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Ïðîáëåìà êîðîòêèõ òåêñòîâ

Êîðîòêèå òåêñòû (short text): Twitter è äðóãèå ìèêðîáëîãè,

ñîöèàëüíûå ìåäèà, çàãîëîâêè ñòàòåé è íîâîñòíûõ ñîîáùåíèé.

Òèïè÷íàÿ çàäà÷à � ¾êëàññè�èöèðîâàòü èãîëêè â ñòîãå ñåíà¿

Ïîèñê çàäàííîé òåìàòèêè: ïåðñîíû, îðãàíèçàöèè, òåõíîëîãèè,

òîâàðû, ýòíè÷íîñòè, áîëåçíè, ëåêàðñòâà, àâàðèè, òåððîðèçì, . . .

Îñíîâíûå ïðîáëåìû êîðîòêèõ ñîîáùåíèé:

îãðîìíûé îáú¼ì (∼ 109 òâèòîâ â äåíü)

îïå÷àòêè è íàìåðåííîå èñêàæåíèå ñëîâ ÿçûêà

êîíöåíòðàöèÿ ðàñïðåäåëåíèÿ p(t|d) â îäíîé òåìå

ñëèøêîì ìíîãî ñåíà (life style, ëè÷íîå, ðåïîñòû)

ïîÿâëåíèå íîâûõ òåì, íåîáõîäèìî èõ ðàííåå îáíàðóæåíèå
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Ñåìàíòè÷åñêèå ñåòè è ëåêñè÷åñêèå öåïî÷êè

Òðèâèàëüíûå ïîäõîäû è èõ íåäîñòàòêè

Ñ÷èòàòü êàæäîå ñîîáùåíèå îòäåëüíûì äîêóìåíòîì

äëÿ êîðîòêèõ ñîîáùåíèé p(t|d) îöåíèâàåòñÿ íå íàä¼æíî

�àçðåæèâàòü p(t|d) âïëîòü äî åäèíñòâåííîé òåìû

îïðåäåëåíèå òåìû ñòàòèñòè÷åñêè íå íàä¼æíî

òåìà ìîæåò îõâàòûâàòü öåïî÷êó ñîîáùåíèé

Îáúåäèíèòü ñîîáùåíèÿ ïî àâòîðó (âðåìåíè, ðåãèîíó è ò.ï.)

ïîÿâèòñÿ äèñáàëàíñ äîêóìåíòîâ ïî äëèíå

ïîÿâÿòñÿ òåìàòè÷åñêè íåîäíîðîäíûå äîêóìåíòû

Îáúåäèíèòü ïîñòû ñ êîììåíòàðèÿìè

êîììåíòàðèè ìîãóò îòñóòñòâîâàòü ó áîëüøèíñòâà ïîñòîâ

Äîïîëíèòü êîëëåêöèþ äëèííûìè òåêñòàìè (Âèêèïåäèÿ è äð.)

÷àñòü òåì ìîæåò íå ïîêðûâàòüñÿ âíåøíåé êîëëåêöèé

ëåêñèêîí ñîöèàëüíîé ñåòè ìîæåò ñóùåñòâåííî îòëè÷àòüñÿ
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Ìîäåëü Twitter-LDA

Ïðåäïîëîæåíèÿ:

1. Êàæäûé àâòîð a ∈ A íàïèñàë ìíîæåñòâî ñîîáùåíèé d ∈ Da.

2. Êàæäîå ñîîáùåíèå d îòíîñèòñÿ ê îäíîé òåìå p(t|d) ∈ {0, 1}.
3. Åñòü �îíîâàÿ òåìà b ∈ T ñ ðàñïðåäåëåíèåì p(w |b).
4. Âåðîÿòíîñòü �îíà îäèíàêîâà äëÿ äîêóìåíòîâ, p(b|d) = π.

Ïîðîæäàþùèé ïðîöåññ:

Âõîä: ðàñïðåäåëåíèÿ p(w |t), p(t|a)
äëÿ âñåõ àâòîðîâ a ∈ A

äëÿ âñåõ ñîîáùåíèé d ∈ Da àâòîðà a

âûáðàòü òåìó t èç p(t|a), êðîìå �îíîâîé, t 6= b;

äëÿ âñåõ ïîçèöèé ñëîâ i = 1, . . . , nd â ñîîáùåíèè d

âûáðàòü ñëîâî wi èç (1− π)p(w |t) + πp(w |b);

Wayne Xin Zhao, Jing Jiang, Jianshu Weng, Jing He, Ee Peng Lim et al.

