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Íåêîòîðûå ïðèëîæåíèÿ Òåìàòè÷åñêîãî Ìîäåëèðîâàíèÿ (ÒÌ)

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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ÒÌ â èñòîðè÷åñêèõ èññëåäîâàíèÿõ: ãàçåòíûå àðõèâû

[1] Êîðïóñ Pennsylvania Gazette 1728�1800, 25Ì ñëîâ:
� âûäåëåíèå ïîñëåäîâàòåëüíîñòè ñîáûòèéíûõ òåì;
� èçó÷åíèå ñèíõðîííîñòè ñîáûòèé;
� êîìáèíèðîâàíèå àâòîìàòè÷åñêîãî àíàëèçà è ðó÷íîãî.

[2] Ãàçåòû Òåõàñà îò ãðàæäàíñêîé âîéíû äî íàøèõ äíåé:
� âûäåëåíèå âñåõ òåì, ñâÿçàííûõ ñ õëîïêîì;
� ïîñòðîåíèå ñåðèè ìîäåëåé â ñêîëüçÿùèõ îêíàõ;
� âàæíîñòü êà÷åñòâåííîé ïðåäîáðàáîòêè òåêñòîâ.

[3] Ãàçåòû è ïåðèîäèêà Ôèíëÿíäèè (1854�1917):
� âûäåëåíèå òåì î öåðêâè, ðåëèãèè, îáðàçîâàíèè;
� òðåíäû ìîäåðíèçàöèè è ñåêóëÿðèçàöèè ôèíñêîãî îáùåñòâà.

1. D.Newman, S.Block. Probabilistic topic decomposition of an eighteenth-century
American newspaper. 2006.

2. Tze-I Yang, A.J.Torget, R.Mihalcea. Topic modeling on historical newspapers. 2011.

3. J.Marjanen et al. Topic modelling discourse dynamics in historical newspapers. 2021.
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ÒÌ â èñòîðè÷åñêèõ èññëåäîâàíèÿõ: ëåòîïèñè è äíåâíèêè

[1] Äâóÿçû÷íûé êîðïóñ êíèã íà àíãëèéñêîì è íåìåöêîì:
� âñå òåìû, ñâÿçàííûå ñ ýïèñòåìîëîãèåé

[2] Êîðïóñ òåêñòîâ íà êèòàéñêîì ÿçûêå (Öèí, 1644�1912):
� âñå òåìû, ñâÿçàííûå ñ áàíäèòèçìîì, ïðåñòóïëåíèÿìè;
� íåîáõîäèì êîíòåêñò äëÿ óñòàíîâëåíèÿ òèïà ïðåñòóïëåíèÿ;
� âàæíîñòü ïðàâèëüíîé òîêåíèçàöèè äëÿ êèòàéñêîãî ÿçûêà.

[3] Äíåâíèê Martha Ballard (1735�1812), îõâàòûâàåò 27 ëåò:
� âûäåëåíèå ñîáûòèéíûõ è ïåðìàíåíòíûõ òåì;
� âûäåëåíèå ïåðñîíàëüíûõ è èñòîðè÷åñêèõ òåì;
� ñïåöèôè÷íûé àíãëèéñêèé XVIII âåêà.

1. M.Erlin. Topic modeling, epistemology, and the English and German novel. 2017.

2. Ian Matthew Miller. Rebellion, crime and violence in Qing China, 2013.

3. Cameron Blevins.

http://www.cameronblevins.org/posts/topic-modeling-martha-ballards-diary.
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Èñòîðè÷åñêèå èññëåäîâàíèÿ: íàó÷íàÿ è ëèòåðàòóðíàÿ ïåðèîäèêà

Ñòàòüè êîëëåêöèè JSTOR äîñòóïíû â âèäå ¾ìåøêîâ ñëîâ¿.

[1] Íàó÷íûå æóðíàëû XX âåêà:
� ðàçëè÷èÿ òåìàòèêè íà àíãëèéñêîì è íåìåöêîì ÿçûêàõ;
� îñîáåííî èññëåäîâàëèñü ðàçëè÷èÿ, ñâÿçàííûå ñî 2ÌÂ;
� äëÿ îáúåäèíåíèÿ òåì èñïîëüçîâàëèñü èíòåðâèêè Âèêèïåäèè.

[2] Áîëåå 100 ëåò ëèòåðàòóðíî-õóäîæåñòâåííîé ïåðèîäèêè:
� êàê ìåíÿëèñü òåìû;
� êàê ìåíÿëèñü çíà÷åíèÿ ñëîâ âíóòðè êàæäîé òåìû;
� êàê ìåíÿëàñü òåìà íàñèëèÿ (violence, power, fear, blood,

death, murder, act, guilt).

1. D.Mimno. Computational historiography: Data mining in a century of classics
journals. 2012.

2. A.Goldstone, T.Underwood. The quiet transformations of literary studies: What
thirteen thousand scholars could tell us. 2014.

Ê.Â. Âîðîíöîâ (k.vorontsov@iai.msu.ru) Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå 7 / 76



Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

÷òî ýòî òàêîå è çà÷åì îíî íóæíî
ìàòåìàòè÷åñêàÿ ïîñòàíîâêà çàäà÷è
PTM vs LLM: ñõîäñòâà è ðàçëè÷èÿ

ÒÌ â ïîëèòîëîãèè: àíàëèç ïóáëè÷íûõ âûñòóïëåíèé

[1] Âûñòóïëåíèÿ (210K) â Åâðîïàðëàìåíòå, 1999�2014:
� âûÿâëåíèå ñîáûòèéíûõ òåì è ýâîëþöèè ïåðìàíåíòíûõ òåì;
� êàê ÷ëåíû è êîìèòåòû ÅÏ âëèÿþò íà ôîðìèðîâàíèå òåì

[2] Ìîäåëü êîíòðàñòíûõ ìíåíèé (Contrastive Opinion Modeling)
� âûñòóïëåíèÿ â Ñåíàòå ÑØÀ (www.votesmart.org);
� ÑÌÈ: New York Times, Xinhua News, The Hindu, 2009�2010

[3] Âûñòóïëåíèÿ â Ñîâáåçå ÎÎÍ ïî Àôãàíèñòàíó, 2001�2017:
� äèíàìèêà îòíîøåíèÿ ðàçíûõ ñòðàí ê ïðîáëåìàì Àôãàíèñòàíà

[1] D.Greene, J.P.Cross. Unveiling the political agenda of the European Parliament
plenary: a topical analysis. 2015.

[2] Fang, Y., et al. Mining contrastive opinions on political texts using
cross-perspective topic model. 2012.

