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Çàäà÷à ìàêñèìèçàöèè ôóíêöèè íà åäèíè÷íûõ ñèìïëåêñàõ

Ïóñòü Ω = (ωj)j∈J � íàáîð íîðìèðîâàííûõ íåîòðèöàòåëüíûõ
âåêòîðîâ ωj = (ωij)i∈Ij ðàçëè÷íûõ ðàçìåðíîñòåé |Ij |:

Ω =




Çàäà÷à ìàêñèìèçàöèè ôóíêöèè f (Ω) íà åäèíè÷íûõ ñèìïëåêñàõ:
f (Ω) → max

Ω
;∑

i∈Ij

ωij = 1, ωij ⩾ 0, i ∈ Ij , j ∈ J.

Vorontsov K. V. Rethinking probabilistic topic modeling from the point of view of
classical non-Bayesian regularization. 2023.
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Íåîáõîäèìûå óñëîâèÿ ýêñòðåìóìà è ìåòîä ïðîñòûõ èòåðàöèé

Îïåðàöèÿ íîðìèðîâêè âåêòîðà: pi = norm
i∈I

(xi ) =
max(xi , 0)∑
k max(xk , 0)

Ëåììà. Ïóñòü f (Ω) íåïðåðûâíî äèôôåðåíöèðóåìà ïî Ω.
Åñëè ωj � âåêòîð ëîêàëüíîãî ýêñòðåìóìà íàøåé çàäà÷è
è ∃i : ωij

∂f
∂ωij

> 0, òî ωj óäîâëåòâîðÿåò ñèñòåìå óðàâíåíèé

ωij = norm
i∈Ij

(
ωij

∂f

∂ωij

)
.

×èñëåííîå ðåøåíèå ñèñòåìû � ìåòîäîì ïðîñòûõ èòåðàöèé

Âåêòîðû ωj = 0 îòáðàñûâàþòñÿ êàê âûðîæäåííûå ðåøåíèÿ

Èòåðàöèè ïîõîæè íà ãðàäèåíòíóþ îïòèìèçàöèþ:

ωij := ωij + η
∂f

∂ωij
,

íî ó÷èòûâàþò îãðàíè÷åíèÿ è íå òðåáóþò ïîäáîðà øàãà η
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Äîêàçàòåëüñòâî ëåììû î ìàêñèìèçàöèè íà ñèìïëåêñàõ

Çàäà÷à: f (Ω) → max
Ω

;
∑
i∈Ij

ωij = 1, ωij ⩾ 0, i ∈ Ij , j ∈ J.

Ôóíêöèÿ Ëàãðàíæà:

L (Ω;µ, λ) = −f (Ω) +
∑
j∈J

λj

(∑
i∈Ij

ωij − 1
)
−

∑
j∈J

∑
i∈Ij

µijωij .

Óñëîâèÿ Êàðóøà�Êóíà�Òàêêåðà äëÿ âåêòîðà ωj :

∂f (Ω)

∂ωij
= λj − µij , µijωij = 0, µij ⩾ 0.

Óìíîæèì îáå ÷àñòè ïåðâîãî ðàâåíñòâà íà ωij :

Aij ≡ ωij
∂f (Ω)

∂ωij
= ωijλj .

Ñîãëàñíî óñëîâèþ ëåììû ∃i : Aij > 0. Çíà÷èò, λj > 0.

Åñëè ∂f (Ω)
∂ωij

< 0 äëÿ íåêîòîðîãî i , òî µij > 0 ⇒ ωij = 0.

Òîãäà ωijλj = (Aij)+; λj =
∑
i

(Aij)+ ⇒ ωij = norm
i

(Aij). ■
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Òåîðåìà î ñõîäèìîñòè èòåðàöèîííîãî ïðîöåññà

ωt+1
ij = norm

i∈Ij

(
ωt
ij

∂f (Ωt)

∂ωt
ij

)
Òåîðåìà. Ïóñòü f (Ω) � îãðàíè÷åííàÿ ñâåðõó, íåïðåðûâíî
äèôôåðåíöèðóåìàÿ ôóíêöèÿ, è âñå Ωt , íà÷èíàÿ ñ íåêîòîðîé
èòåðàöèè t0 îáëàäàþò ñâîéñòâàìè:

∀j ∈ J ∀i ∈ Ij ωt
ij = 0 → ωt+1

ij = 0 (ñîõðàíåíèå íóëåé)

∃ε > 0 ∀j ∈ J ∀i ∈ Ij ωt
ij /∈ (0, ε) (îòäåëèìîñòü îò íóëÿ)

∃δ > 0 ∀j ∈ J ∃i ∈ Ij ωt
ij
∂f (Ωt)
∂ωij

⩾ δ (íåâûðîæäåííîñòü)

∃λ > 0 f (Ωt+1)− f (Ωt) ⩾ λH(Ωt) (ìîíîòîííûé ïðîöåññ)

Òîãäà
∣∣ωt+1

ij − ωt
ij

∣∣ → 0 ïðè t → ∞.

Èðõèí È. À., Âîðîíöîâ Ê. Â. Ñõîäèìîñòü àëãîðèòìà àääèòèâíîé ðåãóëÿðèçàöèè
òåìàòè÷åñêèõ ìîäåëåé. Òðóäû Èíñòèòóòà ìàòåìàòèêè è ìåõàíèêè ÓðÎ ÐÀÍ. 2020.
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Îòêðûòàÿ ïðîáëåìà: íåóäîáíîå ÷åòâ¼ðòîå óñëîâèå

Îïðåäåëåíèå. H(Ωt) åñòü ëèíåéíîå ïðèáëèæåíèå ïðèðàùåíèÿ
ôóíêöèè f â îêðåñòíîñòè òî÷êè Ωt :

f (Ωt+1)− f (Ωt) = H(Ωt) + o(∆Ωt)

Ëåììà. Êâàäðàòè÷íîå ïðåäñòàâëåíèå ôóíêöèè H(Ω):

H(Ω) =
1

2

∑
j∈J

∑
i ,k∈Ij

(
∂f (Ω)

∂ωij
− ∂f (Ω)

∂ωkj

)2
ωijωkj

Ñëåäîâàòåëüíî, H(Ωt) ⩾ 0.

f (Ωt+1)− f (Ωt) ≈ H(Ωt) � ñîãëàñíî îïðåäåëåíèþ;

f (Ωt+1)− f (Ωt) ⩾ λH(Ωt), íà÷èíàÿ ñ íåêîòîðîé èòåðàöèè t
ïðè íåêîòîðîì λ > 0 � õîòåëîñü áû ïîëó÷èòü ýòî êàê ðåçóëüòàò,
à íå ââîäèòü êàê ïðåäïîëîæåíèå. Äîêàçàòü ýòî ïîêà íå óäàëîñü.

A.M.Ostrowski. Solution of equations and systems of equations. New York, 1966.
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Ïðîìåæóòî÷íûå èòîãè è íàïðàâëåíèÿ èññëåäîâàíèé

Ìåòîä ïîõîæ íà îáû÷íóþ ãðàäèåíòíóþ îïòèìèçàöèþ,
íî íå òðåáóåò ïîäáîðà ãðàäèåíòíîãî øàãà η

Îãðàíè÷åíèÿ íåîòðèöàòåëüíîñòè è íîðìèðîâêè ìîãóò
íàêëàäûâàòüñÿ íå íà âñå âåêòîðû, à ëèøü íà íåêîòîðûå

Îïåðàöèÿ norm ìîæåò ïðèâîäèòü ê îáíóëåíèþ ÷àñòè
êîîðäèíàò, ñëåäîâàòåëüíî, ê ðàçðåæèâàíèþ âåêòîðîâ ωj

Ïðèëîæåíèÿ:
� âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
� íåîòðèöàòåëüíûå ìàòðè÷íûå ðàçëîæåíèÿ
� ìîíîòîííûå íåéðîííûå ñåòè
� ñåòè äëÿ àïïðîêñèìàöèè ôóíêöèé ðàñïðåäåëåíèÿ

Îòêðûòàÿ ïðîáëåìà: óïðîñòèòü ÷åòâ¼ðòîå óñëîâèå
â òåîðåìå ñõîäèìîñòè (îíî ïðåäñòàâëÿåòñÿ èçáûòî÷íûì)

Îòêðûòàÿ ïðîáëåìà: îöåíèòü ñêîðîñòü ñõîäèìîñòè
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Ìîíîòîííàÿ àïïðîêñèìàöèÿ: ïîñòàíîâêà çàäà÷è

Äàíî: âûáîðêà (xi , yi )
m
i=1, xi ∈ Rn

Íàéòè: ïðåäñêàçàòåëüíóþ ìîäåëü a(x ,w) ñ ïàðàìåòðîì w ,
îáëàäàþùóþ ñâîéñòâîì ìîíîòîííîñòè:

x ⩽ x ′ ⇒ a(x ,w) ⩽ a(x ′,w)

