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Çàäà÷à ñóììàðèçàöèè (ðå�åðèðîâàíèÿ, àííîòèðîâàíèÿ) òåêñòà

Àâòîìàòè÷åñêàÿ ñóììàðèçàöèÿ � êðàòêèé òåêñò, ïîñòðîåííûé

ïî îäíîìó èëè íåñêîëüêèì äîêóìåíòàì è íàèáîëåå ïîëíî

ïåðåäàþùèé èõ ñîäåðæàíèå.

Ïîëóàâòîìàòè÷åñêàÿ � MAHS, mahine aided human summarization

Îñíîâíûå òèïû çàäà÷ ñóììàðèçàöèè:

one-doument � íà âõîäå îäèí äîêóìåíò d ∈ D

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

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

Îñíîâíûå ïîäõîäû ê ñóììàðèçàöèè:

extrative � âûáîð íåêîòîðûõ ïðåäëîæåíèé öåëèêîì

abstrative � ãåíåðàöèÿ òåêñòà íà åñòåñòâåííîì ÿçûêå

H.P.Luhn. The automati reation of literature abstrats. 1958.

Juan-Manuel Torres-Moreno. Automati Text Summarization. 2014.
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Îñíîâíûå ýòàïû âûáîðî÷íîé (extrative) ñóììàðèçàöèè

1

Âíóòðåííåå ïðåäñòàâëåíèå òåêñòà

� ãðà�/êëàñòåðèçàöèÿ/òåìàòèçàöèÿ ïðåäëîæåíèé â òåêñòå

� âû÷èñëåíèå âàæíîñòè è äðóãèõ ïðèçíàêîâ ïðåäëîæåíèé

2

Îöåíèâàíèå ïîëåçíîñòè (ðàíæèðîâàíèå) ïðåäëîæåíèé

3

Îòáîð ïðåäëîæåíèé äëÿ ðå�åðàòà

� 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 automati text summarization. 2007

A.Nenkova, K.MKeown. A survey of text summarization tehniques. 2012

Y.Desai, P.Rokade. Multi doument summarization: approahes and future sope. 2015

M.Gambhir, V.Gupta. Reent automati text summarization tehniques: a survey. 2016
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TextRank � àíàëîã ññûëî÷íîãî ðàíæèðîâàíèÿ PageRank

Òåêñò � ãðà� 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 ãðà�ó:

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 fator)

S.Brin, L.Page. The Anatomy of a Large-Sale Hypertextual Web Searh Engine. 1998

R.Mihalea, 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 extration) 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 (lexion overage):

WCov(a) = KL
(
p(w |d)‖p(w |a)

)
→ min

a⊂Sd

Ïîêðûòèå òåìàòèêè äîêóìåíòà (topi overage):

TCov(a) = KL
(
p(t|d)‖p(t|a)

)
→ min

a⊂Sd

Èçáûòî÷íîñòü ñóììàðèçàöèè (redundany):

Red(a) =
∑

s,s′∈a

Bss′ → min
a⊂Sd

, Bss′ = sim
(
p(w |s), p(w |s ′)

)
,

ãäå sim � îäíà èç ìåð ñõîäñòâà: os, JS, Jaard è ò.ï.

Marina Litvak et al. Improving summarization quality with topi 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:

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

Centriod � ñðåäíèé TF-IDF ñëîâ, ïðåâûøàþùèé ïîðîã

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

ImpatBased � ÷èñëî ñëîâ èç ññûëàþùèõñÿ êîíòåêñòîâ

TopiBased � ÷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

øòðà�îâàòü ïðåäëîæåíèÿ ñ àíà�îðîé è ýëëèïñèñîì

A.Nenkova, K.MKeown. A survey of text summarization tehniques. 2012.
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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.

Âìåñòî φwt íåëüçÿ âçÿòü p(w |t) =
∑

d∈D

∑

s∈Sd

pwsψst . Ïî÷åìó?