[3] M.Sch�onfeld. Discursive landscapes and unsupervised topic modeling in IR:
a validation of text-as-data approaches through a new corpus of UN Security Council
speeches on Afghanistan. 2018.
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ÒÌ â ïîëèòîëîãèè: àíàëèç ÑÌÈ è ñîöèàëüíûõ ìåäèà

[1] Òåìàòèêà èçìåíåíèÿ êëèìàòà â ÑÌÈ Ïàêèñòàíà, 2010�2021
� âûÿâëåíèå, ãðóïïèðîâàíèå è äèíàìèêà òåì

[2] Âûÿâëåíèå ïîëÿðèçàöèè íîâîñòåé (AYLIEN COVID-19)
� 1,5M íîâîñòåé, 440 èñòî÷íèêîâ ÑÌÈ, 11.2019�07.2020

[3] Âûÿâëåíèå ïîëèòè÷åñêèõ âçãëÿäîâ ïîëüçîâàòåëåé Twitter

[4] ×òî ïèøåò NYT î ÿäåðíûõ òåõíîëîãèÿõ ñ 1945 ïî í/â

[1] W.Ejaz et al. Politics triumphs: A topic modeling approach for analyzing news
media coverage of climate change in Pakistan. 2023

[2] Zihao He. Detecting polarized topics using partisanship-aware contextualized topic
embeddings. 2021

[3] R.Cohen, D.Ruths. Classifying Political Orientation on Twitter: It's Not Easy! 2013.

[4] C.Jacobi. Quantitative analysis of large amounts of journalistic texts using topic
modelling. 2015.

H.Jelodar et al. Latent Dirichlet allocation (LDA) and topic modeling: models,
applications, a survey. 2019.
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Ïðîåêòû Øêîëû Ïðèêëàäíîãî Àíàëèçà Äàííûõ (íîÿáðü, 2022)

Èñõîäíûå äàííûå ÂÊîíòàêòå (÷åðåç ñåðâèñû Êðèáðóì)
1 Àíàëèç ñîöèàëüíîãî âëèÿíèÿ íà ôîðìèðîâàíèå îáðàçà
ïðàâèëüíîãî ïèòàíèÿ ó ñòóäåíòîâ ã. Òîìñêà

2 Àíàëèç íàó÷íîé è ïóáëèêàöèîííîé àêòèâíîñòè ñîòðóäíèêîâ
óíèâåðñèòåòà èëè íàó÷íîé îðãàíèçàöèè

3 Àíàëèç ïðàêòèê ó÷àñòèÿ â ÷èòàòåëüñêèõ ñîîáùåñòâàõ,
ôîðìèðóþùèõñÿ âîêðóã àâòîðîâ èëè æàíðîâ

4 Àíàëèç ñîöèàëüíîãî è ïîëèòè÷åñêîãî âçàèìîäåéñòâèÿ
ñåòåâûõ ñîîáùåñòâ â ðåãèîíàõ ðåñóðñíîãî òèïà

5 Àíàëèç òóðèñòè÷åñêîé àêòèâíîñòè è îöåíêà ïîðòðåòà
ïîòåíöèàëüíîãî òóðèñòà � ïóòåøåñòâåííèêà ïî Êàì÷àòêå

6 Àíàëèç êîðïóñà òåêñòîâ îáðàçîâàòåëüíûõ äèñöèïëèí:
ïðîãðàììà êóðñà + ìàòåðèàëû êóðñà + îò÷¼òû ñòóäåíòîâ

7 Àíàëèç íàó÷íîé ïåäàãîãè÷åñêîé ëèòåðàòóðû äëÿ
ïîñòðîåíèÿ êàðò êîìïåòåíöèé
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Íàó÷íûå òðåíäû: PTM, LLM è ñìåæíûå ñ íèìè

Äèíàìèêà öèòèðîâàíèÿ (ïî äàííûì Google Scholar):
Topic Modeling è ñìåæíûå îáëàñòè èññëåäîâàíèé:

Matrix Factorization NNMF Topic Model PLSA LDA Text Categorization

Text Classification Word Embedding word2vec LSTM NTM LLM GPT

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
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Rob Churchill, Lisa Singh. The Evolution of Topic Modeling. November, 2022.
He Zhao et al. Topic Modelling Meets Deep Neural Networks: A Survey. 2021
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Ìàòåìàòè÷åñêàÿ ïîñòàíîâêà çàäà÷è (Ãëàâà 2)

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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Ïðèíöèï 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∑
d∈D

∑
w∈d

ndw ln
∑
t∈T

ϕwtθtd → max
Φ,Θ

ïðè îãðàíè÷åíèÿõ íåîòðèöàòåëüíîñòè è íîðìèðîâêè

ϕwt ⩾ 0;
∑

w∈W
ϕwt = 1; θtd ⩾ 0;

∑
t∈T

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

1. Ìÿãêàÿ 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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Ïðèìåð 2. Áèãðàììíàÿ ìîäåëü íàó÷íûõ êîíôåðåíöèé

Êîëëåêöèÿ 1000 ñòàòåé êîíôåðåíöèé ÌÌÐÎ, ÈÎÈ íà ðóññêîì

ðàñïîçíàâàíèå îáðàçîâ â áèîèíôîðìàòèêå òåîðèÿ âû÷èñëèòåëüíîé ñëîæíîñòè
óíèãðàììû áèãðàììû óíèãðàììû áèãðàììû
îáúåêò çàäà÷à ðàñïîçíàâàíèÿ çàäà÷à ðàçäåëÿòü ìíîæåñòâà
çàäà÷à ìíîæåñòâî ìîòèâîâ ìíîæåñòâî êîíå÷íîå ìíîæåñòâî
ìíîæåñòâî ñèñòåìà ìàñîê ïîäìíîæåñòâî óñëîâèå çàäà÷è
ìîòèâ âòîðè÷íàÿ ñòðóêòóðà óñëîâèå çàäà÷à î ïîêðûòèè
ðàçðåøèìîñòü ñòðóêòóðà áåëêà êëàññ ïîêðûòèå ìíîæåñòâà
âûáîðêà ðàñïîçíàâàíèå âòîðè÷íîé ðåøåíèå ñèëüíûé ñìûñë
ìàñêà ñîñòîÿíèå îáúåêòà êîíå÷íûé ðàçäåëÿþùèé êîìèòåò
ðàñïîçíàâàíèå îáó÷àþùàÿ âûáîðêà ÷èñëî ìèíèìàëüíûé àôôèííûé
èíôîðìàòèâíîñòü îöåíêà èíôîðìàòèâíîñòè àôôèííûé àôôèííûé êîìèòåò
ñîñòîÿíèå ìíîæåñòâî îáúåêòîâ ñëó÷àé àôôèííûé ðàçäåëÿþùèé
çàêîíîìåðíîñòü ðàçðåøèìîñòü çàäà÷è ïîêðûòèå îáùåå ïîëîæåíèå
ñèñòåìà êðèòåðèé ðàçðåøèìîñòè îáùèé ìíîæåñòâî òî÷åê
ñòðóêòóðà èíôîðìàòèâíîñòü ìîòèâà ïðîñòðàíñòâî ñëó÷àé çàäà÷è
çíà÷åíèå ïåðâè÷íàÿ ñòðóêòóðà ñõåìà îáùèé ñëó÷àé
ðåãóëÿðíîñòü òóïèêîâîå ìíîæåñòâî êîìèòåò çàäà÷à MASC

Ñåðãåé Ñòåíèí. Ìóëüòèãðàììíûå àääèòèâíî ðåãóëÿðèçîâàííûå òåìàòè÷åñêèå
ìîäåëè // Ìàãèñòåðñêàÿ äèññåðòàöèÿ, ÌÔÒÈ, 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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Ñõîäñòâà è îòëè÷èÿ îò LLM

PTM è LLM � ÷òî îáùåãî

ÿçûêîâàÿ ìîäåëü, êîòîðàÿ ïðåäñêàçûâàåò ñëîâà â òåêñòå

àâòîêîäèðîâùèê, êîòîðûé ïåðåâîäèò òåêñò â ýìáåäèíã

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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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.