Êðèòåðèé: ìèíèìóì ýìïèðè÷åñêîãî ðèñêà ïðè çàøóìë¼ííûõ
äàííûõ (íå îáÿçàòåëüíî xi ⩽ xj ⇒ yi ⩽ yj)

m∑
i=1

L
(
a(xi ,w), yi

)
→ min

w

Íàïðèìåð, äëÿ ìîíîòîííîé ðåãðåññèè (isotonic regression)
m∑
i=1

(
a(xi ,w)− yi

)2 → min
w

Ëèíåéíàÿ ìîäåëü a(x ,w) = ⟨x ,w⟩ ìîíîòîííà ⇔ w ⩾ 0
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Îãðàíè÷åíèå ìîíîòîííîñòè: ïðèëîæåíèÿ è èíòåðïðåòàöèè

� ó÷¼ò àïðèîðíûõ çíàíèé âèäà
¾÷åì áîëüøå çíà÷åíèå ïðèçíàêà,
òåì âûøå îòêëèê¿

� àãðåãèðîâàíèå íåñêîëüêèõ
ìîäåëåé â àíñàìáëü

� ìîäåëèðîâàíèå ìíîãîìåðíûõ
ôóíêöèé ðàñïðåäåëåíèÿ

� ñèíòåç èíòåðïðåòèðóåìûõ
âåêòîðíûõ ïðåäñòàâëåíèé
â ãëóáîêèõ íåéðîííûõ ñåòÿõ

Ïðèìåð.

Çàâèñèìîñòü áèîìàññû
(è ñâÿçàííîãî óãëåðîäà)
îò ïëîùàäè êðîíû äåðåâüåâ

Christian Igel. Smooth monotonic networks. 2023.

J.-R. Cano et al. Monotonic classi�cation: An overview on algorithms, performance
measures and data sets. Neurocomputing, 2019.
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Ìîíîòîííàÿ Min-Max íåéðîííàÿ ñåòü

Òð¼õñëîéíàÿ ñåòü ñ äâóìÿ ñëîÿìè min è max ïóëèíãà:

a(x ,w) = min
k∈K

max
h∈Hk

(
⟨wkh, x⟩ − bkh

)
, wkh ⩾ 0

Ðåïàðàìåòðèçàöèÿ: wkh = exp(zkh)

Ïðåèìóùåñòâà:
� ìîæíî èñïîëüçîâàòü BackProp
� ìîæíî âñòðàèâàòü â DeepNN
� äîêàçàíà àïïðîêñèìèðóåìîñòü

Íåäîñòàòêè:
� êóñî÷íî-ëèíåéíàÿ ìîäåëü
� çàòóõàíèå ãðàäèåíòîâ
� íåäîîáó÷åíèå, ïåðåóñëîæíåíèå
� ÷óâñòâèòåëüíîñòü ê èíèöèàëèçàöèè

Joseph Sill. Monotonic networks. NeurIPS, 1997.
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Ñãëàæåííàÿ ìîíîòîííàÿ íåéðîííàÿ ñåòü (Smooth Min-Max)

Ââåä¼ì ôóíêöèþ LogSumExp ñ ïàðàìåòðîì β:

LSE
i∈I

β(zi ) =
1

β
ln
∑
i∈I

exp(βzi ) →
{
maxi (zi ), β → +∞
mini (zi ), β → −∞

Min-Max-ñåòü ñ çàìåíîé min è max íà èõ ñãëàæåííûå àíàëîãè:

a(x ,w) = LSE
k∈K

−β LSE
h∈Hk

+β

(
⟨wkh, x⟩ − bkh

)
, wkh ⩾ 0

Ïðåèìóùåñòâà:
� ãëàäêàÿ àïïðîêñèìèðóþùàÿ ìîíîòîííàÿ ôóíêöèÿ
� äîêàçàíû àñèìïòîòè÷åñêèå àïïðîêñèìàöèîííûå ñâîéñòâà
� ìîæíî èñïîëüçîâàòü BackProp, âñòðàèâàòü â DeepNN
� îáîáùàþùàÿ ñïîñîáíîñòü ñóùåñòâåííî âûøå, ÷åì ó Min-Max

Christian Igel. Smooth Monotonic Networks. 2023
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Îãðàíè÷åííàÿ ìîíîòîííàÿ íåéðîííàÿ ñåòü (Constrained MNN)

Äâóõñëîéíàÿ ñåòü ñ ìîíîòîííûìè ôóíêöèÿìè àêòèâàöèè
íà ñêðûòîì ñëîå: âûïóêëîé, âîãíóòîé è âûïóêëî-âîãíóòîé

a(x ,w) =
∑
k∈K

w2
kσk

(
⟨w1

k , x⟩ − bk
)
, wL

k ⩾ 0

ãäå σk ∈
{
ρ̆, ρ̂, ρ̃

}

Ïðåèìóùåñòâà òå æå, ÷òî ó íåéðîííîé ñåòè Smooth Min-Max,
ñòðóêòóðà ðåøåíèÿ ðàçðåæåííàÿ è èíòåðïðåòèðóåìàÿ

D.Runje, S.M.Shankaranarayana. Constrained monotonic neural networks. 2023
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Ãëóáîêèå íåéðîííûå ñåòè (Deep Neural Network, DNN)

Âû÷èñëåíèå ñåòè: xℓ+1 = σ(W ℓxℓ), ïî ñëîÿì ℓ = 1, 2, . . . , L

Äîñòàòî÷íûå óñëîâèÿ ìîíîòîííîñòè DNN:
� íåîòðèöàòåëüíîñòü âåñîâûõ êîýôôèöèåíòîâ W ℓ ⩾ 0
� ìîíîòîííîñòü ôóíêöèé àêòèâàöèè σ(z)

Åñëè ïðåäñêàçûâàòü ïîëîæèòåëüíûå çíà÷åíèÿ y(x) ïðè W ℓ ⩾ 0,
òî âåêòîðû xℓ âûó÷èâàþòñÿ äåòåêòèðîâàòü ÷àñòè îáúåêòà x ,
âåñà W ℓ è âåêòîðû xℓ � ðàçðåæåííûå è èíòåðïðåòèðóåìûå

J.-R. Cano et al. Monotonic classi�cation: An overview on algorithms, performance
measures and data sets. Neurocomputing, 2019.
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Ãëóáîêàÿ ìîíîòîííàÿ íåéðîííàÿ ñåòü (Constrained MNN)

Äâóõñëîéíàÿ ñåòü äëÿ ðàñïîçíàâàíèÿ ðóêîïèñíûõ öèôð MNIST
� ïåðâûé ñëîé âûäåëÿåò èíôîðìàòèâíûå ãðóïïû ïèêñåëåé
� âòîðîé ñëîé âûäåëÿò ãðóïïû, îáðàçóþùèå öèôðû

Ðàçðåæåííîñòü è èíòåðïðåòèðóåìîñòü âåñîâ W ℓ è âåêòîðîâ xℓ

âîçíèêàåò òàêæå ïðè îáó÷åíèè àâòîêîäèðîâùèêîâ áåç ó÷èòåëÿ

J.Chorowski, J.M.Zurada. Learning understandable neural networks with non-negative
weight constraints. 2015

B.O.Ayinde, J.M.Zurada. Deep learning of nonnegativity-constrained autoencoders for
enhanced understanding of data. 2018
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Íåîòðèöàòåëüíûå ìàòðè÷íûå ðàçëîæåíèÿ è àâòîêîäèðîâùèêè

Äàíî: íåîòðèöàòåëüíàÿ ìàòðèöà äàííûõ X , Xij ⩾ 0
Íàéòè: íåîòðèöàòåëüíûå ìàòðèöû A, S , Aik ⩾ 0, Skj ⩾ 0
Êðèòåðèé: ∥X − AS∥ → min

A,S
� non-negative matrix factorization

Deep NMF � îáó÷àåìàÿ èåðàðõèÿ âåêòîðíûõ ïðåäñòàâëåíèé:

J.Flenner, B.Hunter. A deep non-negative matrix factorization neural network. 2017

Zhikui Chen, Shan Jin, Runze Liu, Jianing Zhang. A Deep non-negative matrix
factorization model for big data representation learning. 2021

T.Will et al. Neural nonnegative matrix factorization for hierarchical multilayer topic
modeling. 2023
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Ïðîìåæóòî÷íûå èòîãè è íàïðàâëåíèÿ èññëåäîâàíèé

Íåîòðèöàòåëüíîñòü âåñîâ â íåéðîñåòåâûõ ìîäåëÿõ
ïðèâîäèò ê ðàçðåæåííîñòè è èíòåðïðåòèðóåìîñòè

Èçâåñòíî, ÷òî ââåäåíèå íîðìèðîâêè ïðè îïòèìèçàöèè
ïîâûøàåò óñòîé÷èâîñòü îáó÷åíèÿ íåéðîííûõ ñåòåé

Ïåðåõîä îò íîðìèðîâàííûõ âåêòîðîâ (ïðè íåîáõîäèìîñòè)
ê íåíîðìèðîâàííûì � óìíîæåíèåì íà êîýôôèöèåíò

