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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ

Ìîäåëè ñâÿçíîãî òåêñòà

Ïðèëîæåíèÿ òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

ðàçâåäî÷íûé ïîèñê â ïåðñîíàëèçèðîâàííûé ìóëüòèìîäàëüíûé ïîèñê

ýëåêòðîííûõ áèáëèîòåêàõ ïîèñê â ñîöñåòÿõ òåêñòîâ è èçîáðàæåíèé

äåòåêòèðîâàíèå è òðåêèíã íàâèãàöèÿ ïî áîëüøèì óïðàâëåíèåì äèàëîãîì â

íîâîñòíûõ ñþæåòîâ òåêñòîâûì êîëëåêöèÿì ðàçãîâîðíîì èíòåëëåêòå

Ê.Â. Âîðîíöîâ (vokov�fore
sys.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 3 / 43
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Çàäà÷à òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ

Ìîäåëè ñâÿçíîãî òåêñòà

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 |t) p(t|d)
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Çàäà÷à òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ

Ìîäåëè ñâÿçíîãî òåêñòà

Ïîñòàíîâêà çàäà÷è òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

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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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Çàäà÷à òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ

Ìîäåëè ñâÿçíîãî òåêñòà

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.
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ

Ìîäåëè ñâÿçíîãî òåêñòà

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:



























p(t|d ,w) = norm
t∈T

(

φwtθtd
)

φwt = norm
w∈W

(

∑

d∈D

ndwp(t|d ,w) + φwt
∂R
∂φwt

)

θtd = norm
t∈T

(

∑

w∈d

ndwp(t|d ,w) + θtd
∂R
∂θtd

)

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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�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Çàäà÷à òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ

Ìîäåëè ñâÿçíîãî òåêñòà

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:



























p(t|d ,w) = norm
t∈T

(

φwtθtd
)

φwt = norm
w∈Wm

(

∑

d∈D

τm(w)ndwp(t|d ,w) + φwt
∂R
∂φwt

)

θtd = norm
t∈T

(

∑

w∈d

τm(w)ndwp(t|d ,w) + θtd
∂R
∂θtd

)

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

multimodal topi
 modeling of large 
olle
tions. CIKM TM workshop, 2015.
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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

(dis
ussion group, issue tra
ker, pull requests)

Äîêóìåíòàöèÿ http://bigartm.org

Ëèöåíçèÿ è ñðåäà ðàçðàáîòêè:

Freely available for 
ommer
ial usage (BSD 3-Clause li
ense)

Cross-platform � Windows, Linux, Ma
 OS X (32 bit, 64 bit)

Programming APIs: 
ommand-line, C++, and Python
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Çàäà÷à òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Àääèòèâíàÿ ðåãóëÿðèçàöèÿ

Ìîäåëè ñâÿçíîãî òåêñòà

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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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ

Ìîäåëè ñâÿçíîãî òåêñòà

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 (SyntaxNet)

coherence

Ìîäåëè äèñòðèáóòèâíîé ñåìàíòèêè íà îñíîâå

ñîâñòðå÷àåìîñòè ñëîâ (áèòåðìû, êîãåðåíòíîñòü)

sentence

Òåìàòè÷åñêèå ìîäåëè, ó÷èòûâàþùèå ãðàíèöû

ïðåäëîæåíèé, àáçàöåâ è ñåêöèé äîêóìåíòîâ

segmentation

Òåìàòè÷åñêèå ìîäåëè ñåãìåíòàöèè ñ àâòîìàòè÷åñêèì

îïðåäåëåíèåì ãðàíèö ñåãìåíòîâ
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Áèãðàììû ðàäèêàëüíî óëó÷øàþò 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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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Çàäà÷à àâòîìàòè÷åñêîãî âûäåëåíèÿ òåðìèíîâ

Òåðìèí � �ðàçà (n-ãðàììà) ñî ñëåäóþùèì íàáîðîì ñâîéñòâ:

1

âûñîêàÿ ÷àñòîòíîñòü (frequen
y):

ìíîãî ðàç âñòðå÷àåòñÿ â êîëëåêöèè;

2

ñîâñòðå÷àåìîñòü ñëîâ (
ollo
ation):

ñîñòîèò èç ñëîâ, íåñëó÷àéíî ÷àñòî âñòðå÷àþùèõñÿ âìåñòå;

3

ïîëíîòà (
ompleteness):

ÿâëÿåòñÿ ìàêñèìàëüíîé ïî âêëþ÷åíèþ öåïî÷êîé ñëîâ;

4

ñèíòàêñè÷åñêàÿ ñâÿçíîñòü (synta
ti
 
onne
tedness):

ÿâëÿåòñÿ ãðàììàòè÷åñêè êîððåêòíûì ñëîâîñî÷åòàíèåì;

5

òåìàòè÷íîñòü (topi
ality):

÷àñòî âñòðå÷àåòñÿ â íåáîëüøîì ÷èñëå òåì.

