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Çàäà÷à ñóììàðèçàöèè (ðåôåðèðîâàíèÿ, àííîòèðîâàíèÿ) òåêñòà

Àâòîìàòè÷åñêàÿ ñóììàðèçàöèÿ � êðàòêèé òåêñò, ïîñòðîåííûé
ïî îäíîìó èëè íåñêîëüêèì äîêóìåíòàì è íàèáîëåå ïîëíî

ïåðåäàþùèé èõ ñîäåðæàíèå.

Ïîëóàâòîìàòè÷åñêàÿ ñóììàðèçàöèÿ

MAHS, machine aided human summarization

HAMS, human aided machine summarization

Îñíîâíûå òèïû çàäà÷ ñóììàðèçàöèè:

one-document � íà âõîäå îäèí äîêóìåíò d ∈ D

multi-document � íà âõîäå íàáîð äîêóìåíòîâ D ′ ⊆ D

⊕ topic � íà âõîäå íàáîð ñåãìåíòîâ òåìû p(d , s|t)

H.P.Luhn. The automatic creation of literature abstracts. 1958
Juan-Manuel Torres-Moreno. Automatic Text Summarization. 2014
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Îñíîâíûå ïîäõîäû è ìåòîäû ñóììàðèçàöèè

Îñíîâíûå ïîäõîäû ê ñóììàðèçàöèè:

extractive � âûáîð íåêîòîðûõ ïðåäëîæåíèé öåëèêîì

abstractive � ãåíåðàöèÿ òåêñòà íà åñòåñòâåííîì ÿçûêå

Wafaa S. El-Kassas, Cherif R. Salama, Ahmed A. Rafea, Hoda K. Mohamed.
Automatic text summarization: A comprehensive survey. 2021
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Îñíîâíûå ýòàïû âûáîðî÷íîé (extractive) ñóììàðèçàöèè

1 Âíóòðåííåå ïðåäñòàâëåíèå òåêñòà
� ãðàô/êëàñòåðèçàöèÿ/òåìàòèçàöèÿ ïðåäëîæåíèé â òåêñòå
� âû÷èñëåíèå âàæíîñòè è äðóãèõ ïðèçíàêîâ ïðåäëîæåíèé

2 Îöåíèâàíèå ïîëåçíîñòè (ðàíæèðîâàíèå) ïðåäëîæåíèé

3 Îòáîð ïðåäëîæåíèé äëÿ ðåôåðàòà
� îïòèìèçàöèÿ êðèòåðèåâ ðåëåâàíòíîñòè + ðàçëè÷íîñòè
� îïòèìèçàöèÿ ïîñëåäîâàòåëüíîñòè ïðåäëîæåíèé
� ó÷¼ò öåëåé è îñîáåííîñòåé ïðèêëàäíîé çàäà÷è
(íîâîñòè/ñòàòüè/âåá-ñòðàíèöû/ïîñòû/ìýéëû)

D.Das, A.Martins. A survey on automatic text summarization. 2007
A.Nenkova, K.McKeown. A survey of text summarization techniques. 2012
Y.Desai, P.Rokade. Multi document summarization: approaches and future scope. 2015
M.Gambhir, V.Gupta. Recent automatic text summarization techniques: a survey. 2016

Ê.Â. Âîðîíöîâ (vokov@forecsys.ru) Âåðîÿòíîñòíûå òåìàòè÷åñêèå ìîäåëè 5 / 40



Ñóììàðèçàöèÿ òåêñòîâ
Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

Ðåçþìå ïî êóðñó

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè
Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè
Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

TextRank � àíàëîã ññûëî÷íîãî ðàíæèðîâàíèÿ PageRank

Òåêñò � ãðàô ïðåäëîæåíèé; ð¼áðà � ïîõîæèå ïðåäëîæåíèÿ.

Ïðåäëîæåíèå s ∈ S òåì âàæíåå,

÷åì áîëüøå äðóãèõ ïðåäëîæåíèé c , ïîõîæèõ íà s,

÷åì âàæíåå ïðåäëîæåíèÿ c , ïîõîæèå íà s,

÷åì ìåíüøå ïðåäëîæåíèé, íà êîòîðûå c òàêæå ïîõîæå.

Âåðîÿòíîñòü ïîïàñòü â s, ñëó÷àéíî áëóæäàÿ ïî ãðàôó:

TR(s) = (1− δ)
1

|S |
+ δ

∑
c∈S in

s

TR(c)

|Sout
c |

,

S in
s ⊂ S � ìíîæåñòâî ïðåäëîæåíèé c , ïîõîæèõ íà s,

Sout
c ⊂ S � ìíîæåñòâî ïðåäëîæåíèé, íà êîòîðûå ïîõîæå c ,
δ = 0.85 � âåðîÿòíîñòü ïðîäîëæàòü áëóæäàíèÿ (damping factor)

S.Brin, L.Page. The Anatomy of a Large-Scale Hypertextual Web Search Engine. 1998
R.Mihalcea, P.Tarau. TextRank: Bringing Order into Text. EMNLP-2004
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Îïðåäåëåíèå ñõîäñòâà ïðåäëîæåíèé

Äîëÿ îáùèõ ñëîâ â äâóõ ïðåäëîæåíèÿõ

Äîëÿ îáùèõ ñëîâ, çà èñêëþ÷åíèåì ñëîâ îáùåé ëåêñèêè

Äîëÿ îáùèõ n-ãðàìì â äâóõ ïðåäëîæåíèÿõ

Ñõîäñòâî òåìàòè÷åñêèõ ðàñïðåäåëåíèé äâóõ ïðåäëîæåíèé

Ñõîäñòâî âåêòîðíûõ ïðåäñòàâëåíèé äâóõ ïðåäëîæåíèé

Äðóãîå ïðèìåíåíèå TextRank � èçâëå÷åíèå êëþ÷åâûõ ñëîâ

(keyword extraction) èç îòäåëüíûõ äîêóìåíòîâ.

