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×òî òàêîå ¾òåìà¿ â êîëëåêöèè òåêñòîâûõ äîêóìåíòîâ?

Âûäåëåíèå òåì � ïåðâûé øàã ê ïîíèìàíèþ ñìûñëà òåêñòà

òåìà � ñïåöèàëüíàÿ òåðìèíîëîãèÿ ïðåäìåòíîé îáëàñòè

òåìà � êëàñòåð ñåìàíòè÷åñêè áëèçêèõ �ðàç

Áîëåå �îðìàëüíî,

òåìà � óñëîâíîå ðàñïðåäåëåíèå íà ìíîæåñòâå òåðìèíîâ,

p(w |t) � âåðîÿòíîñòü (÷àñòîòà) òåðìèíà w â òåìå t;

òåìàòèêà äîêóìåíòà � óñëîâíîå ðàñïðåäåëåíèå

p(t|d) � âåðîÿòíîñòü (÷àñòîòà) òåìû t â äîêóìåíòå d .

Êîãäà àâòîð ïèñàë òåðìèí w â äîêóìåíòå d , îí äóìàë î òåìå t

Òåìàòè÷åñêàÿ ìîäåëü âûÿâëÿåò ëàòåíòíûå (ñêðûòûå) òåìû ïî

íàáëþäàåìûì ðàñïðåäåëåíèÿì ñëîâ p(w |d) â äîêóìåíòàõ.
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Ïðèìåð. Ìóëüòèÿçû÷íàÿ òåìàòè÷åñêàÿ ìîäåëü Âèêèïåäèè

216 175 ðóññêî-àíãëèéñêèõ ïàð ñòàòåé.

Ïåðâûå 10 ñëîâ è èõ âåðîÿòíîñòè p(w |t) â %:

Òåìà �68 Òåìà �79

researh 4.56 èíñòèòóò 6.03 goals 4.48 ìàò÷ 6.02

tehnology 3.14 óíèâåðñèòåò 3.35 league 3.99 èãðîê 5.56

engineering 2.63 ïðîãðàììà 3.17 lub 3.76 ñáîðíàÿ 4.51

institute 2.37 ó÷åáíûé 2.75 season 3.49 �ê 3.25

siene 1.97 òåõíè÷åñêèé 2.70 sored 2.72 ïðîòèâ 3.20

program 1.60 òåõíîëîãèÿ 2.30 up 2.57 êëóá 3.14

eduation 1.44 íàó÷íûé 1.76 goal 2.48 �óòáîëèñò 2.67

ampus 1.43 èññëåäîâàíèå 1.67 apps 1.74 ãîë 2.65

management 1.38 íàóêà 1.64 debut 1.69 çàáèâàòü 2.53

programs 1.36 îáðàçîâàíèå 1.47 math 1.67 êîìàíäà 2.14

Àñåññîð îöåíèë 396 òåì èç 400 êàê õîðîøî èíòåðïðåòèðóåìûå.

Vorontsov, Frei, Apishev, Romov, Suvorova. BigARTM: Open Soure Library

for Regularized Multimodal Topi Modeling of Large Colletions. AIST-2015.
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Ïðèìåð. Ìóëüòèÿçû÷íàÿ òåìàòè÷åñêàÿ ìîäåëü Âèêèïåäèè

216 175 ðóññêî-àíãëèéñêèõ ïàð ñòàòåé.

Ïåðâûå 10 ñëîâ è èõ âåðîÿòíîñòè p(w |t) â %:

Òåìà �88 Òåìà �251

opera 7.36 îïåðà 7.82 windows 8.00 windows 6.05

ondutor 1.69 îïåðíûé 3.13 mirosoft 4.03 mirosoft 3.76

orhestra 1.14 äèðèæåð 2.82 server 2.93 âåðñèÿ 1.86

wagner 0.97 ïåâåö 1.65 software 1.38 ïðèëîæåíèå 1.86

soprano 0.78 ïåâèöà 1.51 user 1.03 ñåðâåð 1.63

performane 0.78 òåàòð 1.14 seurity 0.92 server 1.54

mozart 0.74 ïàðòèÿ 1.05 mithell 0.82 ïðîãðàììíûé 1.08

sang 0.70 ñîïðàíî 0.97 orale 0.82 ïîëüçîâàòåëü 1.04

singing 0.69 âàãíåð 0.90 enterprise 0.78 îáåñïå÷åíèå 1.02

operas 0.68 îðêåñòð 0.82 users 0.78 ñèñòåìà 0.96

Àñåññîð îöåíèë 396 òåì èç 400 êàê õîðîøî èíòåðïðåòèðóåìûå.

Vorontsov, Frei, Apishev, Romov, Suvorova. BigARTM: Open Soure Library

for Regularized Multimodal Topi Modeling of Large Colletions. AIST-2015.

Ê.Â. Âîðîíöîâ (voron�foresys.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 5 / 62



Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ïîñòàíîâêà çàäà÷è
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Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

ðàçâåäî÷íûé ïîèñê â ïîèñê òåìàòè÷åñêîãî äåòåêòèðîâàíèå è òðåêèíã

ýëåêòðîííûõ áèáëèîòåêàõ êîíòåíòà â ñîöñåòÿõ íîâîñòíûõ ñþæåòîâ

ìóëüòèìîäàëüíûé ïîèñê àíàëèç áàíêîâñêèõ óïðàâëåíèåì äèàëîãîì â

òåêñòîâ è èçîáðàæåíèé òðàíçàêöèîííûõ äàííûõ ðàçãîâîðíîì èíòåëëåêòå
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Ïóñòü

W � êîíå÷íîå ìíîæåñòâî ñëîâ (òåðìèíîâ, òîêåíîâ)

D � êîíå÷íîå ìíîæåñòâî òåêñòîâûõ äîêóìåíòîâ

T � êîíå÷íîå ìíîæåñòâî òåì

êàæäîå ñëîâî w â äîêóìåíòå d ñâÿçàíî ñ íåêîòîðîé òåìîé t

D ×W × T � äèñêðåòíîå âåðîÿòíîñòíîå ïðîñòðàíñòâî

ïîðÿäîê ñëîâ â äîêóìåíòå íå âàæåí (bag of words)

ïîðÿäîê äîêóìåíòîâ â êîëëåêöèè íå âàæåí

êîëëåêöèÿ � ýòî i.i.d. âûáîðêà (di ,wi , ti )
n
i=1 ∼ p(d ,w , t)

di ,wi � íàáëþäàåìûå, òåìû ti � ñêðûòûå

ãèïîòåçà óñëîâíîé íåçàâèñèìîñòè: p(w |d , t) = p(w |t)

Òåìàòè÷åñêàÿ ìîäåëü, ïî �îðìóëå ïîëíîé âåðîÿòíîñòè:

p(w |d) =
∑

t∈T

p(w |��❅❅d , t) p(t|d)

Ê.Â. Âîðîíöîâ (voron�foresys.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 7 / 62



Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ïîñòàíîâêà çàäà÷è
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Ïðÿìàÿ çàäà÷à � ïîðîæäåíèå êîëëåêöèè ïî p(w |t) è p(t|d)

Âåðîÿòíîñòíàÿ òåìàòè÷åñêàÿ ìîäåëü êîëëåêöèè äîêóìåíòîâ D

îïèñûâàåò ïîÿâëåíèå òåðìèíîâ w â äîêóìåíòàõ d òåìàìè t:

p(w |d) =
∑

t∈T

p(w |t) p(t|d)

 

 

 

 

 

 

Разработан спектрально-аналитический подход к выявлению размытых протяженных повторов 

в геномных последовательностях. Метод основан на разномасштабном оценивании сходства 

нуклеотидных последовательностей в пространстве коэффициентов разложения фрагментов 

кривых GC- и GA-содержания по классическим ортогональным базисам. Найдены условия 

оптимальной аппроксимации, обеспечивающие автоматическое распознавание повторов 

различных видов (прямых и инвертированных, а также тандемных) на спектральной матрице 

сходства. Метод одинаково хорошо работает на разных масштабах данных. Он позволяет 

выявлять следы сегментных дупликаций и мегасателлитные участки в геноме, районы синтении 

при сравнении пары геномов. Его можно использовать для детального изучения фрагментов 

хромосом (поиска размытых участков с умеренной длиной повторяющегося паттерна).  
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�åãóëÿðèçîâàííûé ÅÌ-àëãîðèòì

