïî êëàñòåðàì-òåìàì
2. Íèçêîðàíãîâîå ñòîõàñòè÷åñêîå ìàòðè÷íîå ðàçëîæåíèå:

3. Àâòîêîäèðîâùèê äîêóìåíòîâ â òåìàòè÷åñêèå ýìáåäèíãè:

êîäèðîâùèê fΦ : ndw
nd
→ θd

äåêîäèðîâùèê gΦ : θd → Φθd

çàäà÷à ðåêîíñòðóêöèè òåêñòîâ:∑
d

KL
(
ndw
nd

∥∥ 〈φw , θd〉) → min
Φ,Θ

p(w |d)(
ndw
nd

)
p(t|d)
θd

p̂(w |d)
〈φw ,θd 〉
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Ñâîéñòâî èíòåðïðåòèðóåìîñòè òåìàòè÷åñêèõ ìîäåëåé

Òåìàòè÷åñêàÿ ìîäåëü ôîðìèðóåò òåìàòè÷åñêèå âåêòîðû:

p(t|d) = θtd äëÿ êàæäîãî äîêóìåíòà d

p(t|w) =
p(w |t)p(t)

p(w)
= φwt

nt
nw

äëÿ êàæäîãî òåðìà w

p(t|d ,w) äëÿ êàæäîãî ëîêàëüíîãî êîíòåêñòà (d ,w)

Èíòåðïðåòèðóåìîñòü òåìàòè÷åñêèõ âåêòîðîâ:

êàæäàÿ òåìà t îïèñûâàåòñÿ ñåìàíòè÷åñêèì ÿäðîì �

÷àñòîòíûì ñëîâàð¼ì ñëîâ
{
w : p(w |t) > γp(w)

}
òåìà ìîæåò ¾ðàññêàçàòü î ñåáå¿ ñëîâàìè èëè ôðàçàìè

ëþáîé îáúåêò x ñ âåêòîðîì p(t|x) îïèñûâàåòñÿ ÷àñòîòíûì

ñëîâàð¼ì ñëîâ
{
w : p(w |x) =

∑
t∈T

p(w |t)p(t|x) > γp(w)
}
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Öåëè è íå-öåëè òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Öåëè:

Âûÿñíèòü òåìàòè÷åñêóþ êëàñòåðíóþ ñòðóêòóðó òåêñòîâîé
êîëëåêöèè, ñêîëüêî â íåé òåì è î ÷¼ì îíè

Ïîëó÷àòü èíòåðïðåòèðóåìûå òåìàòè÷åñêèå âåêòîðíûå
ïðåäñòàâëåíèÿ (ýìáåäèíãè) äîêóìåíòîâ, ôðàãìåíòîâ, ñëîâ
p(t|d), p(t|w), p(t|d ,w) è íåòåêñòîâûõ îáúåêòîâ p(t|x)

Ðåøàòü çàäà÷è ïîèñêà, êàòåãîðèçàöèè, ñåãìåíòàöèè,
ñóììàðèçàöèè ñ ïîìîùüþ òåìàòè÷åñêèõ ýìáåäèíãîâ

Íå-öåëè:

Óãàäûâàòü ñëåäóþùèå ñëîâà (ÒÌ ñëàáû êàê ìîäåëè ÿçûêà)

Ãåíåðèðîâàòü ñâÿçíûé òåêñò

Ïîíèìàòü ñìûñë òåêñòà
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Íåêîòîðûå ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

ðàçâåäî÷íûé ïîèñê â ïîèñê òåìàòè÷åñêîãî âûÿâëåíèå è îòñëåæèâàíèå
ýëåêòðîííûõ áèáëèîòåêàõ êîíòåíòà â ñîöñåòÿõ öåïî÷åê íîâîñòåé

ïàòòåðíû áèîëîãè÷åñêèõ ìóëüòèìîäàëüíûé ïîèñê àíàëèç áàíêîâñêèõ
ïîñëåäîâàòåëüíîñòåé òåêñòîâ è èçîáðàæåíèé òðàíçàêöèîííûõ äàííûõ

J.Boyd-Graber, Yuening Hu, D.Mimno. Applications of Topic Models. 2017.