Â ýòîì ñëó÷àå áëèçîñòü ìåæäó ñëîâàìè (n-ãðàììàìè)
îïðåäåëÿåòñÿ ïî ÷àñòîòå èõ ñî÷åòàåìîñòè â îêíå øèðèíû h
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Ïîêðûòèå òåðìèíîëîãèè è òåìàòèêè äîêóìåíòà

Sd � ìíîæåñòâî ïðåäëîæåíèé äîêóìåíòà d
a ⊂ Sd � èñêîìàÿ ñóììàðèçàöèÿ

Ïîêðûòèå òåðìèíîëîãèè äîêóìåíòà (lexicon coverage):

WCov(a) = KL
(
p(w |d)‖p(w |a)

)
→ min

a⊂Sd

Ïîêðûòèå òåìàòèêè äîêóìåíòà (topic coverage):

TCov(a) = KL
(
p(t|d)‖p(t|a)

)
→ min

a⊂Sd

Èçáûòî÷íîñòü ñóììàðèçàöèè (redundancy):

Red(a) =
∑
s,s′∈a

Bss′ → min
a⊂Sd

, Bss′ = sim
(
p(w |s), p(w |s ′)

)
,

ãäå sim � îäíà èç ìåð ñõîäñòâà: cos, JS, Jaccard è ò.ï.

Marina Litvak et al. Improving summarization quality with topic modeling. 2015.
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Çàäà÷à ìíîãîêðèòåðèàëüíîé äèñêðåòíîé îïòèìèçàöèè

Ìåòîä ðåëàêñàöèè: âìåñòî a ⊂ Sd èùåì πs = p(s|a), ãäå s ∈ Sd .
Â ðåëàêñèðîâàííîé çàäà÷å:

p(w |a) =
∑
s∈d

p(w |s)p(s|a) =
∑
s∈d

nws
ns
πs

p(t|a) =
∑
s∈d

p(t|s)p(s|a) =
∑
s∈d

θtsπs

Ìàêñèìèçàöèÿ ïðàâäîïîäîáèÿ ñ ðåãóëÿðèçàöèåé:

WCov(a) + τ1TCov(a) + τ2Red(a) =∑
w∈d

ndw ln
∑
s∈d

nws
ns
πs + τ1

∑
t∈T

θtd ln
∑
s∈d

θtsπs − τ2

∑
s,s′∈d

Bss′πsπs′ → max
{π}

Ìîæíî äîáàâèòü ðåãóëÿðèçàòîð ðàçðåæèâàíèÿ:

R(π) = −τ3

∑
s∈Sd

lnπs → max
{π}
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Îöåíêà ïîëåçíîñòè ïðåäëîæåíèé

Äîïîëíèòåëüíûå ïðèçíàêè äëÿ îòáîðà ïðåäëîæåíèé:

SumBasic � ñðåäíÿÿ ÷àñòîòà ñëîâ, èñêëþ÷àÿ ñòîï-ñëîâà

Centriod � ñðåäíèé TF-IDF ñëîâ, ïðåâûøàþùèé ïîðîã

LexicalChain � ÷èñëî ñëîâ ñèëüíûõ ëåêñè÷åñêèõ öåïî÷åê

ImpactBased � ÷èñëî ñëîâ èç ññûëàþùèõñÿ êîíòåêñòîâ

TopicBased � ÷èñëî ñëîâ èç çàïðîñà ïîëüçîâàòåëÿ

Ñòðàòåãèè îòáîðà ïðåäëîæåíèé:

ïî îäíîìó top-ïðåäëîæåíèþ îò êàæäîé èç top-òåì

ïîîùðÿòü âûáîð ñîñåäíèõ ïðåäëîæåíèé

ïîîùðÿòü áîëåå ïðîñòûå (óäîáî÷èòàåìûå) ïðåäëîæåíèÿ

øòðàôîâàòü ïðåäëîæåíèÿ ñ àíàôîðîé è ýëëèïñèñîì

A.Nenkova, K.McKeown. A survey of text summarization techniques. 2012.
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Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Sd � ìíîæåñòâî ïðåäëîæåíèé äîêóìåíòà d ;
nsw � ÷àñòîòà òåðìà w â ïðåäëîæåíèè s;
ns � äëèíà ïðåäëîæåíèÿ s.

Îòáîð òåì: p(t|d)→ top k
t∈T

è ïðåäëîæåíèé: p(s|t)→ max
s∈Sd

Òåìàòè÷åñêàÿ ìîäåëü ñåãìåíòèðîâàííîãî òåêñòà:

p(w |d) =
∑
s∈Sd

p(w |s)
∑
t∈T

p(s|t)p(t|d) =
∑
s∈Sd

pws
∑
t∈T

ψstθtd

ãäå pws ≡ p(w |s) = nws
ns

� ÷àñòîòà òåðìà w â ïðåäëîæåíèè s.

Òåìû â äîêóìåíòàõ d ∈ D íóæäàþòñÿ â ñîãëàñîâàíèè:

p(w |t, d) =
∑
s∈Sd

pwsψst → p(w |t) = φwt

Dingding Wang, Shenghuo Zhu, Tao Li, Yihong Gong. Multi-document summarization
using sentence-based topic models // ACL-IJCNLP 2009.
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BSTM � Bayesian Sentence-based Topic Model

Êðèòåðèé ìàêñèìóìà ðåãóëÿðèçîâàííîãî ïðàâäîïîäîáèÿ:∑
d∈D

∑
w∈d

ndw ln
∑
s∈Sd

pws
∑
t∈T

ψstθtd + R(Ψ,Θ) → max
Ψ,Θ

Àâòîðû óòâåðæäàþò, ÷òî ìîäåëü ïåðåõîäèò â îáû÷íóþ
p(w |d) =

∑
t φwtθtd , åñëè ïðåäëîæåíèå≡ ñëîâî

Ýòî íå òàê, âåäü ïðåäëîæåíèÿ óíèêàëüíû: Sd ∩ Sd ′ = ∅
Ìîäåëü ðàçâàëèâàåòñÿ íà íåçàâèñèìûå ìîäåëè äîêóìåíòîâ
(Litvak, 2015) òàêóþ LDA ñòðîÿò ÿâíî, ýòî òîæå ðàáîòàåò!

