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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, j ∈ J;

ωij > 0, i ∈ Ij , j ∈ J.
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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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Íàïîìèíàíèå. Óñëîâèÿ Êàðóøà�Êóíà�Òàêêåðà

Çàäà÷à ìàòåìàòè÷åñêîãî ïðîãðàììèðîâàíèÿ:
f (x)→ min

x
;

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

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

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

òî ñóùåñòâóþò ìíîæèòåëè µi , i = 1, . . . ,m, λj , j = 1, . . . , k :

∂L

∂x
= 0, L (x ;µ, λ) = f (x) +

m∑
i=1

µigi (x) +
k∑

j=1
λjhj(x);

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

µi > 0; (äâîéñòâåííûå îãðàíè÷åíèÿ)

µigi (x) = 0; (óñëîâèå äîïîëíÿþùåé íåæ¼ñòêîñòè)
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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 ðîñò f )

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

Ïðèëîæåíèå 1: âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ïðèëîæåíèå 2: íåîòðèöàòåëüíûå ìàòðè÷íûå ðàçëîæåíèÿ

Ïðèëîæåíèå 3: íåéðîííûå ñåòè ñ íåîòðèöàòåëüíûìè âåñàìè

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 6 x ′ ⇒ a(x ,w) 6 a(x ′,w)

Êðèòåðèé: ìèíèìóì ýìïèðè÷åñêîãî ðèñêà ïðè çàøóìë¼ííûõ

äàííûõ (íå îáÿçàòåëüíî xi 6 xj ⇒ yi 6 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. 1 Jun 2023.

J.-R. Cano et al. Monotonic classi�cation: An overview on algorithms, performance
measures and data sets. Neurocomputing, 2019.
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Ìîíîòîííûå íåéðîííûå ñåòè
Îãðàíè÷åíèå íåîòðèöàòåëüíîñòè â ãëóáîêèõ ñåòÿõ
Íåîòðèöàòåëüíûå ìàòðè÷íûå ðàçëîæåíèÿ

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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Ìîíîòîííûå íåéðîííûå ñåòè
Îãðàíè÷åíèå íåîòðèöàòåëüíîñòè â ãëóáîêèõ ñåòÿõ
Íåîòðèöàòåëüíûå ìàòðè÷íûå ðàçëîæåíèÿ

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. 1 Jun 2023
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Îãðàíè÷åíèå íåîòðèöàòåëüíîñòè â ãëóáîêèõ ñåòÿõ
Íåîòðèöàòåëüíûå ìàòðè÷íûå ðàçëîæåíèÿ

Îãðàíè÷åííàÿ ìîíîòîííàÿ íåéðîííàÿ ñåòü (Constrained MNN)

Äâóõñëîéíàÿ ñåòü, èñïîëüçóþùàÿ òðè ôóíêöèè àêòèâàöèè

íà ñêðûòîì ñëîå: âûïóêëóþ, âîãíóòóþ è âûïóêëî-âîãíóòóþ

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

Êòî èç íèõ ëó÷øå? Âèäèìî, èõ åù¼ íå óñïåëè ñðàâíèòü.

D.Runje, S.M.Shankaranarayana. Constrained monotonic neural networks. 31 May 2023
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Íåîòðèöàòåëüíûå ìàòðè÷íûå ðàçëîæåíèÿ

Ãëóáîêèå íåéðîííûå ñåòè (Deep Neural Network, DNN)

Âû÷èñëåíèå ñåòè: x`+1 = σ(W `x`), ïî ñëîÿì ` = 1, 2, . . . , L

Äîñòàòî÷íûå óñëîâèÿ ìîíîòîííîñòè DNN:

� íåîòðèöàòåëüíîñòü êîýôôèöèåíòîâ W ` > 0
� ìîíîòîííîñòü ôóíêöèé àêòèâàöèè σ(z)

Åñëè ïðåäñêàçûâàòü ïîëîæèòåëüíûå çíà÷åíèÿ y(x) ïðè W ` > 0,
òî âåêòîðû x` âûó÷èâàþòñÿ äåòåêòèðîâàòü ÷àñòè îáúåêòà x ,
ïðè ýòîì è âåñà W `, è âåêòîðû x` ñòàíîâÿòñÿ ðàçðåæåííûìè