H.Jelodar et al. Latent Dirichlet allocation (LDA) and topic modeling: models,
applications, a survey. 2019.
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Ïðèìåð 1. Ìóëüòèÿçû÷íàÿ òåìàòè÷åñêàÿ ìîäåëü Âèêèïåäèè

216 175 ðóññêî-àíãëèéñêèõ ïàð ñòàòåé. ßçûêè � ìîäàëüíîñòè.
Ïåðâûå 10 ñëîâ è èõ ÷àñòîòû p(w |t) â %:

Òåìà �68 Òåìà �79

research 4.56 èíñòèòóò 6.03 goals 4.48 ìàò÷ 6.02
technology 3.14 óíèâåðñèòåò 3.35 league 3.99 èãðîê 5.56
engineering 2.63 ïðîãðàììà 3.17 club 3.76 ñáîðíàÿ 4.51
institute 2.37 ó÷åáíûé 2.75 season 3.49 ôê 3.25
science 1.97 òåõíè÷åñêèé 2.70 scored 2.72 ïðîòèâ 3.20
program 1.60 òåõíîëîãèÿ 2.30 cup 2.57 êëóá 3.14
education 1.44 íàó÷íûé 1.76 goal 2.48 ôóòáîëèñò 2.67
campus 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 match 1.67 êîìàíäà 2.14

Àñåññîð îöåíèë 396 òåì èç 400 êàê õîðîøî èíòåðïðåòèðóåìûå.

Ê.Vorontsov, O.Frei, M.Apishev, P.Romov, M.Suvorova. BigARTM: Open Source
Library for Regularized Multimodal Topic Modeling of Large Collections. AIST-2015.
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Ïðèìåð 1. Ìóëüòèÿçû÷íàÿ òåìàòè÷åñêàÿ ìîäåëü Âèêèïåäèè

216 175 ðóññêî-àíãëèéñêèõ ïàð ñòàòåé. ßçûêè � ìîäàëüíîñòè.
Ïåðâûå 10 ñëîâ è èõ ÷àñòîòû p(w |t) â %:

Òåìà �88 Òåìà �251

opera 7.36 îïåðà 7.82 windows 8.00 windows 6.05
conductor 1.69 îïåðíûé 3.13 microsoft 4.03 microsoft 3.76
orchestra 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
performance 0.78 òåàòð 1.14 security 0.92 server 1.54
mozart 0.74 ïàðòèÿ 1.05 mitchell 0.82 ïðîãðàììíûé 1.08
sang 0.70 ñîïðàíî 0.97 oracle 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.

Ê.Vorontsov, O.Frei, M.Apishev, P.Romov, M.Suvorova. BigARTM: Open Source
Library for Regularized Multimodal Topic Modeling of Large Collections. AIST-2015.
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Ïðèìåð 2. Ñîâìåùåíèå òåìïîðàëüíîé è n-ãðàììíîé ìîäåëè

Ïî êîëëåêöèè âûñòóïëåíèé ïðåçèäåíòîâ ÑØÀ

Shoaib Jameel, Wai Lam. An N-Gram Topic Model for Time-Stamped Documents.
ECIR 2013.
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Shoaib Jameel, Wai Lam. An N-Gram Topic Model for Time-Stamped Documents.
ECIR 2013.
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

Ìîäåëü PLSA (Probabilistic Latent Semantic Analysis)

Ìàêñèìèçàöèÿ log-ïðàâäîïîäîáèÿ äëÿ ñòîõàñòè÷åñêèõ ìàòðèö:∑
d∈D

∑
w∈d

ndw ln
∑
t∈T

φwtθtd → max
Φ,Θ

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé
ñî âñïîìîãàòåëüíûìè ïåðåìåííûìè ptdw = p(t|d ,w):

ptdwE-øàã: = norm
t∈T

(
φwtθtd

)
φwtM-øàã: = norm

w∈W

(∑
d ndwptdw

)
θtd = norm

t∈T

(∑
w ndwptdw

)
ãäå norm

t∈T
(xt) = max{xt ,0}∑

s∈T
max{xs ,0} � îïåðàöèÿ íîðìèðîâêè âåêòîðà.