Íî äëÿ multi-document summarization ìîæåò íå ðàáîòàòü :(

À òî, ÷òî ìîäåëü ¾Bayesian¿, âîîáùå íå èìååò çíà÷åíèÿ ;)

Dingding Wang, Shenghuo Zhu, Tao Li, Yihong Gong. Multi-document summarization
using sentence-based topic models // ACL-IJCNLP 2009.
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Ñîãëàñîâàííàÿ ÒÌ äëÿ ìíîãî-äîêóìåíòíîé ñóììàðèçàöèè

Ñòðîèì îäíîâðåìåííî äâå òåìàòè÷åñêèå ìîäåëè, â êîòîðûõ
êîâàðèàöèîííûì ðåãóëÿðèçàòîðîì ïðèáëèæàåì ðàñïðåäåëåíèÿ
p(w |t, d) =

∑
s pwsψst ê p(w |t) = φwt äëÿ âñåõ d ∈ D:∑
d∈D

∑
t∈T

∑
w∈W

φwt
∑
s∈Sd

pwsψst → max
Φ,Ψ

Êðèòåðèé ìàêñèìóìà ðåãóëÿðèçîâàííîãî ïðàâäîïîäîáèÿ:∑
d ,w

ndw ln
∑
t∈T

φwtθtd +

+ τ
∑
d ,w

ndw ln
∑
s∈Sd

pws
∑
t∈T

ψstθtd +

+ µ
∑
d ,w

∑
s∈Sd

∑
t∈T

φwtpwsψst + R(Φ,Ψ,Θ)→ max
Φ,Ψ,Θ

ãäå τ , µ � êîýôôèöèåíòû ðåãóëÿðèçàöèè
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Ñîãëàñîâàííàÿ ÒÌ äëÿ ìíîãî-äîêóìåíòíîé ñóììàðèçàöèè

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:



ptdw ≡ p(t|d ,w) = norm
t∈T

(
φwtθtd

)
pstdw ≡ p(s, t|d ,w) = norm

s,t∈Sd×T

(
pwsψstθtd

)
pwst = pwsφwtψst

φwt = norm
w∈W

( ∑
d∈D

ndwptdw + µ
∑
d∈D

∑
s∈Sd

pwst + φwt
∂R
∂φwt

)
θtd = norm

t∈T

( ∑
w∈d

ndwptdw + τ
∑
s∈Sd

∑
w∈s

ndwpstdw + θtd
∂R
∂θtd

)
ψst = norm

s∈Sd

(
τ
∑
w∈s

ndwpstdw + µ
∑
w∈s

pwst + ψst
∂R
∂ψst

)
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Ìîæíî ëè áûëî ñäåëàòü ïðîùå?

Sd � ìíîæåñòâî ïðåäëîæåíèé äîêóìåíòà d ;
nsw � ÷àñòîòà òåðìà w â ïðåäëîæåíèè s;
ns � äëèíà ïðåäëîæåíèÿ s.

Îòáîð òåì: p(t|d)→ top k
t∈T

è ïðåäëîæåíèé: p(s|t)→ max
s∈Sd

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèÿ s:

p(s|t) = p(t|s)p(s)
p(t) =

∑
w∈s

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

∑
w∈s

φwt
p(s)
p(w)pws

Êàæåòñÿ, ìîæíî îáîéòèñü îáû÷íîé òåìàòè÷åñêîé ìîäåëüþ,
ëèáî ìîäåëüþ ëèíåéíîé îäíîïðîõîäíîé òåìàòèçàöèè.

Íî åñòü ñîìíåíèå: òåìû íå îïòèìèçèðóþòñÿ ïîä ñóììàðèçàöèþ.

Êàêîé ïîäõîä äëÿ îòáîðà ïðåäëîæåíèé ëó÷øå?

Dingding Wang, Shenghuo Zhu, Tao Li, Yihong Gong. Multi-document summarization
using sentence-based topic models. ACL-IJCNLP 2009
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Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

ROUGE: Recall-Oriented Understudy for Gisting Evaluation

r ∈ R � ìíîæåñòâî ðåôåðàòîâ, íàïèñàííûõ ëþäüìè
s � ñóììàðèçàöèÿ, ïîñòðîåííàÿ ñèñòåìîé
×åì áîëüøå, òåì ëó÷øå � äëÿ âñåõ ìåòðèê ñåìåéñòâà ROUGE

Äîëÿ n-ãðàìì èç ðåôåðàòîâ, âîøåäøèõ â ñóììàðèçàöèþ s:

ROUGE-n(s) =

∑
r∈R

∑
w

[w ∈ s][w ∈ r ]∑
r∈R

∑
w

[w ∈ r ]

Äîëÿ n-ãðàìì èç ñàìîãî áëèçêîãî ðåôåðàòà, âîøåäøèõ â s:

ROUGE-nmulti(s) = max
r∈R

∑
w

[w ∈ s][w ∈ r ]∑
w

[w ∈ r ]

Chin-Yew Lin. ROUGE: A package for automatic evaluation of summaries. 2004.
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Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè
Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

ROUGE: Recall-Oriented Understudy for Gisting Evaluation

r ∈ R � ìíîæåñòâî ðåôåðàòîâ, íàïèñàííûõ ëþäüìè
s � ñóììàðèçàöèÿ, ïîñòðîåííàÿ ñèñòåìîé
×åì áîëüøå, òåì ëó÷øå � äëÿ âñåõ ìåòðèê ñåìåéñòâà ROUGE

ROUGE-L(s) ìàêñèìàëüíàÿ îáùàÿ ïîäïîñëåäîâàòåëüíîñòü s, r
ROUGE-W(s) øòðàôóåò çà ïðîïóñêè â ïîäïîñëåäîâàòåëüíîñòè
ROUGE-S(s) àíàëîã ROUGE-2(s) äëÿ áèãðàìì ñ ïðîïóñêàìè
ROUGE-SU-m(s) äëÿ áèãðàìì ñ ïðîïóñêàìè íå äëèííåå m

JS
(
p(w |s), p(w |R)

)
� ëó÷øå âñåãî êîððåëèðóåò ñ ýêñïåðòíûìè

îöåíêàìè êà÷åñòâà ñóììàðèçàöèè (Lin, 2006).