Ñóììà òåõíîëîãèé äëÿ ATE (Authomati
 Term Extra
tion):

TopMine

1 2 3

+ SyntaxNet

4

+ BigARTM

5
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Àëãîðèòì TopMine: îïðåäåëåíèÿ è îñíîâíûå èäåè

Õýø-òàáëèöà C (a1, . . . , ak) ñ÷¼ò÷èêîâ ÷àñòûõ k-ãðàìì,

èíèöèàëèçèðóåòñÿ äëÿ âñåõ óíèãðàìì a ñ ÷àñòîòîé na > ε1

Ñâîéñòâî àíòèìîíîòîííîñòè:

C (a1, . . . , ak) > C (a1, . . . , ak , ak+1).

Ad,k � ìíîæåñòâî ïîçèöèé i â äîêóìåíòå d òàêèõ, ÷òî

C (wd,i , . . . ,wd,i+k−1) > εk ,

èíèöèàëèçèðóåòñÿ äëÿ âñåõ ÷àñòûõ óíèãðàìì.

Îñíîâíîé øàã àëãîðèòìà: äëÿ âñåõ i = 1, . . . , nd

åñëè (i ∈ Ad,k) è (i + 1 ∈ Ad,k) òî ++C (wd,i , . . . ,wd,i+k).

Ahmed El-Kishky, Yanglei Song, Chi Wang, Clare R. Voss, Jiawei Han.

S
alable Topi
al Phrase Mining from Text Corpora // VLDB, 2015.
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Àëãîðèòì TopMine: áûñòðûé ïîèñê âûñîêî÷àñòîòíûõ k-ãðàìì

Âõîä: êîëëåêöèÿ D, ïîðîãè εk ;
Âûõîä: õýø-òàáëèöà ÷àñòîò C (a1, . . . , ak), k = 1, . . . , kmax;

Ad,1 := {1, . . . , nd};
C (w) := nw äëÿ âñåõ w ∈ W òàêèõ, ÷òî nw > ε1;
äëÿ k := 2, . . . , kmax ïîêà D 6= ∅

äëÿ âñåõ d ∈ D

Ad,k :=
{

i ∈ Ad,k−1

∣

∣ C (wd,i , . . . ,wd,i+k−2) > εk
}

;

åñëè Ad,k = ∅ òî D := D\{d};
äëÿ âñåõ i ∈ Ad,k

åñëè i + 1 ∈ Ad,k òî ++C (wd,i , . . . ,wd,i+k−1);

îñòàâèòü òîëüêî ÷àñòûå k-ãðàììû: C (a1, . . . , ak) > εk ;

Ïðåèìóùåñòâî àëãîðèòìà: ëèíåéíàÿ ïàìÿòü è ñêîðîñòü.

Ahmed El-Kishky, Yanglei Song, Chi Wang, Clare R. Voss, Jiawei Han.

S
alable Topi
al Phrase Mining from Text Corpora // VLDB, 2015.
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Àëãîðèòì TopMine: îòáîð �ðàç ïî ñîâñòðå÷àåìîñòè è ïîëíîòå

Èòåðàòèâíîå ñëèÿíèå �ðàç ñ ïîíèæåíèåì çíà÷èìîñòè α.

pu � îöåíêà âåðîÿòíîñòè âñòðåòèòü �ðàçó u

puv � îöåíêà âåðîÿòíîñòè âñòðåòèòü �ðàçó uv

Êðèòåðèè: Signi�
an
eS
ore =
puv − pupv√

puv
èëè PMI = log

puv

pupv

Ahmed El-Kishky, Yanglei Song, Chi Wang, Clare R. Voss, Jiawei Han.