Dingding Wang, Shenghuo Zhu, Tao Li, Yihong Gong. Multi-doument summarization

using sentene-based topi models // ACL-IJCNLP 2009.
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BSTM � Bayesian Sentene-based Topi Models

Êðèòåðèé ìàêñèìóìà ðåãóëÿðèçîâàííîãî ïðàâäîïîäîáèÿ:

∑

d∈D

∑

w∈d

ndw ln
∑

s∈Sd

pws
∑

t∈T

ψstθtd + R(Φ,Θ) → max
Φ,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 ýòî íå áóäåò ðàáîòàòü äëÿ multi-doument summarization!

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

Dingding Wang, Shenghuo Zhu, Tao Li, Yihong Gong. Multi-doument summarization

using sentene-based topi models // ACL-IJCNLP 2009.
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Èäåÿ îáîáùåíèÿ äëÿ ìíîãî-äîêóìåíòíîé ñóììàðèçàöèè

Êðèòåðèé ìàêñèìóìà ðåãóëÿðèçîâàííîãî ïðàâäîïîäîáèÿ:

∑

d,w

ndw ln
∑

t∈T

φwtθtd + τ
∑

d,w

ndw ln
∑

s∈Sd

pws
∑

t∈T

ψstθtd +R → max
Φ,Ψ,Θ

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

)

φwt = norm
w∈W

(
∑

d∈D

ndwptdw + φwt
∂R
∂φwt

)

ψst = norm
s∈Sd

(
∑

w∈Sd

ndwpstdw + ψst
∂R
∂ψst

)

θtd = norm
t∈T

(
∑

w∈d

ndwptdw + τ
∑

w∈d

∑

s∈Sd

ndwpstdw + θtd
∂R
∂θtd

)
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

ROUGE: Reall-Oriented Understudy for Gisting Evaluation

r ∈ R � ìíîæåñòâî ðå�åðàòîâ, íàïèñàííûõ ëþäüìè

s � ñóììàðèçàöèÿ, ïîñòðîåííàÿ ñèñòåìîé

×åì áîëüøå, òåì ëó÷øå � äëÿ âñåõ ìåòðèê ñåìåéñòâà ROUGE

Äîëÿ n-ãðàìì èç ðå�åðàòîâ, 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 ðå�åðàòà, âîøåäøèõ â s:

ROUGE-n
multi

(s) = max
r∈R

∑

w

[w ∈ s][w ∈ r ]

∑

w

[w ∈ r ]

Chin-Yew Lin. ROUGE: A pakage for automati evaluation of summaries. 2004.
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

ROUGE: Reall-Oriented Understudy for Gisting Evaluation

r ∈ R � ìíîæåñòâî ðå�åðàòîâ, 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) øòðà�óåò 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).

�îòîâûå ïàêåòû äëÿ âû÷èñëåíèÿ ìåòðèê: pyRouge è äð.

Chin-Yew Lin. ROUGE: A pakage for automati evaluation of summaries. 2004.

Chin-Yew Lin, Guihong Cao, Jianfeng Gao, Jian-Yun Nie. An Information-Theoreti

Approah to Automati Evaluation of Summaries. 2006.
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

Àáñòðàêòèâíàÿ ñóììàðèçàöèÿ íà îñíîâå òðàíñ�îðìåðîâ

S.Subramanian, R.Li, J.Pilault, C.Pal. On Extrative and Abstrative Neural

Doument Summarization with Transformer Language Models. 2019.
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

Àáñòðàêòèâíàÿ ñóììàðèçàöèÿ èñïîëüçóåò ýêñòðàêòèâíóþ

S.Subramanian, R.Li, J.Pilault, C.Pal. On Extrative and Abstrative Neural

Doument Summarization with Transformer Language Models. 2019.
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

�åçþìå 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 topis tell about themselves!¿