Ê.Â. Âîðîíöîâ (k.vorontsov@iai.msu.ru) Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå 20 / 76



Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

÷òî ýòî òàêîå è çà÷åì îíî íóæíî
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¾Make PTM Great Again¿ � ïî÷åìó ýòî ðàçóìíàÿ öåëü

Ïî÷åìó ðàíî îòêàçûâàòüñÿ îò PTM, êîãäà âîêðóã LLM

ðàçâåäî÷íûé òåìàòè÷åñêèé àíàëèç è ôèëüòðàöèÿ òåì
ïî-ïðåæíåìó íóæíû â ñîöèîãóìàíèòàðíûõ èññëåäîâàíèÿõ,
íàó÷íîì ïîèñêå, àíàëèçå òðåíäîâ, ñîöèàëüíûõ ñåòåé

PTM ðåøàþò óçêèé êëàññ çàäà÷ ëó÷øå è áûñòðåå, ÷åì LLM
áëàãîäàðÿ èíòåðïðåòèðóåìîñòè, ïðîñòîòå è ïîëíîòå

×òî íåîáõîäèìî óëó÷øàòü, êàêèå ñëàáîñòè óñòðàíÿòü

óøëè îò áàéåñîâñêîãî âûâîäà ê êîìáèíèðîâàíèþ ìîäåëåé

óõîäèì îò ¾ìåøêà ñëîâ¿ ê êîíòåêñòíîìó âíèìàíèþ

óõîäèì îò äîêóìåíòîâ ê ëîêàëüíûì êîíòåêñòàì ñëîâ

áóäåì óñòðàíÿòü íåäîñòàòêè èíòåðïðåòèðóåìîñòè òåì
â òåìàòè÷åñêè íåñáàëàíñèðîâàííûõ êîëëåêöèÿõ

áóäåì ãåíåðèðîâàòü çàãîëîâêè è àííîòàöèè òåì ÷åðåç LLM
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Ìàêñèìèçàöèÿ ôóíêöèè íà åäèíè÷íûõ ñèìïëåêñàõ (Ãëàâà 3)

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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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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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé (Ãëàâà 4)

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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Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)
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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

)
Thomas
Hofmann

LDA: latent Dirichlet allocation (ëàòåíòíîå ðàçìåùåíèå Äèðèõëå):

R(Φ,Θ) =
∑
t,w

βw lnϕwt +
∑
d ,t

αt ln θtd

Ì-øàã � ÷àñòîòíûå îöåíêè ñî ñìåùåíèåì βw , αt :

ϕwt = norm
w

(
nwt + βw

)
, θtd = norm

t

(
ntd + αt

)
David Blei

Hofmann T. Probabilistic latent semantic indexing. SIGIR 1999.
Blei D., Ng A., Jordan M. Latent Dirichlet Allocation. NIPS-2001. JMLR 2003.
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Áàéåñîâñêàÿ ìîäåëü LDA: àïðèîðíûå ðàñïðåäåëåíèÿ Äèðèõëå

Ãèïîòåçà. Âåêòîð-ñòîëáöû ϕt = (ϕwt) è θd = (θtd)
ïîðîæäàþòñÿ ðàñïðåäåëåíèÿìè Äèðèõëå, α ∈ R|T |, β ∈ R|W |:

Dir(ϕt |β) =
Γ(β0)∏

w
Γ(βw )

∏
w
ϕβw−1
wt , ϕwt > 0; β0 =

∑
w
βw , βw > 0;

Dir(θd |α) =
Γ(α0)∏
t
Γ(αt)

∏
t
θαt−1
td , θtd > 0; α0 =

∑
t
αt , αt > 0;

Ïðèìåð. Ðàñïðåäåëåíèå Dir(θ|α) ïðè |T | = 3, θ, α ∈ R3
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Ïðèìåð. Âûáîðêè èç òð¼õ 10-ìåðíûõ âåêòîðîâ θ ∼ Dir(θ|α)
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LDA: ìàêñèìèçàöèÿ àïîñòåðèîðíîé âåðîÿòíîñòè

Ñîâìåñòíîå ïðàâäîïîäîáèå äàííûõ è ìîäåëè:

ln
∏
d∈D

∏
w∈d

p(w , d |Φ,Θ)ndw
∏
t∈T

Dir(ϕt |β)
∏
d∈D

Dir(θd |α) → max
Φ,Θ

Ðåãóëÿðèçàòîð � ëîãàðèôì àïðèîðíîãî ðàñïðåäåëåíèÿ:

R(Φ,Θ) =
∑
t,w

(βw − 1) lnϕwt +
∑
d ,t

(αt − 1) ln θtd

Ì-øàã � ñãëàæåííûå èëè ðàçðåæåííûå ÷àñòîòíûå îöåíêè:

ϕwt = norm
w

(
nwt + βw − 1

)
, θtd = norm

t

(
ntd + αt − 1

)
.

ïðè βw > 1, αt > 1 � ñãëàæèâàíèå,
ïðè βw < 1, αt < 1 � ðàçðåæèâàíèå,
ïðè βw =1, αt=1 àïðèîðíîå ðàñïðåäåëåíèå ðàâíîìåðíî, PLSA.
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Îò áàéåñîâñêîãî âûâîäà ê àääèòèâíîé ðåãóëÿðèçàöèè

X � èñõîäíûå äàííûå, Ω = (Φ,Θ) � ïàðàìåòðû ìîäåëè

Áàéåñîâñêèé âûâîä àïîñòåðèîðíîãî ðàñïðåäåëåíèÿ p(Ω|X )
(ãðîìîçäêèé, ïðèáëèæ¼ííûé) òîëüêî 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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Îòêàç îò áàéåñîâñêîãî îáó÷åíèÿ äà¼ò áîëüøå ñâîáîäû

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

Â ARTM ýòî èíñòðóìåíò óïðàâëåíèÿ èòåðàöèîííûì ïðîöåññîì
ïðè ðåøåíèè íåêîððåêòíî ïîñòàâëåííîé çàäà÷è

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.