Âî âñåõ ïåðå÷èñëåííûõ ñèòóàöèÿõ ìîæåò áûòü
èñïîëüçîâàíà îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ

ìóëüòèïëèêàòèâíûé øàã ñ íîðìèðîâêîé ðåàëèçîâàí
â pyTorch [Èëüÿ Äüÿêîâ, êóðñîâàÿ ðàáîòà, ÂÌÊ ÌÃÓ, 2024]

Îòêðûòàÿ ïðîáëåìà: íàõîäèòü ïðèìåíåíèÿ ýòîé òåõíèêå,
ñðàâíèâàòü ñî state-of-the-art íà ðàçëè÷íûõ çàäà÷àõ
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå: ¾î ÷¼ì âñå ýòè òåêñòû?¿

Äàíî: êîëëåêöèÿ òåêñòîâûõ äîêóìåíòîâ êàê ¾ìåøêîâ-ñëîâ¿

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

|T | � ñêîëüêî òåì õîòèì îïðåäåëèòü â êîëëåêöèè D

Íàéòè: òåìàòè÷åñêóþ ÿçûêîâóþ ìîäåëü

p(w |d) =
∑
t∈T

p(w |��@@d , t) p(t|d) =
∑
t∈T

ϕwtθtd

p(w |t) = ϕwt � èç êàêèõ ñëîâ w ñîñòîèò êàæäàÿ òåìà t ∈ T

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

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

d∈D

∑
w∈d

ndw ln
∑
t∈T

ϕwtθtd +
∑
i

τiRi (Φ,Θ) → max
Φ,Θ

Hofmann T. Probabilistic Latent Semantic Indexing. ACM SIGIR, 1999.
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Òðè èíòåðïðåòàöèè çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

1. Ìÿãêàÿ áè-êëàñòåðèçàöèÿ äîêóìåíòîâ è ñëîâ ïî òåìàì

2. Ìàòðè÷íîå ðàçëîæåíèå � íèçêîðàíãîâîå, ñòîõàñòè÷åñêîå:

3. Àâòîêîäèðîâùèê äîêóìåíòîâ â òåìàòè÷åñêèå ýìáåäèíãè:

� êîäèðîâùèê fΦ : ndw
nd

→ θd
� äåêîäèðîâùèê gΦ : θd → Φθd

çàäà÷à ðåêîíñòðóêöèè:∑
d ,w

ndw ln⟨ϕw , θd⟩ → min
Φ,Θ

p(w |d)(
ndw
nd

)
p(t|d)
θd

p̂(w |d)
⟨ϕw ,θd ⟩
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Ïðèìåð 1. Ìóëüòèÿçû÷íàÿ ìîäåëü Âèêèïåäèè

216 175 ðóññêî-àíãëèéñêèõ ïàð ñòàòåé, ÷èñëî òåì |T | = 400
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.

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

216 175 ðóññêî-àíãëèéñêèõ ïàð ñòàòåé, ÷èñëî òåì |T | = 400
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.

Vorontsov, Frei, Apishev, Romov, Suvorova. BigARTM: Open Source Library for
Regularized Multimodal Topic Modeling of Large Collections. AIST-2015.
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Öåëè è íå-öåëè òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Öåëè:

âûÿâëÿòü òåìàòè÷åñêóþ êëàñòåðíóþ ñòðóêòóðó
òåêñòîâîé êîëëåêöèè (ñêîëüêî â íåé òåì, è î ÷¼ì îíè),
ïðåäñòàâëÿÿ ðåçóëüòàò â óäîáíîé äëÿ ÷åëîâåêà ôîðìå

ïîëó÷àòü èíòåðïðåòèðóåìûå òåìàòè÷åñêèå âåêòîðû
(ýìáåäèíãè) ñëîâ p(t|w), ñëîâ-â-êîíòåêñòå p(t|d ,w),
äîêóìåíòîâ p(t|d), ôðàãìåíòîâ p(t|s), îáúåêòîâ p(t|x)
ðåøàòü ñ èõ ïîìîùüþ çàäà÷è ïîèñêà, êëàññèôèêàöèè,
ôèëüòðàöèè, ñåãìåíòàöèè, ñóììàðèçàöèè òåêñòîâ

Íå-öåëè:

óãàäûâàòü ñëîâà ïî êîíòåêñòó (ýòî ñëàáàÿ ìîäåëü ÿçûêà)

ãåíåðèðîâàòü ñâÿçíûé òåêñò (ñëàáûå ýìáåäèíãè)

ïîíèìàòü ñìûñë òåêñòà (òåì íå äîñòàòî÷íî äëÿ ýòîãî)
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Íåêîòîðûå ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

ðàçâåäî÷íûé ïîèñê â ïîèñê òåìàòè÷åñêèõ âûÿâëåíèå è îòñëåæèâàíèå
ýëåêòðîííûõ áèáëèîòåêàõ ñîîáùåñòâ â ñîöñåòÿõ öåïî÷åê íîâîñòåé

ìóëüòèìîäàëüíûé ïîèñê àíàëèç áàíêîâñêèõ ïîèñê ïàòòåðíîâ â çàäà÷àõ
òåêñòîâ è èçîáðàæåíèé òðàíçàêöèîííûõ äàííûõ áèîèíôîðìàòèêè

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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Ñõîäñòâà è îòëè÷èÿ îò LLM

PTM è LLM � ÷òî îáùåãî

ÿçûêîâàÿ ìîäåëü, êîòîðàÿ ïðåäñêàçûâàåò ñëîâà â òåêñòå

àâòîêîäèðîâùèê, êîòîðûé ïåðåâîäèò òåêñò â ýìáåäèíãè

îáîáùàþòñÿ íà ìóëüòèìîäàëüíûå, ìóëüòèÿçû÷íûå äàííûå

âîçìîæíî ìíîãîçàäà÷íîå, ìíîãîêðèòåðèàëüíîå îáó÷åíèå

PTM � ïðèíöèïèàëüíûå îòëè÷èÿ îò LLM

íàìíîãî áîëåå ñëàáàÿ ÿçûêîâàÿ ìîäåëü

ýìáåäèíãè âåðîÿòíîñòíûå, ðàçðåæåííûå, èíòåðïðåòèðóåìûå

ïðîñòîòà è ñêîðîñòü ìàòðè÷íîãî ðàçëîæåíèÿ

PTM � äàëüíåéøåå ðàçâèòèå íàâñòðå÷ó LLM

îòêàç îò áàéåñîâñêîãî îáó÷åíèÿ → àëãîðèòì áëèæå ê SGD

òðàíçàêöèîííûå äàííûå → áëèæå ê foundation models

îòêàç îò ìåøêà ñëîâ → áëèæå ê ìîäåëè âíèìàíèÿ
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Çàäà÷è, íåêîððåêòíî ïîñòàâëåííûå ïî Àäàìàðó

Çàäà÷à êîððåêòíî ïîñòàâëåíà

ïî Àäàìàðó, 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), rankS = |T |
f (Φ′,Θ′) ≈ f (Φ,Θ)

Ðåãóëÿðèçàöèÿ � äîîïðåäåëåíèå ðåøåíèÿ
ïóò¼ì äîáàâëåíèÿ êðèòåðèÿ + τR(Φ,Θ)

Ñêàëÿðèçàöèÿ êðèòåðèåâ: +
∑

i τiRi (Φ,Θ)
À.Í.Òèõîíîâ
(1906�1993)
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ARTM: àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ìàêñèìèçàöèÿ ëîãàðèôìà ïðàâäîïîäîáèÿ ñ ðåãóëÿðèçàòîðîì:∑
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 ≡ p(t|d ,w) = 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 ÐÀÍ, 2014.
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Äîêàçàòåëüñòâî (ïî ëåììå î ìàêñèìèçàöèè íà ñèìïëåêñàõ)

Ïðèìåíèì ëåììó ê log-ïðàâäîïîäîáèþ ñ ðåãóëÿðèçàòîðîì:

f (Φ,Θ) =
∑
d,w

ndw ln
∑
t∈T

ϕwtθtd + R(Φ,Θ) → max
Φ,Θ

ϕwt = norm
w∈W

(
ϕwt

∂f

∂ϕwt

)
= norm

w∈W

(
ϕwt

∑
d∈D

ndw
θtd

p(w |d) + ϕwt
∂R

∂ϕwt

)
=

= norm
w∈W

(∑
d∈D

ndwptdw + ϕwt
∂R

∂ϕwt

)
;

θtd = norm
t∈T

(
θtd

∂f

∂θtd

)
= norm

t∈T

(
θtd

∑
w∈W

ndw
ϕwt

p(w |d) + θtd
∂R

∂θtd

)
=

= norm
t∈T

(∑
w∈d

ndwptdw + θtd
∂R

∂θtd

)
;

ãäå îïðåäåëåíèÿ âñïîìîãàòåëüíûõ ïåðåìåííûõ ptdw =
ϕwtθtd
p(w |d) âûäåëÿþòñÿ

â îòäåëüíûå óðàâíåíèÿ, è â èòåðàöèîííîì ïðîöåññå îáðàçóþò Å-øàã. ■
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PLSA è LDA � äâå ñàìûå èçâåñòíûå òåìàòè÷åñêèå ìîäåëè

PLSA: probabilistic latent semantic analysis [Hofmann, 1999]
(âåðîÿòíîñòíûé ëàòåíòíûé ñåìàíòè÷åñêèé àíàëèç):

R(Φ,Θ) = 0.

