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Öåëü: ðàçäåëåíèå òåêñòà íà ñåìàíòè÷åñêè îäíîðîäíûå

ñåãìåíòû äëÿ ïîèñêà, êëàññè�èêàöèè, ñóììàðèçàöèè.

Ïðèìåðû òåêñòîâ, îáëàäàþùèõ ñåãìåíòíîé ñòðóêòóðîé

íàó÷íûå ñòàòüè

ïàòåíòû

ó÷åáíûå êóðñû
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îáñóæäåíèÿ â ñîöèàëüíûõ ìåäèà

ìóëüòèÿçû÷íûå äîêóìåíòû

M.A.Hearst. TextTiling: A Quantitative Approa
h to Dis
ourse Segmentation. 1993.

I.Pak, P.L.Teh. Text Segmentation Te
hniques: A Criti
al Review. 2018.
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Çàäà÷à k-ñåãìåíòàöèè ïîñëåäîâàòåëüíîñòè (k-segmentation)

Äàíî:

ïîñëåäîâàòåëüíîñòü âåêòîðîâ X = (xi )
n
i=1

, xi ∈ R
T
.

Äëÿ òåêñòîâ xi � ýìáåääèíãè ñëîâ / ïðåäëîæåíèé / àáçàöåâ.

Íàéòè:

k íåïåðåñåêàþùèõñÿ ïîäïîñëåäîâàòåëüíîñòåé S1 ⊔ · · · ⊔ Sk = X ,

è (îïöèîíàëüíî) ñèñòåìó ïðåäñòàâèòåëåé µ1, . . . , µk ∈ R
T
.

Êðèòåðèé:

k
∑

j=1

∑

xi∈Sj

‖xi − µj‖
2 → min

{Sj ,µj}
.

Îïòèìàëüíîå ðåøåíèå: äèíàìè÷åñêîå ïðîãðàììèðîâàíèå, O(n2k).

Ri
hard Bellman. On the approximation of 
urves by line segments using

dynami
 programming. 1961.
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Íàïîìèíàíèå: òåìàòè÷åñêîå ìîäåëèðîâàíèå â ARTM

Ìàêñèìèçàöèÿ ëîãàðè�ìà ïðàâäîïîäîáèÿ ñ ðåãóëÿðèçàòîðîì:

∑

d,w

ndw ln
∑

t∈T

φwtθtd + R(Φ,Θ) → max
Φ,Θ

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:



























p(t|d ,w) ≡ ptdw = norm
t∈T

(

φwtθtd
)

p(w |t) ≡ φwt = norm
w∈W

(

∑

d∈D

ndwptdw + φwt
∂R
∂φwt

)

p(t|d) ≡ θtd = norm
t∈T

(

∑

w∈d

ndwptdw + θtd
∂R
∂θtd

)

ãäå norm
t∈T

(xt) =
max{xt ,0}∑

s∈T

max{xs ,0}
� îïåðàöèÿ íîðìèðîâêè âåêòîðà.
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Ìåòîäû ñåãìåíòàöèè: îò TextTiling ê Topi
Tiling

(sj)
kd
j=1

� ïîñëåäîâàòåëüíîñòü ïðåäëîæåíèé äîêóìåíòà d

vs [t] =
1

|s|

∑

w∈s
vw [t] � âåêòîðíîå ïðåäñòàâëåíèå ïðåäëîæåíèÿ s

vw [t] � ýìáåääèíãè ñëîâ (word2ve
, òåìàòè÷åñêèå p(t|d ,w) è ò.ï.)

cj = cos(vj−1, vj) � 
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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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

ïîäáèðàòü ÷èñëî ïðåäëîæåíèé ñëåâà è ñïðàâà îò j

Ýâðèñòèêè äëÿ òåìàòè÷åñêîé ñåãìåíòàöèè:

èñïîëüçîâàòü �îíîâûå òåìû è èãíîðèðîâàòü èõ â vj

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

ïîäáèðàòü ÷èñëî èòåðàöèé

ïîäáèðàòü ïàðàìåòðû |T |, α, β â ìîäåëè LDA

Martin Riedl, Chris Biemann. Text Segmentation with Topi
 Models. 2012.
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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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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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�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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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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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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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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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.