Ê.Â. Âîðîíöîâ (k.vorontsov@iai.msu.ru) Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå 33 / 76



Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

ìàòåìàòèêà, íà êîòîðîé âñ¼ äåðæèòñÿ
óõîä îò áàéåñîâñêîãî îáó÷åíèÿ, è ïî÷åìó ýòî ïðîãðåññ
ôîêóñ êíèãè � íà ôîðìàëèçàöèè ïîñòàíîâîê çàäà÷

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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Áèáëèîòåêà BigARTM (Ãëàâû 19, 20)

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.
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Ðåãóëÿðèçàöèÿ: óëó÷øåíèå èíòåðïðåòèðóåìîñòè òåì (Ãëàâà 8)

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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Ðåãóëÿðèçàöèÿ: ýêñòðàëèíãâèñòè÷åñêèå äàííûå (Ãëàâû 9�14)

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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Òåìàòè÷åñêèå ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè (Ãëàâà 14)

Îñíîâíàÿ ãèïîòåçà äèñòðèáóòèâíîé ñåìàíòèêè:

Words that occur in the same contexts tend to have similar
meanings [Harris, 1954].

You shall know a word by the company it keeps [Firth, 1957].

Íàáëþäàåòñÿ ñèíòàãìàòè÷åñêàÿ áëèçîñòü ñëîâ
(ñî÷åòàåìîñòü ñëîâ â îäíîì êîíòåêñòå)
çäàíèå�ñòðîèòåëü, êðàí�âîäà, ôóíêöèÿ�òî÷êà

Ìîäåëèðóåòñÿ ïàðàäèãìàòè÷åñêàÿ áëèçîñòü ñëîâ
(âçàèìîçàìåíÿåìîñòü ñëîâ â îäíîì êîíòåêñòå)
çäàíèå�äîì, êðàí�ñìåñèòåëü, ôóíêöèÿ�îòîáðàæåíèå

Z.Harris. Distributional structure. 1954.
J.R.Firth. A synopsis of linguistic theory 1930-1955. Oxford, 1957.
P.Turney, P.Pantel. From frequency to meaning: vector space models of semantics. 2010.
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Òåìàòè÷åñêàÿ ìîäåëü ñåòè ñëîâ WNTM � àíàëîã word2vec

Èäåÿ: ìîäåëèðîâàòü íå äîêóìåíòû, à ñâÿçè ìåæäó ñëîâàìè.
du � ïñåâäî-äîêóìåíò, îáúåäèíåíèå âñåõ êîíòåêñòîâ ñëîâà u
nuw � ÷èñëî âõîæäåíèé ñëîâà w â ïñåâäî-äîêóìåíò du
êîíòåêñò � êîðîòêîå ñîîáùåíèå / ïðåäëîæåíèå / îêíî ±h ñëîâ.
Òåìàòè÷åñêàÿ ìîäåëü ïðåäñêàçûâàåò ñëîâî â êîíòåêñòå:

p(w |du) =
∑
t∈T

p(w |t)p(t|du) =
∑
t∈T

ϕwtθtu,

Êðèòåðèé � ìàêñèìèçàöèÿ ëîãàðèôìà ïðàâäîïîäîáèÿ:∑
u,w∈W

nuw log
∑
t∈T

ϕwtθtu → max
Φ,Θ

,

T.Mikolov, K.Chen, G.Corrado, J.Dean. E�cient estimation of word representations in
vector space, 2013.
Yuan Zuo, Jichang Zhao, Ke Xu. Word Network Topic Model: a simple but general
solution for short and imbalanced texts. 2014.
Berlin Chen. Word Topic Models for spoken document retrieval and transcription.
ACM Trans., 2009.
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Òåìàòè÷åñêàÿ ìîäåëü ñåòè ñëîâ + ðåãóëÿðèçàöèÿ WN-ARTM

Ïðåèìóùåñòâà òåìàòè÷åñêèõ ìîäåëåé ñåòè ñëîâ:

ðåøàåòñÿ ïðîáëåìà ìîäåëèðîâàíèÿ êîðîòêèõ òåêñòîâ

ìîæíî èñïîëüçîâàòü êàê ðåãóëÿðèçàòîð, äîáàâèâ
â êîëëåêöèþ ïñåâäî-äîêóìåíòû êîíòåêñòîâ ñëîâ

çàäà÷è ñåìàíòè÷åñêîé àíàëîãèè ñëîâ
ðåøàþòñÿ íå õóæå, ÷åì word2vec

çàäà÷è ïîèñêà ñåìàíòè÷åñêè ñõîæèõ
äîêóìåíòîâ ðåøàþòñÿ ëó÷øå, ÷åì doc2vec

ïðè ýòîì âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ
� òåìàòè÷åñêèå
� ðàçðåæåííûå
� èíòåðïðåòèðóåìûå

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilistic embeddings: bridging
the gap between topic models and neural networks. AINL-6, 2017.
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Ìóëüòèìîäàëüíàÿ òåìàòè÷åñêàÿ ìîäåëü ARTM (Ãëàâà 9)

Wm � ñëîâàðü òåðìîâ m-é ìîäàëüíîñòè, m ∈ M, W = ⊔mWm

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

τmndwptdw + ϕwt
∂R
∂ϕwt

)
θtd = norm

t∈T

( ∑
w∈d

τmndwptdw + 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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Ðåãóëÿðèçàöèÿ: ìóëüòèìîäàëüíûå äàííûå (Ãëàâû 9, 11, 12)

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∈Wk

∑
t∈T

nut ln
∑

w∈Wℓ

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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Òðàíçàêöèîííûå äàííûå (Ãëàâà 10)

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 â âûáîðêó Ek ðåáðà (d , x), x ⊂ W∑

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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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè (Ãëàâà 13)

Ïðèìåð
òåìàòè÷åñêîé
èåðàðõèè

G.Bordea. Domain adaptive extraction of topical hierarchies for expertise mining. 2013.
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Ðåãóëÿðèçàòîð Φ: ðîäèòåëüñêèå òåìû êàê ïñåâäî-äîêóìåíòû

Âûáîð ñòðàòåãèè ïîñòðîåíèÿ òåìàòè÷åñêîé èåðàðõèè:

ñòðóêòóðà: äåðåâî / ìíîãîäîëüíûé ãðàô

íàïðàâëåíèå: ñíèçó ââåðõ / ñâåðõó âíèç / îäíîâðåìåííî

íàðàùèâàíèå: ïîâåðøèííîå / ïîñëîéíîå

îáó÷åíèå: áåç ó÷èòåëÿ / ïî ãîòîâûì ðóáðèêàòîðàì

Ïóñòü ìîäåëü ñ ìíîæåñòâîì òåì T óæå ïîñòðîåíà. Ñòðîèì
ìíîæåñòâî äî÷åðíèõ òåì S (subtopics), |S | > |T |
Ðîäèòåëüñêèå òåìû ïðèáëèæàþòñÿ ñìåñÿìè äî÷åðíèõ òåì:

R(Φ,Ψ) =
∑
t∈T

∑
w∈W

nwt ln
∑
s∈S

ϕwsψst → min
Φ,Ψ

,

ãäå Ψ = (ψst)S×T � ìàòðèöà ñâÿçåé, ψst = p(s|t)
Ðîäèòåëüñêèå òåìû t � ¾äîêóìåíòû¿ ñ ÷àñòîòàìè òåðìîâ nwt

ChirkovaN.A., VorontsovK.V. Additive regularization for hierarchical multimodal topic
modeling. JMLDA, 2016.
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Ðåãóëÿðèçàòîð Φ: ðàçäåëåíèå ðîäèòåëüñêèõ òåì T íà ïîäòåìû S

Äîáàâèì â êîëëåêöèþ |T | ïñåâäî-äîêóìåíòîâ ðîäèòåëüñêèõ òåì
ñ ÷àñòîòàìè òåðìîâ nwt = τntϕwt , t ∈ T

ðîäèòåëüñêèé
óðîâåíü T

äî÷åðíèé
óðîâåíü S

Ìàòðèöà ñâÿçåé òåì ñ ïîäòåìàìè Ψ =
(
p(s|t)

)
îáðàçóåòñÿ

â ñòîëáöàõ ìàòðèöû Θ, ñîîòâåòñòâóþùèõ ïñåâäî-äîêóìåíòàì.