Ì-øàã � ÷àñòîòíûå îöåíêè óñëîâíûõ âåðîÿòíîñòåé:

ϕwt = norm
w

(
nwt

)
, θtd = norm

t

(
ntd

)
.

LDA: latent Dirichlet allocation (ëàòåíòíîå ðàçìåùåíèå Äèðèõëå):

R(Φ,Θ) =
∑
t,w

βw lnϕwt +
∑
d ,t

αt ln θtd .

Ì-øàã � ÷àñòîòíûå îöåíêè ñ ïîïðàâêàìè βw > −1, αt > −1:

ϕwt = norm
w

(
nwt + βw

)
, θtd = norm

t

(
ntd + αt

)
.

Hofmann T. Probabilistic latent semantic indexing. SIGIR 1999.
Blei D., Ng A., Jordan M. Latent Dirichlet Allocation. NIPS-2001. JMLR 2003.

Ê.Â. Âîðîíöîâ (k.vorontsov@iai.msu.ru) Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ 28 / 68



Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ
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Îò áàéåñîâñêîãî âûâîäà ê àääèòèâíîé ðåãóëÿðèçàöèè

X � èñõîäíûå äàííûå, Ω � ïàðàìåòðû ïîðîæäàþùåé ìîäåëè

Áàéåñîâñêèé âûâîä àïîñòåðèîðíîãî ðàñïðåäåëåíèÿ p(Ω|X )
(ãðîìîçäêèé, ïðèáëèæ¼ííûé) ðàäè òî÷å÷íîé îöåíêè Ω:

Posterior(Ω|X , γ) = p(X |Ω)Prior(Ω|γ)∫
p(X |Ω)Prior(Ω|γ) dΩ

Ω := argmax
Ω

Posterior(Ω|X , γ)

Ìàêñèìèçàöèÿ àïîñòåðèîðíîé âåðîÿòíîñòè (MAP)
äà¼ò òî÷å÷íóþ îöåíêó Ω íàïðÿìóþ, áåç âûâîäà Posterior:

Ω := argmax
Ω

(
ln p(X |Ω) + lnPrior(Ω|γ)

)
Ìíîãîêðèòåðèàëüíàÿ àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)
îáîáùàåò MAP íà ëþáûå ðåãóëÿðèçàòîðû è èõ êîìáèíàöèè:

Ω := argmax
Ω

(
ln p(X |Ω) +

∑
i=1

τiRi (Ω)
)

Jacob Su Wang. Topic Modeling: A Complete Introductory Guide, 2017.
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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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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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Ìóëüòèìîäàëüíàÿ òåìàòè÷åñêàÿ ìîäåëü 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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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 ℓ:

R(Φ,Π) = τ
∑

u∈W k

∑
t∈T

nut ln
∑

w∈W ℓ

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

n2t

(ϕgt
ng

−
ϕg ′t

ng ′

)2
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Òð¼õìàòðè÷íàÿ òåìàòè÷åñêàÿ ìîäåëü ARTM

Òåìû ïîðîæäàþòñÿ ìîäàëüíîñòüþ C (êàòåãîðèè, àâòîðû):∑
d∈D

∑
w∈d

ndw ln
∑
t∈T

∑
c∈C

ϕwtψtcθcd + R(Φ,Ψ,Θ) → max
Φ,Ψ,Θ

;

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:



ptcdw ≡ p(t, c |d ,w) = norm
(t,c)∈T×C

(
ϕwtψtcθcd

)
;

ϕwt = norm
w∈Wm

(
nwt + ϕwt

∂R
∂ϕwt

)
; nwt =

∑
d ,c

ndwptcdw

ψtc = norm
t∈T

(
ntc + ψtc

∂R
∂ψtc

)
; ntc =

∑
d ,w

ndwptcdw

θcd = norm
c∈C

(
ncd + θcd

∂R
∂θcd

)
; ncd =

∑
w ,t

ndwptcdw

M.Rosen-Zvi et al. The author-topic model for authors and documents. 2004.
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Òðàíçàêöèîííûå äàííûå

Òåêñò � ýòî äâóäîëüíûé ãðàô ñ ð¼áðàìè âèäà (d ,w), w ∈ Wm.
Êîãäà äàííûå ñîäåðæàò 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.
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Ãèïåðãðàôîâàÿ òåìàòè÷åñêàÿ ìîäåëü òðàíçàêöèîííûõ äàííûõ

Äàíî: Ek � âûáîðêà òðàíçàêöèé (ð¼áåð ãèïåðãðàôà) òèïà k
nkdx � ÷èñëî âõîæäåíèé ðåáðà (d , x) â âûáîðêó Ek∑

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
ñî âñïîìîãàòåëüíûìè ïåðåìåííûìè ptdx = p(t|d , x):

E-øàã:

M-øàã:



ptdx = norm
t∈T

(
θtd

∏
v∈x

ϕvt

)
ϕvt = norm

v∈Vm

( ∑
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

)
Vorontsov K.V. Rethinking probabilistic topic modeling from the point of view. . . 2023.
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×àñòíûé ñëó÷àé: òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé

Sd � ìíîæåñòâî ïðåäëîæåíèé äîêóìåíòà d
nsw � ñêîëüêî ðàç òåðì w âñòðå÷àåòñÿ â ïðåäëîæåíèè s

Êðèòåðèé: ìàêñèìóì ðåãóëÿðèçîâàííîãî log-ïðàâäîïîäîáèÿ∑
d∈D

∑
s∈Sd

ln
∑
t∈T

θtd
∏
w∈s

ϕnswwt + R(Φ,Θ) → max
Φ,Θ

Ñâîáîäà âûáîðà ãèïåð-ð¼áåð ñåãìåíòîèäîâ � ïîäìíîæåñòâ
òåðìîâ, ñâÿçàííûõ ïî ñìûñëó è ïîðîæäàåìûõ îáùåé òåìîé:

ïðåäëîæåíèå / ôðàçà / ñèíòàãìà / èìåííàÿ ãðóïïà

ôàêò ¾îáúåêò, ñóáúåêò, äåéñòâèå¿

ëåêñè÷åñêàÿ öåïî÷êà: ñèíîíèìû, ãèïîíèìû, ìåðîíèìû

òåêñò êîììåíòàðèÿ, äàòà�âðåìÿ, àâòîð

Wayne Xin Zhao et al. Comparing Twitter and traditional media using topic models. 2011.
G.Balikas, M.-R.Amini, M.Clausel. On a topic model for sentences. SIGIR 2016.
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Ïî÷åìó îòêàç îò áàéåñîâñêîãî îáó÷åíèÿ äà¼ò áîëüøå ñâîáîäû

Â áàéåñîâñêîì ïîäõîäå ðåãóëÿðèçàòîðû ÿâëÿþòñÿ
àïðèîðíûì ðàñïðåäåëåíèåì � ÷àñòüþ ãåíåðàòèâíîé ìîäåëè.

Â ïîäõîäå ARTM ýòî èíñòðóìåíò óïðàâëåíèÿ ñõîäèìîñòüþ
èòåðàöèîííîãî ïðîöåññà â íåêîððåêòíî ïîñòàâëåííîé çàäà÷å.

ARTM ïîçâîëÿåò ñâîáîäíî:

ïîäáèðàòü êîìáèíàöèþ ðåãóëÿðèçàòîðîâ ïîä çàäà÷ó

ìåíÿòü êîýôôèöèåíòû ðåãóëÿðèçàöèè â õîäå èòåðàöèé

âêëþ÷àòü è îòêëþ÷àòü ðåãóëÿðèçàòîðû â õîäå èòåðàöèé

ñòàâèòü çàäà÷ó óïðàâëåíèÿ òðàåêòîðèåé ðåãóëÿðèçàöèè

îòêëþ÷àòü âñå ðåãóëÿðèçàòîðû â êîíöå èòåðàöèé,
÷òîáû ïîëó÷àòü íåñìåù¼ííûå îöåíêè ïàðàìåòðîâ

Vorontsov K.V. Rethinking probabilistic topic modeling from the point of view of
classical non-Bayesian regularization. 2023.
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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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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

K.Vorontsov, O.Frei, M.Apishev, P.Romov, M.Suvorova. BigARTM: open source
library for regularized multimodal topic modeling of large collections. 2015.
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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.