Hofmann T. Probabilistic latent semantic indexing. SIGIR 1999.
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

Ìîäåëü LDA (Latent Dirichlet Allocation)

Ìàêñèìèçàöèÿ log-ïðàâäîïîäîáèÿ + áàéåñîâñêàÿ ðåãóëÿðèçàöèÿ
c àïðèîðíûìè ðàñïðåäåëåíèÿìè Äèðèõëå íà ñòîëáöû Φ,Θ:∑

d ,w

ndw ln
∑
t∈T

φwtθtd +
∑
t,w

βw lnφwt +
∑
d ,t

αt ln θtd → 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 + βw

)
θtd = norm

t∈T

( ∑
w∈d

ndwptdw + αt

)

Blei D., Ng A., Jordan M. Latent Dirichlet Allocation. JMLR, 2003.
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Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

Àääèòèâíàÿ Ðåãóëÿðèçàöèÿ Òåìàòè÷åñêèõ Ìîäåëåé (ARTM)

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

E-øàã:

M-øàã:



ptdw = norm
t∈T

(
φwtθtd

)
φwt = norm

w∈W

( ∑
d∈D

ndwptdw + φwt
∂R
∂φwt

)
θtd = norm

t∈T

( ∑
w∈d

ndwptdw + θtd
∂R
∂θtd

)

Âîðîíöîâ Ê. Â. Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé êîëëåêöèé
òåêñòîâûõ äîêóìåíòîâ. Äîêëàäû ÐÀÍ. 2014.
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Ìóëüòèìîäàëüíàÿ òåìàòè÷åñêàÿ ìîäåëü

Òåìà t ìîæåò ñîäåðæàòü òåðìû ðàçëè÷íûõ ìîäàëüíîñòåé:
p(ñëîâî|t), p(n-ãðàììà|t),

p(àâòîð|t), p(âðåìÿ|t), p(èñòî÷íèê|t),
p(îáúåêò|t), p(ññûëêà|t), p(áàííåð|t), p(ïîëüçîâàòåëü|t)
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

Ìóëüòèìîäàëüíàÿ ARTM

Wm � ñëîâàðü òåðìîâ 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 topic modeling of large collections. CIKM TM workshop, 2015.
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Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

Òðàíçàêöèîííûå äàííûå

Âûáîðêà ìîæåò ñîäåðæàòü íå òîëüêî ïàðû (d ,w), íî òàêæå
òðîéêè, ÷åòâ¼ðêè, . . . , n-êè òåðìîâ ðàçíûõ ìîäàëüíîñòåé.

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 ôèëüì f â ñèòóàöèè s

Äàííûå ôèíàíñîâûõ îðãàíèçàöèé:
(b, s, g) � ïîêóïàòåëü u êóïèë ó ïðîäàâöà s òîâàð g

Äàííûå î ïàññàæèðñêèõ àâèàïåðåë¼òàõ:
(u, a, b, c) � ïåðåë¼ò êëèåíòà u èç a â b àâèàêîìïàíèåé c

Çàäà÷à: ïî íàáëþäàåìîé âûáîðêå ð¼áåð ãèïåðãðàôà íàéòè
ëàòåíòíûå òåìàòè÷åñêèå âåêòîðíûå ïðåäñòàâëåíèÿ åãî âåðøèí.

Ê.Â. Âîðîíöîâ (voron@mlsa-iai.ru) Òåìàòè÷åñêèå ìîäåëè â áèîèíôîðìàòèêå 18 / 39
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Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

Ãèïåðãðàôîâàÿ òðàíçàêöèîííàÿ ARTM

nkdx � ÷àñòîòà òðàíçàêöèè (d , x), x⊂W òèïà k â âûáîðêå Ek

Ìàêñèìèçàöèÿ ñóììû log-ïðàâäîïîäîáèé ñ ðåãóëÿðèçàöèåé:∑
k∈K

τk
∑

(d ,x)∈Ek

nkdx ln
∑
t∈T

θtd
∏
v∈x

φvt + R(Φ,Θ)→ max
Φ,Θ

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:



ptdx = norm
t∈T

(
θtd

∏
v∈x

φvt
)

φvt = norm
v∈Wm

( ∑
k∈K

τk
∑

(d ,x)∈Ek

[
v ∈x

]
nkdxptdx + φvt

∂R
∂φvt

)
θtd = norm

t∈T

( ∑
k∈K

τk
∑

(d ,x)∈Ek

nkdxptdx + θtd
∂R
∂θtd

)

K.Vorontsov. Rethinking probabilistic topic modeling from the point of view of classical
non-Bayesian regularization // Springer Optimization and Its Applications. 2023
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Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

Ðåãóëÿðèçàòîðû äëÿ óëó÷øåíèÿ èíòåðïðåòèðóåìîñòè òåì

background

Ñãëàæèâàíèå ôîíîâûõ òåì B ⊂ T :