S
alable Topi
al Phrase Mining from Text Corpora // VLDB, 2015.
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Ñèíòàêñè÷åñêèé àíàëèçàòîð Google SyntaxNet

SyntaxNet � ïðåäîáó÷åííàÿ íåéðîñåòü ïîâåðõ TensorFlow,

ïîääåðæèâàåò 40 ÿçûêîâ, âêëþ÷àÿ ðóññêèé.

Âõîä:

ñïèñîê ïðåäëîæåíèé

Âûõîä, äëÿ êàæäîãî ñëîâà â êàæäîì ïðåäëîæåíèè:

id (ïîðÿäêîâûé íîìåð ñëîâà â ïðåäëîæåíèè)

id ðîäèòåëüñêîãî ñëîâà (0 äëÿ êîðíÿ)

èñõîäíîå ñëîâî

íîðìàëüíàÿ �îðìà

÷àñòü ðå÷è: NOUN, VERB, ADJ, ADV, . . .

÷ëåí ïðåäëîæåíèÿ: nsubj, dobj, 
onj, 

, nmod, . . .

D.Andor, C.Alberti, D.dWeiss, A.Severyn, A.Presta, K.Gan
hev, S.Petrov,

M.Collins. Globally Normalized Transition-Based Neural Networks. 2016.
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Ñèíòàêñè÷åñêèé àíàëèçàòîð Google SyntaxNet

Ïðèìåð äåðåâà çàâèñèìîñòåé:

Âàðèàíòû ñòðàòåãèé îòáîðà òåðìèíîâ-êàíäèäàòîâ:

áðàòü âñå ïîääåðåâüÿ

áðàòü âñå èìåííûå ãðóïïû (êîðåíü � NOUN)

íå áðàòü CONJ, SCONJ, DET, AUX, INTJ, PART, PUNCT, SYM

Announ
ing SyntaxNet: the world's most a

urate parser goes open sour
e.

https://resear
h.googleblog.
om/2016/05/announ
ing-syntaxnet-worlds-most.html.
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Ïîñòàíîâêà ýêñïåðèìåíòà

Êîëëåêöèÿ |D| = 3200 àííîòàöèé ñòàòåé NIPS (Neural

Information Pro
essing Systems), n = 500 000 ñëîâ

�ó÷íàÿ ðàçìåòêà íåáîëüøîãî ñëó÷àéíîãî ïîäìíîæåñòâà

(2000 n-ãðàìì) íà òåðìèíû / íå-òåðìèíû

Train : Test = 1000 : 1000

7 ñòàòèñòè÷åñêèõ ïðèçíàêîâ èç TopMine

2 ñèíòàêñè÷åñêèõ ïðèçíàêà èç SyntaxNet

3 òåìàòè÷åñêèõ ïðèçíàêà èç BigARTM, 30 òåì

äâå ìîäåëè êëàññè�èêàöèè:

ëîãèñòè÷åñêàÿ ðåãðåññèÿ, ãðàäèåíòíûé áóñòèíã

Âëàäèìèð Ïîëóøèí. Òåìàòè÷åñêèå ìîäåëè äëÿ ðàíæèðîâàíèÿ ðåêîìåíäàöèé

òåêñòîâîãî êîíòåíòà. Áàêàëàâðñêàÿ äèññåðòàöèÿ, ÂÌÊ Ì�Ó, 2017.

Ê.Â. Âîðîíöîâ (vokov�fore
sys.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 19 / 43



Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Ñðàâíåíèå ìåòîäîâ àâòîìàòè÷åñêîãî îòáîðà òåðìèíîâ

Íàéòè êàê ìîæíî áîëüøå òåðìèíîâ � ïîëíîòà âàæíåå òî÷íîñòè

�ðóïïà ïðèçíàêîâ Ëèíåéíàÿ ìîäåëü �ðàäèåíòíûé áóñòèíã

Ñèíò Ñòàò Òåì AUC Òî÷íîñòü Ïîëíîòà AUC Òî÷íîñòü Ïîëíîòà

+ 0.83 0.20 0.91 0.83 0.20 0.91

+ 0.71 0.09 0.94 0.73 0.11 0.90

+ 0.92 0.32 1.00 0.95 0.32 1.00

+ + 0.88 0.22 0.91 0.88 0.24 0.91

+ + 0.91 0.36 0.91 0.95 0.34 0.99

+ + 0.93 0.29 0.94 0.98 0.34 1.00

+ + + 0.95 0.38 0.91 0.97 0.41 0.99

Ñòàò < Ñèí < Ñèí+Ñòàò < Òåì <

Ñòàò+Òåì

Ñèí+Òåì

< Ñòàò+Ñèí+Òåì

Òåìàòè÷åñêèå ïðèçíàêè ñóùåñòâåííî ïîâûøàþò êà÷åñòâî

Ñèíòàêñè÷åñêèå ïðèçíàêè ìîæíî íå èñïîëüçîâàòü
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Çàäà÷à ñåìàíòè÷åñêîãî âåêòîðíîãî ïðåäñòàâëåíèÿ ñëîâ

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

áëèçêèå ïî ñìûñëó ñëîâà èìåëè áëèçêèå âåêòîðû.

