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Àíñàìáëèðîâàíèå ïðåäñêàçàòåëüíûõ ìîäåëåé

X ℓ = (xi , yi )
ℓ
i=1 ⊂ X × Y � îáó÷àþùàÿ âûáîðêà, yi = y∗(xi)

at : X → Y , t = 1, . . . ,T � îáó÷àåìûå áàçîâûå àëãîðèòìû

Èäåÿ àíñàìáëèðîâàíèÿ (Þ.È.Æóðàâë¼â): êàê èç ìíîæåñòâà

ïî îòäåëüíîñòè ïëîõèõ àëãîðèòìîâ at ïîñòðîèòü îäèí õîðîøèé?

Äåêîìïîçèöèÿ áàçîâûõ àëãîðèòìîâ at(x) = C (bt(x))

at : X
bt
−→ R

C
−→ Y , ãäå R � óäîáíîå ïðîñòðàíñòâî îöåíîê,

bt � áàçîâûå àëãîðèòìè÷åñêèå îïåðàòîðû,

C � ðåøàþùåå ïðàâèëî ïðîñòîãî âèäà

Àíñàìáëü (êîìïîçèöèÿ) áàçîâûõ àëãîðèòìîâ a1, . . . , aT ,
F : RT → R � êîððåêòèðóþùàÿ (àãðåãèðóþùàÿ) îïåðàöèÿ

a(x) = C
(
F (b1(x), . . . , bT (x))

)
,

Þ.È.Æóðàâë¼â. Îá àëãåáðàè÷åñêîì ïîäõîäå ê ðåøåíèþ çàäà÷ ðàñïîçíàâàíèÿ èëè

êëàññè�èêàöèè. Ïðîáëåìû êèáåðíåòèêè, 1978.
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Îáó÷åíèå ïðåäñêàçàòåëüíûõ ìîäåëåé è èõ àíñàìáëåé

L (b, xi ) � �óíêöèÿ ïîòåðü ìîäåëè b(x , ω) íà îáúåêòå xi
Ìèíèìèçàöèÿ ýìïèðè÷åñêîãî ðèñêà äëÿ áàçîâûõ àëãîðèòìîâ:

ℓ∑

i=1
L

(
bt(xi , ω), yi

)
→ min

ω

Ìèíèìèçàöèÿ ýìïèðè÷åñêîãî ðèñêà äëÿ àíñàìáëÿ

â ïðîñòðàíñòâå ïàðàìåòðîâ Ω = (ω1, . . . , ωT , ωF ):

ℓ∑

i=1

L

(

F
(
b1(xi , ω1), . . . , bT (xi , ωT ), ωF

)
, yi

)

→ min
Ω

Þ.È.Æóðàâë¼â. Êîððåêòíûå àëãåáðû íàä ìíîæåñòâàìè íåêîððåêòíûõ

(ýâðèñòè÷åñêèõ) àëãîðèòìîâ (I, II, III). Êèáåðíåòèêà, Êèåâ, 1977�1978.

M.Kearns, L.G.Valiant. Cryptographi limitations on learning Boolean formulae and

�nite automata. 1989.

Y.Freund, R.E.Shapire. A deision-theoreti generalization of on-line learning and an

appliation to boosting. 1995.

Ê.Â.�óäàêîâ, Ê.Â.Âîðîíöîâ. Î ìåòîäàõ îïòèìèçàöèè è ìîíîòîííîé êîððåêöèè

â àëãåáðàè÷åñêîì ïîäõîäå ê ïðîáëåìå ðàñïîçíàâàíèÿ. Äîêëàäû �ÀÍ, 1999.
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Ôèëîñî�èÿ àíñàìáëèðîâàíèÿ

Àíñàìáëèðîâàòü ìîæíî òîëüêî íå÷òî ãîìîãåííîå.

1

Äåêîìïîçèöèÿ � ðàçäåëåíèå ìîäåëè àëãîðèòìà at
íà àëãîðèòìè÷åñêèé îïåðàòîð bt è ðåøàþùåå ïðàâèëî C :

at = C ◦ bt

2

�îìîãåíèçàöèÿ � ðàçíîðîäíûå ìîäåëè èìåþò

îáùåå ïðîñòðàíñòâî îöåíîê R è îáùóþ ñòðóêòóðó

àëãîðèòìè÷åñêîãî îïåðàòîðà bt êàê îòîáðàæåíèÿ

bt : X → R

3

Àíñàìáëèðîâàíèå � ñîâìåñòíîå îáó÷åíèå áàçîâûõ

àëãîðèòìè÷åñêèõ îïåðàòîðîâ äëÿ ðåøåíèÿ îáùåé çàäà÷è:

a = C ◦ F (b1, . . . , bT )
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�ëóáîêèå ñâ¼ðòî÷íûå ñåòè äëÿ êëàññè�èêàöèè èçîáðàæåíèé

Ñòàðò â 2009 ×åëîâå÷åñêèé óðîâåíü îøèáîê 5% ïðîéäåí â 2015

Ñâ¼ðòî÷íûå

íåéðîííûå ñåòè

AlexNet (2012)

ResNet (2015)

Li Fei-Fei et al. ImageNet: A large-sale hierarhial image database. 2009.