Comparing Twitter and traditional media using topi
 models // ECIR 2011.
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Ìîäåëü ñìåñè óíèãðàìì äëÿ ñåãìåíòèðîâàííîãî òåêñòà

Sd � ìíîæåñòâî ñåãìåíòîâ, íà êîòîðûå ðàçáèò äîêóìåíò d ;

ns � äëèíà ñåãìåíòà s;

nsw � ÷èñëî âõîæäåíèé òåðìèíà w â ñåãìåíò s.

Òåìàòè÷åñêàÿ ìîäåëü ìîíîòåìàòè÷íîãî ñåãìåíòà:

p(s|d) =
∑

t∈T

p(t)
∏

w∈s

p(w |t)nsw =
∑

t∈T

πt
∏

w∈s

φnswwt

Êðèòåðèé ìàêñèìóìà ðåãóëÿðèçîâàííîãî ïðàâäîïîäîáèÿ:

∑

d∈D

∑

s∈Sd

ln
∑

t∈T

πt
∏

w∈s

φnswwt + R(Φ, π) → max
Φ,π

K.Nigam, A.K.M
Callum, S.Thrun, T.Mit
hell. Text 
lassi�
ation from labeled

and unlabeled do
uments using EM. 2000.

G.Balikas, M.-R.Amini, M.Clausel. On a topi
 model for senten
es. SIGIR 2016.
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Ìîäåëü ñìåñè óíèãðàìì äëÿ ñåãìåíòîâ òåêñòà

Êðèòåðèé ìàêñèìóìà ðåãóëÿðèçîâàííîãî ïðàâäîïîäîáèÿ:

∑

d∈D

∑

s∈Sd

ln
∑

t∈T

πt
∏

w∈s

φnswwt + R(Φ, π) → max
Φ,π

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:































ptds ≡ p(t|d , s) = norm
t∈T

(

πt
∏

w∈s
φnswwt

)

;

φwt = norm
w∈W

(

nwt + φwt
∂R
∂φwt

)

; nwt =
∑

d∈D

∑

s∈Sd

nswptds

πt = norm
t∈T

(

nt + πt
∂R
∂πt

)

; nt =
∑

d∈D

∑

s∈Sd

nsptds

Âìåñòî θtd : p(t|d) =
∑

s∈Sd

p(s|d)p(t|d , s) =
∑

s∈Sd

ns
nd
p(t|d , s).
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Êîíòåêñòíàÿ äîêóìåíòíàÿ êëàñòåðèçàöèÿ (CDC)

nuw � ñî-âñòðå÷àåìîñòü ñëîâ u è w ;

p(u|w) = nuw
nw

� êîíòåêñò ñëîâà w ;

H(w) = −
∑

u∈W

p(u|w) log p(u|w) � ýíòðîïèÿ êîíòåêñòà ñëîâà w .

Óçêèé êîíòåêñò � êîíòåêñò ñ íèçêîé ýíòðîïèåé, àíàëîã òåìû,

ïîäìíîæåñòâî íåñëó÷àéíî ÷àñòî ñî-âñòðå÷àþùèõñÿ ñëîâ.

Ìåòîä CDC � Contextual Do
ument Clustering:

1

ðàçáèòü äîêóìåíòû íà îäíîðîäíûå ñåãìåíòû (àáçàöû)

2

âûäåëèòü ñëîâà ñ óçêèìè êîíòåêñòàìè

3

êëàñòåðèçîâàòü óçêèå êîíòåêñòû (íàéòè òåìû)

4

îòíåñòè êàæäûé ñåãìåíò ê áëèæàéøåé òåìå

V.Dobrynin, D.Patterson, N.Rooney. Contextual do
ument 
lustering. ECIR, 2004.
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Âûäåëåíèå ñëîâ, èìåþùèõ óçêèå êîíòåêñòû