�åàëèçàöèÿ â ïðîåêòå BigARTM

Îáðàòíàÿ çàäà÷à � âîññòàíîâëåíèå p(w |t) è p(t|d) ïî êîëëåêöèè

Äàíî: êîëëåêöèÿ òåêñòîâûõ äîêóìåíòîâ

ndw � ÷àñòîòû òåðìèíîâ â äîêóìåíòàõ, p̂(w |d) = ndw
nd

Íàéòè: ïàðàìåòðû òåìàòè÷åñêîé ìîäåëè p(w |d) =
∑

t∈T

φwtθtd

φwt=p(w |t) � âåðîÿòíîñòè òåðìèíîâ w â êàæäîé òåìå t

θtd =p(t|d) � âåðîÿòíîñòè òåì t â êàæäîì äîêóìåíòå d

Ýòî çàäà÷à ñòîõàñòè÷åñêîãî ìàòðè÷íîãî ðàçëîæåíèÿ:
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Ïðèíöèï ìàêñèìóìà ïðàâäîïîäîáèÿ

Ïðàâäîïîäîáèå � ïëîòíîñòü ðàñïðåäåëåíèÿ âûáîðêè (di ,wi )
n
i=1:

n
∏

i=1

p(di ,wi ) =
∏

d∈D

∏

w∈d

p(d ,w)ndw

Ìàêñèìèçàöèÿ ëîãàðè�ìà ïðàâäîïîäîáèÿ

∑

d∈D

∑

w∈d

ndw ln p(w |d)p(d) → max
Φ,Θ

ýêâèâàëåíòíà ìàêñèìèçàöèè �óíêöèîíàëà

L (Φ,Θ) =
∑

d∈D

∑

w∈d

ndw ln
∑

t∈T

φwtθtd → max
Φ,Θ

ïðè îãðàíè÷åíèÿõ íåîòðèöàòåëüíîñòè è íîðìèðîâêè

φwt > 0;
∑

w∈W

φwt = 1; θtd > 0;
∑

t∈T

θtd = 1.
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Çàäà÷è, íåêîððåêòíî ïîñòàâëåííûå ïî Àäàìàðó

Çàäà÷à êîððåêòíî ïîñòàâëåíà,

åñëè å¼ ðåøåíèå

ñóùåñòâóåò,

åäèíñòâåííî,

óñòîé÷èâî.

Æàê Ñàëîìîí Àäàìàð

(1865�1963)

Íàøà çàäà÷à ìàòðè÷íîãî ðàçëîæåíèÿ íåêîððåêòíî ïîñòàâëåíà:

åñëè Φ,Θ � ðåøåíèå, òî ñòîõàñòè÷åñêèå Φ′,Θ′
� òîæå ðåøåíèÿ

Φ′Θ′ = (ΦS)(S−1Θ), rank S = |T |

L (Φ′,Θ′) = L (Φ,Θ)

L (Φ′,Θ′) 6 L (Φ,Θ) + ε � ïðèáëèæ¼ííûå ðåøåíèÿ

�åãóëÿðèçàöèÿ � ñòàíäàðòíûé ïðè¼ì äîîïðåäåëåíèÿ ðåøåíèÿ

ñ ïîìîùüþ äîïîëíèòåëüíûõ êðèòåðèåâ.

Ê.Â. Âîðîíöîâ (voron�foresys.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 11 / 62



Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ïðèìåðû ðåãóëÿðèçàòîðîâ
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ARTM � Àääèòèâíàÿ �åãóëÿðèçàöèÿ Òåìàòè÷åñêèõ Ìîäåëåé

Ìàêñèìèçàöèÿ log ïðàâäîïîäîáèÿ ñ ðåãóëÿðèçàòîðîì R :
∑

d,w

ndw ln
∑

t∈T

φwtθtd +R(Φ,Θ) → max
Φ,Θ

; R(Φ,Θ) =
∑

i

τiRi(Φ,Θ)

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:



























ptdw ≡ p(t|d ,w) = norm
t∈T

(

φwtθtd
)

φwt = norm
w∈W

(

nwt + φwt
∂R
∂φwt

)

, nwt =
∑

d∈D

ndwptdw

θtd = norm
t∈T

(

ntd + θtd
∂R
∂θtd

)

, ntd =
∑

w∈d

ndwptdw

ãäå norm
t∈T

(xt) =
max{xt ,0}∑

s∈T

max{xs ,0}
� îïåðàöèÿ íîðìèðîâêè âåêòîðà.

Âîðîíöîâ Ê. Â. Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

êîëëåêöèé òåêñòîâûõ äîêóìåíòîâ. Äîêëàäû �ÀÍ. 2014.
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Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ïîñòàíîâêà çàäà÷è

�åãóëÿðèçîâàííûé ÅÌ-àëãîðèòì

�åàëèçàöèÿ â ïðîåêòå BigARTM

Óñëîâèÿ âûðîæäåííîñòè ìîäåëè äëÿ òåì è äîêóìåíòîâ

�åøåíèå ìîæåò áûòü âûðîæäåííûì äëÿ íåêîòîðûõ òåì

(ñòîëáöîâ ìàòðèö Φ) è äîêóìåíòîâ (ñòîëáöîâ ìàòðèöû Θ).

Òåìà t âûðîæäåíà, åñëè äëÿ âñåõ òåðìèíîâ w ∈ W

nwt + φwt
∂R
∂φwt

6 0.

Åñëè òåìà t âûðîæäåíà, òî p(w |t) = φwt ≡ 0; ýòî îçíà÷àåò,
÷òî òåìà èñêëþ÷àåòñÿ èç ìîäåëè (ïðîèñõîäèò îòáîð òåì).

Äîêóìåíò d âûðîæäåí, åñëè äëÿ âñåõ òåì t ∈ T

ntd + θtd
∂R
∂θtd

6 0.

Åñëè äîêóìåíò d âûðîæäåí, òî p(t|d) = θtd ≡ 0; ýòî îçíà÷àåò,
÷òî ìîäåëü íå â ñîñòîÿíèè îïèñàòü äàííûé äîêóìåíò.
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Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ïîñòàíîâêà çàäà÷è

�åãóëÿðèçîâàííûé ÅÌ-àëãîðèòì

�åàëèçàöèÿ â ïðîåêòå BigARTM

Íàïîìèíàíèå. Óñëîâèÿ Êàðóøà�Êóíà�Òàêêåðà

Çàäà÷à ìàòåìàòè÷åñêîãî ïðîãðàììèðîâàíèÿ:















f (x) → min
x
;

gi (x) 6 0, i = 1, . . . ,m;

hj(x) = 0, j = 1, . . . , k .

Íåîáõîäèìûå óñëîâèÿ. Åñëè x � òî÷êà ëîêàëüíîãî ìèíèìóìà,

òî ñóùåñòâóþò ìíîæèòåëè µi , i = 1, . . . ,m, λj , j = 1, . . . , k :






























∂L

∂x
= 0, L (x ;µ, λ) = f (x) +

m
∑

i=1
µigi (x) +

k
∑

j=1
λjhj(x);

gi (x) 6 0; hj(x) = 0; (èñõîäíûå îãðàíè÷åíèÿ)

µi > 0; (äâîéñòâåííûå îãðàíè÷åíèÿ)

µigi (x) = 0; (óñëîâèå äîïîëíÿþùåé íåæ¼ñòêîñòè)
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Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ïîñòàíîâêà çàäà÷è

�åãóëÿðèçîâàííûé ÅÌ-àëãîðèòì

�åàëèçàöèÿ â ïðîåêòå BigARTM

Âûâîä ñèñòåìû óðàâíåíèé èç óñëîâèé Êàðóøà�Êóíà�Òàêêåðà

1. Óñëîâèÿ ÊÊÒ äëÿ φwt (äëÿ θtd âñ¼ àíàëîãè÷íî):

∑

d ndw
θtd

p(w |d) +
∂R
∂φwt

= λt − µwt ; µwt > 0; µwtφwt = 0.

2. Óìíîæèì îáå ÷àñòè ðàâåíñòâà íà φwt è âûäåëèì ptdw :

φwtλt =
∑

d ndw
φwtθtd
p(w |d) + φwt

∂R
∂φwt

= nwt + φwt
∂R
∂φwt

.