J.-R. Cano et al. Monotonic classi�cation: An overview on algorithms, performance
measures and data sets. Neurocomputing, 2019.
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Íåéðîííûå ñåòè ñ îãðàíè÷åíèÿìè íåîòðèöàòåëüíîñòè
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Ìîíîòîííûå íåéðîííûå ñåòè
Îãðàíè÷åíèå íåîòðèöàòåëüíîñòè â ãëóáîêèõ ñåòÿõ
Íåîòðèöàòåëüíûå ìàòðè÷íûå ðàçëîæåíèÿ

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

Èíòåðïðåòèðóåìîñòü è ðàçðåæåííîñòü âåñîâ W ` è âåêòîðîâ x`

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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Ìîíîòîííûå íåéðîííûå ñåòè
Îãðàíè÷åíèå íåîòðèöàòåëüíîñòè â ãëóáîêèõ ñåòÿõ
Íåîòðèöàòåëüíûå ìàòðè÷íûå ðàçëîæåíèÿ

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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Ìîíîòîííûå íåéðîííûå ñåòè
Îãðàíè÷åíèå íåîòðèöàòåëüíîñòè â ãëóáîêèõ ñåòÿõ
Íåîòðèöàòåëüíûå ìàòðè÷íûå ðàçëîæåíèÿ

Ïðîìåæóòî÷íûå èòîãè è íàïðàâëåíèÿ èññëåäîâàíèé

Íåîòðèöàòåëüíîñòü âåñîâ â íåéðîñåòåâûõ ìîäåëÿõ

ïðèâîäèò ê èíòåðïðåòèðóåìîñòè è ðàçðåæåííîñòè

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

Èëüÿ Äüÿêîâ, ñòóäåíò 2 êóðñà ÂÌÊ ÌÃÓ, ðåàëèçîâàë

â pyTorch ìóëüòèïëèêàòèâíûé øàã ñ íîðìèðîâêîé

Îòêðûòàÿ ïðîáëåìà: íàõîäèòü ïðèìåíåíèÿ ýòîé òåõíèêå,

ñðàâíèâàòü ñî state-of-the-art íà ðàçëè÷íûõ çàäà÷àõ
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

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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Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

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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Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

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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Íåéðîííûå ñåòè ñ îãðàíè÷åíèÿìè íåîòðèöàòåëüíîñòè

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

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 (ýìáåäèíãîâ):

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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Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Íåéðîííûå ñåòè ñ îãðàíè÷åíèÿìè íåîòðèöàòåëüíîñòè

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

Ïðèìåð. 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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Íåéðîííûå ñåòè ñ îãðàíè÷åíèÿìè íåîòðèöàòåëüíîñòè

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

Ïðèìåð. 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.

Ê.Â. Âîðîíöîâ (voron@mlsa-iai.ru) Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå 24 / 56



Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Íåéðîííûå ñåòè ñ îãðàíè÷åíèÿìè íåîòðèöàòåëüíîñòè

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

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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Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Íåéðîííûå ñåòè ñ îãðàíè÷åíèÿìè íåîòðèöàòåëüíîñòè

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

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.

Ê.Â. Âîðîíöîâ (voron@mlsa-iai.ru) Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå 26 / 56



Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Íåéðîííûå ñåòè ñ îãðàíè÷åíèÿìè íåîòðèöàòåëüíîñòè

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

Áàéåñîâñêàÿ è êëàññè÷åñêàÿ ðåãóëÿðèçàöèÿ

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)

Ω := arg max
Ω

Posterior(Ω|X , γ)

Ìàêñèìèçàöèÿ àïîñòåðèîðíîé âåðîÿòíîñòè (MAP)

äà¼ò òî÷å÷íóþ îöåíêó Ω íàïðÿìóþ, áåç âûâîäà Posterior:

Ω := arg max
Ω

(
ln p(X |Ω) + lnPrior(Ω|γ)

)
Ìíîãîêðèòåðèàëüíàÿ àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)

îáîáùàåò MAP íà ëþáûå ðåãóëÿðèçàòîðû è èõ êîìáèíàöèè:

Ω := arg max
Ω

(
ln p(X |Ω) +

∑
i=1

τiRi (Ω)
)
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

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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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

Äîêàçàòåëüñòâî (ïî ëåììå î ìàêñèìèçàöèè íà åä.ñèìïëåêñàõ)

Ïðèìåíèì ëåììó ê log-ïðàâäîïîäîáèþ ñ ðåãóëÿðèçàòîðîì:

f (Φ,Θ) =
∑
d ,w

ndw ln
∑
t∈T

φwtθtd + R(Φ,Θ)→ max
Φ,Θ

Äèôôåðåíöèðóÿ, âûäåëèì âñïîìîãàòåëüíóþ ïåðåìåííóþ ptdw :

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

)
.