Îðèãèíàëüíûé CDC: äèàïàçîí log2 Nw ðàçáèâàåòñÿ íà èíòåðâàëû,

â êàæäîì èíòåðâàëå îòáèðàþòñÿ ñëîâà ñ íàèìåíüøèìè H(w):

Çàâèñèìîñòü ýíòðîïèè H(w) îò äîêóìåíòíîé ÷àñòîòû log2 Nw

V.Dobrynin, D.Patterson, N.Rooney. Contextual do
ument 
lustering. ECIR, 2004.
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Âûäåëåíèå ñëîâ, èìåþùèõ óçêèå êîíòåêñòû

Áîëåå àêêóðàòíûé îòáîð ëîêàëüíûõ êîíòåêñòîâ

ñ ïîìîùüþ êâàíòèëüíîé ðåãðåññèè (îòñåêàåì 5% ñíèçó).

Çàâèñèìîñòü ýíòðîïèè H(w) îò äîêóìåíòíîé ÷àñòîòû log2 Nw

À.�ðèí÷óê. Èñïîëüçîâàíèå êîíòåêñòíîé äîêóìåíòíîé êëàñòåðèçàöèè äëÿ

óëó÷øåíèÿ êà÷åñòâà òåìàòè÷åñêèõ ìîäåëåé. 2015. ÌÔÒÈ.
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Èíèöèàëèçàöèÿ òåìàòè÷åñêîé ìîäåëè ñ ïîìîùüþ CDC

Çàâèñèìîñòü ïåðïëåêñèè îò ÷èñëà èòåðàöèé (êîëëåêöèÿ ÌÌ�Î)

À.�ðèí÷óê. Èñïîëüçîâàíèå êîíòåêñòíîé äîêóìåíòíîé êëàñòåðèçàöèè äëÿ

óëó÷øåíèÿ êà÷åñòâà òåìàòè÷åñêèõ ìîäåëåé. 2015. ÌÔÒÈ.
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Ñåìàíòè÷åñêàÿ ñåòü WordNet

117Ê íàáîðîâ ñèíîíèìîâ (synset), 155K ñëîâ, ñ îïðåäåëåíèÿìè

è ïðèìåðàìè, ñâÿçàííûõ ñåìàíòè÷åñêèìè îòíîøåíèÿìè:

ãèïåðîíèì � áîëåå îáùåå (ðîäîâîå) ïîíÿòèå

ãèïîíèì � ÷àñòíîå (âèäîâîå) ïîíÿòèå

õîëîíèì � îáúåìëþùåå öåëîå

ìåðîíèì � ñîñòàâíàÿ ÷àñòü

Ñëîâàðè ðàçäåëåíû ïî ÷àñòÿì ðå÷è:

ñóùåñòâèòåëüíûå

ãëàãîëû

ïðèëàãàòåëüíûå

íàðå÷èÿ

http://wordnet.prin
eton.edu
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Ìåòîä ëåêñè÷åñêèõ öåïî÷åê (Lexi
al Chains)

Ëåêñè÷åñêàÿ öåïî÷êà � ìíîæåñòâî òåðìèíîâ:

ïàðû òåðìèíîâ ñâÿçàíû òåçàóðóñíûìè ñâÿçÿìè

ñîñåäíèå òåðìèíû íà ðàññòîÿíèè íå áîëåå 2 ïðåäëîæåíèé

âîçìîæíà òðàíçèòèâíàÿ ñâÿçü ÷åðåç òðåòèé òåðìèí

Ñèëüíàÿ öåïî÷êà � (ïî÷òè) âñå ñëîâà ñâÿçàíû (êëèêà)

Jane Morris, Graeme Hirst. Lexi
al 
ohesion 
omputed by thesaural relations as

an indi
ator of the stru
ture of text. 1991.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Òåìàòè÷åñêèå ìîäåëè ïðåäëîæåíèé