3. Åñëè λt 6 0, òî òåìà t âûðîæäåíà, φwt ≡ 0 äëÿ âñåõ w .

4. Åñëè λt > 0, òî ëèáî φwt = 0, ëèáî nwt + φwt
∂R
∂φwt

> 0:

φwtλt =
(

nwt + φwt
∂R
∂φwt

)

+
.

5. Ñóììèðóåì îáå ÷àñòè ðàâåíñòâà ïî w ∈ W :

λt =
∑

w∈W

(

nwt + φwt
∂R
∂φwt

)

+
.

6. Ïîäñòàâèì λt èç (5) â (4), ïîëó÷èì òðåáóåìîå. �
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Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ïîñòàíîâêà çàäà÷è

�åãóëÿðèçîâàííûé ÅÌ-àëãîðèòì

�åàëèçàöèÿ â ïðîåêòå BigARTM

BigARTM: áèáëèîòåêà òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Êëþ÷åâûå âîçìîæíîñòè:

Îíëàéíîâûé ïàðàëëåëüíûé ìóëüòèìîäàëüíûé ARTM

Áîëüøèå äàííûå: êîëëåêöèÿ íå õðàíèòñÿ â ïàìÿòè

Âñòðîåííàÿ áèáëèîòåêà ðåãóëÿðèçàòîðîâ è ìåð êà÷åñòâà

Ñîîáùåñòâî:

Îòêðûòûé êîä https://github.om/bigartm

(disussion group, issue traker, pull requests)

Äîêóìåíòàöèÿ http://bigartm.org

Ëèöåíçèÿ è ñðåäà ðàçðàáîòêè:

Ñâîáîäíàÿ êîììåð÷åñêàÿ ëèöåíçèÿ (BSD 3-Clause)

Êðîññ-ïëàò�îðìåííîñòü: Windows, Linux, MaOS (32/64 bit)

Èíòåð�åéñû API: ommand-line, C++, and Python
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Ïîñòàíîâêà çàäà÷è

�åãóëÿðèçîâàííûé ÅÌ-àëãîðèòì

�åàëèçàöèÿ â ïðîåêòå BigARTM

Êà÷åñòâî è ñêîðîñòü: BigARTM vs Gensim è Vowpal Wabbit

3.7M ñòàòåé Âèêèïåäèè, 100K ñëîâ: âðåìÿ min (ïåðïëåêñèÿ)

ïðîö. |T | Gensim Vowpal BigARTM BigARTM

Wabbit àñèíõðîí

1 50 142m (4945) 50m (5413) 42m (5117) 25m (5131)

1 100 287m (3969) 91m (4592) 52m (4093) 32m (4133)

1 200 637m (3241) 154m (3960) 83m (3347) 53m (3362)

2 50 89m (5056) 22m (5092) 13m (5160)

2 100 143m (4012) 29m (4107) 19m (4144)

2 200 325m (3297) 47m (3347) 28m (3380)

4 50 88m (5311) 12m (5216) 7m (5353)

4 100 104m (4338) 16m (4233) 10m (4357)

4 200 315m (3583) 26m (3520) 16m (3634)

8 50 88m (6344) 8m (5648) 5m (6220)

8 100 107m (5380) 10m (4660) 6m (5119)

8 200 288m (4263) 15m (3929) 10m (4309)

D.Kohedykov, M.Apishev, L.Golitsyn, K.Vorontsov.

Fast and Modular Regularized Topi Modelling. FRUCT ISMW, 2017.
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Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ïîñòàíîâêà çàäà÷è

�åãóëÿðèçîâàííûé ÅÌ-àëãîðèòì

�åàëèçàöèÿ â ïðîåêòå BigARTM

BigARTM óïðîùàåò ðàçðàáîòêó òåìàòè÷åñêèõ ìîäåëåé

Äëÿ ïîñòðîåíèÿ ñëîæíûõ ìîäåëåé â BigARTM íå íóæíû

íè ìàòåìàòè÷åñêèå âûêëàäêè, íè ïðîãðàììèðîâàíèå ¾ñ íóëÿ¿.
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Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ïîñòàíîâêà çàäà÷è

�åãóëÿðèçîâàííûé ÅÌ-àëãîðèòì

�åàëèçàöèÿ â ïðîåêòå BigARTM

Áàéåñîâñêîå îáó÷åíèå � äîìèíèðóþùèé ïîäõîä â ÒÌ

Îñíîâà ïîäõîäà � áàéåñîâñêèé âûâîä:

Posterior(Φ,Θ|data) ∝ Prior(Φ,Θ)P(data|Φ,Θ)

Â ìîäåëè LDA Prior è Posterior � ðàñïðåäåëåíèÿ Äèðèõëå.

Ïðîáëåìû:

Íàì íóæíû ëèøü çíà÷åíèÿ Φ,Θ, à íå èõ ðàñïðåäåëåíèÿ

Prior Äèðèõëå èìååò ñëàáûå ëèíãâèñòè÷åñêèå îáîñíîâàíèÿ

Çàäà÷à ñèëüíî óñëîæíÿåòñÿ äëÿ íåñîïðÿæ¼ííûõ Prior

Áàéåñîâñêèé âûâîä óíèêàëåí äëÿ êàæäîé ìîäåëè

Íåâîçìîæíî ìîäóëüíîå êîìáèíèðîâàíèå ìîäåëåé

Blei D., Ng A., Jordan M. Latent Dirihlet Alloation. JMLR, 2003.
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Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ó÷¼ò äîïîëíèòåëüíûõ äàííûõ

Óëó÷øåíèå òåì è ó÷¼ò ñâÿçíîñòè òåêñòà

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Çàäà÷è ìóëüòèìîäàëüíîãî òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Òåìû îïðåäåëÿþò ðàñïðåäåëåíèÿ íå òîëüêî òåðìèíîâ p(w |t),
íî è äðóãèõ ìîäàëüíîñòåé: p(àâòîð|t), p(âðåìÿ|t), p(ññûëêà|t),
p(áàííåð|t), p(ýëåìåíò_èçîáðàæåíèÿ|t), p(ïîëüçîâàòåëü|t), . . .

Topics of documents

Words and keyphrases of topics

doc1:

doc2:

doc3:

doc4:

...

Text documents

Topic
Modeling

D
o
c
u
m
e
n
t
s

T
o
p
i
c
s

Metadata:

Authors
Data Time
Conference
Organization
URL
etc.

Ads Images Links

Users
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Óëó÷øåíèå òåì è ó÷¼ò ñâÿçíîñòè òåêñòà

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Ìóëüòèìîäàëüíàÿ ARTM

Wm
� ñëîâàðü òîêåíîâ m-é ìîäàëüíîñòè, m ∈ M

Ìàêñèìèçàöèÿ ñóììû log ïðàâäîïîäîáèé ñ ðåãóëÿðèçàöèåé:

∑

m∈M

τm
∑

d∈D

∑

w∈Wm

ndw ln
∑

t∈T

φwtθtd + R(Φ,Θ) → max
Φ,Θ

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:



























ptdw = norm
t∈T

(

φwtθtd
)

φwt = norm
w∈Wm

(

∑

d∈D

τm(w)ndwptdw + φwt
∂R
∂φwt

)

θtd = norm
t∈T

(

∑

w∈d

τm(w)ndwptdw + θtd
∂R
∂θtd

)

K.Vorontsov, O.Frei, M.Apishev et al. Non-bayesian additive regularization for

multimodal topi modeling of large olletions. CIKM TM workshop, 2015.
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Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ó÷¼ò äîïîëíèòåëüíûõ äàííûõ

Óëó÷øåíèå òåì è ó÷¼ò ñâÿçíîñòè òåêñòà

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Ìîäàëüíîñòü áèãðàìì óëó÷øàåò èíòåðïðåòèðóåìîñòü òåì

