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Îáîáùåíèå �4: ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ïðîáëåìà

Òåìàòè÷åñêèå ìîäåëè �îðìèðóþò âåêòîðíûå ïðåäñòàâëåíèÿ

(ýìáåäèíãè) ñëîâ, íî ïî÷åìó-òî îíè íå ñïîñîáíû ðåøàòü çàäà÷è

ñåìàíòè÷åñêîé áëèçîñòè ñëîâ, êàê word2ve.

�åøåíèå

Ïîíÿòü, ÷òî òàêîãî åñòü â word2ve, è ââåñòè ýòî â TM.
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Çàäà÷à ñåìàíòè÷åñêîãî âåêòîðíîãî ïðåäñòàâëåíèÿ ñëîâ

Íàéòè äëÿ êàæäîãî ñëîâà w âåêòîð xw ∈ R
T
, ÷òîáû

áëèçêèå ïî ñìûñëó ñëîâà èìåëè áëèçêèå âåêòîðû.

Çàäà÷à ñåìàíòè÷åñêîé àíàëîãèè ñëîâ:

ïî òð¼ì ñëîâàì óãàäàòü ÷åòâ¼ðòîå.
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Äèñòðèáóòèâíàÿ ãèïîòåçà

Words that our in the same ontexts tend to have similar

meanings [Harris, 1954℄.

You shall know a word by the ompany it keeps [Firth, 1957℄.

Ñèíòàãìàòè÷åñêàÿ áëèçîñòü ñëîâ:

ñî-âñòðå÷àåìîñòü ñëîâ â îäíîì êîíòåêñòå.

çäàíèå�ñòðîèòåëü, êðàí�âîäà, �óíêöèÿ�òî÷êà

Ïàðàäèãìàòè÷åñêàÿ áëèçîñòü ñëîâ:

âçàèìîçàìåíÿåìîñòü ñëîâ â îäíîì êîíòåêñòå.

çäàíèå�äîì, êðàí�ñìåñèòåëü, �óíêöèÿ�îòîáðàæåíèå

Z.Harris. Distributional struture. 1954.

J.R.Firth. A synopsis of linguisti theory 1930-1955. Oxford, 1957.

P.D.Turney, P.Pantel. From frequeny to meaning: Vetor spae models of

semantis // Journal of Arti�ial Intelligene Researh (JAIR). 2010.
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Ìîäåëè âåêòîðíûõ ïðåäñòàâëåíèé äëÿ òåêñòîâ è ãðà�îâ

word2ve: ýìáåäèíãè ñëîâ

T.Mikolov et al. E�ient estimation of word representations in vetor spae. 2013.

paragraph2ve: ýìáåäèíãè �ðàãìåíòîâ èëè äîêóìåíòîâ

Q.Le, T.Mikolov. Distributed representations of sentenes and douments. 2014.

sent2ve: ýìáåäèíãè ïðåäëîæåíèé

M.Pagliardini et al. Unsupervised learning of sentene embeddings using ompositional n-gram features. 2017.

FastText: ýìáåäèíãè ñèìâîëüíûõ n-ãðàìì
https://github.om/faebookresearh/fastText

node2ve: ýìáåäèíãè âåðøèí ãðà�à

A.Grover, J.Leskove. Node2ve: salable feature learning for networks. 2016.

graph2ve: áîëåå îáùèå ýìáåäèíãè íà ãðà�àõ

A.Narayanan et al. Graph2ve: learning distributed representations of graphs. 2017.

StarSpae: ýìáåäèíãè ÷åãî óãîäíî îò Faebook AI Researh

L.Wu, A.Fish, S.Chopra, K.Adams, A.B.J.Weston. StarSpae: embed all the things! 2018.

Íåäîñòàòîê: êîîðäèíàòû âåêòîðîâ íå èíòåðïðåòèðóåìû
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Ìîäåëü ñåòè ñëîâ WNTM äëÿ êîðîòêèõ òåêñòîâ

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.

Yuan Zuo, Jihang Zhao, Ke Xu. Word Network Topi Model: a simple but

general solution for short and imbalaned texts. 2014.
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Ìîäåëè WNTM è WTM (Word Topi Model)

Òåìàòè÷åñêàÿ ìîäåëü êîíòåêñòîâ, ðàçëîæåíèå W×W -ìàòðèöû:

p(w |du) =
∑

t∈T

p(w |t)p(t|du) =
∑

t∈T

φwtθtu,

ãäå du � ïñåâäî-äîêóìåíò ñëîâà u.

Ìàêñèìèçàöèÿ ëîãàðè�ìà ïðàâäîïîäîáèÿ:

∑

u,w∈W

nuw log
∑

t∈T

φwtθtu → max
Φ,Θ

,

ãäå nuw � ñîâñòðå÷àåìîñòü ñëîâ u,w (êñòàòè, nuw = nwu).

Yuan Zuo, Jihang Zhao, Ke Xu. Word Network Topi Model: a simple but

general solution for short and imbalaned texts. 2014.

Berlin Chen. Word Topi Models for spoken doument retrieval and

transription. ACM Trans., 2009.
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Èíòåðïðåòèðóåìûå ýìáåäèíãè ñîâñòðå÷àåìîñòè ñëîâ

Èäåÿ äèñòðèáóòèâíîé ñåìàíòèêè: �Words that our in the

same ontexts tend to have similar meanings� [Harris, 1954℄.