ROUGE � ñåìåéñòâî ìåð êà÷åñòâà ñóììàðèçàöèè,

õàðàêòåðèçóþò äàëåêî íå âñå àñïåêòû êà÷åñòâà

BLUE � àíàëîãè÷íûå ìåòðèêè, íî preision-based

Äëÿ âèçóàëèçàöèè íóæíû ñóììàðèçàöèÿ è èìåíîâàíèå òåì
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

Ôîðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ

Ìàêñèìèçàöèÿ �óíêöèè 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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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

Ôîðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ

Ìàêñèìèçàöèÿ �óíêöèè ðåëåâàíòíîñòè

Ìàêñèìèçàöèÿ ïîêðûòèÿ è ðàçëè÷íîñòè

Ñèñòåìà TMVE � Topi Model Visualization Engine

Òðè òîïîâûõ ñëîâà òåìû � ñàìàÿ ïðîñòàÿ ìîäåëü èìåíîâàíèÿ:

https://github.om/ajb/tmv

Chaney A., Blei D. Visualizing Topi Models // Frontiers of omputer siene in

China, 2012. � 55(4), pp. 77�84.
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

Ôîðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ

Ìàêñèìèçàöèÿ �óíêöèè ðåëåâàíòíîñòè

Ìàêñèìèçàöèÿ ïîêðûòèÿ è ðàçëè÷íîñòè

Çàäà÷à àâòîìàòè÷åñêîãî èìåíîâàíèÿ òåì (topi labeling)

Òðåáîâàíèÿ ê íàçâàíèþ òåìû (topi label):

èíòåðïðåòèðóåìîñòü è ãðàììàòè÷åñêàÿ êîððåêòíîñòü

òî÷íîñòü ïðåäñòàâëåíèÿ ñåìàíòèêè òåìû

ïîëíîòà ïðåäñòàâëåíèÿ ñåìàíòèêè òåìû

íåïîõîæåñòü íà íàçâàíèÿ äðóãèõ òåì, âêëþ÷àÿ ïîõîæèå

�èïîòåçà: âñå íàçâàíèÿ óæå ïðèäóìàíû, îñòàëîñü èõ íàéòè.

Ïîäçàäà÷è

�îðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ ℓ1, . . . , ℓm

ïîñòðîåíèå (îáó÷åíèå) �óíêöèè ðåëåâàíòíîñòè s(ℓ, t)

âûáîð íàçâàíèÿ ñ ó÷¼òîì íàçâàíèé ïîõîæèõ òåì

Qiaozhu Mei (Öÿî×æó Ìýé), Xuehua Shen, Chengxiang Zhai. Automati labeling

of multinomial topi models. KDD 2007.
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

Ôîðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ

Ìàêñèìèçàöèÿ �óíêöèè ðåëåâàíòíîñòè

Ìàêñèìèçàöèÿ ïîêðûòèÿ è ðàçëè÷íîñòè

Ñïîñîáû �îðìèðîâàíèÿ íàçâàíèé-êàíäèäàòîâ

Ñïåöè�è÷íûå äëÿ äàííîé òåìû:

òîïîâûå n-ãðàììû äàííîé òåìû

ñèíòàêñè÷åñêèå âåòêè íàèáîëåå òåìàòè÷íûõ ïðåäëîæåíèé

òåìàòè÷íûå èìåííûå ãðóïïû (âûðåçàííûå OpenNLP hunker)

òåìàòè÷íûå �ðàçû ¾îáúåêò, ñóáúåêò, äåéñòâèå¿

çàãîëîâêè òåìàòè÷íûõ äîêóìåíòîâ èëè èõ �ðàãìåíòû

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, �óÒåç, Âèêèñëîâàðü, è äð.
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

Ôîðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ

Ìàêñèìèçàöèÿ �óíêöèè ðåëåâàíòíîñòè

Ìàêñèìèçàöèÿ ïîêðûòèÿ è ðàçëè÷íîñòè

Ôóíêöèÿ ðåëåâàíòíîñòè (relevane sore)