R(Φ,Θ) = β0

∑
t∈B

∑
w

βw lnφwt + α0

∑
d

∑
t∈B

αt ln θtd

sparse

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

∑
t∈S

∑
w

βw lnφwt − α0

∑
d

∑
t∈S

αt ln θtd

seed words

Ñãëàæèâàíèå äëÿ âûäåëåíèÿ ðåëåâàíòíûõ òåì
ñ ïîìîùüþ ñëîâàðÿ ¾çàòðàâî÷íûõ¿ êëþ÷åâûõ ñëîâ

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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Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

Ðåãóëÿðèçàòîðû äëÿ ìóëüòèìîäàëüíûõ òåìàòè÷åñêèõ ìîäåëåé

supervised

Ìîäàëüíîñòè ìåòîê êëàññîâ èëè êàòåãîðèé äëÿ
çàäà÷ êëàññèôèêàöèè è êàòåãîðèçàöèè òåêñòîâ.

multilanguage
Ìîäàëüíîñòü ÿçûêîâ è ðåãóëÿðèçàöèÿ ñî ñëîâàð¼ì
πuwt = p(u|w , t) ïåðåâîäîâ ñ ÿçûêà k íà `:

R(Φ,Π) = τ
∑

u∈W k

∑
t∈T

nut ln
∑

w∈W `

πuwtφwt

temporal

Òåìïîðàëüíûå ìîäåëè ñ ìîäàëüíîñòüþ âðåìåíè i :

R(Φ) = −τ
∑
i∈I

∑
t∈T

∣∣φit − φi−1,t

∣∣.
geospatial

Ìîäàëüíîñòü ãåîëîêàöèé g ñ áëèçîñòüþ Sgg ′ :

R(Φ) = −τ
2

∑
g ,g ′∈G

Sgg ′
∑
t∈T

n2
t

(φgt
ng
−
φg ′t

ng ′

)2

Ê.Â. Âîðîíöîâ (voron@mlsa-iai.ru) Òåìàòè÷åñêèå ìîäåëè â áèîèíôîðìàòèêå 21 / 39



Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

Ðåãóëÿðèçàòîðû äëÿ ó÷¼òà äîïîëíèòåëüíîé èíôîðìàöèè

regression

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

∑
d∈D

(
yd −

∑
t∈T

vtθtd

)2

Ñâÿçè ñî÷åòàåìîñòè ñëîâ (nuv � ÷àñòîòà áèòåðìà):

R(Φ) = τ
∑
u∈W

∑
v∈W

nuv ln
∑
t∈T

ntφutφvt

relational

Ñâÿçè èëè ññûëêè ìåæäó äîêóìåíòàìè:

R(Θ) = τ
∑

d ,c∈D
ndc

∑
t∈T

θtdθtc

hierarchy

Ñâÿçè ðîäèòåëüñêèõ òåì t ñ äî÷åðíèìè ïîäòåìàìè s:

R(Φ,Ψ) = τ
∑
t∈T

∑
w∈W

nwt ln
∑
s∈S

φwsψst
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

Ðåãóëÿðèçàòîðû äëÿ ìîäåëèðîâàíèÿ ïîñëåäîâàòåëüíîãî òåêñòà

sentence

Òåìàòè÷åñêèå ìîäåëè, ó÷èòûâàþùèå ãðàíèöû
ïðåäëîæåíèé, àáçàöåâ è ñåêöèé äîêóìåíòîâ

n-gram

Ìîäåëè ñ ìîäàëüíîñòÿìè n-ãðàìì, êîëëîêàöèé,
èìåíîâàííûõ ñóùíîñòåé (èñïîëüçóåì TopMine)

syntax

Ìîäåëè, ó÷èòûâàþùèå ðåçóëüòàòû àâòîìàòè÷åñêîãî
ñèíòàêñè÷åñêîãî ðàçáîðà (èñïîëüçóåì UDPipe)

sentiment

Ìîäåëè âûäåëåíèÿ ìíåíèé íà îñíîâå òîíàëüíîñòåé,
ôàêòîâ, ñåìàíòè÷åñêèõ ðîëåé èìåíîâàííûõ ñóùíîñòåé

segmentation

Òåìàòè÷åñêèå ìîäåëè ñåãìåíòàöèè ñ àâòîìàòè÷åñêèì
îïðåäåëåíèåì ãðàíèö ñåãìåíòîâ
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