Ñëîâî èíäóöèðóåò ïñåâäî-äîêóìåíò âñåõ åãî êîíòåêñòîâ
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word2ve è ARTM íà çàäà÷àõ àíàëîãèè ñëîâ

Äâà ïîäõîäà ê ñèíòåçó âåêòîðíûõ ïðåäñòàâëåíèé ñëîâ:

ARTM: èíòåðïðåòèðóåìûå ðàçðåæåííûå êîìïîíåíòû

word2ve: èíòåðïðåòèðóåìûå âåêòîðíûå îïåðàöèè

Îïåðàöèÿ �åçóëüòàò ARTM �åçóëüòàò word2ve

king � boy + girl

queen, priness,

lord, prine

queen, priness,

regnant, kings

mosow � russia + spain

madrid, barelona,

aires, buenos

madrid, barelona,

valladolid, malaga

india � russia + ruble

rupee, birbhum,

pradesh, madhaya

rupee, rupiah,

devalued, debased

ars � ar + omputer

omputers, software,

servers,

implementations

omputers, software,

hardware,

miroomputers

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilisti embeddings:

bridging the gap between topi models and neural networks. AINL-6, 2017.
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word2ve è ARTM â çàäà÷å ñåìàíòè÷åñêîé áëèçîñòè äîêóìåíòîâ

ArXiv triplets dataset [Dai et. al, 2015℄: 20K òðîåê ñòàòåé:

〈 ñòàòüÿ A, ñõîæàÿ ñòàòüÿ B, íåïîõîæàÿ ñòàòüÿ C 〉

îáó÷åíèå ïî 1M òåêñòîâ ñòàòåé ArXiv

òåñòèðîâàíèå íà òðèïëåòàõ ArXiv

Êîíêóðåíò DBOW: paragraph2ve

[Dai et. al, 2015℄

ARTM ïðåâîñõîäèò ìîäåëü DBOW (distributed bag-of-words).

Andrew Dai, Cristopher Olah, Quo Le. Doument Embedding with Paragraph

Vetors, CoRR, 2015

A.Potapenko, A.Popov, K.Vorontsov. Interpretable probabilisti embeddings:

bridging the gap between topi models and neural networks. AINL-6, 2017.
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Ìîäåëè ñ ðåãóëÿðèçàöèåé Å-øàãà
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Îáîáùåíèå �5: ìîäåëè ñ ðåãóëÿðèçàöèåé Å-øàãà

Ïðîáëåìà

�èïîòåçà ¾ìåøêà ñëîâ¿ � ñàìîå ÷àñòî êðèòèêóåìîå äîïóùåíèå

òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ.

Êàê ñòðîèòü ìîäåëè, ó÷èòûâàþùèå ïîðÿäîê ñëîâ?

�åøåíèå

Ïîñò-îáðàáîòêà p(t|d ,wi ) êàê ïó÷êà âðåìåííûõ ðÿäîâ,
íàïðèìåð, ñãëàæèâàíèå èëè ñåãìåíòèðîâàíèå, ñ ó÷¼òîì

ïðåäëîëæåíèé, ñåêöèîíèðîâàíèÿ, ñèíòàêñè÷åñêèõ ñâÿçåé,

ëåêñè÷åñêèõ öåïî÷åê, è ò. ä.
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Ìîäåëè ñîâìåñòíîé âñòðå÷àåìîñòè
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Ìîäåëè ñåãìåíòàöèè

Ñåãìåíòíàÿ ñòðóêòóðà òåêñòà è ïîñò-îáðàáîòêà Å-øàãà

Äîêóìåíò d = {w1, . . . ,wnd }, nd � äëèíà äîêóìåíòà d

Ìàòðèöà òåìàòèêè ñëîâ â äîêóìåíòàõ p(t|d ,wi) ðàçìåðà T×nd :

123 ... ... nd
1

.

.

.

|T|

↓ ñåêöèîíèðîâàíèå è ðàçðåæèâàíèå ↓

↓ ñãëàæèâàíèå è êîíòðàñòèðîâàíèå ↓
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Ìîäåëè ñîâìåñòíîé âñòðå÷àåìîñòè

Ìîäåëè ñ ðåãóëÿðèçàöèåé Å-øàãà

Ìîäåëè ñåãìåíòàöèè

�åãóëÿðèçàöèÿ Å-øàãà

Òð¼õìåðíàÿ ìàòðèöà Π =
(

ptdw = p(t|d ,w)
)

T×D×W

Ìàêñèìèçàöèÿ log ïðàâäîïîäîáèÿ ñ ðåãóëÿðèçàòîðàìè R è R̃ :
∑

d∈D

∑

w∈d

ndw ln
∑

t∈T

φwtθtd + R(Π(Φ,Θ)) + R̃(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(Π)
∂ptdw

−
∑

z∈T

pzdw
∂R(Π)
∂pzdw

))

φwt = norm
w∈W

(

∑

d∈D

ndw p̃tdw + φwt
∂R̃
∂φwt

)

θtd = norm
t∈T

(

∑

w∈d

ndw p̃tdw + θtd
∂R̃
∂θtd

)
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Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Ìîäåëè ñîâìåñòíîé âñòðå÷àåìîñòè

Ìîäåëè ñ ðåãóëÿðèçàöèåé Å-øàãà

Ìîäåëè ñåãìåíòàöèè

Íàáðîñîê äîêàçàòåëüñòâà: òðè ëåììû

Ëåììà 1. Äëÿ �óíêöèè ptdw (Φ,Θ) = φwtθtd∑
z φwzθzd

è ëþáîãî z ∈ T

φwt
∂pzdw
∂φwt

= θtd
∂pzdw
∂θtd

= ptdw
(

[z= t]− pzdw
)

.

Ââåä¼ì �óíêöèþ îò âñïîìîãàòåëüíûõ ïåðåìåííûõ Π:

Qtdw (Π) =
∂R(Π)
∂ptdw

−
∑

z∈T

pzdw
∂R(Π)
∂pzdw

.