�åëåâàíòíîñòü íóëåâîãî ïîðÿäêà:

s(ℓ, t) =
∑

w∈ℓ

log
p(w |t)

p(w)
→ max

�åëåâàíòíîñòü ïåðâîãî ïîðÿäêà: ñëîâà òåìû t íåñëó÷àéíî

÷àñòî ïîÿâëÿþòñÿ ðÿäîì (â îäíîì êîíòåêñòå C ) ñ íàçâàíèåì ℓ:

s(ℓ, t) =
∑

w∈C

p(w |t) log
p(w , ℓ|C )

p(w |C )p(ℓ|C )
︸ ︷︷ ︸

PMI(w ,ℓ|C)

→ max

ãäå C � ðåëåâàíòíûé òåìå êîíòåêñò, â êîòîðîì îæèäàåòñÿ

ïîÿâëåíèå êàê ñëîâ òåìû t, òàê è íàçâàíèÿ ℓ öåëèêîì

(Íàïðèìåð, ñòàòüÿ èëè êàòåãîðèÿ Âèêèïåäèè).

Qiaozhu Mei, Xuehua Shen, Chengxiang Zhai. Automati labeling of multinomial topi

models. KDD 2007.
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

Ôîðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ

Ìàêñèìèçàöèÿ �óíêöèè ðåëåâàíòíîñòè

Ìàêñèìèçàöèÿ ïîêðûòèÿ è ðàçëè÷íîñòè

Ïðîáëåìà íàçâàíèé, ïîäõîäÿùèõ äëÿ íåñêîëüêèõ òåì

Ïðèìåð: îðàíæåâàÿ òåìà

ïîêðûâàåòñÿ äâóìÿ íàçâàíèÿìè:

� lustering algorithm

� dimension redution

íî íàçâàíèå data management

íåóäà÷íî, êîíêóðèðóåò ñ äðóãîé òåìîé

Âûáèðàòü êàæäîå ñëåäóþùåå íàçâàíèå, ÷òîáû îíî áûëî

ìàêñèìàëüíî ðåëåâàíòíî, s(ℓ, t) → max,

ìàêñèìàëüíî íå ïîõîæå íà íàçâàíèÿ ℓ′ îñòàëüíûõ òåì:

s(ℓ, t) + λmax
ℓ′

KL(ℓ′‖ℓ) → max

ãäå ïàðàìåòð λ ïîäáèðàåòñÿ ýìïèðè÷åñêè.

Qiaozhu Mei, Xuehua Shen, Chengxiang Zhai. Automati labeling of multinomial topi

models. KDD 2007.
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

Ôîðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ

Ìàêñèìèçàöèÿ �óíêöèè ðåëåâàíòíîñòè

Ìàêñèìèçàöèÿ ïîêðûòèÿ è ðàçëè÷íîñòè

Ìàêñèìèçàöèÿ ðàçëè÷íîñòè íàçâàíèé ðàçëè÷íûõ òåì

Ìîäè�èöèðîâàííàÿ �óíêöèÿ ðåëåâàíòíîñòè s ′(ℓ, t):

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

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

s ′(ℓ, t) = s(ℓ, t)− µ
∑

t′∈T\t

s(ℓ, 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. Automati labeling of multinomial topi

models. KDD 2007.
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

Ôîðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ

Ìàêñèìèçàöèÿ �óíêöèè ðåëåâàíòíîñòè

Ìàêñèìèçàöèÿ ïîêðûòèÿ è ðàçëè÷íîñòè

Îöåíèâàíèå êà÷åñòâà èìåíîâàíèÿ òåì

Äâå êîëëåêöèè: íàó÷íàÿ (SIGMOD), íîâîñòíàÿ (Asso.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:
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