Ãîòîâûå ïàêåòû äëÿ âû÷èñëåíèÿ ìåòðèê: pyRouge è äð.

Chin-Yew Lin. ROUGE: A package for automatic evaluation of summaries. 2004.

Chin-Yew Lin, Guihong Cao, Jianfeng Gao, Jian-Yun Nie. An Information-Theoretic
Approach to Automatic Evaluation of Summaries. 2006.
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Àáñòðàêòèâíàÿ ñóììàðèçàöèÿ íà îñíîâå òðàíñôîðìåðîâ

S.Subramanian, R.Li, J.Pilault, C.Pal. On Extractive and Abstractive Neural
Document Summarization with Transformer Language Models. 2019.
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Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

Àáñòðàêòèâíàÿ ñóììàðèçàöèÿ èñïîëüçóåò ýêñòðàêòèâíóþ

S.Subramanian, R.Li, J.Pilault, C.Pal. On Extractive and Abstractive Neural
Document Summarization with Transformer Language Models. 2019.
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Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

Ðåçþìå ïî ñóììàðèçàöèè

Òåìàòè÷åñêèå ìîäåëè èñïîëüçóþòñÿ â ñóììàðèçàöèè,
÷òîáû âûäåëèòü è ïîêðûòü íàèáîëåå âàæíûå òåìû

Ñóììàðèçàöèÿ òåìû � îòêðûòàÿ ïðîáëåìà TM,
å¼ íå òîëüêî íå ðåøàëè, íî äàæå è íå ñòàâèëè!
¾Let the topics tell about themselves!¿

ROUGE � ñåìåéñòâî ìåð êà÷åñòâà ñóììàðèçàöèè,
õàðàêòåðèçóþò äàëåêî íå âñå àñïåêòû êà÷åñòâà

BLUE � àíàëîãè÷íûå ìåòðèêè, íî precision-based

Äëÿ âèçóàëèçàöèè íóæíû ñóììàðèçàöèÿ è èìåíîâàíèå òåì
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Ðåçþìå ïî êóðñó

Ôîðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ
Ìàêñèìèçàöèÿ ôóíêöèè ðåëåâàíòíîñòè
Ìàêñèìèçàöèÿ ïîêðûòèÿ è ðàçëè÷íîñòè

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì äëÿ âèçóàëèçàöèè

Ïðèìåð 1: òåìàòèêà îáñóæäåíèé íà www.PatientsLikeMe.ñom
Ïðèìåð 2: èåðàðõè÷åñêàÿ êàðòà Data Mining
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Ìàêñèìèçàöèÿ ôóíêöèè ðåëåâàíòíîñòè
Ìàêñèìèçàöèÿ ïîêðûòèÿ è ðàçëè÷íîñòè

Ñèñòåìà TMVE � Topic Model Visualization Engine

Òðè òîïîâûõ ñëîâà òåìû � ñàìàÿ ïðîñòàÿ ìîäåëü èìåíîâàíèÿ:

https://github.com/ajbc/tmv

Chaney A., Blei D. Visualizing Topic Models // Frontiers of computer science in
China, 2012. � 55(4), pp. 77�84.
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Çàäà÷à àâòîìàòè÷åñêîãî èìåíîâàíèÿ òåì (topic labeling)

Òðåáîâàíèÿ ê íàçâàíèþ òåìû (topic label):

èíòåðïðåòèðóåìîñòü è ãðàììàòè÷åñêàÿ êîððåêòíîñòü

òî÷íîñòü ïðåäñòàâëåíèÿ ñåìàíòèêè òåìû

ïîëíîòà ïðåäñòàâëåíèÿ ñåìàíòèêè òåìû

íåïîõîæåñòü íà íàçâàíèÿ äðóãèõ òåì, âêëþ÷àÿ ïîõîæèå

Ãèïîòåçà: âñå íàçâàíèÿ óæå ïðèäóìàíû, îñòàëîñü èõ íàéòè.

Ïîäçàäà÷è

ôîðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ `1, . . . , `m

ïîñòðîåíèå (îáó÷åíèå) ôóíêöèè ðåëåâàíòíîñòè s(`, t)

âûáîð íàçâàíèÿ ñ ó÷¼òîì íàçâàíèé ïîõîæèõ òåì

Qiaozhu Mei (Öÿî×æó Ìýé), Xuehua Shen, Chengxiang Zhai. Automatic labeling
of multinomial topic models. KDD 2007.
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Ñïîñîáû ôîðìèðîâàíèÿ íàçâàíèé-êàíäèäàòîâ

Ñïåöèôè÷íûå äëÿ äàííîé òåìû:

òîïîâûå n-ãðàììû äàííîé òåìû

ñèíòàêñè÷åñêèå âåòêè íàèáîëåå òåìàòè÷íûõ ïðåäëîæåíèé

òåìàòè÷íûå èìåííûå ãðóïïû (âûðåçàííûå OpenNLP chunker)

òåìàòè÷íûå ôðàçû ¾îáúåêò, ñóáúåêò, äåéñòâèå¿

çàãîëîâêè òåìàòè÷íûõ äîêóìåíòîâ èëè èõ ôðàãìåíòû

ìåòàäàííûå (òåãè, êàòåãîðèè) òåìàòè÷íûõ äîêóìåíòîâ

Îáùèå äëÿ âñåõ òåì:

n-ãðàììû èç âíåøíåé êîëëåêöèè, íàïðèìåð, Âèêèïåäèè

çàãîëîâêè ñòàòåé èëè êàòåãîðèé Âèêèïåäèè

òåðìèíû èç âíåøíèõ òåçàóðóñîâ:
WordNet, ÐóÒåç, Âèêèñëîâàðü, è äð.
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Ôóíêöèÿ ðåëåâàíòíîñòè (relevance score)