Ëåììà 2. Åñëè R(Π) íå çàâèñèò îò ptdw ïðè w /∈ d , òî

φwt
∂R(Π)
∂φwt

=
∑

d∈D

ptdwQtdw (Π); θtd
∂R(Π)
∂θtd

=
∑

w∈d

ptdwQtdw (Π).

Ëåììà 3. Ôîðìóëû Ì-øàãà:

φwt = norm
w∈W

(

∑

d∈D

ndwptdw +
∑

d∈D

Qtdwptdw + φwt
∂R̃
∂φwt

)

;

θtd = norm
t∈T

(

∑

w∈d

ndwptdw +
∑

w∈d

Qtdwptdw + θtd
∂R̃
∂θtd

)

.
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Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Ìîäåëè ñîâìåñòíîé âñòðå÷àåìîñòè

Ìîäåëè ñ ðåãóëÿðèçàöèåé Å-øàãà

Ìîäåëè ñåãìåíòàöèè

�èïîòåçà: ïîñò-îáðàáîòêà Å-øàãà � ýòî íåÿâíàÿ ðåãóëÿðèçàöèÿ

Ìåæäó Å- è Ì-øàãîì äîáàâëÿåòñÿ îáðàáîòêà ìàòðèöû

ptdw = p(t|d ,w) òåìàòèêè ñëîâ äîêóìåíòà:

p̃tdw = ptdw

(

1 +
1

ndw

(

∂R(Π)

∂ptdw
−

∑

z∈T

pzdw
∂R(Π)

∂pzdw

))

(1)

Ïîñò-îáðàáîòêà Å-øàãà ïîçâîëÿåò ó÷èòûâàòü ïîðÿäîê ñëîâ

â êàæäîì äîêóìåíòå â îáõîä ãèïîòåçû ¾ìåøêà ñëîâ¿.

�èïîòåçà

Ëþáîå ¾ðàçóìíîå¿ ïðåîáðàçîâàíèå ptdw → p̃tdw ýêâèâàëåíòíî

íåêîòîðîìó ðåãóëÿðèçàòîðó R(Π(Φ,Θ)).

Îòêðûòûé âîïðîñ: ïðè êàêèõ óñëîâèÿõ ïî çàäàííûì

ptdw è p̃tdw âîçìîæíî ïîäîáðàòü �óíêöèþ R(Π) òàê, ÷òîáû
âûïîëíÿëîñü óðàâíåíèå ïîñò-îáðàáîòêè (1)?

Ê.Â. Âîðîíöîâ (vokov�foresys.ru) Ìàòåìàòè÷åñêèå ìåòîäû àíàëèçà òåêñòîâ 16 / 50



Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Ìîäåëè ñîâìåñòíîé âñòðå÷àåìîñòè

Ìîäåëè ñ ðåãóëÿðèçàöèåé Å-øàãà

Ìîäåëè ñåãìåíòàöèè

Ïðèìåð 1. Êðîññ-ýíòðîïèéíîå ðàçðåæèâàíèå p(t|d ,w)

Ïóòü êàæäûé òåðìèí îòíîñèòñÿ ê íåáîëüøîìó ÷èñëó òåì:

KL
(

1
|T |

∥

∥ p(t|d ,w)
)

→ max .

Ñóììèðóåì ïî âñåì òåðìèíàì âñåõ äîêóìåíòîâ:

R(Π) = −
τ

|T |

∑

d∈D

∑

w∈d

ndw
∑

t∈T

ln ptdw → max .

Ôîðìóëà ðåãóëÿðèçîâàííîãî Å-øàãà:

p̃tdw = ptdw − τ
(

1
|T | − ptdw

)

.

Èíòåðïðåòàöèÿ: Åñëè ptdw < 1
|T | , òî ptdw ñòàíåò åù¼ ìåíüøå.

Òåìàòèêà òåðìèíà êîíöåíòðèðóåòñÿ â íåáîëüøîì ÷èñëå òåì.

Íåäîñòàòîê: Òåìàòèêà ñîñåäíèõ ñëîâ ðàçðåæèâàåòñÿ íåçàâèñèìî.
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�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Ìîäåëè ñîâìåñòíîé âñòðå÷àåìîñòè

Ìîäåëè ñ ðåãóëÿðèçàöèåé Å-øàãà

Ìîäåëè ñåãìåíòàöèè

Ïðèìåð 2. Òåìàòè÷åñêàÿ ìîäåëü ñåãìåíòèðîâàííîãî òåêñòà

Sd � ìíîæåñòâî ìèêðî-ñåãìåíòîâ äîêóìåíòà d

nsw � ÷èñëî âõîæäåíèé ñëîâà w â ñåãìåíò s äëèíû ns
Òåìàòèêà ñåãìåíòà s ∈ Sd � ñðåäíÿÿ òåìàòèêà åãî ñëîâ:

ptds ≡ p(t|d , s) = 1
ns

∑

w∈s
nswptdw .

Êðîññ-ýíòðîïèéíûé ðåãóëÿðèçàòîð ðàçðåæèâàíèÿ p(t|d , s):

R(Π) = −
∑

d∈D

∑

s∈Sd

∑

t∈T

ln
∑

w∈s
nswptdw → max .

Ôîðìóëà ðåãóëÿðèçîâàííîãî Å-øàãà:

p̃tdw = ptdw

(

1− τ
ndw

∑

s∈Sd

nsw
ns

(

1
ptds

−
∑

z∈T

pzdw
pzds

))

.