Êîëëåêöèÿ 1000 ñòàòåé êîí�åðåíöèé ÌÌ�Î, ÈÎÈ íà ðóññêîì

ðàñïîçíàâàíèå îáðàçîâ â áèîèí�îðìàòèêå òåîðèÿ âû÷èñëèòåëüíîé ñëîæíîñòè

unigrams bigrams unigrams bigrams

îáúåêò çàäà÷à ðàñïîçíàâàíèÿ çàäà÷à ðàçäåëÿòü ìíîæåñòâà

çàäà÷à ìíîæåñòâî ìîòèâîâ ìíîæåñòâî êîíå÷íîå ìíîæåñòâî

ìíîæåñòâî ñèñòåìà ìàñîê ïîäìíîæåñòâî óñëîâèå çàäà÷è

ìîòèâ âòîðè÷íàÿ ñòðóêòóðà óñëîâèå çàäà÷à î ïîêðûòèè

ðàçðåøèìîñòü ñòðóêòóðà áåëêà êëàññ ïîêðûòèå ìíîæåñòâà

âûáîðêà ðàñïîçíàâàíèå âòîðè÷íîé ðåøåíèå ñèëüíûé ñìûñë

ìàñêà ñîñòîÿíèå îáúåêòà êîíå÷íûé ðàçäåëÿþùèé êîìèòåò

ðàñïîçíàâàíèå îáó÷àþùàÿ âûáîðêà ÷èñëî ìèíèìàëüíûé à��èííûé

èí�îðìàòèâíîñòü îöåíêà èí�îðìàòèâíîñòè à��èííûé à��èííûé êîìèòåò

ñîñòîÿíèå ìíîæåñòâî îáúåêòîâ ñëó÷àé à��èííûé ðàçäåëÿþùèé

çàêîíîìåðíîñòü ðàçðåøèìîñòü çàäà÷è ïîêðûòèå îáùåå ïîëîæåíèå

ñèñòåìà êðèòåðèé ðàçðåøèìîñòè îáùèé ìíîæåñòâî òî÷åê

ñòðóêòóðà èí�îðìàòèâíîñòü ìîòèâà ïðîñòðàíñòâî ñëó÷àé çàäà÷è

çíà÷åíèå ïåðâè÷íàÿ ñòðóêòóðà ñõåìà îáùèé ñëó÷àé

ðåãóëÿðíîñòü òóïèêîâîå ìíîæåñòâî êîìèòåò çàäà÷à MASC

Ñåðãåé Ñòåíèí. Ìóëüòèãðàììíûå àääèòèâíî ðåãóëÿðèçîâàííûå

òåìàòè÷åñêèå ìîäåëè. Ìàãèñòåðñêàÿ äèññåðòàöèÿ, ÌÔÒÈ, 2015.
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Ó÷¼ò äîïîëíèòåëüíûõ äàííûõ

Óëó÷øåíèå òåì è ó÷¼ò ñâÿçíîñòè òåêñòà

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Ñïåöèàëüíûå ñëó÷àè ìóëüòèìîäàëüíûõ òåìàòè÷åñêèõ ìîäåëåé

supervised

Ìîäàëüíîñòè ìåòîê êëàññîâ èëè êàòåãîðèé äëÿ çàäà÷

êëàññè�èêàöèè è êàòåãîðèçàöèè òåêñòîâ.

multilanguage
Ìîäàëüíîñòü ÿçûêîâ è ðåãóëÿðèçàöèÿ ñî ñëîâàð¼ì

πuwt = p(u|w , t) ïåðåâîäîâ ñ ÿçûêà k íà ℓ:

R(Φ,Π) = τ
∑

u∈W k

∑

t∈T

nut ln
∑

w∈W ℓ

πuwtφwt

graph

Ìîäàëüíîñòü âåðøèí ãðà�à v , ñîäåðæàùèõ Dv :

R(Φ) = −
τ

2

∑

(u,v)∈E

Suv
∑

t∈T

n2t

( φvt

|Dv |
−
φut

|Du|

)2
.

geospatial

Ìîäàëüíîñòü ãåîëîêàöèé g ñ áëèçîñòüþ Sgg ′
:

R(Φ) = −
τ

2

∑

g ,g ′∈G

Sgg ′

∑

t∈T

n2t

(φgt

ng
−
φg ′t

ng ′

)2
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Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ó÷¼ò äîïîëíèòåëüíûõ äàííûõ

Óëó÷øåíèå òåì è ó÷¼ò ñâÿçíîñòè òåêñòà

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Íàïîìèíàíèå. Äèâåðãåíöèÿ Êóëüáàêà�Ëåéáëåðà

Ôóíêöèÿ ðàññòîÿíèÿ ìåæäó ðàñïðåäåëåíèÿìè P = (pi)
n
i=1 è Q = (qi)

n
i=1:

KL(P‖Q) ≡ KLi (pi‖qi ) =

n∑

i=1

pi ln
pi

qi
.

1. KL(P‖Q) > 0; KL(P‖Q) = 0 ⇔ P = Q;

2. Ìèíèìèçàöèÿ KL ýêâèâàëåíòíà ìàêñèìèçàöèè ïðàâäîïîäîáèÿ:

KL(P‖Q(α)) =

n∑

i=1

pi ln
pi

qi (α)
→ min

α

⇐⇒

n∑

i=1

pi ln qi(α) → max
α

.

3. Åñëè KL(P‖Q) < KL(Q‖P), òî P ñèëüíåå âëîæåíî â Q, ÷åì Q â P:

0 50 100 150 200
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0.04

0 50 100 150 200

0
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0.015

0.020

0 50 100 150 200

0
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P PP

Q

Q Q

KL(P‖Q) = 0.442
KL(Q‖P) = 2.966

KL(P‖Q) = 0.444
KL(Q‖P) = 0.444

KL(P‖Q) = 2.969
KL(Q‖P) = 2.969
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Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

�åãóëÿðèçàòîðû äëÿ óëó÷øåíèÿ èíòåðïðåòèðóåìîñòè òåì

background

Ñãëàæèâàíèå �îíîâûõ òåì B ⊂ T :

R(Φ,Θ) = β0
∑

t∈B

∑

w

βw lnφwt + α0

∑

d

∑

t∈B

αt ln θtd

sparse

�àçðåæèâàíèå ïðåäìåòíûõ òåì S = T \ B :

R(Φ,Θ) = −β0
∑

t∈S

∑

w

βw lnφwt − α0

∑

d

∑

t∈S

αt ln θtd

decorrelated

Äåêîððåëèðîâàíèå äëÿ ïîâûøåíèÿ ðàçëè÷íîñòè òåì:

R(Φ) = −
τ

2

∑

t,s

∑

w

φwtφws

interpretable

Ñãëàæèâàíèå + ðàçðåæèâàíèå + äåêîððåëèðîâàíèå

äëÿ óëó÷øåíèÿ èíòåðïðåòèðóåìîñòè òåì
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Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Òåìïîðàëüíûå, ðåãðåññèîííûå, èåðàðõè÷åñêèå ìîäåëè

temporal

Òåìïîðàëüíûå ìîäåëè ñ ìîäàëüíîñòüþ âðåìåíè i :

R(Φ) = −τ
∑

i∈I

∑

t∈T

∣

∣φit − φi−1,t

∣

∣.

regression

Ëèíåéíàÿ ìîäåëü ðåãðåññèè ŷd = 〈v , θd〉 äîêóìåíòîâ:

R(Θ, v) = −τ
∑

d∈D

(

yd −
∑

t∈T

vtθtd

)2
.

n of topics

�àçðåæèâàíèå p(t) äëÿ îòáîðà òåì:

R(Θ) = −τ
∑

t∈T

1

|T |
ln p(t), p(t) =

∑

d∈D

p(d)θtd .

hierarchy

Ñâÿçü ðîäèòåëüñêèõ òåì t ñ äî÷åðíèìè ïîäòåìàìè s:

R(Φ,Ψ) = τ
∑

t∈T

∑

w∈W

nwt ln
∑

s∈S

φwsψst .
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Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Ïðèìåð òåìàòè÷åñêîé èåðàðõèè

Georgeta Bordea. Domain adaptive extration of topial hierarhies for

Expertise Mining. 2013.
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Ó÷¼ò äîïîëíèòåëüíûõ äàííûõ
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Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