Ðåëåâàíòíîñòü íóëåâîãî ïîðÿäêà:

s(`, t) =
∑
w∈`

log
p(w |t)

p(w)
→ max

Ðåëåâàíòíîñòü ïåðâîãî ïîðÿäêà: ñëîâà òåìû t íåñëó÷àéíî
÷àñòî ïîÿâëÿþòñÿ ðÿäîì (â îäíîì êîíòåêñòå C ) ñ íàçâàíèåì `:

s(`, t) =
∑
w∈C

p(w |t) log
p(w , `|C )

p(w |C )p(`|C )︸ ︷︷ ︸
PMI(w ,`|C)

→ max

ãäå C � ðåëåâàíòíûé òåìå êîíòåêñò, â êîòîðîì îæèäàåòñÿ
ïîÿâëåíèå êàê ñëîâ òåìû t, òàê è íàçâàíèÿ ` öåëèêîì
(Íàïðèìåð, ñòàòüÿ èëè êàòåãîðèÿ Âèêèïåäèè).

Qiaozhu Mei, Xuehua Shen, Chengxiang Zhai. Automatic labeling of multinomial topic
models. KDD 2007.
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Ôîðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ
Ìàêñèìèçàöèÿ ôóíêöèè ðåëåâàíòíîñòè
Ìàêñèìèçàöèÿ ïîêðûòèÿ è ðàçëè÷íîñòè

Ïðîáëåìà íàçâàíèé, ïîäõîäÿùèõ äëÿ íåñêîëüêèõ òåì

Ïðèìåð: îðàíæåâàÿ òåìà
ïîêðûâàåòñÿ äâóìÿ íàçâàíèÿìè:
� clustering algorithm

� dimension reduction

íî íàçâàíèå data management

íåóäà÷íî, êîíêóðèðóåò ñ äðóãîé òåìîé

Âûáèðàòü êàæäîå ñëåäóþùåå íàçâàíèå, ÷òîáû îíî áûëî

ìàêñèìàëüíî ðåëåâàíòíî, s(`, t)→ max,

ìàêñèìàëüíî íå ïîõîæå íà íàçâàíèÿ `′ îñòàëüíûõ òåì:

s(`, t) + λmax
`′

KL(`′‖`)→ max

ãäå ïàðàìåòð λ ïîäáèðàåòñÿ ýìïèðè÷åñêè.

Qiaozhu Mei, Xuehua Shen, Chengxiang Zhai. Automatic labeling of multinomial topic
models. KDD 2007.
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Ñóììàðèçàöèÿ òåêñòîâ
Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

Ðåçþìå ïî êóðñó

Ôîðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ
Ìàêñèìèçàöèÿ ôóíêöèè ðåëåâàíòíîñòè
Ìàêñèìèçàöèÿ ïîêðûòèÿ è ðàçëè÷íîñòè

Ìàêñèìèçàöèÿ ðàçëè÷íîñòè íàçâàíèé ðàçëè÷íûõ òåì

Ìîäèôèöèðîâàííàÿ ôóíêöèÿ ðåëåâàíòíîñòè s ′(`, t):

ìàêñèìèçèðóåò ðåëåâàíòíîñòü ñâîåé òåìû, s(`, t)→ max

ìèíèìèçèðóåò ðåëåâàíòíîñòü äðóãèõ òåì, s(`, t ′)→ min

s ′(`, t) = s(`, t)− µ
∑

t′∈T\t

s(`, t ′)→ max

ãäå ïàðàìåòð µ ïîäáèðàåòñÿ ýìïèðè÷åñêè.

Ìåòîäèêà îöåíèâàíèÿ êà÷åñòâà èìåíîâàíèÿ òåì:

3 àñåññîðà, êàæäûé àñåññîð âèäèò äëÿ êàæäîé òåìû:
� ñïèñîê òîï-ñëîâ òåìû, ñïèñîê òîï-äîêóìåíòîâ òåìû
� âàðèàíòû íàçâàíèÿ, ñãåíåðèðîâàííûå ðàçíûìè ìåòîäàìè

àñåññîð ðàíæèðóåò ìåòîäû 0, 1, 2, . . . (÷åì âûøå, òåì ëó÷øå)

Qiaozhu Mei, Xuehua Shen, Chengxiang Zhai. Automatic labeling of multinomial topic
models. KDD 2007.
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Ñóììàðèçàöèÿ òåêñòîâ
Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

Ðåçþìå ïî êóðñó

Ôîðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ
Ìàêñèìèçàöèÿ ôóíêöèè ðåëåâàíòíîñòè
Ìàêñèìèçàöèÿ ïîêðûòèÿ è ðàçëè÷íîñòè

Îöåíèâàíèå êà÷åñòâà èìåíîâàíèÿ òåì

Äâå êîëëåêöèè: íàó÷íàÿ (SIGMOD), íîâîñòíàÿ (Assoc.Press)
Àâòîìàòè÷åñêèå è àñåññîðñêèå íàçâàíèÿ òåì, SIGMOD:

Ïîáåäèë âûáîð n-ãðàìì ïî ðåëåâàíòíîñòè 1-ãî ïîðÿäêà,
íî îí âñ¼ åù¼ çàìåòíî õóæå ÷åëîâå÷åñêîãî èìåíîâàíèÿ òåì:

Qiaozhu Mei et al. Automatic labeling of multinomial topic models. KDD 2007.
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Ñóììàðèçàöèÿ òåêñòîâ
Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

Ðåçþìå ïî êóðñó

Ôîðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ
Ìàêñèìèçàöèÿ ôóíêöèè ðåëåâàíòíîñòè
Ìàêñèìèçàöèÿ ïîêðûòèÿ è ðàçëè÷íîñòè

Ðåçþìå ïî àâòîìàòè÷åñêîìó èìåíîâàíèþ òåì

Automatic Topic Labeling � î÷åíü óçêîå íàïðàâëåíèå,
îêîëî 50 ñòàòåé íà÷èíàÿ ñ 2007 ã.