Li Fei-Fei et al. Constrution and analysis of a large sale image ontology. 2009.

Krizhevsky A., Sutskever I., Hinton G. ImageNet lassi�ation with deep onvolutional

neural networks. 2012.
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Ýâîëþöèÿ ïîäõîäîâ ìàøèííîãî îáó÷åíèÿ â àíàëèçå òåêñòîâ

Äåêîìïîçèöèÿ çàäà÷ ïî óðîâíÿì ïèðàìèäû NLP

ìîð�îëîãè÷åñêèé àíàëèç, ëåììàòèçàöèÿ, îïå÷àòêè

ñèíòàêñè÷åñêèé àíàëèç, âûäåëåíèå òåðìèíîâ, NER

ñåìàíòè÷åñêèé àíàëèç, âûäåëåíèå �àêòîâ, òåì

Ìîäåëè âåêòîðíûõ ïðåäñòàâëåíèé (ýìáåäèíãîâ)

ñëîâ íà îñíîâå ìàòðè÷íûõ ðàçëîæåíèé

ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè:

word2ve [Mikolov, 2013℄, FastText [Bojanowski, 2016℄

òåìàòè÷åñêèå ìîäåëè LDA [Blei, 2003℄, ARTM [2014℄

Íåéðîñåòåâûå ìîäåëè ëîêàëüíûõ êîíòåêñòîâ

ðåêóððåíòíûå íåéðîííûå ñåòè

ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû:

BERT [2018℄, GPT-3 [2020℄ è äð.
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Ìîäåëè âíèìàíèÿ äëÿ ìàøèííîãî ïåðåâîäà

Âõîä: {xi} � ïîñëåäîâàòåëüíîñòü ñëîâ âõîäíîãî ÿçûêà

Âûõîä: {yt} � ïîñëåäîâàòåëüíîñòü ñëîâ âûõîäíîãî ÿçûêà

Èíòåðïðåòàöèÿ: ìàòðèöà ait ïîêàçûâàåò, íà êàêèå ñëîâà xi
ìîäåëü îáðàùàåò âíèìàíèå, ãåíåðèðóÿ ñëîâî ïåðåâîäà yt

Bahdanau et al. Neural mahine translation by jointly learning to align and translate. 2015.

Vaswani et al. Attention is all you need. 2017.

Dihao Hu. An Introdutory Survey on Attention Mehanisms in NLP Problems. 2018.
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Ìîäåëè âíèìàíèÿ äëÿ àííîòèðîâàíèÿ èçîáðàæåíèé

Ïîäñâå÷åíû îáëàñòè, íà êîòîðûå ìîäåëü îáðàùàåò âíèìàíèå,

êîãäà ãåíåðèðóåò ïîä÷¼ðêíóòîå ñëîâî â àííîòàöèè èçîáðàæåíèÿ

Kelvin Xu et al. Show, attend and tell: neural image aption generation with visual

attention. 2016
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Ïðåäîáó÷åíèå (pre-training), ïåðåíîñ îáó÷åíèÿ (transfer learning)

Îáó÷åíèå ìîäåëè âåêòîðèçàöèè z = f (x , α) íà âûáîðêå {xi}
ℓ
i=1:

ℓ∑

i=1

Li

(
g(f (xi , α), β)

)
→ min

α,β

Îáó÷åíèå öåëåâîé ìîäåëè y = g(z , β) íà ìàëûõ äàííûõ:

m∑

i=1

L
′
i

(
g ′(f (x ′i , α), β

′)
)

→ min
β′

Sinno Jialin Pan, Qiang Yang. A Survey on Transfer Learning. 2009

J.Yosinski et al. How transferable are features in deep neural networks? 2014.
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Ñàìîñòîÿòåëüíîå îáó÷åíèå (self-supervised learning)

Ìîäåëü âåêòîðèçàöèè z = f (x , α) îáó÷àåòñÿ ïðåäñêàçûâàòü

âçàèìíîå ðàñïîëîæåíèå ïàð �ðàãìåíòîâ îäíîãî èçîáðàæåíèÿ

Ïðåèìóùåñòâî: ñåòü âûó÷èâàåò âåêòîðíûå ïðåäñòàâëåíèÿ

îáúåêòîâ áåç ðàçìå÷åííîé îáó÷àþùåé âûáîðêè (áåç ImageNet).
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Ìíîãîçàäà÷íîå îáó÷åíèå (multi-task learning)

z = f (x , α) � âåêòîðèçàöèÿ, óíèâåðñàëüíàÿ äëÿ âñåõ ìîäåëåé

yt = gt(z , β) � ñïåöè�è÷íàÿ ÷àñòü ìîäåëè äëÿ çàäà÷è t ∈ T

Îäíîâðåìåííîå îáó÷åíèå ìîäåëè f ïî âûáîðêàì X t
, t ∈ T :

∑

t∈T

∑

i∈X t

Lti

(
gt(f (xti , α), βt)

)
→ min

α,{βt}

Îáó÷àåìîñòü (learnability): êà÷åñòâî ðåøåíèÿ îòäåëüíîé çàäà÷è

〈X t ,Lt , gt〉 óëó÷øàåòñÿ ñ ðîñòîì îáú¼ìà âûáîðêè ℓt = |X t |.