Èíòåðïðåòàöèÿ: åñëè ptds <
1
|T | , òî ptdw óìåíüøàòñÿ ∀ w ∈ s.

Òåìàòèêà ñåãìåíòà êîíöåíòðèðóåòñÿ â íåáîëüøîì ÷èñëå òåì.
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Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Ìîäåëè ñîâìåñòíîé âñòðå÷àåìîñòè

Ìîäåëè ñ ðåãóëÿðèçàöèåé Å-øàãà

Ìîäåëè ñåãìåíòàöèè

Ïðèìåð. �åãóëÿðèçàòîð Å-øàãà äëÿ ñåãìåíòàöèè òåêñòà

Ïîëóñèíòåòè÷åñêàÿ êîëëåêöèÿ èç �ðàãìåíòîâ postnauka.ru

N.Skahkov, K.Vorontsov. Improving topi models with segmental struture of

texts. Dialogue, 2018.
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Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè ïðåäëîæåíèé

Èåðàðõè÷åñêèå ìîäåëè

Îáîáùåíèå �6: ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ïðîáëåìà

Èñõîäíûå äàííûå ìîãóò áûòü ñëîæíåå, ÷åì ïàðíûå

âçàèìîäåéñòâèÿ (òðàíçàêöèè) ìåæäó îáúåêòàìè

�åøåíèå

Òåìàòè÷åñêàÿ ìîäåëü äîëæíà îïèñûâàòü òðàíçàêöèè,

ñîñòîÿùèå èç ëþáûõ ïîäìíîæåñòâ îáúåêòîâ
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Ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè ïðåäëîæåíèé

Èåðàðõè÷åñêèå ìîäåëè

Òðàíçàêöèîííûå äàííûå

Âûáîðêà ìîæåò ñîäåðæàòü íå òîëüêî ïàðû (d ,w), íî òàêæå

òðîéêè, ÷åòâ¼ðêè, . . . , n-êè ýëåìåíòîâ ðàçíûõ ìîäàëüíîñòåé.

Ïðèìåðû:

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 �èëüì f â ñèòóàöèè s

Äàííûå �èíàíñîâûõ îðãàíèçàöèé:

(b, s, g) � ïîêóïàòåëü u êóïèë ó ïðîäàâöà s òîâàð g

Çàäà÷à: ïî íàáëþäàåìîé âûáîðêå ð¼áåð ãèïåðãðà�à âûÿâèòü

ëàòåíòíûå òåìû åãî âåðøèí.
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Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè ïðåäëîæåíèé

Èåðàðõè÷åñêèå ìîäåëè

Òåìàòè÷åñêàÿ ìîäåëü ãèïåðãðà�à: îïðåäåëåíèÿ è îáîçíà÷åíèÿ

Γ = 〈V ,E 〉 � îðèåíòèðîâàííûé ãèïåðãðà�.

V = V 1 ⊔ · · · ⊔ VM
� ðàçáèåíèå âåðøèí ïî ìîäàëüíîñòÿì

M � ìíîæåñòâî ìîäàëüíîñòåé:

K � ìíîæåñòâî òèïîâ ð¼áåð:

T � ìíîæåñòâî òåì:

X k
� íàáëþäàåìàÿ âûáîðêà òðàíçàêöèé � ð¼áåð òèïà k

ðåáðî (d , x): âåðøèíà-êîíòåéíåð d ∈ V è âåðøèíû x ⊂ V ,

ndx � ÷èñëî âõîæäåíèé ðåáðà (d , x) â âûáîðêó X k

p(d , x) � íåèçâåñòíîå ðàñïðåäåëåíèå íà ð¼áðàõ òèïà k
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�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè ïðåäëîæåíèé

Èåðàðõè÷åñêèå ìîäåëè

Òåìàòè÷åñêàÿ ìîäåëü ãèïåðãðà�à

Âåðîÿòíîñòíàÿ òåìàòè÷åñêàÿ ìîäåëü ð¼áåð òèïà k :

p(x |d) =
∑

t∈T

θtd
∏

v∈x

φvt ,

θtd = p(t|d) � òåìàòèêà êîíòåéíåðà íå çàâèñèò îò òèïà ðåáðà k

φvt = p(v |t) � ðàñïðåäåëåíèå òåðìîâ ìîäàëüíîñòè v â òåìå t

Çàäà÷à ìàêñèìèçàöèè log ïðàâäîïîäîáèÿ:

∑

k∈K

τk
∑

(d,x)∈X k

ndx ln
∑

t∈T

θtd
∏

v∈x

φvt → max
Φ,Θ

,

φvt > 0,
∑

v∈Vm

φvt = 1; θtd > 0,
∑

t∈T

θtd = 1;

ãäå τk > 0 � âåñà òèïîâ ð¼áåð.
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Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè ïðåäëîæåíèé

Èåðàðõè÷åñêèå ìîäåëè

EM-àëãîðèòì äëÿ ãèïåðãðà�îâîé ARTM

Çàäà÷à ìàêñèìèçàöèè ðåãóëÿðèçîâàííîãî ïðàâäîïîäîáèÿ:

∑

k∈K

τk
∑

(d,x)∈X k

ndx 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)

[

v ∈x
]

ndxptdx + φvt
∂R
∂φvt

)

θtd = norm
t∈T

(

∑

k∈K

τk
∑

(d,x)

ndxptdx + θtd
∂R
∂θtd

)
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Ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè ïðåäëîæåíèé