Ìîäóëüíûé ïîäõîä ê ñèíòåçó ìîäåëåé ñ çàäàííûìè ñâîéñòâàìè

Äëÿ ïîñòðîåíèÿ êîìïîçèòíûõ ìîäåëåé â BigARTM íå íóæíû
íè ìàòåìàòè÷åñêèå âûêëàäêè, íè ïðîãðàììèðîâàíèå ¾ñ íóëÿ¿.
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

BigARTM: áèáëèîòåêà òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Êëþ÷åâûå âîçìîæíîñòè:

Áîëüøèå äàííûå: êîëëåêöèÿ íå õðàíèòñÿ â ïàìÿòè

Îíëàéíîâûé ïàðàëëåëüíûé ìóëüòèìîäàëüíûé ARTM

Âñòðîåííàÿ áèáëèîòåêà ðåãóëÿðèçàòîðîâ è ìåòðèê êà÷åñòâà

Ñîîáùåñòâî:

Îòêðûòûé êîä https://github.com/bigartm
(discussion group, issue tracker, pull requests)

Äîêóìåíòàöèÿ http://bigartm.org

Ëèöåíçèÿ è ñðåäà ðàçðàáîòêè:

Ñâîáîäíàÿ êîììåð÷åñêàÿ ëèöåíçèÿ (BSD 3-Clause)

Êðîññ-ïëàòôîðìåííîñòü: Windows, Linux, MacOS (32/64 bit)

Èíòåðôåéñû API: command-line, C++, and Python
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

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

3.7M ñòàòåé Âèêèïåäèè, 100K ñëîâ: âðåìÿ min (ïåðïëåêñèÿ)

ïðîö. |T | Gensim Vowpal BigARTM BigARTM
Wabbit àñèíõðîí

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.Kochedykov, M.Apishev, L.Golitsyn, K.Vorontsov.

Fast and Modular Regularized Topic Modelling. FRUCT ISMW, 2017.
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

Ñèñòåìà LDAvis

Êàðòà ñõîäñòâà òåì è ñðàâíåíèå p(w |t) ñ p(w):

https://github.ñom/ñpsievert/LDAvis

C.Sievert, K.Shirley. LDAvis: A method for visualizing and interpreting topics. 2014.
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

Ñèñòåìà Termite

Èíòåðàêòèâíàÿ âèçóàëèçàöèÿ ìàòðèöû Φ è ñðàâíåíèå òåì:

https://github.com/uwdata/termite-visualizations

Chuang J., Manning C., Heer J. Termite: Visualization Techniques for Assessing
Textual Topic Models. IWCAVI 2012.
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

Ñèñòåìà Serendip

Âèçóàëèçàöèÿ ìàòðèö Φ, Θ è òåìàòèêè ñëîâ â òåêñòàõ:

http://vep.cs.wisc.edu/serendip

E.Alexander, J.Kohlmann, R.Valenza, M.Witmore, M.Gleicher. Serendip: Topic
Model-Driven Visual Exploration of Text Corpora. IEEE VAST 2014.

Ê.Â. Âîðîíöîâ (voron@mlsa-iai.ru) Òåìàòè÷åñêèå ìîäåëè â áèîèíôîðìàòèêå 29 / 39



Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
Áèáëèîòåêà BigARTM
Ñðåäñòâà âèçóàëèçàöèè

Èñòî÷íèêè âäîõíîâåíèÿ: http://textvis.lnu.se

Èíòåðàêòèâíûé îáçîð 440 ñðåäñòâ âèçóàëèçàöèè òåêñòîâ

Shixia Liu, Weiwei Cui, Yingcai Wu, Mengchen Liu. A survey on information
visualization: recent advances and challenges. 2014.
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àíàëèç òåêñòîâ è èíôîðìàöèîííûé ïîèñê
Íåòåêñòîâûå ïðèëîæåíèÿ
Çàäà÷è â îáëàñòè ìåäèöèíû è áèîèíôîðìàòèêè

Ðàçâåäî÷íûé ïîèñê â òåõíîëîãè÷åñêèõ áëîãàõ

Öåëü: ïîèñê äîêóìåíòîâ
ïî äëèííûì òåêñòîâûì çàïðîñàì
� Habr.ru (175K äîêóìåíòîâ),
� TechCrunch.com (760K äîê.).