Learning to learn: êà÷åñòâî ðåøåíèÿ êàæäîé èç çàäà÷ t ∈ T

óëó÷øàåòñÿ ñ ðîñòîì êàê ℓt , òàê è îáùåãî ÷èñëà çàäà÷ |T |.

Few-shot learning: äëÿ ðåøåíèÿ íîâîé çàäà÷è t äîñòàòî÷íî

íåáîëüøîãî ÷èñëà ïðèìåðîâ, èíîãäà äàæå îäíîãî.

M.Crawshaw. Multi-task learning with deep neural networks: a survey. 2020

Y.Wang et al. Generalizing from a few examples: a survey on few-shot learning. 2020
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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àíñàìáëèðîâàíèå ïðåäñêàçàòåëüíûõ ìîäåëåé

Âåêòîðíûå ïðåäñòàâëåíèÿ èçîáðàæåíèé è òåêñòà

Ìíîãîçàäà÷íîå îáó÷åíèå

Ôèëîñî�èÿ ìíîãîçàäà÷íîãî îáó÷åíèÿ

1

Äåêîìïîçèöèÿ � ðàçäåëåíèå ìîäåëåé yt : X → Yt

íà âåêòîðèçàòîð z = f (x , α) è ïðåäèêòîð yt = gt(z , β):

yt(x) = gt(f (x , α), βt )

2

�îìîãåíèçàöèÿ � ðàçíîðîäíûå ìîäåëè èìåþò îáùèé

âåêòîðèçàòîð z = f (x , α) è îáùåå âåêòîðíîå ïðîñòðàíñòâî

ïðåäñòàâëåíèé (ýìáåäèíãîâ) Z :

f : X → Z

3

Àíñàìáëèðîâàíèå � ñîâìåñòíîå îáó÷åíèå îáùåãî

âåêòîðèçàòîðà äëÿ ðåøåíèÿ ðàçíîðîäíûõ çàäà÷:

∑

t∈T

∑

i∈X t

Lti

(
gt(f (xti , α), βt )

)
→ min

α,{βt}
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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àíñàìáëèðîâàíèå ïðåäñêàçàòåëüíûõ ìîäåëåé

Âåêòîðíûå ïðåäñòàâëåíèÿ èçîáðàæåíèé è òåêñòà

Ìíîãîçàäà÷íîå îáó÷åíèå

Àâòîêîäèðîâùèêè � âåêòîðèçàòîðû, îáó÷àåìûå áåç ó÷èòåëÿ

Äàíî: îáó÷àþùàÿ âûáîðêà îáúåêòîâ {xi}
ℓ
i=1

Íàéòè: z = f (x , α) � ìîäåëü êîäèðîâùèêà (enoder)

x̂=g(z , β) � ìîäåëü äåêîäèðîâùèêà (deoder)

Êðèòåðèé: êà÷åñòâî ðåêîíñòðóêöèè èñõîäíûõ îáúåêòîâ

ℓ∑

i=1

L
(
g(f (xi , α), β), xi

)
→ min

α,β

Êâàäðàòè÷íàÿ �óíêöèÿ ïîòåðü: L (x̂ , x) = ‖x̂ − x‖2

Ïðèìåð 1. Ëèíåéíûé àâòîêîäèðîâùèê: x ∈ R
n
, z ∈ R

m

f (x ,A) = A
m×n

x , g(z ,B) = B
n×m

z

Ïðèìåð 2. Äâóõñëîéíàÿ ñåòü ñ �óíêöèÿìè àêòèâàöèè σf , σg :

f (x ,A) = σf (Ax + a), g(z ,B) = σg (Bz + b)
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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àíñàìáëèðîâàíèå ïðåäñêàçàòåëüíûõ ìîäåëåé

Âåêòîðíûå ïðåäñòàâëåíèÿ èçîáðàæåíèé è òåêñòà

Ìíîãîçàäà÷íîå îáó÷åíèå

Àâòîêîäèðîâùèêè äëÿ âåêòîðèçàöèè è îáó÷åíèÿ ñ ó÷èòåëåì

Äàííûå: ðàçìå÷åííûå (xi , yi )
k
i=1, íåðàçìå÷åííûå (xi )

ℓ
i=k+1

Íàéòè:

zi = f (xi , α) � êîäèðîâùèê

x̂i = g(zi , β) � äåêîäèðîâùèê

ŷi = ŷ(zi , γ) � ïðåäèêòîð

Ôóíêöèè ïîòåðü:

L (x̂i , xi ) � ðåêîíñòðóêöèÿ

L̃ (ŷi , yi ) � ïðåäñêàçàíèå

Êðèòåðèé: ñîâìåñòíîå îáó÷åíèå àâòîêîäèðîâùèêà è

ïðåäñêàçàòåëüíîé ìîäåëè (êëàññè�èêàöèè, ðåãðåññèè èëè äð.):

ℓ∑

i=1

L
(
g(f (xi , α), β), xi

)
+ λ

k∑

i=1

L̃ (ŷ(f (xi , α), γ), yi ) → min
α,β,γ

Dor Bank, Noam Koenigstein, Raja Giryes. Autoenoders. 2020
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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Äåáàéåñèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ

Çàäà÷à òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Äàíî: êîëëåêöèÿ òåêñòîâûõ äîêóìåíòîâ

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

D � êîíå÷íîå ìíîæåñòâî äîêóìåíòîâ

ndw � ÷àñòîòà òåðìà w â äîêóìåíòå d

Íàéòè: âåðîÿòíîñòíóþ òåìàòè÷åñêóþ ìîäåëü

p(w |d) =
∑

t∈T

p(w |��❅❅d , t) p(t|d) =
∑

t∈T

φwtθtd

ãäå φwt=p(w |t), θtd =p(t|d) � ïàðàìåòðû ìîäåëè

Êðèòåðèé: ìàêñèìóì ëîãàðè�ìà ïðàâäîïîäîáèÿ

ln
∏

d,w

p(w |d)ndw =
∑

d∈D

∑

w∈d

ndw ln
∑

t∈T

φwtθtd → max
Φ,Θ

ïðè îãðàíè÷åíèÿõ φwt > 0,
∑

w φwt = 1, θtd > 0,
∑

t θtd = 1

Hofmann T. Probabilisti Latent Semanti Indexing. ACM SIGIR, 1999.
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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Äåáàéåñèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ

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:

∑

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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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Äåáàéåñèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ

ARTM: àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ìàêñèìèçàöèÿ log ïðàâäîïîäîáèÿ ñ ðåãóëÿðèçàòîðîì R :
∑

d,w

ndw ln
∑

t∈T

φwtθtd + R(Φ,Θ) → max
Φ,Θ

; R(Φ,Θ) =
∑

k

τkRk(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

ãäå norm
t∈T

(xt) =
max{xt ,0}∑

s∈T

max{xs ,0}
� îïåðàöèÿ íîðìèðîâàíèÿ âåêòîðà.

Âîðîíöîâ Ê. Â. Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé êîëëåêöèé

òåêñòîâûõ äîêóìåíòîâ. Äîêëàäû �ÀÍ, 2014.
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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Äåáàéåñèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ

Çàäà÷à ìàêñèìèçàöèè �óíêöèè 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 �óíêöèè 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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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Äåáàéåñèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ

Òåîðåìà î ìàêñèìèçàöèè íà åäèíè÷íûõ ñèìïëåêñàõ

Îïåðàöèÿ íîðìèðîâêè âåêòîðà: pi = norm
i∈I

(xi ) =
max(xi , 0)

∑

k max(xk , 0)

Òåîðåìà (íåîáõîäèìûå óñëîâèÿ ýêñòðåìóìà)

Ïóñòü f (Ω) íåïðåðûâíî äè��åðåíöèðóåìà ïî Ω.
Åñëè ωj � âåêòîð ëîêàëüíîãî ýêñòðåìóìà çàäà÷è f (Ω) → max
è ∃i : ωij

∂f
∂ωij

> 0, òî ωj óäîâëåòâîðÿåò ñèñòåìå óðàâíåíèé

ωij = norm
i∈Ij

(

ωij
∂f

∂ωij

)

.

×èñëåííîå ðåøåíèå ñèñòåìû � ìåòîäîì ïðîñòûõ èòåðàöèé

Èòåðàöèè ïîõîæè íà ãðàäèåíòíóþ îïòèìèçàöèþ, íî

ó÷èòûâàþò îãðàíè÷åíèÿ è íå òðåáóþò ïîäáîðà øàãà η:

ωij := ωij + η
∂f

∂ωij
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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Äåáàéåñèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ

Äîêàçàòåëüñòâî òåîðåìû 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.

Óìíîæèì îáå ÷àñòè ïåðâîãî ðàâåíñòâà íà ωij :

Aij ≡ ωij
∂f (Ω)
∂ωij

= ωijλj .

Ñîãëàñíî óñëîâèþ òåîðåìû ∃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).