Èåðàðõè÷åñêèå ìîäåëè

Èíòåðïðåòèðóåìûå ýìáåäèíãè òðàíçàêöèîííûõ äàííûõ

�èïåðãðà� � ìíîæåñòâî ïîäìíîæåñòâ âåðøèí-òîêåíîâ

Òðàíçàêöèÿ = ïîäìíîæåñòâî òîêåíîâ = ðåáðî ãèïåðãðà�à

Òðàíçàêöèÿ ïðîèñõîäèò, êîãäà òîêåíû èìåþò îáùèå òåìû

Ê.Â. Âîðîíöîâ (vokov�foresys.ru) Ìàòåìàòè÷åñêèå ìåòîäû àíàëèçà òåêñòîâ 25 / 50



Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè ïðåäëîæåíèé

Èåðàðõè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû íà ìîäåëüíûõ äàííûõ

13Ì òðàíçàêöèé, 3 ìîäàëüíîñòè, 5 êëàññîâ, 9 òèïîâ ð¼áåð

Âûâîä: îáû÷íûå ìîäåëè íå ìîãóò âîññòàíîâèòü ãèïåðãðà�.

Èëüÿ Æàðèêîâ. �èïåðãðà�îâûå òåìàòè÷åñêèå ìîäåëè òðàíçàêöèîííûõ

äàííûõ. Ìàãèñòåðñêàÿ äèññåðòàöèÿ, ÌÔÒÈ, 2018.
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Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè ïðåäëîæåíèé

Èåðàðõè÷åñêèå ìîäåëè

Ìîäåëè ïðåäëîæåíèé è êîðîòêèõ òåêñòîâ TwitterLDA, senLDA

Sd � ìíîæåñòâî ïðåäëîæåíèé äîêóìåíòà d

nsw � ñêîëüêî ðàç òåðì w âñòðå÷àåòñÿ â ïðåäëîæåíèè s

Òåìàòè÷åñêàÿ ìîäåëü ïðåäëîæåíèÿ s:

p(s|d) =
∑

t∈T

p(t|d)
∏

w∈s

p(w |t)nsw =
∑

t∈T

θtd
∏

w∈s

φnswwt

Ìàêñèìèçàöèÿ ðåãóëÿðèçîâàííîãî log-ïðàâäîïîäîáèÿ

∑

d∈D

∑

s∈Sd

ln
∑

t∈T

θtd
∏

w∈s

φnswwt + R(Φ,Θ) → max
Φ,Θ

ýòî ÷àñòíûé ñëó÷àé ãèïåðãðà�îâîé ìîäåëè, â êîòîðîé

ïðåäëîæåíèÿ ÿâëÿþòñÿ ¾òðàíçàêöèÿìè¿ èëè ãèïåð-ð¼áðàìè.

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

Comparing Twitter and traditional media using topi models. ECIR 2011.

G.Balikas, M.-R.Amini, M.Clausel. On a topi model for sentenes. SIGIR 2016.
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Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè ïðåäëîæåíèé

Èåðàðõè÷åñêèå ìîäåëè

Èíòåðïðåòèðóåìûå ýìáåäèíãè ïðåäëîæåíèé

Ïðåäëîæåíèå � ñåìàíòè÷åñêè îäíîðîäíàÿ åäèíèöà ÿçûêà

Ïðåäëîæåíèå îáðàçóåòñÿ èç ñëîâ, èìåþùèõ îáùèå òåìû

Ïðåäëîæåíèå = ïîäìíîæåñòâî ñëîâ = ðåáðî ãèïåðãðà�à
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Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè ïðåäëîæåíèé

Èåðàðõè÷åñêèå ìîäåëè

Îáîáùåíèå �7: èåðàðõè÷åñêèå ìîäåëè

Ïðîáëåìà

Íåâîçìîæíî îïðåäåëèòü îïòèìàëüíîå ÷èñëî òåì.

Õîòåëîñü áû ðàçäåëÿòü òåìû íà ïîäòåìû èåðàðõè÷åñêè.

Ïðèäóìàíî ìíîãî èåðàðõè÷åñêèõ ìîäåëåé, íî îíè ëèáî

îãðàíè÷åííûå, ëèáî òîðìîçíûå, ëèáî çàìîðî÷åííûå.

�åøåíèå

Ïðèäóìàòü ÷òî-òî ðàäèêàëüíî ïðîñòîå
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Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè ïðåäëîæåíèé

Èåðàðõè÷åñêèå ìîäåëè

Ïîñëîéíîå ïîñòðîåíèå óðîâíåé òåìàòè÷åñêîé èåðàðõèè

Øàã 1. Ñòðîèì ìîäåëü ñ íåáîëüøèì ÷èñëîì òåì.

Øàã k. Ïóñòü ìîäåëü ñ ìíîæåñòâîì òåì T óæå ïîñòðîåíà.

Ñòðîèì ìíîæåñòâî äî÷åðíèõ òåì S (subtopis), |S | > |T |.

�îäèòåëüñêèå òåìû ïðèáëèæàþòñÿ ñìåñÿìè äî÷åðíèõ òåì:

∑

t∈T

nt KLw

(

p(w |t)
∥

∥

∥

∑

s∈S

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

→ min
Φ,Ψ

,

ãäå p(s|t) = ψst , Ψ = (ψst)S×T � ìàòðèöà ñâÿçåé.

�îäèòåëüñêàÿ Φp ≈ ΦΨ, îòñþäà ðåãóëÿðèçàòîð ìàòðèöû Φ:

R(Φ,Ψ) = τ
∑

t∈T

∑

w∈W

nwt ln
∑

s∈S

φwsψst → max .