Ðåãóëÿðèçàòîðû: 5 10 15 20
k

0.6

0.7

0.8

0.9

1.0

Pr
ec

isi
on

@
k

hARTM
assessors
BM25
LDA

ARTM
word2vec
TF-IDF
PLSA

5 10 15 20
k

0.6

0.7

0.8

0.9

1.0

Re
ca
ll@

k

hARTM
assessors
BM25
LDA

ARTM
word2vec
TF-IDF
PLSA

L

(
PLSA

)
+R

(
hierarchy

)
+R

(
interpretable

)
+R

(
multimodal

)
+R

(
n-gram

)
→ max

Ðåçóëüòàòû:

Òî÷íîñòü è ïîëíîòà 93%, ïðåâîñõîäèò àñåññîðîâ è äðóãèå
ìåòîäû (tf-idf, BM25, word2vec, PLSA, LDA, ARTM).

Óâåëè÷èëàñü îïòèìàëüíàÿ ðàçìåðíîñòü âåêòîðîâ:
200→ 1400 (Habr.ru), 475→ 2800 (TechCrunch.com).

A.Ianina, K.Vorontsov. Regularized multimodal hierarchical topic model for
document-by-document exploratory search. FRUCT�ISMW, 2019.
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àíàëèç òåêñòîâ è èíôîðìàöèîííûé ïîèñê
Íåòåêñòîâûå ïðèëîæåíèÿ
Çàäà÷è â îáëàñòè ìåäèöèíû è áèîèíôîðìàòèêè

Ïîèñê è êëàññèôèêàöèÿ ýòíî-ðåëåâàíòíûõ òåì â ñîöñåòÿõ

Öåëü: âûÿâëåíèå êàê ìîæíî áîëüøåãî
÷èñëà òåì î íàöèîíàëüíîñòÿõ
è ìåæíàöèîíàëüíûõ îòíîøåíèÿõ
(ïî ñëîâàðþ èç 300 ýòíîíèìîâ).

Ðåãóëÿðèçàòîðû:

L

(
PLSA

)
+ R

(
seed words

)
+ R

(
interpretable

)
+ R

(
multimodal

)
+

+ R

(
temporal

)
+ R

(
geospatial

)
+ R

(
sentiment

)
→ max

Ðåçóëüòàòû: ÷èñëî ðåëåâàíòíûõ òåì: 45 (LDA) → 83 (ARTM).

M.Apishev, S.Koltcov, O.Koltsova, S.Nikolenko, K.Vorontsov. Additive regularization
for topic modeling in sociological studies of user-generated text content. MICAI, 2016.

Mining ethnic content online with additively regularized topic models. 2016.
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àíàëèç òåêñòîâ è èíôîðìàöèîííûé ïîèñê
Íåòåêñòîâûå ïðèëîæåíèÿ
Çàäà÷è â îáëàñòè ìåäèöèíû è áèîèíôîðìàòèêè

Âûÿâëåíèå òðåíäîâ â êîëëåêöèè íàó÷íûõ ïóáëèêàöèé

Öåëü: ðàííåå îáíàðóæåíèå òðåíäîâûõ
òåì ñ íà÷àëüíûì ýêñïîíåíöèàëüíûì
ðîñòîì; ïðîâåðêà ìîäåëè íà òðåíäàõ
â îáëàñòè AI/ML 2009�2021 ãã.

Ðåãóëÿðèçàòîðû:

L

(
PLSA

)
+R

(
interpretable

)
+R

(
dynamic

)
+R

(
multimodal

)
+R

(
n-gram

)
→ max

Ðåçóëüòàòû:

âûäåëåíèå 90 èç 91 òðåíäà â îáëàñòè ìàøèííîãî îáó÷åíèÿ

63% òåì âûäåëÿåòñÿ çà ãîä, 79% çà äâà ãîäà

Í.Ãåðàñèìåíêî, À.×åðíÿâñêèé, Ì.Íèêèôîðîâà, Ì.Íèêèòèí, Ê.Âîðîíöîâ.