Ê.Â. Âîðîíöîâ (k.vorontsov@iai.msu.ru) Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ 41 / 68



Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ïîñòàíîâêà çàäà÷è
àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé
áèáëèîòåêà BigARTM è ïðèêëàäíûå çàäà÷è

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
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0.8

0.9

1.0
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k
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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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Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ïîñòàíîâêà çàäà÷è
àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé
áèáëèîòåêà BigARTM è ïðèêëàäíûå çàäà÷è

Ïîèñê è êëàññèôèêàöèÿ ýòíî-ðåëåâàíòíûõ òåì â ñîöñåòÿõ

Öåëü: âûÿâëåíèå êàê ìîæíî áîëüøåãî
÷èñëà òåì î íàöèîíàëüíîñòÿõ
è ìåæíàöèîíàëüíûõ îòíîøåíèÿõ
(çàòðàâêà � ñëîâàðü 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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Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ïîñòàíîâêà çàäà÷è
àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé
áèáëèîòåêà BigARTM è ïðèêëàäíûå çàäà÷è

Âûÿâëåíèå òðåíäîâ â êîëëåêöèè íàó÷íûõ ïóáëèêàöèé

Öåëü: ðàííåå îáíàðóæåíèå òðåíäîâûõ
òåì ñ íà÷àëüíûì ýêñïîíåíöèàëüíûì
ðîñòîì 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

N.Gerasimenko, A.Chernyavskiy, M.Nikiforova, M.Nikitin, K.Vorontsov. Incremental
topic modeling for scienti�c trend detection Doklady RAS, 2022.
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Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ïîñòàíîâêà çàäà÷è
àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé
áèáëèîòåêà BigARTM è ïðèêëàäíûå çàäà÷è

Âûäåëåíèå ïîëÿðèçîâàííûõ ìíåíèé â ïîëèòè÷åñêèõ íîâîñòÿõ

Öåëü: íàéòè ïðèçíàêè, ïî êîòîðûì
ñîáûòèéíàÿ òåìà ðàçäåëÿåòñÿ
íà êëàñòåðû-ìíåíèÿ

Ðåãóëÿðèçàòîðû:

L

(
PLSA

)
+R

(
interpretable

)
+R

(
multimodal

)
+R

(
n-gram

)
+R

(
syntax

)
→ max

Ðåçóëüòàòû:

âûäåëåíèå ìíåíèé âíóòðè òåì: F1-ìåðà = 0.86%
ñîâìåñòíîå èñïîëüçîâàíèå òð¼õ ìîäàëüíîñòåé:

SPO � ôàêòû êàê òðèïëåòû ¾ñóáúåêò�ïðåäèêàò�îáúåêò¿

FR � ñåìàíòè÷åñêèå ðîëè ñëîâ ïî Ôèëëìîðó

Sent � òîíàëüíîñòè èìåíîâàííûõ ñóùíîñòåé

D.Feldman, T.Sadekova, K.Vorontsov. Combining facts, semantic roles and sentiment
lexicon in a generative model for opinion mining. Dialogue 2020.
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Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ðåãóëÿðèçàöèÿ Å-øàãà
òåìàòè÷åñêàÿ ìîäåëü ëèíåéíîãî òåêñòà
òåìàòè÷åñêàÿ ìîäåëü ëîêàëüíûõ êîíòåêñòîâ

Ìîòèâàöèè. ×òî õîòèì îò PTMs ãëÿäÿ íà LLM (BERT, GPT)

âìåñòî ¾ìåøêà ñëîâ¿ � ïîñëåäîâàòåëüíîñòü w1, . . . ,wn

âìåñòî äîêóìåíòîâ � ëîêàëüíûå êîíòåêñòû ñëîâ

îïðåäåëÿòü òåìàòèêó ëþáîãî ôðàãìåíòà òåêñòà

áûñòðî íàõîäèòü ôðàãìåíòû, îòíîñÿùèåñÿ ê äàííîé òåìå

â òîì ÷èñëå ôðàçû äëÿ ñóììàðèçàöèè äîêóìåíòà èëè òåìû

ðàçäåëÿòü äîêóìåíò íà òåìàòè÷åñêè îäíîðîäíûå ñåãìåíòû

âèçóàëèçèðîâàòü òåìàòè÷åñêóþ ñòðóêòóðó äîêóìåíòà
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Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ðåãóëÿðèçàöèÿ Å-øàãà
òåìàòè÷åñêàÿ ìîäåëü ëèíåéíîãî òåêñòà
òåìàòè÷åñêàÿ ìîäåëü ëîêàëüíûõ êîíòåêñòîâ

Ñåãìåíòíàÿ ñòðóêòóðà òåêñòà è ïîñò-îáðàáîòêà Å-øàãà

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

Òåìàòèêà òåðìîâ â äîêóìåíòå p(t|d ,wi ) � ìàòðèöà T×nd :

123 ... ... nd
1

...

|T|

↓ ñåêöèîíèðîâàíèå è ðàçðåæèâàíèå ↓

↓ ñãëàæèâàíèå è êîíòðàñòèðîâàíèå ↓
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Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ðåãóëÿðèçàöèÿ Å-øàãà
òåìàòè÷åñêàÿ ìîäåëü ëèíåéíîãî òåêñòà
òåìàòè÷åñêàÿ ìîäåëü ëîêàëüíûõ êîíòåêñòîâ

Ðåãóëÿðèçàöèÿ Å-øàãà

Òð¼õìåðíàÿ ìàòðèöà Π =
(
ptdw = p(t|d ,w)

)
T×D×W

Ðåãóëÿðèçàòîð Å-øàãà: R̃(Φ,Θ) = R(Π(Φ,Θ),Φ,Θ):∑
d∈D

∑
w∈d

ndw ln
∑
t∈T

ϕwtθtd + R(Π(Φ,Θ),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
∂ptdw

−
∑
z∈T

pzdw
∂R
∂pzdw

))
(∗)

ϕwt = norm
w∈W

( ∑
d∈D

ndw p̃tdw + ϕwt
∂R
∂ϕwt

)
θtd = norm

t∈T

( ∑
w∈d

ndw p̃tdw + θtd
∂R
∂θtd

)
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Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ðåãóëÿðèçàöèÿ Å-øàãà
òåìàòè÷åñêàÿ ìîäåëü ëèíåéíîãî òåêñòà
òåìàòè÷åñêàÿ ìîäåëü ëîêàëüíûõ êîíòåêñòîâ

Íàáðîñîê äîêàçàòåëüñòâà: òðè øàãà

1. Äëÿ ôóíêöèè ptdw (Φ,Θ) = ϕwtθtd∑
z ϕwzθzd

è ëþáîãî z ∈ T

ϕwt
∂pzdw
∂ϕwt

= θtd
∂pzdw
∂θtd

= ptdw
(
[z= t]− pzdw

)
.

2. Ââåä¼ì âñïîìîãàòåëüíóþ ôóíêöèþ îò ïåðåìåííûõ Π,Φ,Θ:

Qtdw (Π,Φ,Θ) = ∂R(Π,Φ,Θ)
∂ptdw

−
∑
z∈T

pzdw
∂R(Π,Φ,Θ)

∂pzdw
.

Åñëè R(Π,Φ,Θ) íå çàâèñèò îò ptdw ïðè w /∈ d , òî

ϕwt
∂R̃

∂ϕwt
= ϕwt

∂R
∂ϕwt

+
∑
d∈D

ptdwQtdw ; θtd
∂R̃
∂θtd

= θtd
∂R
∂θtd

+
∑
w∈d

ptdwQtdw .

3. Ïîäñòàâëÿåì ýòî â ôîðìóëû Ì-øàãà:

ϕwt = norm
w∈W

( ∑
d∈D

ndwptdw +
∑
d∈D

Qtdwptdw + ϕwt
∂R

∂ϕwt

)
;

θtd = norm
t∈T

( ∑
w∈d

ndwptdw +
∑
w∈d

Qtdwptdw + θtd
∂R
∂θtd

)
.

■
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Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ðåãóëÿðèçàöèÿ Å-øàãà
òåìàòè÷åñêàÿ ìîäåëü ëèíåéíîãî òåêñòà
òåìàòè÷åñêàÿ ìîäåëü ëîêàëüíûõ êîíòåêñòîâ

Ëþáàÿ ïîñò-îáðàáîòêà Å-øàãà � ýòî ðåãóëÿðèçàòîð R(Π)

Èòàê, ïðîèçâîëüíîìó ãëàäêîìó ðåãóëÿðèçàòîðó R(Π,Φ,Θ)
îäíîçíà÷íî ñîîòâåòñòâóåò ïîñò-îáðàáîòêà ptdw → p̃tdw .

Âåðíî è îáðàòíîå:

Òåîðåìà. Åñëè íà k-é èòåðàöèè EM-àëãîðèòìà äëÿ êàæäîãî
(d ,w): ndw > 0 â ôîðìóëàõ Ì-øàãà âìåñòî âåêòîðà (pktdw )t∈T
ïîäñòàâèòü âåêòîð (p̃ktdw )t∈T , óäîâëåòâîðÿþùèé óñëîâèþ
íîðìèðîâêè

∑
t p̃

k
tdw = 1, òî ýòî ýêâèâàëåíòíî äîáàâëåíèþ

ðåãóëÿðèçàòîðà ñãëàæèâàíèÿ�ðàçðåæèâàíèÿ

R(Π) =
∑
d∈D

∑
w∈d

ndw
∑
t∈T

(p̃ktdw − pktdw ) ln ptdw .

p(t|d ,w) ìîæíî ïîäâåðãàòü ëþáîé ðàçóìíîé ïîñò-îáðàáîòêå!