�îäèòåëüñêèå òåìû t � ïñåâäî-äîêóìåíòû ñ ÷àñòîòàìè ñëîâ nwt .
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Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìîäåëè ïðåäëîæåíèé

Èåðàðõè÷åñêèå ìîäåëè

Ïðèìåð òåìàòè÷åñêîé èåðàðõèè

Òåêñòû íàó÷íî-ïðîñâåòèòåëüñêîãî ðåñóðñà Postnauka.ru:

2976 äîêóìåíòîâ, 43196 ñëîâ, 1799 òýãîâ

N.A.Chirkova, K.V.Vorontsov. Additive Regularization for Hierarhial

Multimodal Topi Modeling. JMLDA, 2016.

A.V.Belyy, M.S.Seleznova, A.K.Sholokhov, K.V.Vorontsov. Quality Evaluation

and Improvement for Hierarhial Topi Modeling. Dialogue 2018.
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Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Âíóòðåííèå (intrinsi) êðèòåðèè êà÷åñòâà

Âíåøíèå (extrinsi) êðèòåðèè êà÷åñòâà

Âèçóàëèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðàâäîïîäîáèå è ïåðïëåêñèÿ (perplexity)

Ïðàâäîïîäîáèå ÿçûêîâîé ìîäåëè p(w |d) (÷åì âûøå, òåì ëó÷øå):

L (Φ,Θ) =
∑

d∈D

∑

w∈d

ndw ln p(w |d), p(w |d) =
∑

t

φwtθtd

Ïåðïëåêñèÿ ÿçûêîâîé ìîäåëè p(w |d) (÷åì ìåíüøå, òåì ëó÷øå):

P(D) = exp
(

−
1

n

∑

d∈D

∑

w∈d

ndw ln p(w |d)
)

, n =
∑

d∈D

∑

w∈d

ndw

Èíòåðïðåòàöèÿ ïåðïëåêñèè:

åñëè ðàñïðåäåëåíèå p(w |d) = 1
|W | ðàâíîìåðíîå, òî P = |W |

ìåðà ðàçëè÷íîñòè èëè íåîïðåäåë¼ííîñòè ñëîâ â òåêñòå

êîý��èöèåíò âåòâëåíèÿ (branhing fator) òåêñòà
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Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Âíóòðåííèå (intrinsi) êðèòåðèè êà÷åñòâà

Âíåøíèå (extrinsi) êðèòåðèè êà÷åñòâà

Âèçóàëèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïåðïëåêñèÿ òåñòîâîé (îòëîæåííîé) êîëëåêöèè

Ïåðïëåêñèÿ òåñòîâîé êîëëåêöèè D ′
(hold-out perplexity):

P(D ′) = exp
(

−
1

n′′

∑

d∈D′

∑

w∈d ′′

ndw ln p(w |d)
)

, n′′ =
∑

d∈D′

∑

w∈d ′′

ndw

d = d ′ ⊔ d ′′
� ñëó÷àéíîå ðàçáèåíèå òåñòîâîãî äîêóìåíòà

íà äâå ïîëîâèíû ðàâíîé äëèíû;

ïàðàìåòðû φwt îöåíèâàþòñÿ ïî îáó÷àþùåé êîëëåêöèè D;

ïàðàìåòðû θtd îöåíèâàþòñÿ ïî ïåðâîé ïîëîâèíå d ′
;

ïåðïëåêñèÿ âû÷èñëÿåòñÿ ïî âòîðîé ïîëîâèíå d ′′
.
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Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Âíóòðåííèå (intrinsi) êðèòåðèè êà÷åñòâà

Âíåøíèå (extrinsi) êðèòåðèè êà÷åñòâà

Âèçóàëèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Èíòåðïðåòèðóåìîñòè è êîãåðåíòíîñòü

Òåìà èíòåðïðåòèðóåìàÿ, åñëè ïî òîïîâûì ñëîâàì òåìû ýêñïåðò

ìîæåò îïðåäåëèòü, î ÷¼ì ýòà òåìà, è äàòü åé íàçâàíèå.

Ýêñïåðòíûå îöåíêè:

� èíòåðïðåòèðóåìîñòü òåìû ïî áàëëüíîé øêàëå;

� êàæäóþ òåìó îöåíèâàþò íåñêîëüêî ýêñïåðòîâ.

Ìåòîä èíòðóçèé (intrusion):

� â ñïèñîê òîïîâûõ ñëîâ âíåäðÿåòñÿ ëèøíåå ñëîâî;

� èçìåðÿåòñÿ äîëÿ îøèáîê ýêñïåðòîâ åãî ïðè îïðåäåëåíèè

Íóæíà àâòîìàòè÷åñêè âû÷èñëÿåìàÿ ìåðà èíòåðïðåòèðóåìîñòè,

êîððåëèðóþùàÿ ñ ýêñïåðòíûìè îöåíêàìè.

Åþ îêàçàëàñü êîãåðåíòíîñòü (ñîãëàñîâàííîñòü, oherene).

Newman D., Lau J.H., Grieser K., Baldwin T. Automati evaluation of topi

oherene // Human Language Tehnologies, HLT-2010, Pp. 100�108.
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Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Âíóòðåííèå (intrinsi) êðèòåðèè êà÷åñòâà

Âíåøíèå (extrinsi) êðèòåðèè êà÷åñòâà

Âèçóàëèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ýêñïåðèìåíò. Ñâÿçü êîãåðåíòíîñòè è èíòåðïðåòèðóåìîñòè

Èçìåðÿëàñü ðàíãîâàÿ

êîððåëÿöèÿ Ñïèðìåíà

ìåæäó 15 ìåòðèêàì

è ýêñïåðòíûìè îöåíêàìè

èíòåðïðåòèðóåìîñòè.

PMI � ëó÷øàÿ ìåòðèêà.

Gold-standard � ñðåäíÿÿ

êîððåëÿöèÿ Ñïèðìåíà

ìåæäó îöåíêàìè

ðàçíûõ ýêñïåðòîâ.