�

Êîíñòàíòèí Âîðîíöîâ (voron�mlsa-iai.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 21 / 35



Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Äåáàéåñèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ

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

äè��åðåíöèðóåìàÿ �óíêöèÿ, 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)

Òîãäà f (Ωt+1) > f (Ωt) è
∣
∣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 �ÀÍ. 2020.
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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Äåáàéåñèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ

Áàéåñîâñêîå îáó÷åíèå � îñíîâíîé ïîäõîä â Topi Modeling

X = (di ,wi )
n
i=1 � íàáëþäàåìûå ïåðåìåííûå, êîëëåêöèÿ äëèíû n

Z = (ti )
n
i=1 � ñêðûòûå ïåðåìåííûå

Ω = (Φ,Θ) � èñêîìûå ïàðàìåòðû ìîäåëè

γ = (β, α) � ãèïåðïàðàìåòðû àïðèîðíûõ ðàñïðåäåëåíèé

Çàäà÷à áàéåñîâñêîãî âûâîäà � ïîëó÷èòü íå Ω, à p(Ω|X , γ)

Âàðèàöèîííûé áàéåñîâñêèé âûâîä:

âûâåñòè p(Z ,Ω|X , γ) ∝ p(X ,Z |Ω, γ) p(Ω|γ)

Ñýìïëèðîâàíèå �èááñà:

âûâåñòè p(Z |X , γ)

ñýìïëèðîâàòü Z ∼ p(Z |X , γ)

âûâåñòè p(Ω|X ,Z , γ) ∝ p(X ,Z |Ω, γ) p(Ω|γ)

Blei D., Ng A., Jordan M. Latent Dirihlet Alloation. JMLR, 2003.
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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Äåáàéåñèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ

Îáùèé âçãëÿä íà áàéåñîâñêîå îáó÷åíèå, MAP è ARTM

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

Posterior(Ω|X , γ) ∝ p(X |Ω)Prior(Ω|γ)

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)

︸ ︷︷ ︸

R(Ω)

)

Ìíîãîêðèòåðèàëüíàÿ àääèòèâíàÿ ðåãóëÿðèçàöèÿ (ARTM)

îáîáùàåò MAP íà ëþáûå ðåãóëÿðèçàòîðû è èõ êîìáèíàöèè:

Ω := argmax
Ω

(
ln p(X |Ω) +

∑

k

λkRk(Ω)
)
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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Äåáàéåñèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ

Äåáàéåñèçàöèÿ è êîìáèíèðîâàíèå òåìàòè÷åñêèõ ìîäåëåé

¾Ïðåäñòàâëÿåòñÿ âàæíîé çàäà÷à îñâîáîæäåíèÿ âñþäó, ãäå

ýòî âîçìîæíî, îò èçëèøíèõ âåðîÿòíîñòíûõ äîïóùåíèé¿

(À. Í. Êîëìîãîðîâ, 1987)

Â ðåçóëüòàòå äåáàéåñèçàöèè â òåìàòè÷åñêîì ìîäåëèðîâàíèè

òåðÿåòñÿ:

� âîçìîæíîñòü îöåíèâàíèÿ àïîñòåðèîðíûõ ðàñïðåäåëåíèé

(êîòîðàÿ ïðàêòè÷åñêè íèêîãäà è íå èñïîëüçîâàëàñü)

ïðèîáðåòàåòñÿ:

� áîëåå îáùåå äîêàçàòåëüñòâî ñõîäèìîñòè

� áîëåå óäîáíàÿ �îðìàëèçàöèÿ øèðîêîãî êëàññà ìîäåëåé

� âîçìîæíîñòü êîìáèíèðîâàíèÿ ìîäåëåé (ARTM)

� âîçìîæíîñòü ìîäóëüíîé ðåàëèçàöèè (BigARTM)

Ïåðåõîä ê áàéåñîâñêîé ðåãóëÿðèçàöèè ìèíóÿ êëàññè÷åñêóþ

íàäîëãî çàáëîêèðîâàë ðàçâèòèå êîìáèíèðîâàííûõ ÂÒÌ
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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Äåáàéåñèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ

�åãóëÿðèçàòîðû äëÿ óëó÷øåíèÿ èíòåðïðåòèðóåìîñòè òåì

background

Ñãëàæèâàíèå �îíîâûõ òåì B ⊂ T :

R(Φ,Θ) = β0
∑

t∈B

∑

w

βw lnφwt + α0

∑

d

∑

t∈B

αt ln θtd

sparse

�àçðåæèâàíèå ïðåäìåòíûõ òåì S = T \ B :

R(Φ,Θ) = −β0
∑

t∈S

∑

w

βw lnφwt − α0

∑

d

∑

t∈S

αt ln θtd

decorrelated

Äåêîððåëèðîâàíèå äëÿ ïîâûøåíèÿ ðàçëè÷íîñòè òåì:

R(Φ) = −
τ

2

∑

t,s

∑

w

φwtφws

interpretable

Ñãëàæèâàíèå + ðàçðåæèâàíèå + äåêîððåëèðîâàíèå

äëÿ óëó÷øåíèÿ èíòåðïðåòèðóåìîñòè òåì
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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Äåáàéåñèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ

�åãóëÿðèçàòîðû äëÿ ó÷¼òà äîïîëíèòåëüíîé èí�îðìàöèè

temporal

Òåìïîðàëüíûå ìîäåëè ñ ìîäàëüíîñòüþ âðåìåíè i :