Ê.Â. Âîðîíöîâ (vokov�fore
sys.ru) Ìàòåìàòè÷åñêèå ìåòîäû àíàëèçà òåêñòîâ 14 / 35



Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Íåéðîñåòåâûå ìîäåëè ñóììàðèçàöèè

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 ñåãìåíòîâ 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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Îñíîâíûå ýòàïû âûáîðî÷íîé (extra
tive) 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 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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TextRank � àíàëîã ññûëî÷íîãî ðàíæèðîâàíèÿ PageRank

Òåêñò � ãðà� ïðåäëîæåíèé. Ïðåäëîæåíèå s ∈ S òåì âàæíåå,

� ÷åì áîëüøå äðóãèõ ïðåäëîæåíèé c , ïîõîæèõ íà s,

� ÷åì âàæíåå ïðåäëîæåíèÿ c , ïîõîæèå íà s,

� ÷åì ìåíüøå äðóãèõ ïðåäëîæåíèé, íà êîòîðûå c òàêæå ïîõîæå.

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

PR(s) = (1− δ) + δ
∑

c∈S in
s

PR(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 fa
tor)

Sergey Brin, Lawren
e Page. The Anatomy of a Large-S
ale Hypertextual Web

Sear
h Engine. 1998.

Rada Mihal
ea, Paul 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 âåêòîðíûõ ïðåäñòàâëåíèé äâóõ ïðåäëîæåíèé

Ñõîäñòâî òåìàòè÷åñêèõ ðàñïðåäåëåíèé äâóõ ïðåäëîæåíèé

Äðóãîå ïðèìåíåíèå TextRank � èçâëå÷åíèå êëþ÷åâûõ ñëîâ

(keyword extra
tion).

Â ýòîì ñëó÷àå áëèçîñòü ìåæäó ñîâàìè (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 (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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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

∑

t∈T

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}

Ê.Â. Âîðîíöîâ (vokov�fore
sys.ru) Ìàòåìàòè÷åñêèå ìåòîäû àíàëèçà òåêñòîâ 20 / 35



Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Íåéðîñåòåâûå ìîäåëè ñóììàðèçàöèè

Îöåíèâàíèå è îòáîð ïðåäëîæåíèé äëÿ ñóììàðèçàöèè

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèé äëÿ ñóììàðèçàöèè
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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

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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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) → topk
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-do
ument

summarization using senten
e-based topi
 models // ACL-IJCNLP 2009.
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BSTM � Bayesian Senten
e-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-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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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

Íåéðîñåòåâûå ìîäåëè ñóììàðèçàöèè

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

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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Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Íåéðîñåòåâûå ìîäåëè ñóììàðèçàöèè

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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Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Íåéðîñåòåâûå ìîäåëè ñóììàðèçàöèè

Ìîäåëü ñàìîîáó÷åíèÿ (self-supervised)

Ñóììàðèçàöèÿ íà îñíîâå òðàíñ�îðìåðîâ

Êîíöåïöèÿ ñàìîîáó÷åíèÿ (self-supervised)

Ñåòü îáó÷àåòñÿ ïðåäñêàçûâàòü âçàèìíîå ðàñïîëîæåíèå äâóõ

�ðàãìåíòîâ íà îäíîì èçîáðàæåíèè

Ïðåèìóùåñòâî: íå íóæíà ðàçìå÷åííàÿ îáó÷àþùàÿ âûáîðêà,

ïðè ýòîì ñåòü ñïîñîáíà âûó÷èòü âåêòîðíûå ïðåäñòàâëåíèÿ.
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Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Íåéðîñåòåâûå ìîäåëè ñóììàðèçàöèè