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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Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà (beyond bag-of-words)

n-gram

Ìîäåëè ñ ìîäàëüíîñòÿìè n-ãðàìì, êîëëîêàöèé,

èìåíîâàííûõ ñóùíîñòåé

syntax

Ìîäåëè, ó÷èòûâàþùèå ðåçóëüòàòû àâòîìàòè÷åñêîãî

ñèíòàêñè÷åñêîãî ðàçáîðà (UDPipe èëè SyntaxNet)

sentence

Òåìàòè÷åñêèå ìîäåëè, ó÷èòûâàþùèå ãðàíèöû

ïðåäëîæåíèé, àáçàöåâ è ñåêöèé äîêóìåíòîâ

segmentation

Òåìàòè÷åñêèå ìîäåëè ñåãìåíòàöèè ñ àâòîìàòè÷åñêèì

îïðåäåëåíèåì ãðàíèö ñåãìåíòîâ

coherence

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè íà îñíîâå

÷àñòîòû ñîâìåñòíîé âñòðå÷àåìîñòè ñëîâ
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Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Äèñòðèáóòèâíàÿ ãèïîòåçà è âèäû ñåìàíòè÷åñêîé áëèçîñòè ñëîâ

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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Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Ìîäåëè âåêòîðíûõ ïðåäñòàâëåíèé äëÿ òåêñòîâ è ãðà�îâ

word2ve: âåêòîðíûå ïðåäñòàâëåíèÿ (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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Ó÷¼ò äîïîëíèòåëüíûõ äàííûõ

Óëó÷øåíèå òåì è ó÷¼ò ñâÿçíîñòè òåêñòà

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Ìîäåëü ñåòè ñëîâ � Word Network Topi Model

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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Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ó÷¼ò äîïîëíèòåëüíûõ äàííûõ

Óëó÷øåíèå òåì è ó÷¼ò ñâÿçíîñòè òåêñòà

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

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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Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ó÷¼ò äîïîëíèòåëüíûõ äàííûõ

Óëó÷øåíèå òåì è ó÷¼ò ñâÿçíîñòè òåêñòà

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

word2ve è ARTM â çàäà÷å ñåìàíòè÷åñêîé áëèçîñòè äîêóìåíòîâ

ArXiv triplets dataset: 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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Ó÷¼ò äîïîëíèòåëüíûõ äàííûõ

Óëó÷øåíèå òåì è ó÷¼ò ñâÿçíîñòè òåêñòà

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

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

Ïðåäîáðàáîòêà òåêñòîâ

îòáðîøåíû 5% íàèáîëåå ÷àñòîòíûõ ñëîâ (îáùàÿ ëåêñèêà)

óäàëåíèå ïóíêòóàöèè

íèæíèé ðåãèñòð, ¼→å

ëåììàòèçàöèÿ pymorphy2
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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

1

íàéòè êàê ìîæíî áîëüøå ñòàòåé,

ïîëüçóÿñü ëþáûìè ñðåäñòâàìè

ïîèñêà (è çàñå÷ü âðåìÿ)

2

îöåíèòü ðåëåâàíòíîñòü ïîèñêîâîé

âûäà÷è íà òîì æå çàïðîñå

Ïðèìåð çàïðîñà äëÿ

ðàçâåäî÷íîãî ïîèñêà
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Ïðèìåð: �ðàãìåíò çàïðîñà ¾Ñèñòåìà IBM Watson¿

IBM Watson � ñóïåðêîìïüþòåð �èðìû IBM, îñíàù¼ííûé âîïðîñíî-îòâåòíîé

ñèñòåìîé èñêóññòâåííîãî èíòåëëåêòà, ñîçäàííûé ãðóïïîé èññëåäîâàòåëåé ïîä

ðóêîâîäñòâîì Äýâèäà Ôåðó÷÷è. Åãî ñîçäàíèå � ÷àñòü ïðîåêòà DeepQA. Îñíîâ-

íàÿ çàäà÷à Óîòñîíà � ïîíèìàòü âîïðîñû, ñ�îðìóëèðîâàííûå íà åñòåñòâåííîì

ÿçûêå, è íàõîäèòü íà íèõ îòâåòû â áàçå äàííûõ. Íàçâàí â ÷åñòü îñíîâàòåëÿ IBM

Òîìàñà Óîòñîíà.

IBM Watson ïðåäñòàâëÿåò ñîáîé êîãíèòèâíóþ ñèñòåìó, êîòîðàÿ ñïîñîáíà ïîíè-

ìàòü, äåëàòü âûâîäû è îáó÷àòüñÿ. Îíà òàêæå ïîçâîëÿåò ïðåîáðàçîâûâàòü öåëûå

îòðàñëè, ðàçëè÷íûå íàïðàâëåíèÿ íàóêè è òåõíèêè. Íàïðèìåð, ïðåäñêàçûâàòü ïî-

ÿâëåíèå ýïèäåìèé èëè âîçíèêíîâåíèÿ î÷àãîâ ïðèðîäíûõ êàòàñòðî� â ðàçëè÷íûõ

ðåãèîíàõ, âåñòè ìîíèòîðèíã ñîñòîÿíèÿ àòìîñ�åðû áîëüøèõ ãîðîäîâ, îïòèìèçè-

ðîâàòü áèçíåñ-ïðîöåññû, óçíàâàòü, êàêèå òîâàðû áóäóò â òðåíäå â áëèæàéøåå

âðåìÿ.

... ... ...

�åëåâàíòíûå òåêñòû: ïðèìåðû ñåðâèñîâ è ïðèëîæåíèé, îñíîâà êîòîðûõ �

êîãíèòèâíàÿ ïëàò�îðìà IBM Watson, èñïîëüçóåìûå â IBM Watson òåõíîëîãèè,

âîïðîñ-îòâåòíûå ñèñòåìû, ñîïîñòàâëåíèå IBM Watson ñ Wolfram-Alpha.

Íåðåëåâàíòíûå òåêñòû: îáùèå âîïðîñû èñêóññòâåííîãî èíòåëëåêòà, äðóãèå

êîììåð÷åñêèå ðåøåíèÿ íà ðûíêå áèçíåñ-àíàëèòèêè.
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Òåìàòèêà çàïðîñîâ ðàçâåäî÷íîãî ïîèñêà

Ïðèìåðû çàãîëîâêîâ ðàçâåäî÷íûõ çàïðîñîâ ê Õàáðó

(îáú¼ì êàæäîãî çàïðîñà � îêîëî îäíîé ñòðàíèöû À4):

Àëãîðèòìû ðàñêðàñêè ãðà�îâ Ñèñòåìà IBM Watson

�åêîìåíäàòåëüíàÿ ñèñòåìà Net�ix 3D-ïðèíòåðû

Ìåòîäèêè áûñòðîãî íàáîðà òåêñòà CERN-êëàñòåð

Êîñìè÷åñêèå ïðîåêòû Èëîíà Ìàñêà AB-òåñòèðîâàíèå

Òåõíîëîãèè Hadoop MapRedue Îáëà÷íûå ñåðâèñû

Áåñïèëîòíûé àâòîìîáèëü Google ar Êîíòåêñòíàÿ ðåêëàìà

Êðèïòîñèñòåìû ñ îòêðûòûì êëþ÷îì Ìàðñîõîä Curiosity

Îáçîð ïëàò�îðì îíëàéí-êóðñîâ Âèäåîêàðòû NVIDIA

Data Siene Meetups â Ìîñêâå �àñïîçíàâàíèå îáðàçîâ

Îáðàçîâàòåëüíûå ïðîåêòû mail.ru Ñåðâèñû Google sholar

Ìåæïëàíåòíàÿ ñòàíöèÿ New horizons MIT MediaLab Researh

ßçûêîâàÿ ìîäåëü word2ve Ïëàò�îðìà Mirosoft Azure
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Ïîèñê äîêóìåíòîâ, òåìàòè÷åñêè áëèçêèõ ê çàïðîñó

θtq = p(t|q) � òåìàòè÷åñêèé âåêòîð çàïðîñà q

θtd = p(t|d) � òåìàòè÷åñêèå âåêòîðû äîêóìåíòîâ d ∈ D

Êîñèíóñíàÿ ìåðà áëèçîñòè äîêóìåíòà d è çàïðîñà q:

sim(q, d) =

∑

t θtqθtd
(
∑

t θ
2
tq

)1/2(∑

t θ
2
td

)1/2
.

�àíæèðóåì äîêóìåíòû êîëëåêöèè d ∈ D ïî óáûâàíèþ sim(q, d)
Âûäà÷à òåìàòè÷åñêîãî ïîèñêà � k ïåðâûõ äîêóìåíòîâ.