R(Φ) = −τ
∑

i∈I

∑

t∈T

∣
∣φit − φi−1,t

∣
∣

regression

Ëèíåéíàÿ ìîäåëü ðåãðåññèè ŷd = 〈v , θd〉 äîêóìåíòîâ:

R(Θ, v) = −τ
∑

d∈D

(

yd −
∑

t∈T

vtθtd

)2

coherence

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

R(Φ) = τ
∑

u∈W

∑

v∈W

nuv ln
∑

t∈T

ntφutφvt

hierarchy

Ñâÿçü 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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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Äåáàéåñèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ

�åãóëÿðèçàòîðû äëÿ ìóëüòèìîäàëüíûõ òåìàòè÷åñêèõ ìîäåëåé

supervised

Ìîäàëüíîñòè ìåòîê êëàññîâ, êàòåãîðèé èëè òåãîâ äëÿ

êëàññè�èêàöèè/êàòåãîðèçàöèè/òåãèðîâàíèÿ òåêñòîâ

multilanguage
Ìîäàëüíîñòü ÿçûêîâ è ðåãóëÿðèçàöèÿ ñî ñëîâàð¼ì

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

R(Φ,Π) = τ
∑

u∈W k

∑

t∈T

nut ln
∑

w∈W ℓ

πuwtφwt

graph

Ìîäàëüíîñòü âåðøèí ãðà�à v , ñîäåðæàùèõ Dv :

R(Φ) = −
τ

2

∑

(u,v)∈E

Suv
∑

t∈T

n2t

( φvt
|Dv |

−
φut
|Du|

)2
.

geospatial

Ìîäàëüíîñòü ãåîëîêàöèé g ñ áëèçîñòüþ Sgg ′
:

R(Φ) = −
τ

2

∑

g ,g ′∈G

Sgg ′

∑

t∈T

n2t

(φgt
ng

−
φg ′t

ng ′

)2
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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Äåáàéåñèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ â ïðèêëàäíûõ çàäà÷àõ

Âûÿâëåíèÿ ýòíîðåëåâàíòíîãî äèñêóðñà â ñîöèàëüíûõ ñåòÿõ:

L

(
PLSA

)

+R

(
interpretable

)

+R

(
n-gram

)

+R

(
seed words

)

→ max

Òåìàòè÷åñêèé ïîèñê íàó÷íûõ è íàó÷íî-ïîïóëÿðíûõ ñòàòåé:

L

(
multimodal

)

+ R

(
interpretable

)

+ R

(
n-gram

)

+ R

(
hierarchy

)

→ max

Ïðîñëåæèâàíèå ñîáûòèé è ìíåíèé â íîâîñòíûõ ïîòîêàõ:

L

(
multimodal

)

+R

(
interpretable

)

+R

(
temporal

)

+R

(
sentiment

)

→ max

M.Apishev et al. Mining ethni ontent online with additively regularized topi models, 2016.

A.Ianina, K.Vorontsov. Hierarhial interpretable topial embeddings for exploratory searh and real-time

doument traking, 2020.

D.Feldman, T.Sadekova, K.Vorontsov. Combining fats, semanti roles and sentiment lexion in a

generative model for opinion mining. 2020
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Äåáàéåñèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Àíñàìáëèðîâàíèå ðåãóëÿðèçàòîðîâ

Ôèëîñî�èÿ àääèòèâíîé ðåãóëÿðèçàöèè (ARTM)

1

Äåêîìïîçèöèÿ � ðàçäåëåíèå êðèòåðèÿ îáó÷åíèÿ ìîäåëè

íà îñíîâíîé (log-ïðàâäîïîäîáèå) è ðåãóëÿðèçàòîð R :

ln p(X |Φ,Θ) + R(Φ,Θ) → max
Φ,Θ

2

�îìîãåíèçàöèÿ � ðàçíîðîäíûå ìîäåëè èìåþò îáùóþ

ñòðóêòóðó âåêòîðèçàòîðà, ìàòðè÷íîãî ðàçëîæåíèÿ è îáùèé

îñíîâíîé êðèòåðèé (log-ïðàâäîïîäîáèå):

fΦ : X → Θ, ln p(X |Φ,Θ) → max
Φ,Θ

3

Àíñàìáëèðîâàíèå � ñîâìåñòíîå èñïîëüçîâàíèå

ðåãóëÿðèçàòîðîâ Rk , âçÿòûõ îò ðàçíîðîäíûõ ìîäåëåé:

ln p(X |Φ,Θ) +
∑

k

λkRk(Φ,Θ) → max
Φ,Θ
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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Ôóíäàìåíòàëüíûå ìîäåëè

Âîëíà àâòîìàòèçàöèè íà äèàãðàììå CRISP-DM

Ôèëîñî�èÿ àíñàìáëèðîâàíèÿ

�îìîãåíèçàöèÿ âåêòîðíûõ ìîäåëåé (Foundation Models)

Îáó÷àåìàÿ âåêòîðèçàöèÿ äàííûõ � ãëîáàëüíûé òðåíä AI/ML

R.Bommasani et al. (Center for Researh on Foundation Models, Stanford University)