Ìîäåëü ñàìîîáó÷åíèÿ (self-supervised)

Ñóììàðèçàöèÿ íà îñíîâå òðàíñ�îðìåðîâ

Áàçîâàÿ ìîäåëü áèíàðíîé êëàññè�èêàöèè ïðåäëîæåíèé

Êëàññû: 1 � âêëþ÷èòü â ðå�åðàò, 0 � íå âêëþ÷àòü

Di � êîíòåêñòíûå

ýìáåääèíãè ïðåäëîæåíèé

Si � âåêòîð ïðèçíàêîâ

ïðåäëîæåíèÿ äëÿ

êëàññè�èêàöèè

Xi � ýìáåääèíã i -ãî

ïðåäëîæåíèÿ

Hong Wang, Xin Wang, Wenhan Xiong, Mo Yu, Xiaoxiao Guoz et al.

Self-Supervised Learning for Contextualized Extra
tive Summarization. 2019.
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Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Íåéðîñåòåâûå ìîäåëè ñóììàðèçàöèè

Ìîäåëü ñàìîîáó÷åíèÿ (self-supervised)

Ñóììàðèçàöèÿ íà îñíîâå òðàíñ�îðìåðîâ

Òðè ñïîñîáà ñãåíåðèðîâàòü äàííûå äëÿ self-supervised

Mask

� ñ âåðîÿòíîñòüþ Pm = 0.25 ïðîïóñêàòü ïðåäëîæåíèå

� ïðåäñêàçûâàòü ïðåäëîæåíèå èç ïóëà ïðîïóùåííûõ Tm

Repla
e

� ñ âåðîÿòíîñòüþ Pr = 0.25 çàìåíÿòü ïðåäëîæåíèå

ñëó÷àéíûì ïðåäëîæåíèåì èç äðóãîãî äîêóìåíòà

� ïðåäñêàçûâàòü, áûëî ëè ïðåäëîæåíèå çàìåíåíî

Swit
h

� ñ âåðîÿòíîñòüþ Ps = 0.25 çàìåíÿòü ïðåäëîæåíèå

ñëó÷àéíûì ïðåäëîæåíèåì èç äàííîãî äîêóìåíòà

� ïðåäñêàçûâàòü, áûëî ëè ïðåäëîæåíèå çàìåíåíî

Hong Wang, Xin Wang, Wenhan Xiong, Mo Yu, Xiaoxiao Guoz et al.

Self-Supervised Learning for Contextualized Extra
tive Summarization. 2019.
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Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Íåéðîñåòåâûå ìîäåëè ñóììàðèçàöèè

Ìîäåëü ñàìîîáó÷åíèÿ (self-supervised)

Ñóììàðèçàöèÿ íà îñíîâå òðàíñ�îðìåðîâ

Ñðàâíåíèå ìîäåëåé ñóììàðèçàöèè ïî ìåòðèêå ROUGE

Çàâèñèìîñòü ROUGE îò ÷èñëà èòåðàöèé

Hong Wang, Xin Wang, Wenhan Xiong, Mo Yu, Xiaoxiao Guoz et al.

Self-Supervised Learning for Contextualized Extra
tive Summarization. 2019.

Ê.Â. Âîðîíöîâ (vokov�fore
sys.ru) Ìàòåìàòè÷åñêèå ìåòîäû àíàëèçà òåêñòîâ 30 / 35



Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Íåéðîñåòåâûå ìîäåëè ñóììàðèçàöèè

Ìîäåëü ñàìîîáó÷åíèÿ (self-supervised)

Ñóììàðèçàöèÿ íà îñíîâå òðàíñ�îðìåðîâ

Ñðàâíåíèå ìîäåëåé ñóììàðèçàöèè ïî ìåòðèêå ROUGE

Basi
, Lead3, NeuSum � ýòàëîííûå ìîäåëè

SentEn
 � ñëó÷àéíàÿ èíèöèàëèçàöèÿ óðîâíÿ self-attention

Hong Wang, Xin Wang, Wenhan Xiong, Mo Yu, Xiaoxiao Guoz et al.