ChirkovaN.A., VorontsovK.V. Additive regularization for hierarchical multimodal topic
modeling. JMLDA, 2016.

Ê.Â. Âîðîíöîâ (k.vorontsov@iai.msu.ru) Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå 49 / 76
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Èåðàðõè÷åñêèé ñïåêòð òåì (íà ïðèìåðå postnauka.ru)

Äìèòðèé Ôåäîðÿêà. Òåõíîëîãèÿ èíòåðàêòèâíîé âèçóàëèçàöèè òåìàòè÷åñêèõ
ìîäåëåé. Áàêàëàâðñêàÿ äèññåðòàöèÿ. ÌÔÒÈ, 2017.
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Ðàçâåäî÷íûé ïîèñê â òåõíîëîãè÷åñêèõ áëîãàõ (Ãëàâà 21)

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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k

0.6
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ca
ll@

k
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TF-IDF
PLSA

L

(
PLSA

)
+R

(
hierarchy

)
+R

(
interpretable

)
+R

(
multimodal

)
+R

(
n-gram

)
→ max

Ðåçóëüòàòû:

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

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

À.ßíèíà. Òåìàòè÷åñêèå è íåéðîñåòåâûå ìîäåëè ÿçûêà äëÿ ðàçâåäî÷íîãî
èíôîðìàöèîííîãî ïîèñêà // äèññåðòàöèÿ ê.ô.-ì.í. ÌÔÒÈ, 2022.
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Ïîèñê è ðóáðèêàöèÿ íàó÷íûõ ïóáëèêàöèé íà 100 ÿçûêàõ

Öåëü: ìóëüòèÿçû÷íûé ïîèñê
è êëàññèôèêàöèÿ íàó÷íûõ
ïóáëèêàöèé ïî ðóáðèêàòîðàì

ÓÄÊ, ÃÐÍÒÈ, ÎÝÑÐ, ÂÀÊ

Ðåãóëÿðèçàòîðû:

L

(
PLSA

)
+R

(
interpretable

)
+R

(
multimodal

)
+R

(
multilanguage

)
+R

(
supervised

)
→ max

Ðåçóëüòàòû:

òî÷íîñòü ìóëüòèÿçû÷íîãî ïîèñêà 94%

ñîêðàùåíèå ìîäåëè 128 Ãá → 4.8 Ãá ïðè ðåäóêöèè ñëîâàðåé
(BPE-òîêåíèçàöèÿ) äî 11Ê òîêåíîâ íà êàæäûé ÿçûê.

Í.À.Ãåðàñèìåíêî, Ï.Ñ.Ïîòàïîâà, À.Î.ßíèíà, Ê.Â.Âîðîíöîâ. Ïðèìåíåíèå
âåðîÿòíîñòíîãî òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ â ÷åòûð¼õ çàäà÷àõ ðàçâåäî÷íîãî
èíôîðìàöèîííîãî ïîèñêà // Èíôîðìàöèîííûé áþëëåòåíü ÐÁÀ, 2022, �98, Ñ.43�48.
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

ìàòåìàòèêà, íà êîòîðîé âñ¼ äåðæèòñÿ
óõîä îò áàéåñîâñêîãî îáó÷åíèÿ, è ïî÷åìó ýòî ïðîãðåññ
ôîêóñ êíèãè � íà ôîðìàëèçàöèè ïîñòàíîâîê çàäà÷

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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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

ìàòåìàòèêà, íà êîòîðîé âñ¼ äåðæèòñÿ
óõîä îò áàéåñîâñêîãî îáó÷åíèÿ, è ïî÷åìó ýòî ïðîãðåññ
ôîêóñ êíèãè � íà ôîðìàëèçàöèè ïîñòàíîâîê çàäà÷

Àíàëîãè÷íûå èññëåäîâàíèÿ ïî âûäåëåíèþ óçêîé òåìàòèêè

Çàäà÷è ¾ïîèñêà è êëàññèôèêàöèè èãîëîê â ñòîãå ñåíà¿

ïîèñê è êëàñòåðèçàöèÿ íîâîñòåé [1]

ïîèñê â ñîöèàëüíûõ ìåäèà èíôîðìàöèè, ñâÿçàííîé
ñ áîëåçíÿìè, ñèìïòîìàìè è ìåòîäàìè ëå÷åíèÿ [2]

ïîèñê è òåìàòè÷åñêàÿ êëàññèôèêàöèÿ ÷àòîâ, ñâÿçàííûõ
ñ ïðåñòóïíîñòüþ è ýêñòðåìèçìîì [3, 4]

ïîèñê âûñòóïëåíèé î ïðàâàõ ÷åëîâåêà â ÎÎÍ [5]

1. J.Jagarlamudi, H.Daum�e III, R.Udupa. Incorporating lexical priors into topic
models. 2012.

2. M.Paul, M.Dredze. Discovering health topics in social media using topic models. 2014.

3. M.A.Basher, A.Rahman, B.C.M.Fung. Analyzing topics and authors in chat logs for
crime investigation. 2014.

4. A.Sharma, M.Pawar. Survey paper on topic modeling techniques to gain useful
forecasting information on violant extremist activities over cyber space. 2015.

5. Kohei Watanabe, Yuan Zhou. Theory-driven analysis of large corpora:
semisupervised topic classi�cation of the UN speeches. 2022.
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

ìàòåìàòèêà, íà êîòîðîé âñ¼ äåðæèòñÿ
óõîä îò áàéåñîâñêîãî îáó÷åíèÿ, è ïî÷åìó ýòî ïðîãðåññ
ôîêóñ êíèãè � íà ôîðìàëèçàöèè ïîñòàíîâîê çàäà÷

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

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

Èíêðåìåíòàëüíîå îáó÷åíèå òåìàòè÷åñêèõ ìîäåëåé äëÿ ïîèñêà òðåíäîâûõ òåì
â íàó÷íûõ ïóáëèêàöèÿõ. Äîêëàäû ÐÀÍ, 2022.
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

ìàòåìàòèêà, íà êîòîðîé âñ¼ äåðæèòñÿ
óõîä îò áàéåñîâñêîãî îáó÷åíèÿ, è ïî÷åìó ýòî ïðîãðåññ
ôîêóñ êíèãè � íà ôîðìàëèçàöèè ïîñòàíîâîê çàäà÷

Âûÿâëåíèå äèíàìèêè òåì â íîâîñòíûõ ïîòîêàõ (Ãëàâà 9)

Öåëü: âûäåëåíèå òåì â êîëëåêöèè
ïðåññ-ðåëèçîâ ÌÈÄîâ 4õ ñòðàí,
ñ ïðèâÿçêîé êî âðåìåíè.