Êîíòåêñòíàÿ äîêóìåíòíàÿ êëàñòåðèçàöèÿ

Ñåìàíòè÷åñêèå ñåòè è ëåêñè÷åñêèå öåïî÷êè

Ïðèìåð âûäåëåíèÿ ëåêñè÷åñêèõ öåïî÷åê

Ïðèìåð èñïîëüçîâàíèÿ ðóññêîÿçû÷íîãî òåçàóðóñà �óÒåç

Ëàáîðàòîðèÿ àíàëèçà èí�îðìàöèîííûõ ðåñóðñîâ, ÍÈÂÖ Ì�Ó

http://www.labinform.ru/info/onthology
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Òåìàòè÷åñêèå ìîäåëè ïðåäëîæåíèé

Êîíòåêñòíàÿ äîêóìåíòíàÿ êëàñòåðèçàöèÿ

Ñåìàíòè÷åñêèå ñåòè è ëåêñè÷åñêèå öåïî÷êè

Ïðèìåíåíèå ÒÌ äëÿ ïîñòðîåíèÿ LC áåç òåçàóðóñà

LDA Mode Method (LDA-MM):

òåìà êàæäîãî òåðìèíà: t(w) = arg maxt p(t|d ,w)

òåðìèíû ñ îäèíàêîâûìè t(w) îáðàçóþò öåïî÷êó

âîçìîæåí ó÷¼ò âòîðîé òåìû t ′ ïðè p(t ′|d ,w) > ε

LDA Graph Method (LDA-GM):

ãðà� áëèçîñòåé âñåõ òåðìèíîâ äîêóìåíòà ïî p(t|d ,w)

ìàêñèìàëüíûå êëèêè ýòîãî ãðà�à îáðàçóþò öåïî÷êè

LDA Top-N Method (LDA-TM):

äëÿ êàæäîãî d âûáèðàåì top-N òåì èç p(t|d)

äëÿ êàæäîé t âûáèðàåì top-M òåðìèíîâ èç p(w |t)

âñå òàêèå òåðìèíû èç d îáðàçóþò öåïî÷êó

Ste�en Remus. Automati
ally Identifying Lexi
al Chains by Means of Statisti
al

Methods � A Knowledge-Free Approa
h. 2012.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Òåìàòè÷åñêèå ìîäåëè ïðåäëîæåíèé

Êîíòåêñòíàÿ äîêóìåíòíàÿ êëàñòåðèçàöèÿ

Ñåìàíòè÷åñêèå ñåòè è ëåêñè÷åñêèå öåïî÷êè

Èçìåðåíèå êà÷åñòâà ïîñòðîåíèÿ ëåêñè÷åñêèõ öåïî÷åê

Ýêñïåðòû âûäåëÿëè òåðìèíû è ëåêñè÷åñêèå öåïî÷êè:

ïî ïðèíöèïó îäíîðîäíîñòè òåìàòèêè

ïîâòîðåíèÿ òåðìèíîâ, ñèíîíèìû, êîëëîêàöèè, ìåðîíèìû,

ãèïåðîíèìû, àíòîíèìû

�åçóëüòàòû:

òåìàòè÷åñêèå ìîäåëè ñðàâíèìû ñ ýêñïåðòàìè

òåìàòè÷åñêèå ìîäåëè ëó÷øå ñåìàíòè÷åñêèõ ñåòåé

Ste�en Remus. Automati
ally Identifying Lexi
al Chains by Means of Statisti
al

Methods � A Knowledge-Free Approa
h. 2012.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

Èçìåðåíèå êà÷åñòâà ñåãìåíòàöèè

Îïòèìèçàöèÿ ïàðàìåòðîâ ìîäåëè ñåãìåíòàöèè

Ìåòîä òåìàòè÷åñêîé ñåãìåíòàöèè Topi
Tiling

(sj)
kd
j=1

� ïîñëåäîâàòåëüíîñòü ïðåäëîæåíèé äîêóìåíòà d

p(t|d , s) = 1

|s|

∑

w∈s
p(t|d ,w) � òåìàòèêà ïðåäëîæåíèÿ s

pj =
(

p(t|d , sj)
)

t∈T
� òåìàòè÷åñêèé âåêòîð ïðåäëîæåíèÿ sj

cj = cos(pj−1, pj ) � 
oheren
e s
ore, îöåíêà áëèçîñòè ñîñåäíèõ

ïðåäëîæåíèé (÷åì ãëóáæå ïðîâàë, òåì ÷¼ò÷å ãðàíèöà)

dj =
1

2

(

hlj + hrj − 2cj
)