On the opportunities and risks of foundation models // CoRR, 20 August 2021.
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Ôóíäàìåíòàëüíûå ìîäåëè

Âîëíà àâòîìàòèçàöèè íà äèàãðàììå CRISP-DM

Ôèëîñî�èÿ àíñàìáëèðîâàíèÿ

Ôèëîñî�èÿ �óíäàìåíòàëüíûõ ìîäåëåé

1

Äåêîìïîçèöèÿ � ðàçäåëåíèå ìîäåëåé yt : Xt → Yt

íà âåêòîðèçàòîð z = f (xt , αt) è ïðåäèêòîð yt = g(zt , βt):

yt(x) = gt(f (xt , αt), βt)

2

�îìîãåíèçàöèÿ � ðàçíîðîäíûå ìîäåëè â ðàçíîðîäíûõ

çàäà÷àõ èìåþò îáùåå ïðîñòðàíñòâî ýìáåäèíãîâ Z :

ft : Xt → Z

3

Àíñàìáëèðîâàíèå � ñîâìåñòíîå îáó÷åíèå ýìáåäèíãîâ

â åäèíîì ñåìàíòè÷åñêîì ïðîñòðàíñòâå äëÿ ðåøåíèÿ

ðàçíîðîäíûõ çàäà÷:

∑

t∈T

∑

i∈X t

Lti

(
gt(f (xti , αt), βt)

)
→ min

{αt ,βt}
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Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
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Ìåæîòðàñëåâîé ñòàíäàðò èíòåëëåêòóàëüíîãî àíàëèçà äàííûõ

CRISP-DM: CRoss Industry Standard

Proess for Data Mining (1999)

Êîìïàíèè-èíèöèàòîðû:

SPSS

Teradata

Daimler AG

NCR Corp.

OHRA

Øàãè ïðîöåññà:

ïîíèìàíèå áèçíåñà

ïîíèìàíèå äàííûõ

ïðåäîáðàáîòêà äàííûõ è

èíæåíåðèÿ ïðèçíàêîâ

ðàçðàáîòêà ìîäåëåé è

íàñòðîéêà ïàðàìåòðîâ

îöåíèâàíèå êà÷åñòâà

âíåäðåíèå
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CRISP-DM: CRoss Industry Standard

Proess for Data Mining (1999)

Ýâîëþöèÿ ÈÈ:

Expert Systems:

æ¼ñòêèå ìîäåëè,

îñíîâàííûå íà ïðàâèëàõ

Mahine Learning:

ïàðàìåòðè÷åñêèå ìîäåëè,
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âåêòîðèçàöèåé äàííûõ
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AutoML:
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ìîäåëåé è àðõèòåêòóð
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AutoML:

àâòîìàòè÷åñêèé âûáîð

ìîäåëåé è àðõèòåêòóð

Lifelong Learning:

áåñøîâíàÿ èíòåãðàöèÿ

îáó÷åíèÿ è âûáîðà

ìîäåëåé â áèçíåñ-ïðîöåññ

Êîíñòàíòèí Âîðîíöîâ (voron�mlsa-iai.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 34 / 35



Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Ôóíäàìåíòàëüíûå ìîäåëè

Âîëíà àâòîìàòèçàöèè íà äèàãðàììå CRISP-DM

Ôèëîñî�èÿ àíñàìáëèðîâàíèÿ

�åçþìå

Àíñàìáëèðîâàíèå â øèðîêîì ñìûñëå �

ýòî ñîâìåñòíîå èñïîëüçîâàíèå ìîäåëåé

Àíñàìáëèðîâàòü ìîæíî òîëüêî íå÷òî ãîìîãåííîå

Îáùàÿ �èëîñî�èÿ

� àëãåáðàè÷åñêîãî ïîäõîäà Þ.È.Æóðàâë¼âà,

� ìíîãîçàäà÷íîãî îáó÷åíèÿ,

� àääèòèâíîé ðåãóëÿðèçàöèè,

� �óíäàìåíòàëüíûõ ìîäåëåé:

¾äåêîìïîçèöèÿ → ãîìîãåíèçàöèÿ → àíñàìáëèðîâàíèå¿

Äåêîìïîçèöèÿ ÂÒÌ ïîòðåáîâàëà äåáàéåñèçàöèè ìîäåëåé

ÂÒÌ � ýòî ñêîðåå âåêòîðèçàöèÿ ãðà�îâ, ÷åì ðàçäåë àíàëèçà

òåêñòîâ èëè áàéåñîâñêîãî îáó÷åíèÿ, êàê ïðèíÿòî ñ÷èòàòü

Òåïåðü ýòî ¾òåîðèÿ îäíîé òåîðåìû¿

Ê.Â.Âîðîíöîâ. Îáçîð âåðîÿòíîñòíûõ òåìàòè÷åñêèõ ìîäåëåé. 2022. � NEW!

http://www.MahineLearning.ru/wiki/images/d/d5/Voron17survey-artm.pdf
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Èíòåðïðåòèðóåìîñòü òåìàòè÷åñêèõ âåêòîðîâ