�
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

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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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

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

Ê.Â. Âîðîíöîâ (voron@mlsa-iai.ru) Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå 31 / 56



Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Íåéðîííûå ñåòè ñ îãðàíè÷åíèÿìè íåîòðèöàòåëüíîñòè

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

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
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Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

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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Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

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.
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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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Òðàíçàêöèîííûå äàííûå â ðåêîìåíäàòåëüíûõ ñèñòåìàõ

U � êîíå÷íîå ìíîæåñòâî (ñëîâàðü) êëèåíòîâ (users)

I � êîíå÷íîå ìíîæåñòâî (ñëîâàðü) îáúåêòîâ (items)

A � ñëîâàðü àòðèáóòîâ êëèåíòîâ (ñîöäåì, ðåãèîí, õîááè...)

B � ñëîâàðü ñâîéñòâ îáúåêòîâ (ñëîâà â òåêñòîâûõ îáúåêòàõ)

C � ñëîâàðü ñèòóàòèâíûõ êîíòåêñòîâ

J � ñëîâàðü èíòåðâàëîâ âðåìåíè

Âîçìîæíûå âèäû äàííûõ:
nui � êëèåíò u âûáðàë îáúåêò i
nua � êëèåíò u èìååò àòðèáóò a
nib � îáúåêò i èìååò ñâîéñòâî b
nuv � êëèåíò u äîâåðÿåò êëèåíòó v
nuib � êëèåíò u îòìåòèë i òýãîì b
nuic � êëèåíò u âûáðàë i â êîíòåêñòå c
nuicj � u âûáðàë i â c â èíòåðâàëå j
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Îáó÷àåìàÿ âåêòîðèçàöèÿ äàííûõ � ãëîáàëüíûé òðåíä AI/ML

Foundation Models � ãîìîãåíèçàöèÿ âåêòîðíûõ ìîäåëåé

R.Bommasani et al. (Center for Research on Foundation Models, Stanford University)
On the opportunities and risks of foundation models // CoRR, 20 August 2021.
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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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Ðåãóëÿðèçàöèÿ Å-øàãà êàê ïîñòîáðàáîòêà ìàòðèö p(t|d ,w)

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

)
T×D×W∑

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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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

.

R̃(Φ,Θ) = R(Π(Φ,Θ),Φ,Θ) íå çàâèñèò îò ptdw ïðè w /∈ d , çíà÷èò

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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Ëþáàÿ ïîñò-îáðàáîòêà Å-øàãà ýêâèâàëåíòíà ðåãóëÿðèçàòîðó R(Π)

Èòàê, ïðîèçâîëüíîìó ãëàäêîìó ðåãóëÿðèçàòîðó R(Π,Φ,Θ)
îäíîçíà÷íî ñîîòâåòñòâóåò ïðåîáðàçîâàíèå 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 .

Îáùèé âûâîä: ïîñò-îáðàáîòêà Å-øàãà ïîçâîëÿåò ó÷èòûâàòü
ïîðÿäîê òåðìîâ â äîêóìåíòå â îáõîä ãèïîòåçû ¾ìåøêà ñëîâ¿.
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Îäíîïðîõîäíàÿ òåìàòèçàöèÿ òåêñòà

Äàíî: s � ôðàãìåíò òåêñòà, Φ � ãîòîâàÿ òåìàòè÷åñêàÿ ìîäåëü

Íàéòè: p(t|s) � òåìàòè÷åñêèé âåêòîð ôðàãìåíòà òåêñòà

Ïðîáëåìû:

åñëè òåêñò êîðîòêèé, òî p(t|s) ìîæåò ïåðåîáó÷àòüñÿ

òåêñò s ìîæåò áûòü âíóòðè áîëåå îáú¼ìíîãî (êîí)òåêñòà

p(t|s) íå ñîãëàñóåòñÿ ñ p(t|w) = φwt
p(t)
p(w) îòäåëüíûõ òåðìîâ

Íàâîäÿùèå ñîîáðàæåíèÿ:

ïåðâàÿ èòåðàöèÿ ÅÌ-àëãîðèòìà ñ èíèöèàëèçàöèåé θ0
td = 1

|T | :

θtd(Φ) = norm
t∈T

( ∑
w∈W

ndwptdw

)
=
∑
w∈d

ndw
nd

norm
t∈T

(φwtθ
0
td)

ôîðìóëà ïîëíîé âåðîÿòíîñòè:

θtd(Φ) =
∑
w∈d

p(w |d) p(t|w) =
∑
w∈d

ndw
nd

norm
t∈T

(
φwtpt

)
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EM-àëãîðèòì äëÿ ARTM áåç ìàòðèöû Θ

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 = 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 åä.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
.