Vorontsov K.V. Rethinking probabilistic topic modeling from the point of view of
classical non-Bayesian regularization. 2023.
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Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ðåãóëÿðèçàöèÿ Å-øàãà
òåìàòè÷åñêàÿ ìîäåëü ëèíåéíîãî òåêñòà
òåìàòè÷åñêàÿ ìîäåëü ëîêàëüíûõ êîíòåêñòîâ

Äîêàçàòåëüñòâî

Â ñèñòåìå (∗) äèôô. óðàâíåíèé îòíîñèòåëüíî R ââåä¼ì ïåðåìåííûå xtdw :

pk
tdw

∂R

∂ptdw︸ ︷︷ ︸
xtdw

= ndw (p̃
k
tdw − pk

tdw ) + pk
tdw

∑
z∈T

pk
zdw

∂R

∂pzdw︸ ︷︷ ︸
xzdw

, t ∈ T .

Äëÿ ëþáîé ïàðû (d ,w) òàêîé, ÷òî ndw > 0, ýòî ñèñòåìà
|T | ëèíåéíûõ óðàâíåíèé îòíîñèòåëüíî |T | ïåðåìåííûõ xtdw , t ∈ T .
Ïîäñòàíîâêîé óáåæäàåìñÿ, ÷òî xtdw = ndw (p̃

k
tdw − pk

tdw ) � ðåøåíèå ñèñòåìû.
Âçÿâ ýòî ðåøåíèå, ïîëó÷èì ñèñòåìó äèôô. óðàâíåíèé îòíîñèòåëüíî R:

∂R

∂ptdw
=

xtdw
ptdw

, d ∈ D, w ∈ d , t ∈ T .

Ñèñòåìà äåêîìïîçèðóåòñÿ ïî ïåðåìåííûì ptdw : êàæäîé òðîéêå (d ,w , t)
ñîîòâåòñòâóåò ÷àñòíîå ðåøåíèå R(Π) = xtdw ln ptdw + C . Îáùåå ðåøåíèå:

R(Π) =
∑
d∈D

∑
w∈d

∑
t∈T

xtdw ln ptdw + C .

Ïîäñòàâëÿÿ ñþäà íàéäåííîå ðåøåíèå xtdw , ïîëó÷àåì òðåáóåìîå. ■

Ê.Â. Âîðîíöîâ (k.vorontsov@iai.msu.ru) Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ 51 / 68



Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ðåãóëÿðèçàöèÿ Å-øàãà
òåìàòè÷åñêàÿ ìîäåëü ëèíåéíîãî òåêñòà
òåìàòè÷åñêàÿ ìîäåëü ëîêàëüíûõ êîíòåêñòîâ

Èäåÿ òåìàòèçàöèè òåêñòà çà îäèí ïðîõîä

Äàíî: s � ôðàãìåíò òåêñòà d , Φ � òåìàòè÷åñêàÿ ìîäåëü
Íàéòè: p(t|s) � òåìàòè÷åñêèé âåêòîð ôðàãìåíòà òåêñòà

Ïðîáëåìû:

êàê íå ïåðåîáó÷èòü âåêòîð p(t|s), åñëè òåêñò êîðîòêèé?

êàê ñîãëàñîâàòü p(t|s) ñ îáúåìëþùèì êîíòåêñòîì p(t|d)?
êàê ñîãëàñîâàòü p(t|s) ñ p(t|w) = ϕwt

p(t)
p(w) òåðìîâ w ∈ s?

Íàâîäÿùèå ñîîáðàæåíèÿ:

ïåðâàÿ èòåðàöèÿ ÅÌ-àëãîðèòìà ñ èíèöèàëèçàöèåé θ0td = 1
|T | :

θtd(Φ) = norm
t∈T

( ∑
w∈W

ndwptdw

)
=

∑
w∈d

ndw
nd

norm
t∈T

(
ϕwtθ

0
td

)
ôîðìóëà ïîëíîé âåðîÿòíîñòè + ãèïîòåçà óñë. íåçàâèñ.:

θtd(Φ) =
∑
w∈d

p(w |d) p(t|w��@@, d) =
∑
w∈d

ndw
nd

norm
t∈T

(
ϕwtpt

)
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Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ðåãóëÿðèçàöèÿ Å-øàãà
òåìàòè÷åñêàÿ ìîäåëü ëèíåéíîãî òåêñòà
òåìàòè÷åñêàÿ ìîäåëü ëîêàëüíûõ êîíòåêñòîâ

EM-àëãîðèòì äëÿ ARTM ñ ÿâíûì âûðàæåíèåì Θ ÷åðåç Φ

Ìàêñèìèçàöèÿ ëîãàðèôìà ïðàâäîïîäîáèÿ:∑
d ,w

ndw ln
∑
t∈T

ϕwtθtd(Φ) + R
(
Φ,Θ(Φ)

)
→ max

Φ

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

ptdw ≡ p(t|d ,w) = norm
t∈T

(
ϕwtθtd

)
; ntd =

∑
w∈d

ndwptdw + θtd
∂R

∂θtd

p′tdw = ptdw +
1

ndw

∑
s∈T

nsd
θsd

ϕwt
∂θsd
∂ϕwt

ϕwt = norm
w∈W

(∑
d∈D

ndwp
′
tdw + ϕwt

∂R

∂ϕwt

)

È.À.Èðõèí, Â.Ã.Áóëàòîâ, Ê.Â.Âîðîíöîâ. Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ
ìîäåëåé ñ áûñòðîé âåêòîðèçàöèåé òåêñòà. ÊèÌ, 2020.
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Äîêàçàòåëüñòâî (ïî Ëåììå î ìàêñèìèçàöèè íà ñèìïëåêñàõ)

Îïòèìèçàöèîííàÿ çàäà÷à M-øàãà îòíîñèòåëüíî Φ è Θ(Φ):

Q(Φ) =
∑
d∈D

∑
u∈W

∑
s∈T

ndupsdu ln
(
ϕusθsd(Φ)

)
+ R

(
Φ,Θ(Φ)

)
→ max

Φ

Ïðèìåíèì Ëåììó ê ðåãóëÿðèçîâàííîìó log-ïðàâäîïîäîáèþ Q:

ϕwt
∂Q

∂ϕwt
=

∑
d∈D

ndwptdw+
∑
d,s,u

ndupsdu
ϕwt

θsd

∂θsd
∂ϕwt

+ϕwt

∑
d,s

∂R

∂θsd

∂θsd
∂ϕwt

+ϕwt
∂R

∂ϕwt
=

=
∑
d∈D

ndw

(
ptdw +

1

ndw

∑
s∈T

ϕwt

θsd

(∑
u∈d

ndupsdu + θsd
∂R

∂θsd

)
︸ ︷︷ ︸

nsd

∂θsd
∂ϕwt

)
+ ϕwt

∂R

∂ϕwt
=

=
∑
d∈D

ndw

(
ptdw +

1

ndw

∑
s∈T

nsd
θsd

ϕwt
∂θsd
∂ϕwt

)
︸ ︷︷ ︸

p′
tdw

+ ϕwt
∂R

∂ϕwt
.

■

Ê.Â. Âîðîíöîâ (k.vorontsov@iai.msu.ru) Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ 54 / 68



Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
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ðåãóëÿðèçàöèÿ Å-øàãà
òåìàòè÷åñêàÿ ìîäåëü ëèíåéíîãî òåêñòà
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EM-àëãîðèòì äëÿ ARTM ñ ëèíåéíîé òåìàòèçàöèåé äîêóìåíòîâ

θtd(Φ) =
∑
w∈d

ndw
nd

norm
t∈T

(ϕwtpt) ⇒ ϕwt
∂θsd
∂ϕwt

=
ndw
nd

ϕ′tw
(
δst−ϕ′sw

)
EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

ϕ′tw ≡ p(t|w) = norm
t∈T

(
ϕwtnt

)
; θtd =

∑
w∈d

ndw
nd

ϕ′tw

ptdw ≡ p(t|d ,w) = norm
t∈T

(
ϕwtθtd

)
; nt =

∑
d∈D

∑
w∈d

ndwptdw

ntd =
∑
w∈d

ndwptdw + θtd
∂R

∂θtd

p′tdw = ptdw +
ϕ′tw
nd

(
ntd
θtd

−
∑
s∈T

ϕ′sw
nsd
θsd

)
ϕwt = norm

w∈W

(∑
d∈D

ndwp
′
tdw + ϕwt

∂R

∂ϕwt

)