Âàæíî äëÿ àâòîìàòèçàöèè ñîçäàíèÿ ïðèëîæåíèé

Áëèçêî ê çàäà÷å ñóììàðèçàöèè òåìû

Äëÿ èåðàðõè÷åñêèõ ìîäåëåé äîáàâëÿåòñÿ ñïåöèôè÷íîå
òðåáîâàíèå ïîëíîòû: íàçâàíèÿ äî÷åðíèõ òåì äîëæíû
àäåêâàòíî îïèñûâàòü ðàçäåëåíèå ðîäèòåëüñêîé òåìû

Alex Yoo. Automatic topic labeling in 2018: history and trends.
https://medium.com/datadriveninvestor/automatic-topic-labeling-in-2018-history-and-trends-29c128cec17

A.Gourru et al. United we stand: Using multiple strategies for topic labeling. 2018.

Ciprian-Octavian Truicam And Elena-Simona Apostol TLATR: Automatic Topic
Labeling Using Automatic (Domain-Speci�c) Term Recognition. 2021.

Supriya Kinariwala, Sachin Deshmukh Onto_TML: Auto-labeling of topic models. 2021.

M.Allahyari, S.Pouriyeh, K.Kochut, H.R.Arabnia. A knowledge-based topic modeling
approach for automatic topic labeling. 2017.
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Ñóììàðèçàöèÿ òåêñòîâ
Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

Ðåçþìå ïî êóðñó

×òî ðàáîòàåò â òåìàòè÷åñêîì ìîäåëèðîâàíèè
Îòêðûòûå çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ñáîðíèê çàäàíèé

Îáñóæäåíèå. Ãëàâíûå âûâîäû ïî âñåìó êóðñó

×òî òî÷íî ðàáîòàåò â òåìàòè÷åñêîì ìîäåëèðîâàíèè
...èëè ¾óçíàâ îá ýòîì, ïî äðóãîìó óæå íå çàõî÷åòñÿ¿

1 ëåììà î ìàêñèìèçàöèè ôóíêöèè íà åäèíè÷íûõ ñèìïëåêñàõ

2 àääèòèâíàÿ ðåãóëÿðèçàöèÿ âìåñòî áàéåñîâñêîãî îáó÷åíèÿ

3 áèáëèîòåêà BigARTM: ñêîðîñòü + ôóíêöèîíàëüíîñòü

4 ìíîãîêðèòåðèàëüíîå îöåíèâàíèå

5 ñëîâàðè òåðìèíîâ n-ãðàìì

6 äåêîððåëèðîâàíèå òåì

7 ìóëüòèìîäàëüíûå ìîäåëè

8 îäíîïðîõîäíûé EM-àëãîðèòì

9 òåìàòè÷åñêèå èåðàðõèè

10 ñïåêòð òåì (ðàíæèðîâàíèå òåì ïî âçàèìíîé áëèçîñòè)

11 ðåàëèçàöèÿ ARTM íà PyTorch
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Ñóììàðèçàöèÿ òåêñòîâ
Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

Ðåçþìå ïî êóðñó

×òî ðàáîòàåò â òåìàòè÷åñêîì ìîäåëèðîâàíèè
Îòêðûòûå çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ñáîðíèê çàäàíèé

Îáñóæäåíèå. Îòêðûòûå çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

1 ÒÅÌÀÒÈÇÀÒÎÐ: âñòðàèâàíèå â Orange, PolyAnalyst

2 ïðîáëåìà íåñáàëàíñèðîâàííîñòè òåì

3 äîëÿ èíòåðïðåòèðóåìûõ òåì äîëæíà áûòü 100%

4 àâòîìàòè÷åñêîå èìåíîâàíèå è àííîòèðîâàíèå òåì

5 àâòîìàòè÷åñêîå îáíàðóæåíèå íîâûõ òåì â ïàêåòàõ

6 àâòîìàòè÷åñêîå ðàçäåëåíèå òåì íà ïîäòåìû

7 àâòîìàòè÷åñêèé ïîäáîð ãèïåðïàðàìåòðîâ, AutoML

8 îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ â ïîòîêîâîì ðåæèìå

9 òåìàòè÷åñêàÿ ìîäåëü âíèìàíèÿ (ëîêàëüíûõ êîíòåêñòîâ)

10 îáåñïå÷åíèå ïîëíîòû è óñòîé÷èâîñòè ìíîæåñòâà òåì

11 áåðåæíîå ñëèÿíèå ìîäåëåé íåñêîëüêèõ êîëëåêöèé

12 ðàçâèòèå íåéðîñåòåâûõ òåìàòè÷åñêèõ ìîäåëåé
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Ñóììàðèçàöèÿ òåêñòîâ
Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

Ðåçþìå ïî êóðñó

×òî ðàáîòàåò â òåìàòè÷åñêîì ìîäåëèðîâàíèè
Îòêðûòûå çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ñáîðíèê çàäàíèé

Îáñóæäåíèå. 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)

X.Wu et al. A survey on neural topic models: methods, applications, and challenges. 2023.
Rob Churchill, Lisa Singh. The evolution of topic modeling. 2022.
He Zhao et al. Topic modelling meets deep neural networks: a survey. 2021.
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Ñóììàðèçàöèÿ òåêñòîâ
Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

Ðåçþìå ïî êóðñó

×òî ðàáîòàåò â òåìàòè÷åñêîì ìîäåëèðîâàíèè
Îòêðûòûå çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ñáîðíèê çàäàíèé

Íàïîìèíàíèå. Ïðàêòè÷åñêèå çàäàíèÿ ïî êóðñó

Çàäà÷à-ìèíèìóì: íàó÷èòüñÿ ðåøàòü çàäà÷è NLP
ñ èñïîëüçîâàíèåì òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ â BigARTM