�åàëèçàöèÿ: èíâåðòèðîâàííûé èíäåêñ äëÿ áûñòðîãî ïîèñêà

äîêóìåíòîâ d ïî êàæäîé èç òåì t çàïðîñà

A.Ianina, K.Vorontsov. Multi-objetive topi modeling for exploratory searh

in teh news. AINL, 2017.
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Îöåíèâàíèå êà÷åñòâà ïîèñêà

Preision � äîëÿ ðåëåâàíòíûõ ñðåäè íàéäåííûõ

Reall � äîëÿ íàéäåííûõ ñðåäè ðåëåâàíòíûõ

P =
TP

TP+ FP

� òî÷íîñòü (preision)

R =
TP

TP+ FN

� ïîëíîòà, (reall)

F1 =
P + R

2PR
� F1-ìåðà

TP (true positive) � íàéäåííûå ðåëåâàíòíûå

FP (false positive) � íàéäåííûå íåðåëåâàíòíûå

FN (false negative) � íåíàéäåííûå ðåëåâàíòíûå
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Êàêèå ìîäåëè ïîèñêà ñðàâíèâàëèñü

assessors: ðåçóëüòàòû ïîèñêà, âûïîëíåííîãî àñåññîðàìè

TF-IDF, BM25: ñðàâíåíèå äîêóìåíòîâ ïî ÷àñòîòàì ñëîâ

word2ve: íåòåìàòè÷åñêèå âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ

PLSA: Probabilisti Latent Semanti Analysis (1999)

LDA: Latent Dirihlet Alloation (2003)

ARTM: òåìàòè÷åñêàÿ ìîäåëü ñ òðåìÿ ðåãóëÿðèçàòîðàìè

hARTM: äâóõóðîâíåâàÿ èåðàðõè÷åñêàÿ ìîäåëü ARTM

Çàäà÷è ðåãóëÿðèçàòîðîâ â ARTM è hARTM:

ñäåëàòü òåìû êàê ìîæíî áîëåå ðàçëè÷íûìè

ñäåëàòü âåêòîðû p(t|d) êàê ìîæíî áîëåå ðàçðåæåííûìè

íå äîïóñòèòü âûðîæäåííîñòè ðàñïðåäåëåíèé p(w |t)
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Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Ñòðàòåãèÿ ðåãóëÿðèçàöèè

Ïîñëåäîâàòåëüíîå ïðèìåíåíèå òð¼õ ðåãóëÿðèçàòîðîâ

1

äåêîððåëèðîâàíèå òåì:

R(Φ) = −τ
∑

s,t∈T

∑

w∈W

φwtφws

2

ðàçðåæèâàíèå ðàñïðåäåëåíèé p(t|d):

R(Θ) = −α
∑

d,t

ln θtd

3

ñãëàæèâàíèå ðàñïðåäåëåíèé p(w |t):

R(Φ) = β
∑

t,w

lnφwt
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Ïîñëåäîâàòåëüíûé ïîäáîð êîý��èöèåíòîâ ðåãóëÿðèçàöèè

äåêîððåëèðîâàíèå ðàñïðåäåëåíèé òåðìîâ â òåìàõ (τ),

ðàçðåæèâàíèå ðàñïðåäåëåíèé òåì â äîêóìåíòàõ (α),

ñãëàæèâàíèå ðàñïðåäåëåíèé òåðìîâ â òåìàõ (β).
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�åçóëüòàòû èçìåðåíèÿ òî÷íîñòè è ïîëíîòû ïî çàïðîñàì

100 çàïðîñîâ, 3 àñåññîðà íà çàïðîñ

òî÷íîñòü è ïîëíîòà ïîèñêà âðåìÿ è F1-ìåðà (àñåññîðû)
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ñðåäíåå âðåìÿ îáðàáîòêè çàïðîñà àñåññîðîì � 30 ìèíóò

òî÷íîñòü âûøå ó àñåññîðîâ, ïîëíîòà � ó ïîèñêîâèêà
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Ñðàâíåíèå ñ àñåññîðàìè ïî êà÷åñòâó ïîèñêà

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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Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Ñðàâíåíèå ñ àñåññîðàìè ïî êà÷åñòâó ïîèñêà

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

(êîëëåêöèÿ TehCrunh.om)
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A.Ianina, K.Vorontsov. Multi-objetive topi modeling for exploratory searh

in teh news. AINL, 2017.
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Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ó÷¼ò äîïîëíèòåëüíûõ äàííûõ

Óëó÷øåíèå òåì è ó÷¼ò ñâÿçíîñòè òåêñòà

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Âëèÿíèå ÷èñëà òåì íà êà÷åñòâî ïîèñêà

Âñå ðåãóëÿðèçàòîðû è ìîäàëüíîñòè, ïëîñêàÿ ìîäåëü

Habrahabr TehCrunh

àñåññ 100 150 200 250 400 àñåññ 350 400 450 475 500

Pr�5 0.821 0.662 0.721 0.810 0.761 0.693 0.822 0.653 0.725 0.752 0.819 0.777

Pr�10 0.869 0.761 0.812 0.879 0.825 0.673 0.851 0.663 0.732 0.762 0.867 0.811

Pr�15 0.875 0.733 0.795 0.868 0.791 0.651 0.835 0.682 0.743 0.787 0.833 0.793

Pr�20 0.863 0.724 0.795 0.847 0.792 0.642 0.813 0.650 0.743 0.773 0.825 0.793

R�5 0.780 0.732 0.807 0.840 0.821 0.721 0.762 0.731 0.762 0.793 0.835 0.817

R�10 0.817 0.771 0.843 0.870 0.851 0.751 0.792 0.763 0.793 0.812 0.868 0.855

R�15 0.850 0.824 0.895 0.891 0.871 0.773 0.835 0.782 0.807 0.855 0.890 0.882

R�20 0.873 0.857 0.905 0.925 0.892 0.771 0.867 0.792 0.823 0.862 0.919 0.903

ñóùåñòâóåò îïòèìàëüíîå ÷èñëî òåì

÷åì áîëüøå êîëëåêöèÿ, òåì áîëüøå îïòèìóì ÷èñëà òåì
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Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ó÷¼ò äîïîëíèòåëüíûõ äàííûõ

Óëó÷øåíèå òåì è ó÷¼ò ñâÿçíîñòè òåêñòà

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Âëèÿíèå ÷èñëà òåì íà êà÷åñòâî ïîèñêà

Habrahabr. Âñå ðåãóëÿðèçàòîðû è ìîäàëüíîñòè, òðè óðîâíÿ

|T1| 20 25 30

|T2| 150 200 250 275 300 400 450

|T3| 750 800 1200 1300 1300 1400 1500 1500 1600 3000 3500

Pr�5 0.625 0.743 0.840 0.852 0.869 0.872 0.870 0.805 0.771 0.705 0.672

Pr�10 0.648 0.754 0.851 0.867 0.882 0.915 0.901 0.811 0.799 0.722 0.694

Pr�15 0.632 0.752 0.850 0.872 0.878 0.895 0.889 0.809 0.785 0.729 0.703

Pr�20 0.629 0.745 0.845 0.861 0.871 0.877 0.882 0.803 0.778 0.710 0.681

R�5 0.632 0.780 0.845 0.869 0.883 0.889 0.872 0.851 0.841 0.721 0.695

R�10 0.654 0.792 0.859 0.873 0.905 0.922 0.881 0.873 0.850 0.749 0.703

R�15 0.675 0.805 0.874 0.892 0.932 0.942 0.905 0.889 0.863 0.787 0.725

R�20 0.684 0.824 0.889 0.901 0.958 0.961 0.912 0.904 0.878 0.805 0.734

ñóùåñòâóåò îïòèìàëüíîå ÷èñëî òåì íà êàæäîì óðîâíå

3 óðîâíÿ ñèëüíî ëó÷øå, ÷åì 1, è íåìíîãî ëó÷øå, ÷åì 2

îïòèìàëüíîå ÷èñëî òåì óâåëè÷èâàåòñÿ
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Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ó÷¼ò äîïîëíèòåëüíûõ äàííûõ

Óëó÷øåíèå òåì è ó÷¼ò ñâÿçíîñòè òåêñòà

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Âëèÿíèå ÷èñëà òåì íà êà÷åñòâî ïîèñêà