E-øàã ïî-ïðåæíåìó çàíèìàåò O(nd |T |) îïåðàöèé äëÿ
êàæäîãî d
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Ýêñïåðèìåíò. Ïðîâåðêà ìîäèôèöèðîâàííîãî EM-àëãîðèòìà

Êîëëåêöèÿ NIPS, |T | = 50, ìîäåëè:

TARTM (Θless ARTM) � ìîäèôèöèðîâàííûé EM-àëãîðèòì

naive TARTM � îäíà èòåðàöèÿ îáû÷íîãî EM-àëãîðèòìà
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TARTM î÷èùàåò òåìû îò îáùåóïîòðåáèòåëüíûõ ñëîâ,

óëó÷øàåò ðàçðåæåííîñòü, ðàçëè÷íîñòü è êîãåðåíòíîñòü òåì

È.À.Èðõèí, Â.Ã.Áóëàòîâ, Ê.Â.Âîðîíöîâ. Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ
ìîäåëåé ñ áûñòðîé âåêòîðèçàöèåé òåêñòà, 2020.

https://github.com/ilirhin/python_artm
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Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ðåãóëÿðèçàöèÿ Å-øàãà
òåìàòè÷åñêàÿ ìîäåëü ëèíåéíîãî òåêñòà
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Óïðîùåíèå EM-àëãîðèòìà äëÿ ëèíåéíîé òåìàòèçàöèè

Íåò ðåãóëÿðèçàöèè ïî Θ, ñëåäîâàòåëüíî, ∂R
∂θtd

= 0

Çíà÷åíèå îòíîøåíèÿ ntd
θtd

≈ nd íå çàâèñèò îò t, ïîäñòàíîâêà

â ôîðìóëó Ì-øàãà ïðèâîäèò ê óïðîùåíèþ: p′tdw = ptdw

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

ϕ′tw = norm
t∈T

(
ϕwtnt

)
; θtd =

∑
w∈d

ndw
nd

ϕ′tw ;

ptdw = norm
t∈T

(
ϕwtθtd

)
; nt =

∑
d∈D

∑
w∈d

ndwptdw ;

ϕwt = norm
w∈W

(∑
d∈D

ndwptdw + ϕwt
∂R

∂ϕwt

)
.

Ýòî îáû÷íûé EM-àëãîðèòì, òîëüêî ñ îäíîïðîõîäíûì Å-øàãîì!

Vorontsov K. V. Rethinking probabilistic topic modeling from the point of view of
classical non-Bayesian regularization. 2023.
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Ëèíåéíàÿ òåìàòèçàöèÿ: îò äîêóìåíòà ê ëîêàëüíûì êîíòåêñòàì

Òåìàòèçàöèÿ äîêóìåíòà d = (w1, . . . ,wnd ) çà îäèí ïðîõîä:

θtd(Φ) ≡ p(t|d) = 1

nd

nd∑
i=1

p(t|wi ) =
1

nd

nd∑
i=1

ϕ′twi

Òåìàòèçàöèÿ ëîêàëüíîãî êîíòåêñòà Ci = (. . . ,wi , . . . ) òåðìà wi :

θti (Φ) ≡ p(t|Ci ) =
1

|Ci |
∑
u∈Ci

p(t|u) = 1

|Ci |
∑
u∈Ci

ϕ′tu

Òåìàòèçàöèÿ ëîêàëüíîãî êîíòåêñòà ñ ðàñïðåäåëåíèåì âåñîâ αui :

θti (Φ) ≡ p(t|Ci ) =
∑
u∈Ci

αuiϕ
′
tu,

∑
u∈Ci

αui = 1, αui ⩾ 0

Ëîêàëèçîâàííàÿ òåìàòè÷åñêàÿ ìîäåëü:

p(w |Ci ) =
∑
t∈T

p(w |t) p(t|Ci ) =
∑
t∈T

ϕwt
∑
u∈Ci

ϕ′tuαui
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ
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EM-àëãîðèòì ñ ëîêàëèçîâàííûì E-øàãîì

w1, . . . ,wn � ñêâîçíàÿ íóìåðàöèÿ òåðìîâ âî âñåé êîëëåêöèè
Ci � ëîêàëüíûé êîíòåêñò (îêðóæåíèå) òåðìà wi

αui � ðàñïðåäåëåíèå âåñîâ òåðìîâ u ∈ Ci îêîëî òåðìà wi

îòêàçàëèñü îò ãèïîòåçû ¾ìåøêà ñëîâ¿
îòêàçàëèñü îò ðàçáèåíèÿ êîëëåêöèè íà äîêóìåíòû

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

ϕ′tw ≡ p(t|w) = norm
t∈T

(
ϕwtpt

)
; θti ≡ p(t|Ci ) =

∑
u∈Ci

αuiϕ
′
tu;

pti ≡ p(t|Ci ,wi ) = norm
t∈T

(
ϕwi tθti

)
; pt ≡ p(t) =

1

n

n∑
i=1

pti ;

ϕwt = norm
w∈W

( n∑
i=1

[wi =w ]pti + ϕwt
∂R

∂ϕwt

)
.
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Áûñòðîå âû÷èñëåíèå äâóíàïðàâëåííûõ âåêòîðîâ êîíòåêñòà

Äâà ïðîõîäà ïî òåêñòó � ¾ñëåâà íàïðàâî¿ è ¾ñïðàâà íàëåâî¿
äëÿ âû÷èñëåíèÿ ýêñïîíåíöèàëüíûõ ñêîëüçÿùèõ ñðåäíèõ (ÝÑÑ):

�
p(t|i) = �

γ i p(t|wi ) + (1− �
γ i )

�
p(t|i−1), i = 1, . . . , n,

�
γ 1 = 1

�
p(t|i) = �

γ i p(t|wi ) + (1− �
γ i )

�
p(t|i+1), i = n, . . . , 1,

�
γ n = 1

ãäå
�
γ i ,

�
γ i � êîýôôèöèåíòû ñãëàæèâàíèÿ â ïîçèöèè i

Îñíîâíîå ñâîéñòâî: åñëè γi = γ, òî αwk i = γ(1− γ)|i−k|

Íåñêîëüêî ñîîáðàæåíèé, êàê ðàñïîðÿæàòüñÿ âûáîðîì
�
γ i ,

�
γ i :

γi ≈ 1
h , ãäå h � øèðèíà îêíà, ðàçìåð êîíòåêñòà

γi = 1, åñëè íàäî çàáûòü êîíòåêñò, ñìåíèòü äîêóìåíò

γi = 0, åñëè íàäî ïðîèãíîðèðîâàòü òåðì

γi ìîæíî óìíîæàòü íà îöåíêó âàæíîñòè òåðìà
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Èñïîëüçîâàíèå äâóíàïðàâëåííûõ âåêòîðîâ êîíòåêñòà

×åðåç äâóíàïðàâëåííûå òåìàòè÷åñêèå âåêòîðû îïðåäåëÿåòñÿ:
�
p(t|i) � òåìàòèêà ëåâîãî êîíòåêñòà òåðìà wi
�
p(t|i) � òåìàòèêà ïðàâîãî êîíòåêñòà òåðìà wi
1
2

(�
p(t|i) + �

p(t|i)
)
� òåìàòèêà äâóñòîðîííåãî êîíòåêñòà wi

p(t|i . . . j) = 1
2

(�
p(t|i) + �

p(t|j)
)
� òåìàòèêà ñåãìåíòà [i . . . j ]

�
p(t|i) ≈ �

p(t|j) � îäíîðîäíîñòü òåìàòèêè ñåãìåíòà [i . . . j ]

maxi
∥∥�
p(t|i)− �

p(t|i)
∥∥ � ãðàíèöà i ìåæäó ñåãìåíòàìè

ïðè ðàçëè÷íûõ γi � êîðîòêèå è äëèííûå êîíòåêñòû

Àíàëîãèÿ ñ ìîäåëÿìè ÿçûêà GCNN, Attention, Transformer
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Ñâ¼ðòî÷íàÿ íåéðîñåòü GCNN (Gated Convolutional Network)

Âõîäíûå âåêòîðû ñëîâ (ýìáåäèíãè)
X = (x1, . . . , xn) ∈ RT

òðàíñôîðìèðóþòñÿ â âåêòîðû ñëîâ,
çàâèñÿùèå îò êîíòåêñòîâ Ci :

H = (h1, . . . , hn) ∈ Rd

÷åðåç àäàìàðîâî ïðîèçâåäåíèå:
hi = ai ⊗ σ(bi ), ãäå

ai =
∑
u∈Ci

Wuxu � ñâ¼ðòêà-êîíòåêñò,

bi =
∑
u∈Ci

Vuxu � ñâ¼ðòêà-ôèëüòð,

Wu, Vu � ìàòðèöû ðàçìåðà d×T ,
ïàðàìåòðû ìîäåëè GCNN.