� depth s
ore, îöåíêà ãëóáèíû ïðîâàëà

Martin Riedl, Chris Biemann. Text Segmentation with Topi
 Models. 2012.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

Èçìåðåíèå êà÷åñòâà ñåãìåíòàöèè

Îïòèìèçàöèÿ ïàðàìåòðîâ ìîäåëè ñåãìåíòàöèè

Ýâðèñòèêè äëÿ Topi
Tiling

Ýâðèñòèêè äëÿ îïðåäåëåíèÿ ÷èñëà ñåãìåíòîâ:

çàäàííîå ÷èñëî ïðîâàëîâ ñ íàèáîëüøåé ãëóáèíîé dj

ïðîâàëû ñ ãëóáèíîé áîëåå avr{dj}+ δ stdev{dj}, δ = 0,5..1,2

Äîïîëíèòåëüíûå ýâðèñòèêè è ïàðàìåòðû:

�lter: èãíîðèðîâàòü êîðîòêèå ïðåäëîæåíèÿ (ìåíåå 5 ñëîâ)

èãíîðèðîâàòü ñòîï-ñëîâà

èñïîëüçîâàòü �îíîâûå òåìû è èãíîðèðîâàòü èõ â pj

èñïîëüçîâàòü p(t|d ,w) èëè argmaxt p(t|d ,w)

ïîäáèðàòü ÷èñëî èòåðàöèé

ïîäáèðàòü ÷èñëî òåì |T | â òåìàòè÷åñêîé ìîäåëè LDA

ïîäáèðàòü ïàðàìåòðû α è β â LDA

ïîäáèðàòü ÷èñëî ïðåäëîæåíèé ñëåâà è ñïðàâà îò j

Martin Riedl, Chris Biemann. Text Segmentation with Topi
 Models. 2012.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

Èçìåðåíèå êà÷åñòâà ñåãìåíòàöèè

Îïòèìèçàöèÿ ïàðàìåòðîâ ìîäåëè ñåãìåíòàöèè

Èçìåðåíèå êà÷åñòâà ñåãìåíòàöèè

Áàçîâûå ìåòîäû ñåãìåíòàöèè ïî âåêòîðàì p(w |sj) è p(t|sj)

TT è TT-LDA � TextTiling (Hearst, 1997)

C99 è C99-LDA � êëàñòåðèçàöèÿ ïðåäëîæåíèé (Choi, 2000)

Êîëëåêöèè äëÿ ñðàâíåíèÿ ìåòîäîâ ñåãìåíòàöèè:

Choi dataset: ñèíòåòè÷åñêèé êîðïóñ, 700 äîêóìåíòîâ

ïî 10 ñåãìåíòîâ, íàðåçàííûõ èç ¾Brown 
orpus¿

Galley dataset: ñèíòåòè÷åñêèé êîðïóñ, 500 äîêóìåíòîâ

ïî 4�22 ñåãìåíòîâ, íàðåçàííûõ èç ¾WSJ 
orpus¿

Ìåòðèêè äëÿ ñðàâíåíèÿ ìåòîäîâ ñåãìåíòàöèè:

Pre
ision/Re
all íå ó÷èòûâàþò ãðàíèöû ìåæäó ñåãìåíòàìè

Pk (Beeferman et al., 1997)

WD, WindowDi� (Pevzner and Hearst, 2002)

Martin Riedl, Chris Biemann. Text Segmentation with Topi
 Models. 2012.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

Èçìåðåíèå êà÷åñòâà ñåãìåíòàöèè

Îïòèìèçàöèÿ ïàðàìåòðîâ ìîäåëè ñåãìåíòàöèè

Ìåòðèêè äëÿ ñðàâíåíèÿ ìåòîäîâ ñåãìåíòàöèè

Âñå ìåòðèêè îñíîâàíû íà ñðàâíåíèè ñ èäåàëüíîé ñåãìåíòàöèåé,

ò.í. ¾çîëîòûì ñòàíäàðòîì¿ (gold standard).