Âûâîä: êîãåðåíòíîñòü áëèçêà ê ¾çîëîòîìó ñòàíäàðòó¿.

Newman D., Lau J.H., Grieser K., Baldwin T. Automati evaluation of topi

oherene // Human Language Tehnologies, HLT-2010, Pp. 100�108.
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Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Âíóòðåííèå (intrinsi) êðèòåðèè êà÷åñòâà

Âíåøíèå (extrinsi) êðèòåðèè êà÷åñòâà

Âèçóàëèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Êîãåðåíòíîñòü êàê âíóòðåííÿÿ ìåðà èíòåðïðåòèðóåìîñòè

Êîãåðåíòíîñòü (ñîãëàñîâàííîñòü) òåìû t ïî k òîïîâûì ñëîâàì:

PMIt =
2

k(k − 1)

k−1
∑

i=1

k
∑

j=i+1

PMI(wi ,wj )

ãäå wi � i -é òåðìèí â ïîðÿäêå óáûâàíèÿ φwt .

PMI(u, v) = ln |D|Nuv

NuNv
� ïîòî÷å÷íàÿ âçàèìíàÿ èí�îðìàöèÿ

(pointwise mutual information),

Nuv � ÷èñëî äîêóìåíòîâ, â êîòîðûõ òåðìèíû u, v õîòÿ áû îäèí

ðàç âñòðå÷àþòñÿ ðÿäîì (â îêíå 10 ñëîâ),

Nu � ÷èñëî äîêóìåíòîâ, â êîòîðûõ u âñòðåòèëñÿ õîòÿ áû 1 ðàç.

Newman D., Lau J.H., Grieser K., Baldwin T. Automati evaluation of topi

oherene // Human Language Tehnologies, HLT-2010, Pp. 100�108.
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Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Âíóòðåííèå (intrinsi) êðèòåðèè êà÷åñòâà

Âíåøíèå (extrinsi) êðèòåðèè êà÷åñòâà

Âèçóàëèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Âíåøíèå êðèòåðèè êà÷åñòâà

Ïîëíîòà è òî÷íîñòü òåìàòè÷åñêîãî ïîèñêà

Êà÷åñòâî êëàññè�èêàöèè / ñåãìåíòàöèè / ñóììàðèçàöèè

Ýêñïåðòíîå îöåíèâàíèå òåì ìåòîäîì èíòðóçèé

Òî÷íîñòü ñîîòâåòñòâèÿ òåì çàäàííûì êîíöåïòàì

(÷èñëî íåíàéäåííûõ è ðàñùåïë¼ííûõ òåì è êîíöåïòîâ)

Chuang J., Gupta S., Manning C., Heer J. Topi Model Diagnostis: Assessing

Domain Relevane via Topial Alignment. ICML-2013.
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Ìåòîäèêà îöåíèâàíèÿ êà÷åñòâà ðàçâåäî÷íîãî ïîèñêà

Ïîèñêîâûé çàïðîñ

íàáîð êëþ÷åâûõ ñëîâ èëè �ðàãìåíòîâ

òåêñòà, îêîëî îäíîé ñòðàíèöû À4

Ïîèñêîâàÿ âûäà÷à

äîêóìåíòû d ñ ðàñïðåäåëåíèåì p(t|d),
áëèçêèì ê ðàñïðåäåëåíèþ p(t|q) çàïðîñà

Äâà çàäàíèÿ àñåññîðàì

íàéòè êàê ìîæíî áîëüøå ñòàòåé,

ïîëüçóÿñü ëþáûìè ñðåäñòâàìè

ïîèñêà (è çàñå÷ü âðåìÿ)

îöåíèòü ðåëåâàíòíîñòü ïîèñêîâîé

âûäà÷è íà òîì æå çàïðîñå

Ïðèìåð çàïðîñà äëÿ

ðàçâåäî÷íîãî ïîèñêà
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Äâå êîëëåêöèè íîâîñòåé ïðî òåõíîëîãèè

Habrahabr.ru

175 143 ñòàòåé íà ðóññêîì

10 552 ñëîâ (óíèãðàìì)

742 000 áèãðàìì

524 àâòîðîâ ñòàòåé

10 000 àâòîðîâ êîììåíòàðèåâ

2546 òåãîâ

123 õàáà (êàòåãîðèè)

TehCrunh.om

759 324 ñòàòåé íà àíãëèéñêîì

11 523 ñëîâ (óíèãðàìì)

1.2 ìëí. áèãðàìì

605 àâòîðîâ

184 êàòåãîðèé
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Ïîñëåäîâàòåëüíûé ïîäáîð êîý��èöèåíòîâ ðåãóëÿðèçàöèè

äåêîððåëèðîâàíèå ðàñïðåäåëåíèé òåðìèíîâ â òåìàõ (τ),

ðàçðåæèâàíèå ðàñïðåäåëåíèé òåì â äîêóìåíòàõ (α),

ñãëàæèâàíèå ðàñïðåäåëåíèé òåðìèíîâ â òåìàõ (β).
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Ñðàâíåíèå êà÷åñòâà ïîèñêà ñ àñåññîðàìè è ïðîñòûìè ìîäåëÿìè

Òî÷íîñòü è ïîëíîòà ïî ïåðâûì k ïîçèöèÿì ïîèñêîâîé âûäà÷è

(êîëëåêöèÿ Habrahabr.ru)
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A.Ianina, K.Vorontsov. Multi-objetive topi modeling for exploratory searh in

teh news. AINL, 2017.
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A.Ianina, K.Vorontsov. Multi-objetive topi modeling for exploratory searh in

teh news. AINL, 2017.
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Âëèÿíèå ÷èñëà òåì íà êà÷åñòâî ïîèñêà