Äèñòðèáóòèâíàÿ ãèïîòåçà

Words that o

ur in the same 
ontexts tend to have similar

meanings [Harris, 1954℄.

You shall know a word by the 
ompany it keeps [Firth, 1957℄.
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Ôîðìàëèçàöèÿ äèñòðèáóòèâíîé ãèïîòåçû â ïðîãðàììå word2ve


Äàíî: nuw � ñîâñòðå÷àåìîñòü ñëîâ u,w â îêíå ±h ñëîâ

Íàéòè: ñåìàíòè÷åñêèå âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ vw
Ìîäåëü: âåðîÿòíîñòü ñëîâà w â êîíòåêñòå ñëîâà u, òî åñòü

ïðè óñëîâèè, ÷òî ñëîâî u íàõîäèòñÿ ðÿäîì:

p(w |u) = SoftMax
w∈W

〈νw , νu〉 =
exp 〈νw , νu〉

∑

v exp 〈νv , νu〉

Êðèòåðèé: ìàêñèìóì log-ïðàâäîïîäîáèÿ:

∑

w ,u∈W

nwu ln p(w |u) → max
{νw}

Ïðîáëåìà: êîîðäèíàòû âåêòîðîâ íå èíòåðïðåòèðóåìû

T.Mikolov, K.Chen, G.Corrado, J.Dean. E�
ient estimation of word

representations in ve
tor spa
e. CoRR, 2013.
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Ìîäåëü ñåòè ñëîâ WNTM äëÿ êîðîòêèõ òåêñòîâ

Èäåÿ: ìîäåëèðîâàòü íå äîêóìåíòû, à ñâÿçè ìåæäó ñëîâàìè.

dw � ïñåâäî-äîêóìåíò, îáúåäèíåíèå âñåõ êîíòåêñòîâ ñëîâà w .

nwu � ÷èñëî âõîæäåíèé ñëîâà u â ïñåâäî-äîêóìåíò dw .

Êîíòåêñò � êîðîòêîå ñîîáùåíèå / ïðåäëîæåíèå / îêíî ±h ñëîâ.

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

general solution for short and imbalan
ed texts. 2014.
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Ìîäåëü áèòåðìîâ BitermTM è ìîäåëü ñåòè ñëîâ WNTM

Áèòåðì � ïàðà ñëîâ, âñòðå÷àþùèõñÿ ðÿäîì:

â îäíîì êîðîòêîì ñîîáùåíèè / ïðåäëîæåíèè / îêíå ±h ñëîâ.

�åãóëÿðèçàòîð, ýêâèâàëåíòíûé ìîäåëè áèòåðìîâ BitermTM:

R(Φ) = τ
∑

u,v∈W

nuv ln
∑

t∈T

ntφutφvt → max

�åãóëÿðèçàòîð, ýêâèâàëåíòíûé ìîäåëè ñåòè ñëîâ WNTM:

R(Φ,Θ′) = τ
∑

u,v∈W

nuv ln
∑

t∈T

φutθ
′
tv → max

Φ,Θ′

Xiaohui Yan, Jiafeng Guo, Yanyan Lan, Xueqi Cheng. A Biterm Topi
 Model

for short texts. WWW, 2013.

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

general solution for short and imbalan
ed texts. 2014.