�
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EM-àëãîðèòì äëÿ ëèíåéíîé òåìàòèçàöèè äîêóìåíòîâ

θtd(Φ) =
∑
w∈d

pwd norm
t∈T

(φwtpt) ⇒ φwt
∂θsd
∂φwt

= pwdφ
′
tw

(
δst − φ′sw

)
EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

φ′tw = norm
t∈T

(
φwtnt

)
; θtd =

∑
w∈d

pwdφ
′
tw ;

ptdw = 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.
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Óïðîùåíèå EM-àëãîðèòìà äëÿ ëèíåéíîé òåìàòèçàöèè

Íåò ðåãóëÿðèçàöèè ïî Θ, ñëåäîâàòåëüíî, ∂R
∂θtd

= 0
Ïîäñòàíîâêà íåñìåù¼ííûõ îöåíîê θtd = ntd

nd
, θsd = nsd

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

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

φ′tw ≡ p(t|w) = norm
t∈T

(
φwtnt

)
; θtd =

∑
w∈d

pwdφ
′
tw ;

ptdw ≡ p(t|d ,w) = 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!

ÎÃÎ! È ÒÀÊ ÌÎÆÍÎ ÁÛËÎ?!
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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|i) =
1

|Ci |
∑
u∈Ci

p(t|u) =
1

|Ci |
∑
u∈Ci

φ′tu

Òåìàòèçàöèÿ ëîêàëüíîãî êîíòåêñòà ñ ðàñïðåäåëåíèåì âåñîâ:

θti (Φ) ≡ p(t|i) =
∑
u∈Ci

φ′tuα(u|i),
∑
u∈Ci

α(u|i) = 1, α(u|i) > 0

Ëîêàëèçîâàííàÿ òåìàòè÷åñêàÿ ìîäåëü:

p(w |d , i) =
∑
t∈T

p(w |t) p(t|i) =
∑
t∈T

φwt
∑
u∈Ci

φ′tuα(u|i)
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EM-àëãîðèòì ñ ëîêàëèçîâàííûì E-øàãîì

w1, . . . ,wn � ñêâîçíàÿ íóìåðàöèÿ òåðìîâ âî âñåé êîëëåêöèè

Ci � ëîêàëüíûé êîíòåêñò (îêðóæåíèå) òåðìà wi

α(u|i) � ðàñïðåäåëåíèå âàæíîñòè òåðìîâ u ∈ Ci äëÿ òåðìà wi

íå íóæíà ãèïîòåçà ¾ìåøêà ñëîâ¿

íå íóæíî ðàçáèåíèå íà äîêóìåíòû

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

φ′tw ≡ p(t|w) = norm
t∈T

(
φwtnt

)
; θti =

∑
u∈Ci

φ′tuα(u|i);

pti ≡ p(t|Ci ,wi ) = norm
t∈T

(
φwi tθti

)
; nt =

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) = γi p(t|wi ) + (1−γi )

�
p(t|i−1), i = 1, . . . , n, γ1 = 1

�
p(t|i) = γi p(t|wi ) + (1−γi )

�
p(t|i+1), i = n, . . . , 1, γn = 1

ãäå γi � êîýôôèöèåíò ñãëàæèâàíèÿ â ïîçèöèè i

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

Íåñêîëüêî ñîîáðàæåíèé, êàê ðàñïîðÿæàòüñÿ âûáîðîì γi :

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

Ê.Â. Âîðîíöîâ (voron@mlsa-iai.ru) Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå 50 / 56



Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Íåéðîííûå ñåòè ñ îãðàíè÷åíèÿìè íåîòðèöàòåëüíîñòè
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Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