Pk (Beeferman et al., 1997) � ÷åì ìåíüøå, òåì ëó÷øå:

Bi =
[

ñëîâîïîçèöèè i è i+k−1 ëåæàò â îäíîì ñåãìåíòå

]

B0
i � òî æå ñàìîå äëÿ èäåàëüíîé ñåãìåíòàöèè

Pk � äîëÿ ïîçèöèé, äëÿ êîòîðûõ Bi 6= B0
i

WD, WindowDi� (Pevzner and Hearst, 2002)

Ci =
(

÷èñëî ñåãìåíòîâ ìåæäó ïîçèöèÿìè i è i+k−1
)

C 0
i � òî æå ñàìîå äëÿ èäåàëüíîé ñåãìåíòàöèè

WD � äîëÿ ïîçèöèé, äëÿ êîòîðûõ Ci 6= C 0
i

Doug Beeferman, Adam Berger, John La�erty. Statisti
al models for text

segmentation. 1999.

Lev Pevzner, Marti Hearst. A 
ritique and improvement of an evaluation

metri
 for text segmentation. 2002.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

Èçìåðåíèå êà÷åñòâà ñåãìåíòàöèè

Îïòèìèçàöèÿ ïàðàìåòðîâ ìîäåëè ñåãìåíòàöèè

�åçóëüòàòû ñðàâíåíèÿ ìåòîäîâ ñåãìåíòàöèè (Choi dataset)

Òåìàòè÷åñêèå ìîäåëè ëó÷øå

Ëèäèðóåò Topi
Tiling ñ �èëüòðàöèåé êîðîòêèõ ïðåäëîæåíèé

¾Segments provided¿ � ÷èñëî ñåãìåíòîâ èçâåñòíî

(íà ðåàëüíûõ äàííûõ ýòî íåðåàëèñòè÷íîå ïðåäïîëîæåíèå)

Martin Riedl, Chris Biemann. Text Segmentation with Topi
 Models. 2012.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

Èçìåðåíèå êà÷åñòâà ñåãìåíòàöèè

Îïòèìèçàöèÿ ïàðàìåòðîâ ìîäåëè ñåãìåíòàöèè

Çàâèñèìîñòè Pk (k = 6) îò ïàðàìåòðîâ ìîäåëè

Êà÷åñòâî ñåãìåíòàöèè ñèëüíî çàâèñèò îò |T |

îïòèìàëüíûé äèàïàçîí |T | = 50..150 äîñòàòî÷íî øèðîê

ïðè |T | = 100 ñõîäèìîñòü çà 20�30 èòåðàöèé

Martin Riedl, Chris Biemann. Text Segmentation with Topi
 Models. 2012.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

Èçìåðåíèå êà÷åñòâà ñåãìåíòàöèè

Îïòèìèçàöèÿ ïàðàìåòðîâ ìîäåëè ñåãìåíòàöèè

Çàâèñèìîñòè Pk (k = 6) îò ïàðàìåòðîâ α, β ìîäåëè LDA

�àçðåæèâàòü íàäî, íî ìàòðèöó Θ � íå ñëèøêîì ñèëüíî

ïàðàìåòðû α, β ìåíåå êðèòè÷íû, ÷åì ÷èñëî òåì

Martin Riedl, Chris Biemann. Text Segmentation with Topi
 Models. 2012.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

Èçìåðåíèå êà÷åñòâà ñåãìåíòàöèè

Îïòèìèçàöèÿ ïàðàìåòðîâ ìîäåëè ñåãìåíòàöèè

Çàâèñèìîñòü Pk (k = 6) îò øèðèíû îêíà w (window)

�èêñèðîâàííîå ÷èñëî ñåãìåíòîâ:

îïðåäåëÿåìîå ÷èñëî ñåãìåíòîâ:

Îïòèìàëüíàÿ øèðèíà îêíà w = 2�3 ïðåäëîæåíèÿ

¾d=true¿: óñðåäíåíèå argmaxt p(t|d ,w) ïî êàæäîìó w

Ïî÷åìó îíè íå äîãàäàëèñü èñïîëüçîâàòü p(t|d ,w)?