Çàäà÷à-ìàêñèìóì: ñîòâîðèòü íå÷òî îáùåñòâåííî ïîëåçíîå

âèäû äåÿòåëüíîñòè îöåíêà

òåîðåòè÷åñêèå çàäà÷è
∑

i AiXi

ðåøåíèå ïðèêëàäíîé çàäà÷è 10X
îáçîð ïî NeuralTM 12X
ðåàëèçàöèÿ ARTM äëÿ pyTorch 16X
ó÷àñòèå â ïðîåêòå Òåìàòèçàòîð 20X
ðàáîòà íàä îòêðûòîé ïðîáëåìîé 20X

ãäå X � îöåíêà çà âèä äåÿòåëüíîñòè ïî 5-áàëëüíîé øêàëå,
Ai � ñëîæíîñòü çàäà÷è = ÷èñëó ¾çâ¼çäî÷åê¿

Èòîãîâàÿ îöåíêà: min
(
10, bscore/10c

)
ïî 10-áàëëüíîé øêàëå.
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Ñóììàðèçàöèÿ òåêñòîâ
Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

Ðåçþìå ïî êóðñó

×òî ðàáîòàåò â òåìàòè÷åñêîì ìîäåëèðîâàíèè
Îòêðûòûå çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ
Ñáîðíèê çàäàíèé

Íåêîòîðûå äàòàñåòû äëÿ çàäàíèé ïî ñïåöêóðñó

Íàó÷íûå ñòàòüè: arXiv, PubMed, Semantic Scholar

Íîâîñòíîé ïîòîê (20 èñòî÷íèêîâ íà ðóññêîì ÿçûêå)

Äàííûå êàäðîâûõ àãåíòñòâ: ðåçþìå + âàêàíñèè

Íàó÷íî-ïîïóëÿðíûå ñòàòüè: ÏîñòÍàóêà, Ýëåìåíòû, Õàáð,...

Âèêèïåäèÿ

Àêòû àðáèòðàæíûõ ñóäîâ ÐÔ

Äàííûå ñîöèàëüíûõ ñåòåé: Twitter, VK, LJ,...

TechCrunch (àíãëèéñêèé)

Îòêðûòûå äàòàñåòû (àíãëèéñêèé): 20 newsgroups, NIPS, KOS

Òðàíçàêöèè êëèåíòîâ Sberbank DSD 2016

http://bigartm.org
http://drive.google.com/drive/folders/1PPnw6aZOJAJoLRYuwdGm437RssV-XQx0
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Òåîðåòè÷åñêîå çàäàíèå �1 (ê ëåêöèè �1)

Äâà óïðàæíåíèÿ íà ïðèíöèï ìàêñèìóìà ïðàâäîïîäîáèÿ:

1. Óíèãðàììíàÿ ìîäåëü äîêóìåíòîâ: p(w |d) = ξdw
Íàéòè ïàðàìåòðû ìîäåëè ξdw .

2. Óíèãðàììíàÿ ìîäåëü êîëëåêöèè: p(w |d) = ξw äëÿ âñåõ d
Íàéòè ïàðàìåòðû ìîäåëè ξw .

Ïîäñêàçêà: ïðèìåíèòü óñëîâèÿ ÊÊÒ.

Òðåòüå óïðàæíåíèå â ïðîäîëæåíèå � áîëåå òâîð÷åñêîå:

3. Ïðåäëîæèòå ìîäåëü, îïðåäåëÿþùóþ ðîëè ñëîâ â òåêñòàõ:
� òåìàòè÷åñêèå ñëîâà
� ñïåöèôè÷íûå ñëîâà äîêóìåíòà (øóì)
� ñëîâà îáùåé ëåêñèêè (ôîí)

Ïîäñêàçêà 1: èñêàòü ðàñïðåäåëåíèå ðîëåé ñëîâ p(r |w), r ∈ {ò,ø,ô}.
Ïîäñêàçêà 2: ìîæíî ðàçðåæèâàòü p(r |w) äëÿ æ¼ñòêîãî îïðåäåëåíèÿ ðîëåé.
Ïîäñêàçêà 3: ìîæíî èñïîëüçîâàòü äîêóìåíòíóþ ÷àñòîòó ñëîâ.



Òåîðåòè÷åñêîå çàäàíèå �2 (ê ëåêöèè �2)

4. Çàìåíèì log äðóãîé ìîíîòîííî âîçðàñòàþùåé ôóíêöèåé µ:∑
d∈D

∑
w∈d

ndwµ

(∑
t∈T

φwtθtd

)
+ R(Φ,Θ) → max

Φ,Θ

Êàê èçìåíèòñÿ ÅÌ-àëãîðèòì? Âîçìîæíî ëè ïîäîáðàòü
ôóíêöèþ µ òàê, ÷òîáû ñîêðàòèëñÿ îáú¼ì âû÷èñëåíèé?

5. Çàìåíèì log ìîíîòîííî âîçðàñòàþùåé ôóíêöèåé µ
â ðåãóëÿðèçàòîðå ñãëàæèâàíèÿ�ðàçðåæèâàíèÿ (ìîäåëü LDA):

R(Φ,Θ) =
∑
t∈T

∑
w∈W

βwµ(φwt) +
∑
d∈D

∑
t∈T

αtµ(θtd).

Êàê èçìåíèòñÿ Ì-øàã è âîçäåéñòâèå ðåãóëÿðèçàòîðà íà ìîäåëü?

6∗. Êàêîìó ðåãóëÿðèçàòîðó ñîîòâåòñòâóåò ôîðìóëà Ì-øàãà

φwt = norm
w

(
nwt [nwt > γnt ]

)
Ïîäñêàçêà: ñì. ñëàéä 12 ëåêöèè �3.



Òåîðåòè÷åñêîå çàäàíèå �3 (ê ëåêöèè �3)

Àíàëèòèê ïîñòðîèë òåìàòè÷åñêóþ ìîäåëü Φ0, Θ0

è îòìåòèë ñðåäè ñòîëáöîâ ìàòðèöû Φ0 òåìû äâóõ òèïîâ:
óäà÷íûå T+ ⊂ T è íåóäà÷íûå T− ⊂ T .
Òåïåðü îí õî÷åò ïîñòðîèòü ìîäåëü åù¼ ðàç òàê, ÷òîáû

óäà÷íûå òåìû îñòàëèñü â ìàòðèöå Φ;

îñòàëüíûå òåìû ïîñòðîèëèñü ïî-äðóãîìó è áûëè íå ïîõîæè
íà êàæäóþ èç íåóäà÷íûõ òåì t ∈ T−.