Yann N. Dauphin et al. Language modeling with gated convolutional networks, 2017.
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òåìàòè÷åñêàÿ ìîäåëü ëîêàëüíûõ êîíòåêñòîâ

Àíàëîãèÿ ëîêàëèçîâàííîãî Å-øàãà ñ ìîäåëüþ GCNN

Êîíòåêñòíûé òåìàòè÷åñêèé âåêòîð íà âûõîäå E-øàãà:

p(t|Ci ,wi ) ≡ pti = norm
t∈T

(
ϕwi tθti

)
= norm

t∈T

( ∑
u∈Ci

αuiϕ
′
tuϕwi t

)
Êîíòåêñòíûé âåêòîð íà âûõîäå ìîäåëè GCNN:

hi =
( ∑
u∈Ci

Wuxu
)
⊗ σ

( ∑
u∈Ci

Vuxu
)

Ñõîäñòâî:

âåêòîð òåðìà wi òðàíñôîðìèðóåòñÿ â êîíòåêñòíûé âåêòîð
ïóò¼ì óñðåäíåíèÿ âåêòîðîâ ϕ′u åãî êîíòåêñòà,
ñåìàíòè÷åñêè ñõîæèõ ñ âåêòîðîì òåðìà wi , ôèëüòðóåìûõ
àäàìàðîâûì óìíîæåíèåì íà íåîòðèöàòåëüíûé âåêòîð

Îòëè÷èÿ:

íåò îáó÷àåìûõ ìàòðèö Wu,Vu êàê ó ìîäåëè GCNN
âåêòîð-ôèëüòð ϕwi áåç óñðåäíåíèÿ ïî êîíòåêñòó Ci

ïðîåöèðîâàíèå èòîãîâîãî âåêòîðà íà åäèíè÷íûé ñèìïëåêñ
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ
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Ìîäåëü âíèìàíèÿ (self-attention) Query�Key�Value

Âõîäíûå âåêòîðû ñëîâ (ýìáåäèíãè)
X = (x1, . . . , xn) ∈ RT

òðàíñôîðìèðóþòñÿ â âåêòîðû ñëîâ,
çàâèñÿùèå îò êîíòåêñòîâ Ci :

H = (h1, . . . , hn) ∈ Rd

Ìîäåëü âíèìàíèÿ (self-attention):

hi =
∑
u∈Ci

Wvxu SoftMax
u∈Ci

⟨Wkxu,Wqxi ⟩

Wvxu � âåêòîð-çíà÷åíèå (value)
Wkxu � âåêòîð-êëþ÷ (key)
Wqxi � âåêòîð-çàïðîñ (query)

Wq,Wk ,Wv � ìàòðèöû ïàðàìåòðîâ

A.Vaswani et al. Attention is all you need. 2017.
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Àíàëîãèÿ ëîêàëèçîâàííîãî Å-øàãà ñ ìîäåëüþ ñàìî-âíèìàíèÿ

Êîíòåêñòíûé òåìàòè÷åñêèé âåêòîð íà âûõîäå E-øàãà:

p(t|Ci ,wi ) ≡ pti = norm
t∈T

(
ϕwi tθti

)
= norm

t∈T

( ∑
u∈Ci

ϕ′tuαuiϕwi t

)
Êîíòåêñòíûé âåêòîð íà âûõîäå ìîäåëè ñàìî-âíèìàíèÿ:

hi =
∑
u∈Ci

Wvxu αui =
∑
u∈Ci

Wvxu SoftMax
u∈Ci

⟨Wkxu,Wqxi ⟩

Ñõîäñòâî:

âåêòîð òåðìà wi òðàíñôîðìèðóåòñÿ â êîíòåêñòíûé âåêòîð
ïóò¼ì óñðåäíåíèÿ âåêòîðîâ ϕ′u èç êîíòåêñòà òåðìà wi ,
íàèáîëåå (ñåìàíòè÷åñêè) ñõîæèõ ñ âåêòîðîì òåðìà wi

Îòëè÷èÿ:

àäàìàðîâî óìíîæåíèå âåêòîðà ϕ′u íà âåêòîð-ôèëüòð ϕwi

íåò îáó÷àåìûõ ìàòðèö Wq,Wk ,Wv êàê ó ìîäåëè âíèìàíèÿ
ïðîåöèðîâàíèå èòîãîâîãî âåêòîðà íà åäèíè÷íûé ñèìïëåêñ
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ðåãóëÿðèçàöèÿ Å-øàãà
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òåìàòè÷åñêàÿ ìîäåëü ëîêàëüíûõ êîíòåêñòîâ

Àíàëîãèÿ ëîêàëèçîâàííîãî Å-øàãà ñ ìîäåëüþ òðàíñôîðìåðà

Îäèí ïðîõîä äîêóìåíòà àíàëîãè÷åí ìîäåëè âíèìàíèÿ:

� äëÿ êàæäîãî d ∈ D, äëÿ êàæäîé ïîçèöèè i = 1, . . . , nd
âû÷èñëÿþòñÿ 5 òåìàòè÷åñêèõ âåêòîðîâ, ñâÿçàííûõ ñ òåðìîì wi :

ϕ′twi
= normt(ϕwi tpt) � áåñêîíòåêñòíûé âåêòîð òåðìà p(t|wi )

�
p(t|i) =

�
θti ,

�
p(t|i) =

�
θti � âåêòîðû ëåâîãî è ïðàâîãî êîíòåêñòà

θti = β
�
θti + (1− β)

�
θti � âåêòîð äâóñòîðîííåãî êîíòåêñòà

pti = normt

(
ϕwi tθti

)
� êîíòåêñòíûé âåêòîð òåðìà p(t|Ci ,wi )

Íåñêîëüêî òàêèõ ïðîõîäîâ àíàëîãè÷íû òðàíñôîðìåðó:

êîíòåêñòíûé âåêòîð òåðìà pti = p(t|Ci ,wi ) ñ ïðåäûäóùåãî ïðîõîäà
èñïîëüçóåòñÿ âìåñòî åãî áåñêîíòåêñòíîãî âåêòîðà ϕ′twi

= p(t|wi )

L èòåðàöèé àíàëîãè÷íû L íåîáó÷àåìûì áëîêàì âíèìàíèÿ
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ðåãóëÿðèçàöèÿ Å-øàãà
òåìàòè÷åñêàÿ ìîäåëü ëèíåéíîãî òåêñòà
òåìàòè÷åñêàÿ ìîäåëü ëîêàëüíûõ êîíòåêñòîâ

Ïåðâûå ýêñïåðèìåíòû ñ ðåàëèçàöèåé Context-ARTM

Êîëëåêöèÿ ¾20 Newsgroups¿: |D| = 18846, |W | = 107672.

� óëó÷øèëàñü ïåðïëåêñèÿ, ðàçðåæåííîñòü Φ, ðàçëè÷íîñòü òåì

� âðåìÿ õóæå â íåñêîëüêî ðàç, ïðè ýòîì ðåàëèçàöèÿ CARTM
íà Python/JAX, òîãäà êàê ÿäðî BigARTM íà C++

Äüÿêîâ È.À. Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ äëÿ àíàëèçà ñâÿçíîãî òåêñòà.
ÂÊÐ áàêàëàâðà, ÂÌÊ ÌÃÓ, 2025.
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Íà ïóòè ê òåìàòè÷åñêîé ìîäåëè âíèìàíèÿ

ðåãóëÿðèçàöèÿ Å-øàãà
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Âûâîäû

Ëåììà î ìàêñèìèçàöèè íà åäèíè÷íûõ ñèìïëåêñàõ:
� ïîçâîëèëà ïåðåîñìûñëèòü è óïðîñòèòü òåîðèþ PTMs
� ïðèâîäèò ê ðàçðåæåííûì èíòåðïðåòèðóåìûì ìîäåëÿì
� èìååò ìíîãî ïîòåíöèàëüíûõ ïðèìåíåíèé, íî. . .
� âèäèìî, íå èçâåñòíà â ñîîáùåñòâàõ DS/AI/ML
� ìîãëà áû ïîñëóæèòü îñíîâîé äëÿ Neural Topic Models

Áîëüøå ñâîáîäû âûáîðà äëÿ ìîäåëèðîâàíèÿ:
� àääèòèâíàÿ ðåãóëÿðèçàöèÿ, òðàåêòîðèè ðåãóëÿðèçàöèè
� ìîäóëüíàÿ òåõíîëîãèÿ, ðåàëèçîâàííàÿ â BigARTM
� ìîäàëüíîñòè, òðàíçàêöèîííûå äàííûå, èåðàðõèè òåì
� ýâðèñòèêè ïîñò-îáðàáîòêè E-øàãà � òîæå ðåãóëÿðèçàöèÿ
� áîëüøàÿ âàðèàòèâíîñòü òåìàòè÷åñêèõ ìîäåëåé âíèìàíèÿ

Potapenko A.A., Vorontsov K.V. Robust PLSA performs better than LDA. ECIR-2013.
Vorontsov K.V. Additive regularization for topic models of text collections. 2014.
Vorontsov K.V. Rethinking probabilistic topic modeling from the point of view of
classical non-Bayesian regularization. 2023.
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