Martin Riedl, Chris Biemann. Text Segmentation with Topi
 Models. 2012.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

Èçìåðåíèå êà÷åñòâà ñåãìåíòàöèè

Îïòèìèçàöèÿ ïàðàìåòðîâ ìîäåëè ñåãìåíòàöèè

Ýêñïåðèìåíòû íà áîëåå ðåàëèñòè÷íûõ äàííûõ Galley's WSJ

�èêñèðîâàííîå ÷èñëî ñåãìåíòîâ: îïðåäåëÿåìîå ÷èñëî ñåãìåíòîâ:

Êà÷åñòâî ñåãìåíòàöèè ñèëüíî çàâèñèò îò êîëëåêöèè

Îïðåäåëÿòü ÷èñëî ñåãìåíòîâ ñòàëî òðóäíåå

Îêíî ïðèøëîñü ðàñøèðèòü äî w = 5�10 ïðåäëîæåíèé

Çäåñü ¾�ltered¿ � ó÷èòûâàòü òîëüêî ñóùåñòâèòåëüíûå,

ïðèëàãàòåëüíûå è ãëàãîëû � ïîìîãàåò, íî íå ñèëüíî

Martin Riedl, Chris Biemann. Text Segmentation with Topi
 Models. 2012.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

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

Àâòîìàòè÷åñêàÿ ñóììàðèçàöèÿ � êðàòêèé òåêñò, ïîñòðîåííûé

ïî îäíîìó èëè íåñêîëüêèì äîêóìåíòàì è íàèáîëåå ïîëíî

ïåðåäàþùèé èõ ñîäåðæàíèå.

Ïîëóàâòîìàòè÷åñêàÿ � HAMS, human aided ma
hine summarization

Îñíîâíûå òèïû çàäà÷ ñóììàðèçàöèè:

one-do
ument � íà âõîäå îäèí äîêóìåíò d ∈ D

multi-do
ument � íà âõîäå íàáîð äîêóìåíòîâ D ′ ⊆ D

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

Îñíîâíûå ïîäõîäû ê ñóììàðèçàöèè:

extra
tive � âûáîð íåêîòîðûõ ïðåäëîæåíèé öåëèêîì

abstra
tive � ãåíåðàöèÿ òåêñòà íà åñòåñòâåííîì ÿçûêå

H.P.Luhn. The automati
 
reation of literature abstra
ts. 1958.

Juan-Manuel Torres-Moreno. Automati
 Text Summarization. 2014.
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Ñóììàðèçàöèÿ òåêñòîâ

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

Îñíîâíûå ýòàïû âûáîðî÷íîé (extra
tive) ñóììàðèçàöèè

1

Âíóòðåííåå ïðåäñòàâëåíèå òåêñòà

âûÿâëåíèå òåìàòèêè òåêñòà è îòäåëüíûõ ïðåäëîæåíèé

âû÷èñëåíèå ïðèçíàêîâ ïðåäëîæåíèé

2

Îöåíèâàíèå ïîëåçíîñòè (ðàíæèðîâàíèå) ïðåäëîæåíèé

3

Îòáîð ïðåäëîæåíèé äëÿ ðå�åðàòà

îïòèìèçàöèÿ êðèòåðèåâ èí�îðìàòèâíîñòè è 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.M
Keown. A survey of text summarization te
hniques. 2012.

Yogita Desai, Prakash Rokade. Multi Do
ument Summarization: Approa
hes

and Future S
ope. 2015.

Mahak Gambhir, Vishal Gupta. Re
ent automati
 text summarization

te
hniques: a survey. 2016.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

Ïîêðûòèå òåðìèíîëîãèè è òåìàòèêè äîêóìåíòà

Sd � ìíîæåñòâî ïðåäëîæåíèé äîêóìåíòà d

a ⊂ Sd � èñêîìàÿ ñóììàðèçàöèÿ

Ïîêðûòèå òåðìèíîëîãèè äîêóìåíòà (lexi
on 
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 (redundan
y):

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, Ja

ard è ò.ï.

Marina Litvak, Natalia Vanetik, Chunlei Liu, Lemin Xiao, Onur Savas.

Improving Summarization Quality with Topi
 Modeling. 2015.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

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

Ñóììà òð¼õ êðèòåðèåâ WCov(a) + τ1TCov(a) + τ2Red(a):
∑

w∈d

ndw ln
∑

s∈d

nws
ns
πs + τ1

∑

w∈d

θtd ln
∑

s∈d

θtsπs − τ2
∑

s,s′∈d

Bss′πsπs′ → max
{π}

Ìàêñèìèçàöèÿ ïîêðûòèÿ � ýòî ìàêñèìèçàöèÿ ïðàâäîïîäîáèÿ!