Èñïîëüçîâàíèå äâóíàïðàâëåííûõ âåêòîðîâ êîíòåêñòà

Äâóíàïðàâëåííûå òåìàòè÷åñêèå âåêòîðû îïðåäåëÿþò:
�
p(t|i) � òåìàòèêó ëåâîãî êîíòåêñòà òåðìà wi
�
p(t|i) � òåìàòèêó ïðàâîãî êîíòåêñòà òåðìà wi
1
2

(�
p(t|i) +

�
p(t|i)

)
� òåìàòèêó äâóñòîðîííåãî êîíòåêñòà wi

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

(�
p(t|i) +

�
p(t|j)

)
� òåìàòèêó ñåãìåíòà [i . . . j ]

òåìàòè÷åñêóþ îäíîðîäíîñòü ñåãìåíòà [i . . . j ]:
íàñêîëüêî ðàñïðåäåëåíèÿ

�
p(t|i) è �

p(t|j) ñõîæè
ïîçèöèè i ãðàíèö ìåæäó ñåãìåíòàìè:

íàñêîëüêî ðàñïðåäåëåíèÿ
�
p(t|i) è �

p(t|i) íå ñõîæè
êîðîòêèå è äëèííûå êîíòåêñòû ïðè ðàçëè÷íûõ γi
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Ìîäåëü âíèìàíèÿ Query�Key�Value

q � âåêòîð-çàïðîñ äëÿ òðàíñôîðìàöèè â âåêòîð êîíòåêñòà z
(k1, . . . , kn) � âåêòîðû-êëþ÷è, ÷òîáû ñðàâíèâàòü ñ q
(v1, . . . , vn) � âåêòîðû-çíà÷åíèÿ, ñîñòàâëÿþùèå êîíòåêñò

Ìîäåëü âíèìàíèÿ � ýòî âûïóêëàÿ êîìáèíàöèÿ âåêòîðîâ vu:

z =
∑
u
vu SoftMax

u
〈ku, q〉,

ãäå 〈ku, q〉 � îöåíêà ðåëåâàíòíîñòè êëþ÷à ku çàïðîñó q

Ìîäåëü âíóòðåííåãî âíèìàíèÿ (ñàìîâíèìàíèÿ, self-attention):

zi =
∑
u
Vxu SoftMax

u
〈Kxu,Qxi 〉

òðàíñôîðìèðóåò ïîñëåäîâàòåëüíîñòü âåêòîðîâ (x1, . . . , xn)
â âûõîäíóþ ïîñëåäîâàòåëüíîñòü âåêòîðîâ êîíòåêñòà (z1, . . . , zn)

Vaswani et al. Attention is all you need. 2017.
Dichao Hu. An Introductory Survey on Attention Mechanisms in NLP Problems. 2018.
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Îïòèìèçàöèÿ íà åäèíè÷íûõ ñèìïëåêñàõ
Íåéðîííûå ñåòè ñ îãðàíè÷åíèÿìè íåîòðèöàòåëüíîñòè

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

Ñðàâíåíèå ëîêàëèçîâàííîãî Å-øàãà ñ ìîäåëüþ self-attention

Òåìàòè÷åñêèé âåêòîð ëîêàëüíîãî êîíòåêñòà íà âûõîäå E-øàãà:

p(t|Ci ,wi ) ≡ pti = norm
t∈T

(
φwi tθti

)
= norm

t∈T

( ∑
u∈Ci

φ′tuφwi tα(u|i)
)

Âåêòîð êîíòåêñòà (ýìáåäèíã) íà âûõîäå ìîäåëè âíèìàíèÿ:

zi =
∑
u∈Ci

Vxu α(u|i) =
∑
u∈Ci

Vxu SoftMax
u∈Ci

〈Qxi ,Kxu〉.

Ñõîäñòâî:

âåêòîð òåðìà wi òðàíñôîðìèðóåòñÿ â âåêòîð åãî êîíòåêñòà

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 ïàðàìåòðîâ Q,K ,V êàê ó ìîäåëè âíèìàíèÿ;

ïðîåöèðîâàíèå èòîãîâîãî âåêòîðà íà åäèíè÷íûé ñèìïëåêñ.
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Íåéðîííûå ñåòè ñ îãðàíè÷åíèÿìè íåîòðèöàòåëüíîñòè

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

Ýâîëþöèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Neural Topic Models � ïîòîê ïóáëèêàöèé íà÷èíàÿ ñ 2016

Êàê ¾îáúåäèíèòü ëó÷øåå îò äâóõ ìèðîâ¿?