Ôîðìèðîâàíèå íàçâàíèé-êàíäèäàòîâ

Ìàêñèìèçàöèÿ �óíêöèè ðåëåâàíòíîñòè

Ìàêñèìèçàöèÿ ïîêðûòèÿ è ðàçëè÷íîñòè

�åçþìå ïî àâòîìàòè÷åñêîìó èìåíîâàíèþ òåì

Automati Topi 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 ñïåöè�è÷íîå

òðåáîâàíèå ïîëíîòû: íàçâàíèÿ äî÷åðíèõ òåì äîëæíû

àäåêâàòíî îïèñûâàòü ðàçäåëåíèå ðîäèòåëüñêîé òåìû

Alex Yoo. Automati topi labeling in 2018: history and trends.

https://medium.om/datadriveninvestor/automati-topi-labeling-in-2018-history-and-trends-29128e17

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

Ciprian-Otavian Truiam And Elena-Simona Apostol TLATR: Automati Topi

Labeling Using Automati (Domain-Spei�) Term Reognition. 2021.

Supriya Kinariwala, Sahin Deshmukh Onto_TML: Auto-labeling of topi models. 2021.

M.Allahyari, S.Pouriyeh, K.Kohut, H.R.Arabnia. A knowledge-based topi modeling

approah for automati topi labeling. 2017.
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

×òî ðàáîòàåò â òåìàòè÷åñêîì ìîäåëèðîâàíèè

Îòêðûòûå çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Ýâîëþöèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

×òî òî÷íî ðàáîòàåò â òåìàòè÷åñêîì ìîäåëèðîâàíèè

...èëè ¾óçíàâ îá ýòîì, ïî äðóãîìó óæå íå çàõî÷åòñÿ¿

1

ìíîãîêðèòåðèàëüíàÿ ðåãóëÿðèçàöèÿ, ARTM è BigARTM

2

ìíîãîêðèòåðèàëüíîå îöåíèâàíèå

3 n-ãðàììû

4

äåêîððåëèðîâàíèå

5

ìîäàëüíîñòè

6

îäíîïðîõîäíûé EM-àëãîðèòì

7

òåìàòè÷åñêèå èåðàðõèè

8

ñïåêòð òåì

9

ðåàëèçàöèÿ ARTM íà PyTorh

10

óñòàíîâêà BigARTM ïîä Python äî 3.11 âêëþ÷èòåëüíî
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

×òî ðàáîòàåò â òåìàòè÷åñêîì ìîäåëèðîâàíèè

Îòêðûòûå çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Ýâîëþöèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Îòêðûòûå çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

1

ÒÅÌÀÒÈÇÀÒÎ� =)

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

�àçâèòèå íåéðîñåòåâûõ òåìàòè÷åñêèõ ìîäåëåé
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Ñóììàðèçàöèÿ òåêñòîâ

Àâòîìàòè÷åñêîå èìåíîâàíèå òåì

�åçþìå ïî êóðñó

×òî ðàáîòàåò â òåìàòè÷åñêîì ìîäåëèðîâàíèè

Îòêðûòûå çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Ýâîëþöèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Ýâîëþöèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Neural Topi Models � ïîòîê ïóáëèêàöèé íà÷èíàÿ ñ 2016

Êàê ¾îáúåäèíèòü ëó÷øåå îò äâóõ ìèðîâ¿?

Neural: êà÷åñòâî, óíèâåðñàëüíîñòü, ãåíåðàòèâíîñòü

Topi: ñêîðîñòü, èíòåðïðåòèðóåìîñòü, ïðîñòîòà

×òî îáúåäèíÿåò: âåêòîðèçàöèÿ, îïòèìèçàöèÿ, ðåãóëÿðèçàöèÿ,

ãîìîãåíèçàöèÿ, ëîêàëèçàöèÿ (êîíòåêñò è âíèìàíèå)

Rob Churhill, Lisa Singh. The Evolution of Topi Modeling. November, 2022.

He Zhao et al. Topi Modelling Meets Deep Neural Networks: A Survey. 2021.
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