Self-Supervised Learning for Contextualized Extra
tive Summarization. 2019.
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Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Íåéðîñåòåâûå ìîäåëè ñóììàðèçàöèè

Ìîäåëü ñàìîîáó÷åíèÿ (self-supervised)

Ñóììàðèçàöèÿ íà îñíîâå òðàíñ�îðìåðîâ

Ñóììàðèçàöèÿ íà îñíîâå òðàíñ�îðìåðîâ

S.Subramanian, R.Li, J.Pilault, C.Pal. On Extra
tive and Abstra
tive Neural

Do
ument Summarization with Transformer Language Models. 2019.
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Ñóììàðèçàöèÿ òåêñòîâ

Íåéðîñåòåâûå ìîäåëè ñóììàðèçàöèè

Ìîäåëü ñàìîîáó÷åíèÿ (self-supervised)

Ñóììàðèçàöèÿ íà îñíîâå òðàíñ�îðìåðîâ

Ñóììàðèçàöèÿ íà îñíîâå òðàíñ�îðìåðîâ

S.Subramanian, R.Li, J.Pilault, C.Pal. On Extra
tive and Abstra
tive Neural

Do
ument Summarization with Transformer Language Models. 2019.
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Ñóììàðèçàöèÿ òåêñòîâ

Íåéðîñåòåâûå ìîäåëè ñóììàðèçàöèè

Ìîäåëü ñàìîîáó÷åíèÿ (self-supervised)

Ñóììàðèçàöèÿ íà îñíîâå òðàíñ�îðìåðîâ

Ñðàâíåíèå ñ ýòàëîííûìè ìåòîäàìè ñóììàðèçàöèè

S.Subramanian, R.Li, J.Pilault, C.Pal. On Extra
tive and Abstra
tive Neural

Do
ument Summarization with Transformer Language Models. 2019.

Ê.Â. Âîðîíöîâ (vokov�fore
sys.ru) Ìàòåìàòè÷åñêèå ìåòîäû àíàëèçà òåêñòîâ 34 / 35



Ñåãìåíòàöèÿ òåêñòîâ

Ñóììàðèçàöèÿ òåêñòîâ

Íåéðîñåòåâûå ìîäåëè ñóììàðèçàöèè

Ìîäåëü ñàìîîáó÷åíèÿ (self-supervised)

Ñóììàðèçàöèÿ íà îñíîâå òðàíñ�îðìåðîâ

�åçþìå

Ñåãìåíòàöèÿ ïîõîæà íà çàäà÷ó ðàçëàäêè âðåìåííîãî ðÿäà

Îïòèìàëüíûé àëãîðèòì O(n2k), íî âñå ïîëüçóþòñÿ
ýâðèñòèêàìè 
 ëèíåéíûì âðåìåíåì O(nw)

Äëÿ ñåãìåíòàöèè ìîæíî âçÿòü ëþáîé êðèòåðèé

íåîäíîðîäíîñòè òåêñòîâ â äâóõ ïîñëåäîâàòåëüíûõ îêíàõ

Ñóììàðèçàöèÿ � íåêîððåêòíî ïîñòàâëåííàÿ çàäà÷à,

ìîæåò èìåòü î÷åíü ìíîãî ðàçíîîáðàçíûõ õîðîøèõ ðåøåíèé

Íå ñóùåñòâóåò èäåàëüíîãî êðèòåðèÿ êà÷åñòâà

ñóììàðèçàöèè, íî âñå ïîëüçóþòñÿ ROUGE

Àáñòðàêòèâíàÿ (abstra
tive) ñóììàðèçàöèÿ ÿâëÿåòñÿ

îòêðûòîé ïðîáëåìîé, ñëîæíîé äàæå äëÿ íåéðîííûõ ñåòåé
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