Òåìàòè÷åñêèå âåêòîðíûå ïðåäñòàâëåíèÿ (ýìáåäèíãè) òåêñòà:

p(t|d) = θtd äëÿ äîêóìåíòà d

p(t|w) = φwt
p(t)
p(w) äëÿ òåðìà w

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

p(t|x) äëÿ íåòåêñòîâîãî îáúåêòà x

Èíòåðïðåòèðóåìîñòü òåìàòè÷åñêèõ âåêòîðîâ:

êàæäàÿ òåìà t îïèñûâàåòñÿ ñåìàíòè÷åñêèì ÿäðîì �

÷àñòîòíûì ñëîâàð¼ì ñëîâ

{

w : p(w |t) > γp(w)
}

,

âñòðå÷àþùèõñÿ â äàííîé òåìå â γ ðàç ÷àùå îáû÷íîãî

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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Ôèëîñî�èÿ àíñàìáëèðîâàíèÿ

Öåëè è íå-öåëè òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Öåëè:

Âûÿñíèòü òåìàòè÷åñêóþ êëàñòåðíóþ ñòðóêòóðó òåêñòîâîé

êîëëåêöèè, ñêîëüêî â íåé òåì è êàêèå îíè

Ïîëó÷àòü èíòåðïðåòèðóåìûå òåìàòè÷åñêèå âåêòîðíûå

ïðåäñòàâëåíèÿ (ýìáåäèíãè) äîêóìåíòîâ, �ðàãìåíòîâ, ñëîâ

p(t|d), p(t|w), p(t|d ,w) è íåòåêñòîâûõ îáúåêòîâ p(t|x)

�åøàòü çàäà÷è ïîèñêà, êàòåãîðèçàöèè, ñåãìåíòàöèè,

ñóììàðèçàöèè ñ ïîìîùüþ òåìàòè÷åñêèõ ýìáåäèíãîâ

Íå-öåëè:

Óãàäûâàòü ñëåäóþùèå ñëîâà (ÒÌ � ñëàáûå ìîäåëè ÿçûêà)

�åíåðèðîâàòü ñâÿçíûé òåêñò

Ïîíèìàòü ñìûñë òåêñòà
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Âîëíà àâòîìàòèçàöèè íà äèàãðàììå CRISP-DM
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Ìîäóëüíûé ïîäõîä ARTM: ñðàâíåíèå ñ áàéåñîâñêèì ïîäõîäîì

Äëÿ ïîñòðîåíèÿ êîìïîçèòíûõ ìîäåëåé â ARTM 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

Ñàìûé áûñòðûé îíëàéíîâûé ïàðàëëåëüíûé ARTM

Âñòðîåííàÿ áèáëèîòåêà ðåãóëÿðèçàòîðîâ è ìåð êà÷åñòâà

Ñîîáùåñòâî:

Îòêðûòûé êîä https://github.om/bigartm

(disussion group, issue traker, pull requests)

Äîêóìåíòàöèÿ http://bigartm.org

Ëèöåíçèÿ è ñðåäà ðàçðàáîòêè:

Ñâîáîäíàÿ êîììåð÷åñêàÿ ëèöåíçèÿ (BSD 3-Clause)

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

Èíòåð�åéñû API: C++, Python, êîìàíäíàÿ ñòðîêà

Êîíñòàíòèí Âîðîíöîâ (voron�mlsa-iai.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 39 / 35



Íåêîòîðûå âåõè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Íåêîòîðûå òåíäåíöèè ðàçâèòèÿ ìàøèííîãî îáó÷åíèÿ

Ôóíäàìåíòàëüíûå ìîäåëè

Âîëíà àâòîìàòèçàöèè íà äèàãðàììå CRISP-DM

Ôèëîñî�èÿ àíñàìáëèðîâàíèÿ

Êëþ÷åâûå âîçìîæíîñòè áèáëèîòåê BigARTM è TopiNet

BigARTM (ñ 2014 ã.)

áèáëèîòåêà ðåãóëÿðèçàòîðîâ

ìóëüòèìîäàëüíûå ìîäåëè

èåðàðõè÷åñêèå ìîäåëè

ãèïåðãðà�îâûå ìîäåëè

ìîäåëè ñâÿçíîñòè òåêñòà

TopiNet (ñ 2020 ã.)

Ïåðåáîð ñöåíàðèåâ ðåãóëÿðèçàöèè äëÿ âûáîðà ìîäåëåé

Àâòîìàòè÷åñêîå ïðîòîêîëèðîâàíèå ýêñïåðèìåíòîâ

Ïîñòðîåíèå ¾áàíêà òåì¿ èç ìíîæåñòâà ìîäåëåé

Âèçóàëèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

V.Bulatov, E.Egorov, E.Veselova, D.Polyudova, V.Alekseev, A.Gonharov, K.Vorontsov.

TopiNet: making additive regularization for topi modelling aessible. LREC-2020
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