7. Ïðåäëîæèòå ðåãóëÿðèçàòîðû äëÿ ýòîãî.

8. Íå ïîëó÷èòñÿ ëè òàê, ÷òî íîâûå òåìû áóäóò îòäàëÿòüñÿ
îò ñóììû íåóäà÷íûõ òåì

∑
t∈T− φ

0
wt âìåñòî òîãî, ÷òîáû

îòäàëÿòüñÿ îò êàæäîé èç íåóäà÷íûõ òåì ïî îòäåëüíîñòè?

9. Ïî÷åìó ýòî ïëîõî? Êàê ýòîãî èçáåæàòü?

10. Ïðåäëîæèòå ñïîñîá èíèöèàëèçàöèè Φ äëÿ íîâîé ìîäåëè.



Òåîðåòè÷åñêîå çàäàíèå �4 (ê ëåêöèè �4)

11. Äëÿ èåðàðõè÷åñêîé òåìàòè÷åñêîé ìîäåëè ñ ðåã. R(Φ,Ψ)
ïðåäëîæèòå ñïîñîá ðàçðåæèâàíèÿ ìàòðèöû ñâÿçåé
Ψ =

(
p(s|t)

)
, ãàðàíòèðóþùèé, ÷òî

1) ó êàæäîé ðîäèòåëüñêîé òåìû áóäåò õîòÿ áû îäíà äî÷åðíÿÿ;
2) ó êàæäîé äî÷åðíåé òåìû áóäåò õîòÿ áû îäíà ðîäèòåëüñêàÿ.

Ïîäñêàçêà: ìîæíî ïðèäóìûâàòü êðèòåðèé ðåãóëÿðèçàöèè, à ìîæíî �
ôîðìóëó Ì-øàãà äëÿ ìàòðèöû Ψ.

12∗. Ïðåäëîæèòå ñïîñîá ãàðàíòèðîâàòü, ÷òî åñëè ðîäèòåëüñêàÿ
òåìà t ïîëó÷àåò òîëüêî îäíó äî÷åðíþþ s, òî îíà ïåðåõîäèò
â íå¼ öåëèêîì è êàê ðàñïðåäåëåíèå: p(w |s) = p(w |t).

13∗∗. Ïðåäëîæèòå ñïîñîá ñîãëàñîâàíèÿ âåðîÿòíîñòíûõ ñìåñåé
p(w |t) ≈

∑
s∈S

p(w |s)p(s|t) è p(t|d) ≈
∑
s∈S

p(t|s)p(s|d)

ñ ó÷¼òîì òîæäåñòâà p(s|t)p(t) = p(t|s)p(s)



Òåîðåòè÷åñêîå çàäàíèå �5 (ê ëåêöèè �9)

14. Âûâåäèòå ÅÌ-àëãîðèòì äëÿ òåìàòè÷åñêîé ìîäåëè
áèòåðìîâ (Biterm Topic Model) èç ëåêöèè �8.

15. Âûâåäèòå ÅÌ-àëãîðèòì äëÿ òåìàòè÷åñêîé ìîäåëè
ñ ãëàäêèì ðåãóëÿðèçàòîðîì R(Φ,Θ) è ñóììîé
L1-ðåãóëÿðèçàòîðîâ∑

d ,w

ndw ln
∑
t∈T

φwtθtd + R(Φ,Θ)−
∑
j∈J

λj
∣∣Rj(Φ,Θ)

∣∣.
Ïîäñêàçêà: ââåñòè äîïîëíèòåëüíûå íåîòðèöàòåëüíûå ïåðåìåííûå,
÷òîáû èçáàâèòüñÿ îò íåãëàäêîé ôóíêöèè ìîäóëÿ,
çàòåì ïðèìåíèòü óñëîâèÿ Êàðóøà�Êóíà�Òàêêåðà.

16. Çàïèøèòå ôîðìóëû M-øàãà äëÿ ÷àñòíîãî ñëó÷àÿ �
L1-ñãëàæèâàíèÿ p(i |t) = φit â ñîñåäíèõ èíòåðâàëàõ i , i−1:

Rñãë(Φ) = −τ
∑
i∈I

∑
t∈T

∣∣φit − φi−1,t

∣∣→ max .



Òåîðåòè÷åñêîå çàäàíèå �6 (ê ëåêöèè �10)

17. Äëÿ òåìàòè÷åñêîé ìîäåëè ïðåäëîæåíèé ñ ôîíîâîé òåìîé
(ñëàéä 19) âûâåäèòå ðåøåíèå äëÿ ïåðåìåííîé xdsw .

18. Äëÿ òåìàòè÷åñêîé ìîäåëè ïðåäëîæåíèé ñ ôîíîâîé òåìîé
âûâåäèòå ôîðìóëû M-øàãà â ñëó÷àÿõ: xdsw = x , xdsw = xd .

19∗. Âûâåäèòå EM-àëãîðèòì ñ ëîêàëèçîâàííûì E-øàãîì
(ñëàéä 31) äëÿ ëîêàëèçîâàííîé òåìàòè÷åñêîé ìîäåëè.
Êàêèå ïåðåìåííûå óäîáíåå îñòàâèòü â ìîäåëè, φwt èëè φ

′
tw?

20∗∗. Ïðåäëîæèòå ïàðàìåòðèçàöèþ äëÿ òåìàòè÷åñêîé ìîäåëè
âíèìàíèÿ (ñëàéä 35). Èñïîëüçóÿ ¾îñíîâíóþ ëåììó¿, ïîëó÷èòå
óðàâíåíèÿ äëÿ íîâûõ ïàðàìåòðîâ ìîäåëè.
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