Neural: êà÷åñòâî, óíèâåðñàëüíîñòü, ãåíåðàòèâíîñòü

Topic: ñêîðîñòü, èíòåðïðåòèðóåìîñòü, ïðîñòîòà

×òî îáúåäèíÿåò: âåêòîðèçàöèÿ, îïòèìèçàöèÿ, ðåãóëÿðèçàöèÿ,
ãîìîãåíèçàöèÿ, ëîêàëèçàöèÿ (êîíòåêñò è âíèìàíèå)

Rob Churchill, Lisa Singh. The Evolution of Topic Modeling. November, 2022.
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

Ïðîìåæóòî÷íûå èòîãè è íàïðàâëåíèÿ èññëåäîâàíèé

Â âåðîÿòíîñòíîì òåìàòè÷åñêîì ìîäåëèðîâàíèè (PTM)

îòêàç îò áàéåñîâñêîé ðåãóëÿðèçàöèè â ïîëüçó îáû÷íîé

(êëàññè÷åñêîé, íå-áàéåñîâñêîé) ñèëüíî óïðîùàåò òåîðèþ

Òåïåðü PTM � ýòî òåîðèÿ îäíîé ëåììû

Îòêðûòàÿ ïðîáëåìà: ïîñòðîåíèå èíòåðïðåòèðóåìûõ
ìîäåëåé âíèìàíèÿ (÷òî-òî ñäåëàòü íåîòðèöàòåëüíûì?)

Îòêðûòàÿ ïðîáëåìà: îáúåäèíåíèå PTM è DeepNN

íå ïîâåðõíîñòíîå (ìîäåëè, àðõèòåêòóðû, ÷¼ðíûå ÿùèêè)

à êîíöåïòóàëüíîå (ìàòåìàòèêà èòåðàöèîííûõ ïðîöåññîâ)

Vorontsov K. V. Rethinking Probabilistic Topic Modeling from the Point of View
of Classical Non-Bayesian Regularization. 2023 (ïðèíÿòî ê ïóáëèêàöèè)

Rob Churchill, Lisa Singh. The Evolution of Topic Modeling. November, 2022

He Zhao, Dinh Phung , Viet Huynh , Yuan Jin , Lan Du , Wray Buntine. Topic
Modelling Meets Deep Neural Networks: A Survey. 2021
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Ðåãóëÿðèçàòîðû è ìîäàëüíîñòè
Ãèïåðãðàôîâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ
Òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ

Îòêðûòûå ïðîáëåìû èëè ÷åì çàíÿòüñÿ íà äîñóãå

Óïðîñòèòü ÷åòâ¼ðòîå óñëîâèå â òåîðåìå ñõîäèìîñòè

(îíî ïðåäñòàâëÿåòñÿ èçáûòî÷íûì)

Îöåíèòü ñêîðîñòü ñõîäèìîñòè â ¾îñíîâíîé ëåììå¿

Íàõîäèòü ïðèìåíåíèÿ ýòîé òåõíèêå (ðåàëèçîâàíà pyTorch),

ñðàâíèâàòü ñî state-of-the-art íà ðàçëè÷íûõ çàäà÷àõ

Ðàçðàáîòêà èíòåðïðåòèðóåìûõ ìîäåëåé âíèìàíèÿ

(÷òî-òî ñäåëàòü íåîòðèöàòåëüíûì?)

Îáúåäèíåíèå òåìàòè÷åñêèõ ìîäåëåé è ãëóáîêèõ ñåòåé

íå ïîâåðõíîñòíîå (ìîäåëè, àðõèòåêòóðû, ÷¼ðíûå ÿùèêè)

à êîíöåïòóàëüíîå (ìàòåìàòèêà èòåðàöèîííûõ ïðîöåññîâ)

Vorontsov K. V. Rethinking Probabilistic Topic Modeling from the Point of View
of Classical Non-Bayesian Regularization. 2023 (ïðèíÿòî ê ïóáëèêàöèè)

Âîðîíöîâ Ê.Â. Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå: òåîðèÿ
ðåãóëÿðèçàöèè ARTM è áèáëèîòåêà ñ îòêðûòûì êîäîì BigARTM. 2023?
(ïðèíÿòî ê ïóáëèêàöèè â èçäàòåëüñòâå ÓÐÑÑ)
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