Èíêðåìåíòàëüíîå îáó÷åíèå òåìàòè÷åñêèõ ìîäåëåé äëÿ ïîèñêà òðåíäîâûõ òåì
â íàó÷íûõ ïóáëèêàöèÿõ. Äîêëàäû ÐÀÍ, 2022.
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àíàëèç òåêñòîâ è èíôîðìàöèîííûé ïîèñê
Íåòåêñòîâûå ïðèëîæåíèÿ
Çàäà÷è â îáëàñòè ìåäèöèíû è áèîèíôîðìàòèêè

Òåìàòè÷åñêàÿ ìîäåëü áàíêîâñêèõ òðàíçàêöèîííûõ äàííûõ

Öåëü: Âûÿâëåíèå ïàòòåðíîâ
ïîòðåáèòåëüñêîãî ïîâåäåíèÿ
êëèåíòîâ áàíêà, ïðè÷¼ì

äîêóìåíòû → êëèåíòû,

ñëîâà → MCC-êîäû ïðîäàâöîâ.

Ðåãóëÿðèçàòîðû:

L

(
PLSA

)
+ R

(
interpretable

)
+ R

(
multimodal

)
+ R

(
supervised

)
→ max

Ðåçóëüòàòû:

òåìû � ïàòòåðíû ïîòðåáèòåëüñêîãî ïîâåäåíèÿ
ïðåäñêàçàíèå ïîëà, âîçðàñòà, äîñòàòêà êëèåíòîâ

E.Egorov, F.Nikitin, A.Goncharov, V.Alekseev, K.Vorontsov. Topic modelling for
extracting behavioral patterns from transactions data. 2019.
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àíàëèç òåêñòîâ è èíôîðìàöèîííûé ïîèñê
Íåòåêñòîâûå ïðèëîæåíèÿ
Çàäà÷è â îáëàñòè ìåäèöèíû è áèîèíôîðìàòèêè

Ïîèñê îáñóæäåíèé áîëåçíåé â ñîöèàëüíûõ ñåòÿõ

Öåëü: ïîèñê ñîîáùåíèé â Twitter
î áîëåçíÿõ, ñèìïòîìàõ, ñïîñîáàõ
ëå÷åíèÿ, ïîáî÷íûõ ýôôåêòàõ.

Ðåãóëÿðèçàòîðû:

L

(
PLSA

)
+ R

(
seed words

)
+ R

(
interpretable

)
+ R

(
multimodal

)
+

+ R

(
hierarchy

)
+ R

(
temporal

)
+ R

(
geospatial

)
→ max

Ìîäåëü ATAM (Ailment Topic Aspect Model) ïîõîæà íà ïîèñê
ýòíî-ðåëåâàíòíûõ òåì è ëåãêî ðåàëèçóåìà â BigARTM

M.J.Paul, M.Dredze. Discovering Health Topics in Social Media Using Topic Models, 2014
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àíàëèç òåêñòîâ è èíôîðìàöèîííûé ïîèñê
Íåòåêñòîâûå ïðèëîæåíèÿ
Çàäà÷è â îáëàñòè ìåäèöèíû è áèîèíôîðìàòèêè

Îáðàáîòêà ïîñëåäîâàòåëüíîñòåé íóêëåîòèäîâ èëè àìèíîêèñëîò

Öåëü: ïîèñê ìîòèâîâ è ïðåäñêàçàíèå
ôóíêöèé ïî íóêëåîòèäíûì èëè
àìèíîêèñëîòíûì ïîñëåäîâàòåëüíîñòÿì.

Ðåãóëÿðèçàòîðû (ãèïîòåçà):

L

(
PLSA

)
+ R

(
seed words

)
+ R

(
interpretable

)
+

+ R

(
multimodal

)
+ R

(
hierarchy

)
+ R

(
n-gram

)
+ R

(
segmentation

)
→ max

Òàêàÿ ìîäåëü ëåãêî ðåàëèçóåìà â BigARTM.

J.B.Gutierrez, K.Nakai. A study on the application of topic models to motif �nding
algorithms. 2016.

Lin Liu, Lin Tang, Libo He, Shaowen Yao, Wei Zhou. Predicting protein function via
multi-label supervised topic model on gene ontology. 2017.

Lin Liu, Lin Tang, Xin Jin, Wei Zhou. A multi-label supervised topic model
conditioned on arbitrary features for gene function prediction. 2019
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àíàëèç òåêñòîâ è èíôîðìàöèîííûé ïîèñê
Íåòåêñòîâûå ïðèëîæåíèÿ
Çàäà÷è â îáëàñòè ìåäèöèíû è áèîèíôîðìàòèêè

Îáðàáîòêà äàííûõ ÄÍÊ-ìèêðî÷èïîâ

Öåëü:
êëàñòåðèçàöèÿ èëè êëàññèôèêàöèÿ ãåíîâ
áåç ïðåäïîëîæåíèÿ î ôóíêöèîíàëüíîé
íåçàâèñèìîñòè ìåæäó ãåíàìè.