Ðåãóëÿðèçàòîðû: 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012
0

0.005

0.01

0.015

0.02

0.025

p
(y

|t
)

student   
cultural   
university   
educational   
youth   
award   
fulbright   
education   
alumnus   
study

woman   
girl   
hiv   
pepfar   
gender   
health   
mother   
hiv/aids   
treatment   
award

rice   
condoleezza   
stanford   
piano   
football   
jefferson   
downer   
music   
rumsfeld   
chappell

L

(
PLSA

)
+ R

(
interpretable

)
+ R

(
temporal

)
+ R

(
multimodal

)
+ R

(
n-gram

)
+ R

(
multilanguage

)
→ max

Ðåçóëüòàòû:

ðàçäåëåíèå òåì íà ñîáûòèéíûå è ïåðìàíåíòíûå

êîãåðåíòíîñòü òåì: 5.5 → 6.5

Í.Äîéêîâ. Àäàïòèâíàÿ ðåãóëÿðèçàöèÿ âåðîÿòíîñòíûõ òåìàòè÷åñêèõ ìîäåëåé.
ÂÊÐ áàêàëàâðà, ÂÌÊ ÌÃÓ, 2015.
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

ìàòåìàòèêà, íà êîòîðîé âñ¼ äåðæèòñÿ
óõîä îò áàéåñîâñêîãî îáó÷åíèÿ, è ïî÷åìó ýòî ïðîãðåññ
ôîêóñ êíèãè � íà ôîðìàëèçàöèè ïîñòàíîâîê çàäà÷

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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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

ìàòåìàòèêà, íà êîòîðîé âñ¼ äåðæèòñÿ
óõîä îò áàéåñîâñêîãî îáó÷åíèÿ, è ïî÷åìó ýòî ïðîãðåññ
ôîêóñ êíèãè � íà ôîðìàëèçàöèè ïîñòàíîâîê çàäà÷

Îöåíèâàíèå êà÷åñòâà òåìàòè÷åñêèõ ìîäåëåé (Ãëàâû 17, 18)

×òî îáû÷íî îöåíèâàþò:

ïðàâäîïîäîáèå, ïåðïëåêñèÿ

êîãåðåíòíîñòü � ìåðà èíòåðïðåòèðóåìîñòè òåì

íîâàÿ âíóòðèòåêñòîâàÿ êîãåðåíòíîñòü

÷èñòîòà, êîíòðàñòíîñòü, ðàçëè÷íîñòü òåì

äîëÿ ôîíîâîé (îáùåóïîòðåáèòåëüíîé) ëåêñèêè

Íîâîå ñåìåéñòâî ñðåäíåâçâåøåííûõ ñòàòèñòèê:

íåñîãëàñîâàííîñòü äîêóìåíòà ñ òåìàòè÷åñêîé ìîäåëüþ

íåñîãëàñîâàííîñòü äîêóìåíòà ñ çàäàííîé òåìîé

íåñîãëàñîâàííîñòü òåìû ñ ãèïîòåçîé óñëîâíîé íåçàâèñèìîñòè

íåñîãëàñîâàííîñòü òåðìà ñ çàäàííîé òåìîé
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

îòêàç îò ¾ìåøêà ñëîâ¿ � ãîòîâèì íîâóþ ðåâîëþöèþ
àíàëîãèè ñ íåéðîñåòåâûìè ìîäåëÿìè ÿçûêà
îòêðûòûå ïðîáëåìû òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

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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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

îòêàç îò ¾ìåøêà ñëîâ¿ � ãîòîâèì íîâóþ ðåâîëþöèþ
àíàëîãèè ñ íåéðîñåòåâûìè ìîäåëÿìè ÿçûêà
îòêðûòûå ïðîáëåìû òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Ñåãìåíòàöèÿ òåêñòà è ïîñò-îáðàáîòêà Å-øàãà (Ãëàâà 16)

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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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

îòêàç îò ¾ìåøêà ñëîâ¿ � ãîòîâèì íîâóþ ðåâîëþöèþ
àíàëîãèè ñ íåéðîñåòåâûìè ìîäåëÿìè ÿçûêà
îòêðûòûå ïðîáëåìû òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

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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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

îòêàç îò ¾ìåøêà ñëîâ¿ � ãîòîâèì íîâóþ ðåâîëþöèþ
àíàëîãèè ñ íåéðîñåòåâûìè ìîäåëÿìè ÿçûêà
îòêðûòûå ïðîáëåìû òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

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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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

îòêàç îò ¾ìåøêà ñëîâ¿ � ãîòîâèì íîâóþ ðåâîëþöèþ
àíàëîãèè ñ íåéðîñåòåâûìè ìîäåëÿìè ÿçûêà
îòêðûòûå ïðîáëåìû òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Êîíòåêñòíàÿ òåìàòè÷åñêàÿ ìîäåëü Attentive ARTM (Ãëàâà 15)

Äàíî: êîëëåêöèÿ òåêñòîâûõ äîêóìåíòîâ, w1, . . . ,wn

Ci = {wbi , . . . ,wei} � ëîêàëüíûé êîíòåêñò (îêðóæåíèå) òåðìà wi

αui � ðàñïðåäåëåíèå âåñîâ òåðìîâ u â êîíòåêñòå Ci

Íàéòè: ïàðàìåòðû ϕwt=p(w |t), πt=p(t) òåìàòè÷åñêîé ìîäåëè

p(w |Ci ) =
∑
t∈T

ϕwtθti , θti =
∑
u∈Ci

αuip(t|w), p(t|w) = norm
t∈T

(
ϕwtπt

)
Êðèòåðèé: ìàêñèìóì log ïðàâäîïîäîáèÿ ñ ðåãóëÿðèçàòîðîì R :

n∑
i=1

ln p(w |Ci ) + R(Φ) → max
Φ,π

EM: pti = norm
t∈T

(
ϕwi tθti

)
; θti =

∑
u∈Ci

αui norm
t∈T

(
ϕwtπt

)
;

ϕwt = norm
w∈W

( n∑
i=1

[wi =w ]pti + ϕwt
∂R
∂ϕwt

)
; πt =

1
n

n∑
i=1

pti ;
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

îòêàç îò ¾ìåøêà ñëîâ¿ � ãîòîâèì íîâóþ ðåâîëþöèþ
àíàëîãèè ñ íåéðîñåòåâûìè ìîäåëÿìè ÿçûêà
îòêðûòûå ïðîáëåìû òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Êàê áûñòðî âû÷èñëÿòü âåñà αui â êîíòåêñòàõ

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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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

îòêàç îò ¾ìåøêà ñëîâ¿ � ãîòîâèì íîâóþ ðåâîëþöèþ
àíàëîãèè ñ íåéðîñåòåâûìè ìîäåëÿìè ÿçûêà
îòêðûòûå ïðîáëåìû òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