Êîëëåêöèÿ Habrahabr.ru

Èñïîëüçóåì 3 ðåãóëÿðèçàòîðà, 5 ìîäàëüíîñòåé, ìåíÿåì |T |

àñåññîðû 100 150 200 250 400

Pre�5 0.821 0.662 0.721 0.810 0.761 0.693

Pre�10 0.869 0.761 0.812 0.879 0.825 0.673

Pre�15 0.875 0.733 0.795 0.868 0.791 0.651

Pre�20 0.863 0.724 0.795 0.847 0.792 0.642

Reall�5 0.780 0.732 0.807 0.840 0.821 0.721

Reall�10 0.817 0.771 0.843 0.870 0.851 0.751

Reall�15 0.850 0.824 0.895 0.891 0.871 0.773

Reall�20 0.873 0.857 0.905 0.925 0.892 0.771

Íàèëó÷øåå êà÷åñòâî ïîèñêà � ïðè 200 òåìàõ
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Âëèÿíèå ÷èñëà òåì íà êà÷åñòâî ïîèñêà

Êîëëåêöèÿ TehCrunh.om

Èñïîëüçóåì 3 ðåãóëÿðèçàòîðà, 4 ìîäàëüíîñòè, ìåíÿåì |T |

àñåññîðû 350 400 450 475 500

Pre�5 0.822 0.653 0.725 0.752 0.819 0.777

Pre�10 0.851 0.663 0.732 0.762 0.867 0.811

Pre�15 0.835 0.682 0.743 0.787 0.833 0.793

Pre�20 0.813 0.650 0.743 0.773 0.825 0.793

Reall�5 0.762 0.731 0.762 0.793 0.835 0.817

Reall�10 0.792 0.763 0.793 0.812 0.868 0.855

Reall�15 0.835 0.782 0.807 0.855 0.890 0.882

Reall�20 0.867 0.792 0.823 0.862 0.919 0.903

Íàèëó÷øåå êà÷åñòâî ïîèñêà � ïðè 475 òåìàõ
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Ñèñòåìà TMVE � Topi Model Visualization Engine

Òåìàòè÷åñêèé íàâèãàòîð ñ âåá-èíòåð�åéñîì:

https://github.om/ajb/tmv

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

in China, 2012. � 55(4), pp. 77�84.

Ê.Â. Âîðîíöîâ (vokov�foresys.ru) Ìàòåìàòè÷åñêèå ìåòîäû àíàëèçà òåêñòîâ 45 / 50



Ñîâñòðå÷àåìîñòü ñëîâ. Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

�èïåðãðà�û. Ïðåäëîæåíèÿ. Òåìàòè÷åñêèå èåðàðõèè

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Âíóòðåííèå (intrinsi) êðèòåðèè êà÷åñòâà

Âíåøíèå (extrinsi) êðèòåðèè êà÷åñòâà

Âèçóàëèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ñèñòåìà Termite

Èíòåðàêòèâíàÿ âèçóàëèçàöèÿ ìàòðèöû Φ è ñðàâíåíèå òåì:

https://github.om/uwdata/termite-visualizations

Chuang J., Manning C., Heer J. Termite: Visualization Tehniques for Assessing

Textual Topi Models. IWCAVI 2012.
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Ñèñòåìà LDAvis

Êàðòà ñõîäñòâà òåì è ñðàâíåíèå p(w |t) ñ p(w):

https://github.ñom/ñpsievert/LDAvis

C.Sievert, K.Shirley. LDAvis: A method for visualizing and interpreting topis. 2014.
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Äèíàìèêà òåì: ýâîëþöèÿ ïðåäìåòíîé îáëàñòè

Ýâîëþöèÿ âûáðàííûõ òåì èåðàðõèè. Äàííûå Prism (2013/06/03�2014/02/09)

ýêñïåðò çàäà¼ò ñå÷åíèå èåðàðõèè (äåðåâà) òåì,

èíòåðàêòèâíî âûáèðàåò ïîäìíîæåñòâî òåì è ñîáûòèé,

ãåíåðèðóåò îò÷¼ò.

Weiwei Cui, Shixia Liu, Zhuofeng Wu, Hao Wei. How hierarhial topis evolve

in large text orpora. 2014.
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�åçþìå

Òåìàòè÷åñêîå ìîäåëèðîâàíèå � ýòî âîññòàíîâëåíèå

ëàòåíòíûõ òåì ïî êîëëåêöèè òåêñòîâûõ äîêóìåíòîâ

Çàäà÷à ñâîäèòñÿ ê ñòîõàñòè÷åñêîìó ìàòðè÷íîìó ðàçëîæåíèþ

Ñòàíäàðòíûå ìåòîäû � PLSA è LDA.

Çàäà÷à ÿâëÿåòñÿ íåêîððåêòíî ïîñòàâëåííîé, òàê êàê

ìíîæåñòâî å¼ ðåøåíèé â îáùåì ñëó÷àå áåñêîíå÷íî

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ ïîçâîëÿåò êîìáèíèðîâàòü

ìîäåëè è ñòðîèòü ìîäåëè ñ çàäàííûìè ñâîéñòâàìè

Â îòëè÷èå îò êëàññè÷åñêèõ çàäà÷ ìàøèííîãî îáó÷åíèÿ,

ðåãóëÿðèçàòîðû âåñüìà ðàçíîîáðàçíû

Íà ïðàêòèêå âàæíû âíåøíèå êðèòåðèè êà÷åñòâà ìîäåëåé
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