Ìîæíî äîáàâèòü ðåãóëÿðèçàòîð ðàçðåæèâàíèÿ:

R(π) = −τ3
∑

s∈Sd

lnπs → max
{π}
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

Îöåíêà ïîëåçíîñòè ïðåäëîæåíèé

Äîïîëíèòåëüíûå ïðèçíàêè äëÿ îòáîðà ïðåäëîæåíèé:

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

Centriod � ñðåäíèé TF-IDF ñëîâ, ïðåâûøàþùèé ïîðîã

Lexi
alChain � ÷èñëî ñëîâ ñèëüíûõ ëåêñè÷åñêèõ öåïî÷åê

Impa
tBased � ÷èñëî ñëîâ èç ññûëàþùèõñÿ êîíòåêñòîâ

Topi
Based � ÷èñëî ñëîâ èç çàïðîñà ïîëüçîâàòåëÿ

Ñòðàòåãèè îòáîðà ïðåäëîæåíèé:

ïî îäíîìó top-ïðåäëîæåíèþ îò êàæäîé èç top-òåì

ïîîùðÿòü âûáîð ñîñåäíèõ ïðåäëîæåíèé

øòðà�îâàòü ïðåäëîæåíèÿ ñ àíà�îðîé è ýëëèïñèñîì

A.Nenkova, K.M
Keown. A survey of text summarization te
hniques. 2012.
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Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Sd � ìíîæåñòâî ïðåäëîæåíèé äîêóìåíòà d ;

nsw � ÷àñòîòà òåðìèíà w â ïðåäëîæåíèè s;

ns � äëèíà ïðåäëîæåíèÿ s.

Îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè: 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 òåðìèíà 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-do
ument

summarization using senten
e-based topi
 models // ACL-IJCNLP 2009.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

BSTM � Bayesian Senten
e-based Topi
 Models

Êðèòåðèé ìàêñèìóìà ðåãóëÿðèçîâàííîãî ïðàâäîïîäîáèÿ:

∑

d∈D

∑

w∈d

ndw ln
∑

s∈Sd

pws
∑

t∈T

ψstθtd → max
Φ,Θ

Àâòîðû óòâåðæäàþò, ÷òî ìîäåëü ïåðåõîäèò â îáû÷íóþ

p(w |d) =
∑

t φwtθtd , åñëè ïðåäëîæåíèå ≡ ñëîâî

Ýòî íå òàê, åñëè 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-do
ument summarization!

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

Dingding Wang, Shenghuo Zhu, Tao Li, Yihong Gong. Multi-do
ument

summarization using senten
e-based topi
 models // ACL-IJCNLP 2009.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

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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Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè
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Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

ROUGE: Re
all-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 pa
kage for automati
 evaluation of summaries. 2004.
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Ìåòîäû àíàëèçà ñâÿçíîãî òåêñòà

Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Ìåòðèêè êà÷åñòâà ñóììàðèçàöèè

ROUGE: Re
all-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 pa
kage for automati
 evaluation of summaries. 2004.

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

An Information-Theoreti
 Approa
h to Automati
 Evaluation of Summaries. 2006.
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�åçþìå

Ìîäåëè ïðåäëîæåíèé � îñíîâà ñåãìåíòàöèè è ñóììàðèçàöèè

Topi
Tiling � ìåòîä òåìàòè÷åñêîé ñåãìåíòàöèè

WindowDi� � ìåðà êà÷åñòâà ñåãìåíòàöèè

Êà÷åñòâåííàÿ ñóììàðèçàöèÿ � îòêðûòàÿ ïðîáëåìà NLP

Òåìàòè÷åñêèå ìîäåëè ñóììàðèçàöèè ðàçâèòû ñëàáî

ROUGE � ñåìåéñòâî ìåð êà÷åñòâà ñóììàðèçàöèè,

õàðàêòåðèçóþò äàëåêî íå âñå àñïåêòû êà÷åñòâà
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