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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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

îòêàç îò ¾ìåøêà ñëîâ¿ � ãîòîâèì íîâóþ ðåâîëþöèþ
àíàëîãèè ñ íåéðîñåòåâûìè ìîäåëÿìè ÿçûêà
îòêðûòûå ïðîáëåìû òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà (Ãëàâû 14�16)

1 Ëèíåéíàÿ òåìàòèçàöèÿ ñ ëîêàëüíûì E-øàãîì:
âìåñòî òåìàòèêè äîêóìåíòà p(t|d) âû÷èñëÿåòñÿ òåìàòèêà
ëîêàëüíîãî êîíòåêñòà p(t|i) è p(t|d ,wi ), i = 1, . . . , nd

2 Ïîñò-îáðàáîòêà E-øàãà (ñåãîäíÿ): òåìàòè÷åñêèå âåêòîðû
p(t|d ,wi ) ïîäâåðãàþòñÿ ýâðèñòè÷åñêèì ïðåîáðàçîâàíèÿì,
÷òî ýêâèâàëåíòíî ðåãóëÿðèçàöèè Å-øàãà

3 Ãèïåðãðàôîâàÿ òåìàòè÷åñêàÿ ìîäåëü:
òåðìû, ïîðîæäàåìûå îáùåé òåìîé (ïðåäëîæåíèÿ, ôðàçû,
ôàêòû, è ò. ä.), îáúåäèíÿþòñÿ â ¾òðàíçàêöèè¿

4 Òåìàòè÷åñêàÿ ìîäåëü ñåòè ñëîâ èëè áèòåðìîâ:
ïî êàæäîìó ñëîâó ôîðìèðóåòñÿ ïñåâäîäîêóìåíò ïóò¼ì
îáúåäèíåíèÿ (â ¾ìåøîê¿) âñåõ åãî ëîêàëüíûõ êîíòåêñòîâ

5 Òåìàòè÷åñêàÿ ìîäåëü n-ãðàìì êàê ìîäàëüíîñòåé:
â ñëîâàðü îòáèðàþòñÿ n-ãðàììû, ïîõîæèå íà òåðìèíû.
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

îòêàç îò ¾ìåøêà ñëîâ¿ � ãîòîâèì íîâóþ ðåâîëþöèþ
àíàëîãèè ñ íåéðîñåòåâûìè ìîäåëÿìè ÿçûêà
îòêðûòûå ïðîáëåìû òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

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 ,
îáó÷àåìûå ïàðàìåòðû ìîäåëè,
σ(x) = 1

1+e−x � ôóíêöèÿ ñèãìîèäà

Yann N. Dauphin et al. Language modeling with gated convolutional networks, 2017.
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

îòêàç îò ¾ìåøêà ñëîâ¿ � ãîòîâèì íîâóþ ðåâîëþöèþ
àíàëîãèè ñ íåéðîñåòåâûìè ìîäåëÿìè ÿçûêà
îòêðûòûå ïðîáëåìû òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

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 ëîêàëèçîâàííîãî Å-øàãà:

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
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

îòêàç îò ¾ìåøêà ñëîâ¿ � ãîòîâèì íîâóþ ðåâîëþöèþ
àíàëîãèè ñ íåéðîñåòåâûìè ìîäåëÿìè ÿçûêà
îòêðûòûå ïðîáëåìû òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

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 � îáó÷àåìûå ïàðàìåòðû

A.Vaswani et al. Attention is all you need. 2017.
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

îòêàç îò ¾ìåøêà ñëîâ¿ � ãîòîâèì íîâóþ ðåâîëþöèþ
àíàëîãèè ñ íåéðîñåòåâûìè ìîäåëÿìè ÿçûêà
îòêðûòûå ïðîáëåìû òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

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 ëîêàëèçîâàííîãî Å-øàãà:

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
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

îòêàç îò ¾ìåøêà ñëîâ¿ � ãîòîâèì íîâóþ ðåâîëþöèþ
àíàëîãèè ñ íåéðîñåòåâûìè ìîäåëÿìè ÿçûêà
îòêðûòûå ïðîáëåìû òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Íåéðîñåòåâàÿ òåìàòè÷åñêàÿ ìîäåëü Contextual-Top2Vec

Âìåñòî PTM � ñóììà òåõíîëîãèé:

1 âåêòîðèçàöèÿ òîêåíîâ (Sentence-BERT)

2 âåêòîðèçàöèÿ ïðåäëîæåíèé ñêîëüçÿùèì
îêíîì â 50 òîêåíîâ (mean pooling)

3 ïîíèæåíèå ðàçìåðíîñòè âåêòîðîâ (UMAP)

4 èåðàðõè÷åñêàÿ êëàñòåðèçàöèÿ (hDbscan)
ñ àâòîìàòè÷åñêèì îïðåäåëåíèåì ÷èñëà òåì

5 èåðàðõè÷åêîå óêðóïíåíèå òåì ñëèÿíèåì ìåëêèõ êëàñòåðîâ
ñ áëèæàéøèìè ñîñåäÿìè (Top2Vec)

6 ðàçáèåíèå äîêóìåíòà íà ìîíîòåìàòè÷åñêèå ñåãìåíòû
7 p(t|d) = äîëÿ âåêòîðîâ äàííîé òåìû â äîêóìåíòå
8 èìåíîâàíèå òåì: ïîèñê ôðàç, áëèæàéøèõ ê öåíòðîèäó òåìû

Dimo Angelov. Top2vec: Distributed representations of topics. 2020.
D.Angelov, D.Inkpen. Topic modeling: contextual token embeddings are all you need. 2024.
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå
Î ÷¼ì ýòà êíèãà (î ðåâîëþöèè, êîíå÷íî)

Òâîð÷åñêèå ïëàíû

îòêàç îò ¾ìåøêà ñëîâ¿ � ãîòîâèì íîâóþ ðåâîëþöèþ
àíàëîãèè ñ íåéðîñåòåâûìè ìîäåëÿìè ÿçûêà
îòêðûòûå ïðîáëåìû òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Íåéðîñåòåâàÿ òåìàòè÷åñêàÿ ìîäåëü Contextual-Top2Vec

Äîñòîèíñòâà:

ìîäåëü BERT ïðåäîáó÷åíà ïî áîëüøèì âíåøíèì äàííûì,
ïîýòîìó êà÷åñòâî òåì íå çàâèñèò îò ðàçìåðà êîëëåêöèè

äîêóìåíò ðàçáèâàåòñÿ íà ìîíîòåìàòè÷åñêèå ñåãìåíòû

àâòîìàòè÷åñêè îïðåäåëÿåòñÿ ÷èñëî òåì (hDbscan, Top2Vec)

òåìà îïèñûâàåòñÿ ôðàçàìè, à íå îòäåëüíûìè ñëîâàìè

Íåäîñòàòêè:

ýòî ðàáîòàåò äîëãî, îñîáåííî íà áîëüøèõ êîëëåêöèÿõ

èíêðåìåíòíîå äîáàâëåíèå äîêóìåíòîâ íå ïðåäïîëàãàåòñÿ

Ñõîäñòâî ëîêàëèçîâàííîãî Å-øàãà:

îáðàáîòêà ëîêàëüíûõ êîíòåêñòîâ ñêîëüçÿùèì îêíîì

âîçìîæíî ðàçðåæèâàòü p(t|Ci ) äî ìîíîòåìàòè÷íîñòè

Dimo Angelov. Top2vec: Distributed representations of topics. 2020.
D.Angelov, D.Inkpen. Topic modeling: contextual token embeddings are all you need. 2024.
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Êðèòèêà ÒÌ ôèëîëîãàìè: òåìàòè÷åñêàÿ ìîäåëü...