Berlin Chen. Word Topi
 Models for spoken do
ument retrieval and

trans
ription. ACM Trans., 2009.
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Ïðèìåðû âåêòîðíûõ îïåðàöèé â çàäà÷å 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, prin
ess,

lord, prin
e

queen, prin
ess,

regnant, kings

mos
ow � russia + spain

madrid, bar
elona,

aires, buenos

madrid, bar
elona,

valladolid, malaga

india � russia + ruble

rupee, birbhum,

pradesh, madhaya

rupee, rupiah,

devalued, debased


ars � 
ar + 
omputer


omputers, software,

servers,

implementations


omputers, software,

hardware,

mi
ro
omputers

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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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Çàäà÷à ñåìàíòè÷åñêîé áëèçîñòè äîêóìåíòîâ

Êîëëåêöèÿ 20 000 òðèïëåòîâ ñòàòåé arXiv [Dai, 2015℄:

〈ñòàòüÿ A, ïîõîæàÿ ñòàòüÿ B, íå ïîõîæàÿ ñòàòüÿ C〉
Îáó÷åíèå ìîäåëåé ïî âûáîðêå 1M ñòàòåé arXiv

Ýòàëîí äëÿ ñðàâíåíèÿ: DBOW paragraph2ve
 [Dai, 2015℄

Andrew Dai, Cristopher Olah, Quo
 Le. Do
ument Embedding with Paragraph

Ve
tors. 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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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Çàäà÷à òåìàòè÷åñêîé ñåãìåíòàöèè äîêóìåíòîâ

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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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

�åãóëÿðèçàöèÿ (ïîñò-îáðàáîòêà) 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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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Ìóëüòèãðàììíûå ìîäåëè

Ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Ìîäåëè òåìàòè÷åñêîé ñåãìåíòàöèè

Äîêàçàòåëüñòâî

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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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Çàäà÷à ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Âûáîð òðàåêòîðèè ðåãóëÿðèçàöèè

Ýêñïåðèìåíòû

Êîíöåïöèÿ ðàçâåäî÷íîãî ïîèñêà (Exploratory Sear
h)

ïîëüçîâàòåëü ìîæåò íå çíàòü êëþ÷åâûõ òåðìèíîâ,

çàïðîñîì ìîæåò áûòü òåêñò ïðîèçâîëüíîé äëèíû,

èí�îðìàöèîííîé ïîòðåáíîñòüþ � ñèñòåìàòèçàöèÿ çíàíèé

íàâèãàöèÿ â ñåòè,

ïîèñê �àêòîâ,

óïîìèíàíèé,

êîíêðåòíûõ îòâåòîâ

ñàìîîáðàçîâàíèå,

òåìàòè÷åñêèé ïîèñê

ñèñòåìàòèçàöèÿ

çíàíèé

èññëåäîâàíèå,

ýêñïåðòèçà,

ðå�åðèðîâàíèå,

ìîíèòîðèíã òåì

Gary Mar
hionini. Exploratory Sear
h: from �nding to understanding. 2006.
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Çàäà÷à ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Âûáîð òðàåêòîðèè ðåãóëÿðèçàöèè

Ýêñïåðèìåíòû

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)

Te
hCrun
h.
om

759 324 ñòàòåé íà àíãëèéñêîì

11 523 ñëîâ (óíèãðàìì)

1.2 ìëí. áèãðàìì

605 àâòîðîâ

184 êàòåãîðèé
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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Çàäà÷à ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Âûáîð òðàåêòîðèè ðåãóëÿðèçàöèè

Ýêñïåðèìåíòû

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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Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Çàäà÷à ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Âûáîð òðàåêòîðèè ðåãóëÿðèçàöèè

Ýêñïåðèìåíòû

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 MapRedu
e Îáëà÷íûå ñåðâèñû

Áåñïèëîòíûé àâòîìîáèëü Google 
ar Êîíòåêñòíàÿ ðåêëàìà

Êðèïòîñèñòåìû ñ îòêðûòûì êëþ÷îì Ìàðñîõîä Curiosity

Îáçîð ïëàò�îðì îíëàéí-êóðñîâ Âèäåîêàðòû NVIDIA

Data S
ien
e Meetups â Ìîñêâå �àñïîçíàâàíèå îáðàçîâ

Îáðàçîâàòåëüíûå ïðîåêòû mail.ru Ñåðâèñû Google s
holar

Ìåæïëàíåòíàÿ ñòàíöèÿ New horizons MIT MediaLab Resear
h

ßçûêîâàÿ ìîäåëü word2ve
 Ïëàò�îðìà Mi
rosoft Azure

Ê.Â. Âîðîíöîâ (vokov�fore
sys.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 34 / 43



Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà
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�àçâåäî÷íûé òåìàòè÷åñêèé ïîèñê

q = (w1, . . . ,wnq ) � òåêñò çàïðîñà ïðîèçâîëüíîé äëèíû nq

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

θtd = p(t|d) � òåìàòè÷åñêèå ïðî�èëè 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
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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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Îöåíêè êà÷åñòâà ïîèñêà

Pre
ision � äîëÿ ðåëåâàíòíûõ ñðåäè íàéäåííûõ

Re
all � äîëÿ íàéäåííûõ ñðåäè ðåëåâàíòíûõ

P =
TP

TP+ FP

� òî÷íîñòü (pre
ision)

R =
TP

TP+ FN

� ïîëíîòà, (re
all)

F1 =
P + R

2PR
� F1-ìåðà

TP (true positive) � íàéäåííûå ðåëåâàíòíûå

FP (false positive) � íàéäåííûå íåðåëåâàíòíûå

FN (false negative) � íåíàéäåííûå ðåëåâàíòíûå

Ê.Â. Âîðîíöîâ (vokov�fore
sys.ru) Òåìàòè÷åñêîå ìîäåëèðîâàíèå 37 / 43



Âåðîÿòíîñòíîå òåìàòè÷åñêîå ìîäåëèðîâàíèå

Òåìàòè÷åñêèå ìîäåëè ñâÿçíîãî òåêñòà

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Çàäà÷à ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Âûáîð òðàåêòîðèè ðåãóëÿðèçàöèè

Ýêñïåðèìåíòû

�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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ïîëíîòà ÷óòü ëó÷øå, òî÷íîñòü ÷óòü õóæå, ÷åì ó àñåññîðîâ
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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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Âëèÿíèå êîìáèíàöèé ðåãóëÿðèçàòîðîâ íà êà÷åñòâî ïîèñêà

Äåêîððåëèðîâàíèå, Θ-ðàçðåæèâàíèå, Φ-ñãëàæèâàíèå

Habrahabr Te
hCrun
h

R = 0 Ä ÄΘ ÄΘΦ R = 0 Ä ÄΘ ÄΘΦ

Pre
�5 0.628 0.748 0.771 0.810 0.652 0.775 0.779 0.819

Pre
�10 0.653 0.776 0.812 0.879 0.679 0.787 0.819 0.867

Pre
�15 0.642 0.765 0.792 0.868 0.669 0.773 0.798 0.833

Pre
�20 0.643 0.759 0.783 0.847 0.673 0.777 0.792 0.825

Re
all�5 0.692 0.784 0.805 0.840 0.673 0.812 0.812 0.835

Re
all�10 0.714 0.814 0.834 0.870 0.685 0.821 0.845 0.868

Re
all�15 0.725 0.835 0.867 0.891 0.712 0.859 0.869 0.890

Re
all�20 0.735 0.862 0.891 0.925 0.723 0.882 0.895 0.919

êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ óëó÷øàåò êà÷åñòâî ïîèñêà

õîòÿ èñõîäíî âñå ðåãóëÿðèçàòîðû íàöåëåíû íà óëó÷øåíèå

èíòåðïðåòèðóåìîñòè òåì è íå îïòèìèçèðóþò ïîèñê ÿâíî
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�åçþìå

Òåìàòè÷åñêîå ìîäåëèðîâàíèå � ñðåäñòâî ñåìàíòè÷åñêîãî

ïîèñêà è ñèñòåìàòèçàöèè òåêñòîâîé èí�îðìàöèè

ARTM � ìíîãîêðèòåðèàëüíàÿ ðåãóëÿðèçàöèÿ

BigARTM � ¾ËÅ�Î-êîíñòðóêòîð¿ òåìàòè÷åñêèõ ìîäåëåé

�åãóëÿðèçàòîðû n-ãðàìì, ñîâñòðå÷àåìîñòè è ñåãìåíòàöèè

ïîçâîëÿþò îáõîäèòü ãèïîòåçó ¾ìåøêà ñëîâ¿

Äëÿ àâòîìàòè÷åñêîãî âûäåëåíèÿ òåðìèíîâ ñèíòàêñè÷åñêèé

àíàëèç ìîæíî çàìåíèòü òåìàòè÷åñêèì

Òåìàòè÷åñêèå ìîäåëè ñòðîÿò ðàçðåæåííûå

èíòåðïðåòèðóåìûå âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ

è ðåøàþò çàäà÷ó ñåìàíòè÷åñêîé áëèçîñòè íå õóæå word2ve
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