Ðåãóëÿðèçàòîðû (ãèïîòåçà):

L

(
PLSA

)
+ R

(
supervised

)
+ R

(
interpretable

)
+ R

(
multimodal

)
+

+ R

(
hierarchy

)
+ R

(
n-gram

)
→ max

Òàêàÿ ìîäåëü ëåãêî ðåàëèçóåìà â BigARTM.

M.Bicego, P.Lovato, et al. Investigating Topic Models' Capabilities in Expression
Microarray Data Classi�cation. 2012.

Lin Liu, Lin Tang, Wen Dong, Shaowen Yao, Wei Zhou. An overview of topic
modeling and its current applications in bioinformatics. 2016.
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Çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ìåòîäû è èíñòðóìåíòû

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àíàëèç òåêñòîâ è èíôîðìàöèîííûé ïîèñê
Íåòåêñòîâûå ïðèëîæåíèÿ
Çàäà÷è â îáëàñòè ìåäèöèíû è áèîèíôîðìàòèêè

Ôóíêöèîíàëüíàÿ àííîòàöèÿ ãåíîìà ÷åëîâåêà

Öåëü: ïðîãíîç òêàíåñïåöèôè÷åñêèõ
ôóíêöèé íåêîäèðóþùèõ ãåíåòè÷åñêèõ
âàðèàíòîâ äëÿ êàæäîé ïîçèöèè
â ãåíîìå ÷åëîâåêà â 127 ðàçëè÷íûõ
òêàíÿõ è òèïàõ êëåòîê.

Ðåãóëÿðèçàòîðû (ãèïîòåçà):

L

(
PLSA

)
+ R

(
supervised

)
+

+ R

(
interpretable

)
+ R

(
multimodal

)
+ R

(
hierarchy

)
+ R

(
n-gram

)
→ max

Òàêàÿ ìîäåëü ëåãêî ðåàëèçóåìà â BigARTM.

D.Backenroth et al. FUN-LDA: a latent Dirichlet allocation model for predicting
tissue-speci�c functional e�ects of noncoding variation: methods and applications. 2018
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Ðåçþìå

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå � ýòî
èíòåðïðåòèðóåìàÿ êëàñòåðèçàöèÿ íåñêîëüêèõ ìíîæåñòâ,
ýëåìåíòû êîòîðûõ âçàèìîäåéñòâóþò ìåæäó ñîáîé.

Ïðèíÿòî ñ÷èòàòü, ÷òî ýòî àíàëèç òåêñòîâûõ êîëëåêöèé,
íî, ñêîðåå, ýòî ñèíòåç ëàòåíòíûõ âåêòîðíûõ ïðåäñòàâëåíèé
âåðøèí ãðàôà ïî íàáëþäàåìûì äàííûì î ð¼áðàõ.

Òåîðèÿ ARTM ïîçâîëÿåò êîìáèíèðîâàòü ðåãóëÿðèçàòîðû
äëÿ ïîñòðîåíèÿ ìîäåëåé ñ òðåáóåìûìè ñâîéñòâàìè.

Áèáëèîòåêà BigARTM � ìîäóëüíàÿ ðåàëèçàöèÿ ARTM,
¾ëåãî-êîíñòðóêòîð¿ òåìàòè÷åñêèõ ìîäåëåé.

Îáñóæäåíèå: âîçìîæíîñòè ïðèìåíåíèÿ òåîðèè ARTM
è áèáëèîòåêè BigARTM â çàäà÷àõ áèîèíôîðìàòèêè.

Â áèîèíôîðìàòèêå íåäàëåêî óõîäÿò îò óñòàðåâøåé LDA.

Ê.Âîðîíöîâ. Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå: òåîðèÿ ðåãóëÿðèçàöèè
ARTM è áèáëèîòåêà ñ îòêðûòûì êîäîì BigARTM. 2023. (äëÿ èçä-âà URSS)
http://www.MachineLearning.ru/wiki/images/d/d5/Voron17survey-artm.pdf
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