1 èñõîäèò èç îòíîñèòåëüíî íåðåàëèñòè÷íûõ ïðåäïîëîæåíèé,

2 èìååò íåäåòåðìèíèðîâàííûé (íåóñòîé÷èâûé) ðåçóëüòàò,

3 íå ìîæåò áûòü ýôôåêòèâíî ïðîâåðåíà â ñðàâíåíèè ñ ðàçóìíûì
÷èñëîì êîíêóðèðóþùèõ ìîäåëåé,

4 íå ïðèâÿçàíà ê îïðåäåëåííîìó ëèíãâèñòè÷åñêîìó èíòåðôåéñó (?)

5 ñòàòèñòè÷åñêèå òåìû (topics) íà îñíîâå ëåêñè÷åñêîé
ñî÷åòàåìîñòè íå ñîîòâåòñòâóþò ñîäåðæàòåëüíûì òåìàì
(themes) â êîíòåíò-àíàëèçå è äð. ìåòîäàõ

6 èíòåðïðåòàöèÿ ìîäåëè îêàçûâàåòñÿ ïîäâåðæåííîé
� àïîôåíèè (÷åëîâå÷åñêàÿ ñêëîííîñòü âîñïðèíèìàòü ñëó÷àéíûå
íàáîðû ýëåìåíòîâ êàê çíà÷èìûå ïàòòåðíû),
� ïðåäâçÿòîñòè ïîäòâåðæäåíèÿ (ñêëîííîñòü ïðåäïî÷èòàòü
ïàòòåðíû, ñîãëàñóþùèåñÿ ñ àïðèîðíûìè ïðåäóáåæäåíèÿìè)

Anna Shadrova. Topic models do not model topics: epistemological remarks and steps
towards best practices // Journal of Data Mining & Digital Humanities. 2021
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îòêàç îò ¾ìåøêà ñëîâ¿ � ãîòîâèì íîâóþ ðåâîëþöèþ
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Êðèòèêà ÒÌ: ïðîáëåìà ðàñùåïëåíèÿ è ñëèÿíèÿ òåì

Òåìà � êëàñòåð íà åäèíè÷íîì ñèìïëåêñå ðàçìåðíîñòè |W | − 1
ñ öåíòðîì p(w |t) è òî÷êàìè p(w |t, d), d ∈ D : θtd > 0

Òåìàòè÷åñêèå ìîäåëè ñòðåìÿòñÿ âûðàâíèâàòü òåìû
ïî îáú¼ìó îòíîñÿùåãîñÿ òåêñòà (êðàñíûå êëàñòåðû).

Ýòî ïðèâîäèò ê ïîÿâëåíèþ òåì-äóáëèêàòîâ (A)
è ñåìàíòè÷åñêè ðàçíîðîäíûõ ¾ìóñîðíûõ¿ òåì (C).

Âûðàâíèâàíèå òåì ïî ðàäèóñó ñåìàíòè÷åñêîé îäíîðîäíîñòè

(çåë¼íûå êëàñòåðû) äîëæíî ðåøàòü îáå ïðîáëåìû.
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Îòêðûòûå ïðîáëåìû òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

1 êàê ãàðàíòèðîâàòü ïîëíîòó è óñòîé÷èâîñòü òåì
2 êàê óáðàòü äóáëèêàòû, ìóñîðíûå, íåèíòåðïðåòèðóåìûå òåìû
3 êàê àâòîìàòè÷åñêè èìåíîâàòü è àííîòèðîâàòü òåìû
4 êàê íàñòðàèâàòü ãèïåðïàðàìåòðû â ïîòîêå äàííûõ (AutoML)
5 êàê äîáàâëÿòü íîâûå òåìû â èåðàðõèþ, â ïîòîêå

Öåëü: ¾Make PTM Great Again¿
ñîçäàòü áûñòðûé ïðîñòîé èíòåðïðåòèðóåìûé A*RTM
(Attention + Adaptation + Awareness + Automation + ARTM)

1 îñíîâà: òåìàòè÷åñêàÿ ìîäåëü êîíòåêñòíîãî âíèìàíèÿ
2 ðåãóëÿðèçàòîðû áàëàíñèðîâêè ðàñïðåäåëåíèÿ p(t)
3 èìåíîâàíèå è àííîòèðîâàíèå òåì ñ ïîìîùüþ ATE è LLM
4 ìíîãîêðèòåðèàëüíîå óïðàâëåíèå ãèïåðïàðàìåòðàìè
5 ïðîâåðêà ñòàòãèïîòåç î ñîãëàñèè ðàñïðåäåëåíèé
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Ïîó÷èòåëüíûå âûâîäû

Ëåììà î ìàêñèìèçàöèè íà åäèíè÷íûõ ñèìïëåêñàõ
ïðèìåíèìà íå òîëüêî â òåìàòè÷åñêîì ìîäåëèðîâàíèè

Ïîëüçà îáîáùåíèÿ ìîäåëåé ïóò¼ì ïàðàìåòðèçàöèè:
1) ÷òî îáùåãî ó PLSA, LDA, SWB? EM-àëãîðèòì (2012)
2) ÷òî îáùåãî ó ðàçíûõ ìîäåëåé? ðåãóëÿðèçàöèÿ (2014)
3) ìîäàëüíîñòè (2015), èåðàðõèè (2016), òðàíçàêöèè (2018)
4) ÷òî îáùåãî ó E-øàãà è ìîäåëè âíèìàíèÿ? AttARTM (2023)

Áîëüøîå íàó÷íîå ñîîáùåñòâî ìîæåò ãîäàìè íå çàìå÷àòü
� áîëåå ïðîñòûõ è ðàöèîíàëüíûõ ìåòîäîâ ðåøåíèÿ
� î÷åâèäíûõ (çàäíèì óìîì) îáîáùåíèé

Âîðîíöîâ Ê.Â., Ïîòàïåíêî À.À. Ðåãóëÿðèçàöèÿ, ðîáàñòíîñòü è ðàçðåæåííîñòü
âåðîÿòíîñòíûõ òåìàòè÷åñêèõ ìîäåëåé. 2012.
Âîðîíöîâ Ê.Â. Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé êîëëåêöèé
òåêñòîâûõ äîêóìåíòîâ. 2014.
Vorontsov K. V. Rethinking probabilistic topic modeling from the point of view of
classical non-Bayesian regularization. 2023.
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