TehCrunh. Âñå ðåãóëÿðèçàòîðû è ìîäàëüíîñòè, òðè óðîâíÿ

|T1| 80 100 120

|T2| 300 350 500 550 600 700 750

|T3| 1500 1700 2500 2600 2600 2800 3000 3000 3200 4500 4700

Pr�5 0.655 0.707 0.751 0.792 0.887 0.893 0.890 0.789 0.722 0.703 0.678

Pr�10 0.678 0.712 0.773 0.823 0.895 0.922 0.905 0.805 0.741 0.722 0.692

Pr�15 0.692 0.715 0.775 0.831 0.902 0.921 0.907 0.821 0.743 0.725 0.703

Pr�20 0.687 0.709 0.761 0.819 0.889 0.885 0.898 0.809 0.736 0.719 0.683

R�5 0.751 0.795 0.802 0.856 0.871 0.877 0.863 0.852 0.831 0.738 0.705

R�10 0.767 0.812 0.825 0.875 0.892 0.908 0.879 0.871 0.842 0.751 0.711

R�15 0.772 0.824 0.841 0.887 0.912 0.927 0.901 0.893 0.854 0.772 0.721

R�20 0.783 0.830 0.854 0.892 0.931 0.949 0.935 0.905 0.871 0.790 0.732

ñóùåñòâóåò îïòèìàëüíîå ÷èñëî òåì íà êàæäîì óðîâíå

3 óðîâíÿ ñèëüíî ëó÷øå, ÷åì 1, è íåìíîãî ëó÷øå, ÷åì 2

îïòèìàëüíîå ÷èñëî òåì óâåëè÷èâàåòñÿ
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ó÷¼ò äîïîëíèòåëüíûõ äàííûõ

Óëó÷øåíèå òåì è ó÷¼ò ñâÿçíîñòè òåêñòà

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Âëèÿíèå ìîäàëüíîñòåé íà êà÷åñòâî ïîèñêà

Âñå ðåãóëÿðèçàòîðû è ìîäàëüíîñòè, 3 óðîâíÿ, îïòèìàëüíîå |T |
Ìîäàëüíîñòè: Words, Bigrams, Authors, Comments, Tags, Hubs, Categories

Habrahabr TehCrunh

àñåññ W Com WB WBTH All àñåññ W C WB WBC All

Pr�5 0.821 0.621 0.558 0.673 0.871 0.872 0.822 0.718 0.569 0.795 0.891 0.893

Pr�10 0.869 0.645 0.567 0.712 0.911 0.915 0.851 0.729 0.592 0.807 0.919 0.922

Pr�15 0.875 0.631 0.532 0.693 0.894 0.895 0.835 0.737 0.603 0.803 0.920 0.921

Pr�20 0.863 0.628 0.531 0.688 0.877 0.877 0.813 0.729 0.594 0.792 0.883 0.885

R�5 0.780 0.725 0.645 0.797 0.888 0.889 0.762 0.754 0.659 0.775 0.874 0.877

R�10 0.817 0.748 0.652 0.812 0.921 0.922 0.792 0.778 0.671 0.808 0.908 0.908

R�15 0.850 0.782 0.679 0.842 0.941 0.942 0.835 0.783 0.679 0.825 0.927 0.927

R�20 0.873 0.789 0.672 0.852 0.960 0.961 0.867 0.785 0.711 0.837 0.949 0.949

ëó÷øå èñïîëüçîâàòü âñå ìîäàëüíîñòè

áèãðàììû è êàòåãîðèè âûèãðûâàþò ó àñåññîðîâ

àâòîðû è êîììåíòàòîðû íàèìåíåå âàæíû
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Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ó÷¼ò äîïîëíèòåëüíûõ äàííûõ

Óëó÷øåíèå òåì è ó÷¼ò ñâÿçíîñòè òåêñòà

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Âëèÿíèå ðåãóëÿðèçàòîðîâ íà êà÷åñòâî ïîèñêà

Âñå ðåãóëÿðèçàòîðû è ìîäàëüíîñòè, 3 óðîâíÿ, îïòèìàëüíîå |T |
�åãóëÿðèçàòîðû: Deorrelation, Θ-sparsing, Φ-smoothing, Hierarhy

Habrahabr TehCrunh

íåò D DΘ DΘΦ DΘΦH íåò D DΘ DΘΦ DΘΦH

Pr�5 0.628 0.772 0.771 0.865 0.872 0.652 0.777 0.779 0.879 0.893

Pr�10 0.653 0.781 0.812 0.883 0.915 0.679 0.788 0.819 0.895 0.922

Pr�15 0.642 0.785 0.792 0.891 0.895 0.669 0.791 0.798 0.901 0.921

Pr�20 0.643 0.771 0.783 0.875 0.877 0.673 0.775 0.792 0.892 0.885

R�5 0.692 0.820 0.805 0.875 0.889 0.673 0.825 0.812 0.869 0.877

R�10 0.714 0.831 0.834 0.905 0.922 0.685 0.856 0.845 0.881 0.908

R�15 0.725 0.847 0.867 0.921 0.942 0.712 0.877 0.869 0.912 0.927

R�20 0.735 0.873 0.891 0.943 0.961 0.723 0.892 0.895 0.934 0.949

Ëó÷øå èñïîëüçîâàòü âñå ðåãóëÿðèçàòîðû

Â ìîäåëÿõ PLSA, LDA ðåãóëÿðèçàöèÿ ñëèøêîì ñëàáàÿ
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Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ó÷¼ò äîïîëíèòåëüíûõ äàííûõ

Óëó÷øåíèå òåì è ó÷¼ò ñâÿçíîñòè òåêñòà

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Âûâîäû ïî ðåçóëüòàòàì ýêñïåðèìåíòîâ

�åãóëÿðèçàòîðû, óëó÷øàþùèå èíòåðïðåòèðóåìîñòü ìîäåëè,

ïîâûøàþò òàêæå è êà÷åñòâî ïîèñêà

Èåðàðõèÿ óëó÷øàåò êà÷åñòâî ïîèñêà (â îñíîâíîì òî÷íîñòü)

áëàãîäàðÿ ïîñòåïåííîìó ñóæåíèþ îáëàñòè ïîèñêà

Ïîäáîð òðàåêòîðèè ðåãóëÿðèçàöèè è îïòèìèçàöèÿ

êîý��èöèåíòîâ ðåãóëÿðèçàöèè âëèÿåò íà êà÷åñòâî ïîèñêà

Ïðè òùàòåëüíîé îïòèìèçàöèè òåìàòè÷åñêèé ïîèñê

ïðåâîñõîäèò êàê àñåññîðîâ, òàê è êîíêóðèðóþùèå ìîäåëè

Àñåññîðñêèå äàííûå îòíîñÿòñÿ íå ê òåìàì, à ê êîëëåêöèè;

ïîýòîìó ñ èõ ïîìîùüþ ìîæíî îöåíèâàòü íîâûå ìîäåëè

Íåáîëüøèõ àñåññîðñêèõ äàííûõ õâàòàåò äëÿ îöåíèâàíèÿ

òåìàòè÷åñêèõ ìîäåëåé, êîòîðûå îáó÷àþòñÿ áåç ó÷èòåëÿ
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ïðîâåðêà ãèïîòåçû óñëîâíîé íåçàâèñèìîñòè

Ìîäåëè ñ íåñáàëàíñèðîâàííûìè òåìàìè

Êðèòåðèè äëÿ ñîçäàíèÿ íîâûõ òåì

�èïîòåçà óñëîâíîé íåçàâèñèìîñòè

Îñíîâíîå âåðîÿòíîñòíîå äîïóùåíèå òåìàòè÷åñêîé ìîäåëè:

ãèïîòåçà H0 : p(w |d , t) = p(w |t), d ∈ D, t ∈ T ,

p(w |t) = φwt =
nwt
nt

� âåðîÿòíîñòíàÿ ïîðîæäàþùàÿ ìîäåëü,

p(w |d , t) = ndwt
ntd

� ýìïèðè÷åñêîå ðàñïðåäåëåíèå ïî ntd ñëîâàì.

Êðèòåðèé ñîãëàñèÿ õè-êâàäðàò äëÿ ïðîâåðêè ãèïîòåçû H0:

1

Ñòàòèñòèêà õè-êâàäðàò:

X 2(d , t) = ndt
∑

w : nwt>0

(

p(w |d , t)− p(w |t)
)

2

p(w |t)
.

2 X 2(d , t) ∼ χ2
-ðàñïðåäåëåíèå ñ v = |W |−1 ñòåïåíÿìè ñâîáîäû.

3

Åñëè X 2(d , t) > χ2
v ,1−α, òî ãèïîòåçà H0 îòâåðãàåòñÿ.
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ïðîâåðêà ãèïîòåçû óñëîâíîé íåçàâèñèìîñòè

Ìîäåëè ñ íåñáàëàíñèðîâàííûìè òåìàìè

Êðèòåðèè äëÿ ñîçäàíèÿ íîâûõ òåì

Ñòàíäàðòíàÿ ñõåìà ïðîâåðêè ñòàòèñòè÷åñêîé ãèïîòåçû

Åñëè X 2 > χ2
v ,1−α,

òî ãèïîòåçà H0 îòâåðãàåòñÿ

ïðè óðîâíå çíà÷èìîñòè α.

Ñòàòèñòèêà X 2
ðàñïðåäåëåíà

êàê χ2
v ëèøü àñèìïòîòè÷åñêè

è ëèøü ïðè óñëîâèÿõ

1) ndt > 50,
2) ndtp(w |t) > 5, ∀w ∈ W .

Ïðîáëåìà 1: åñëè ðàñïðåäåëåíèÿ p(w |t) ñèëüíî ðàçðåæåíû,

òî àñèìïòîòèêà χ2
v íåïðèìåíèìà ê ñòàòèñòèêå X 2

.

Ïðîáëåìà 2: ðàñïðåäåëåíèå ñòàòèñòèêè ìîæåò çàâèñåòü îò ndt .
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Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ïðîâåðêà ãèïîòåçû óñëîâíîé íåçàâèñèìîñòè

Ìîäåëè ñ íåñáàëàíñèðîâàííûìè òåìàìè

Êðèòåðèè äëÿ ñîçäàíèÿ íîâûõ òåì

Ïðîáëåìà ðàçðåæåííîñòè ðàñïðåäåëåíèÿ

Çàêîí Öèï�à p(i) = Ai−s
� ðàñïðåäåëåíèå ÷àñòîò ñëîâ

â ÿçûêå ïî èõ íîìåðàì i â ïîðÿäêå óáûâàíèÿ ÷àñòîò,

A � íîðìèðîâî÷íûé ìíîæèòåëü, s � ïàðàìåòð, îáû÷íî s ≈ 1.

the of to a and in said for that was on he

6.49 2.80 2.60 2.39 2.32 2.27 1.35 0.97 0.93 0.79 0.78 0.67

Ýìïèðè÷åñêèå �óíêöèè ðàñïðåäåëåíèÿ ñòàòèñòèêè X 2
,

K=1000 âûáîðîê, n=100, s=1, v= |W | ∈ {50, 500, 5000}:

40 60 80 100

0.2

0.4

0.6

0.8

1

X2

F
(X

2
)

 

 

v = 50

χ2(v − 1)

300 400 500 600 700

0.2

0.4

0.6

0.8

1

X2

F
(X

2
)

 

 

v = 500

χ2(v − 1)

3000 4000 5000 6000 7000 8000

0.2

0.4

0.6

0.8

1

X2

F
(X

2
)

 

 

v = 5000

χ2(v − 1)

×åì âûøå ðàçðåæåííîñòü, òåì áîëüøå ðàñõîæäåíèå ñ χ2
.
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Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Ïðèìåðû ðåãóëÿðèçàòîðîâ

Îòêðûòûå ìàòåìàòè÷åñêèå ïðîáëåìû

Ïðîâåðêà ãèïîòåçû óñëîâíîé íåçàâèñèìîñòè

Ìîäåëè ñ íåñáàëàíñèðîâàííûìè òåìàìè

Êðèòåðèè äëÿ ñîçäàíèÿ íîâûõ òåì

Îòêðûòûå ïðîáëåìû

Ìîæíî ëè ý��åêòèâíî âû÷èñëÿòü ýìïèðè÷åñêîå

ðàñïðåäåëåíèå ñòàòèñòèêè õè-êâàäðàò â ÅÌ-àëãîðèòìå?

Ìîæíî ëè ïðèäóìàòü äðóãóþ ñòàòèñòèêó, ðàñïðåäåëåíèå

êîòîðîé âûâîäèòñÿ àíàëèòè÷åñêè ïðè ñêîëü óãîäíî

ðàçðåæåííûõ ðàñïðåäåëåíèÿõ?
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Ìîäåëè ñ íåñáàëàíñèðîâàííûìè òåìàìè

Êðèòåðèè äëÿ ñîçäàíèÿ íîâûõ òåì

Ïðîáëåìà ìàëûõ òåì è òåì-äóáëèêàòîâ

Ýêñïåðèìåíò íà êîëëåêöèè postnauka.ru

Ñàìîé ìîäåëè íå âûãîäíî ïðîèçâîäèòü ìàëûå òåìû!

�åãóëÿðèçàòîð îòáîðà òåì ïëîõî óñòðàíÿåò äóáëèêàòû!

�.Ôîìèíñêàÿ. Âûÿâëåíèå òåì-äóáëèêàòîâ â òåìàòè÷åñêèõ ìîäåëÿõ.

Êóðñîâàÿ ðàáîòà, ÂÌÊ Ì�Ó, 2018.
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�åãóëÿðèçàòîð äåêîððåëèðîâàíèÿ óäàëÿåò äóáëèêàòû ëó÷øå!

Çàîäíî îí óñèëèâàåò ðàçáðîñ òåì ïî èõ ìîùíîñòè p(t)

�.Ôîìèíñêàÿ. Âûÿâëåíèå òåì-äóáëèêàòîâ â òåìàòè÷åñêèõ ìîäåëÿõ.
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Êðèòåðèè äëÿ ñîçäàíèÿ íîâûõ òåì

Ïðîáëåìà ðàñùåïëåíèÿ è ñëèÿíèÿ òåì

Òåìàòè÷åñêèå ìîäåëè ñòðåìÿòñÿ âûðàâíèâàòü òåìû

ïî èõ ìîùíîñòè (êðàñíûå êëàñòåðû).

Ýòî ïðèâîäèò ê ïîÿâëåíèþ òåì-äóáëèêàòîâ (A)

è ñåìàíòè÷åñêè ðàçíîðîäíûõ òåì (C).

Êàê âûðîâíÿòü òåìû ïî ðàäèóñó ñåìàíòè÷åñêîé îäíîðîäíîñòè

� ñðåäíåìó ðàññòîÿíèþ îò p(w |t) äî p(w |d , t)?
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Îòêðûòûå ïðîáëåìû ïðè ñîçäàíèè íîâûõ òåì

äîáàâëåíèå ïàêåòà äîêóìåíòîâ D ′
ê êîëëåêöèè D

â ñëîâàðü W äîáàâëÿþòñÿ íîâûå ñëîâà W ′

ìíîæåñòâî òåì T íàðàùèâàåòñÿ íîâûìè òåìàìè T ′

ñêîëüêî íîâûõ òåì |T ′| ñîçäàòü?

êàê èíèöèàëèçèðîâàòü íîâûå áëîêè â ìàòðèöàõ?

êàêèå äîêóìåíòû d ∈ D ′
ñîäåðæàò íîâûå òåìû?
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Âìåñòî çàêëþ÷åíèÿ. Àëãîðèòì ÍÈ�

Èòåðàòèâíî ïîâòîðÿòü, â ïðîèçâîëüíîì ïîðÿäêå:

ïîãðóæåíèå â ñîâðåìåííóþ íàó÷íóþ ëèòåðàòóðó

ïîèñê ïðîòèâîðå÷èé è èõ àêêóðàòíàÿ �îðìàëèçàöèÿ

ïîèñê ëàêîíè÷íûõ îáîçíà÷åíèé è ïðîñòûõ äîêàçàòåëüñòâ

ïðîâåðêà ïðåäïîëîæåíèé â ýêñïåðèìåíòàõ

àíàëèç ïðîñòûõ ÷àñòíûõ èëè êðàéíèõ ñëó÷àåâ

èçìåíåíèå ïîñòàíîâêè çàäà÷è íà áëèçêèå

àêêóðàòíîå ïèñüìåííîå èçëîæåíèå âñåãî

ñåìèíàðû, îáñóæäåíèÿ, äèñïóòû, áðåéí-øòîðìû

http://bigartm.org

voron�foresys.ru
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