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Òåîðèÿ ARTM

Òåõíîëîãèÿ BigARTM

Òåìàòè÷åñêîå ìîäåëèðîâàíèå è åãî ïðèëîæåíèÿ

Òåìàòè÷åñêîå ìîäåëèðîâàíèå � ¾ìÿãêàÿ êëàñòåðèçàöèÿ¿ êîëëåêöèè òåêñòîâ

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
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è ñìåæíûå îáëàñòè èññëåäîâàíèé

Äèíàìèêà öèòèðîâàíèÿ â àêàäåìè÷åñêèõ ïóáëèêàöèÿõ, ïî äàííûì Google S
holar:

Matrix Factorization NNMF, Nonnegative Matrix Factorization Topic Model

PLSA, Probabilistic Latent Semantic Analysis LDA, Latent Dirichlet Allocation Text Categorization

Text Classification Word Embedding word2vec LSTM, long short-term memory
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå êîëëåêöèè òåêñòîâûõ äîêóìåíòîâ

Äàíî: p(w |d) = ndw
nd

� ÷àñòîòíîå ðàñïðåäåëåíèå ñëîâ w â äîêóìåíòàõ d

Íàéòè: p(t|d) = θtd � ìàòðèöà Θ ðàñïðåäåëåíèé òåì t â äîêóìåíòàõ d

p(w |t) = φwt � ìàòðèöà Φ ðàñïðåäåëåíèé ñëîâ w â òåìàõ t
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Hofmann T. Probabilisti
 latent semanti
 indexing. SIGIR 1999.
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå ìóëüòèìîäàëüíûõ äàííûõ

Òåìû îïðåäåëÿþò ðàñïðåäåëåíèÿ òåðìîâ ðàçëè÷íûõ ìîäàëüíîñòåé p(w |t):
p(ñëîâî|t), p(n-ãðàììà|t), p(àâòîð|t), p(âðåìÿ|t), p(êàòåãîðèÿ|t), p(èñòî÷íèê|t),
p(òåã|t), p(ññûëêà|t), p(áàííåð|t), p(ãåîëîêàöèÿ|t), p(ïîëüçîâàòåëü|t), . . .
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå � ýòî çàäà÷à ìàòðè÷íîãî ðàçëîæåíèÿ

Äàíî: p(w |d) = ndw
nd

� ÷àñòîòíîå ðàñïðåäåëåíèå òåðìîâ w â äîêóìåíòàõ d

Íàéòè: p(t|d) = θtd � ìàòðèöà Θ ðàñïðåäåëåíèé òåì t â äîêóìåíòàõ d

p(w |t) = φwt � ìàòðèöà Φ ðàñïðåäåëåíèé òåðìîâ w â òåìàõ t

Êðèòåðèé: ìàêñèìóì log-ïðàâäîïîäîáèÿ òåìàòè÷åñêîé ìîäåëè

∑

d∈D

∑

w∈d

ndw ln
∑

t∈T

φwtθtd → max
Φ,Θ

ïðè îãðàíè÷åíèÿõ φwt > 0, θtd > 0,
∑

w φwt = 1,
∑

t θtd = 1.

Ýòî çàäà÷à ñòîõàñòè÷åñêîãî ìàòðè÷íîãî ðàçëîæåíèÿ, T � çàäàííîå ÷èñëî òåì:
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Òåîðèÿ ARTM
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ARTM: òåìàòè÷åñêàÿ ìîäåëü ñ àääèòèâíîé ðåãóëÿðèçàöèåé è ìîäàëüíîñòÿìè

Ìàêñèìèçàöèÿ ñóììû log-ïðàâäîïîäîáèé ìîäàëüíîñòåé Wm è ðåãóëÿðèçàòîðîâ Ri :

∑

m∈M

τm
∑

d∈D

∑

w∈Wm

ndw ln
∑

t∈T

φwtθtd +
∑

i

τiRi(Φ,Θ) → max
Φ,Θ

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ðåøåíèÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:



























ptdw ≡ p(t|d ,w) = norm
t∈T

(

φwtθtd
)

φwt = norm
w∈Wm

(

∑

d∈D

τmndwptdw +
∑

i

τiφwt
∂R
∂φwt

)

θtd = norm
t∈T

(

∑

w∈d

τmndwptdw +
∑

i

τiθtd
∂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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Òåîðèÿ ARTM
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Òåìàòè÷åñêèå ýìáåäèíãè (âåêòîðíûå ïðåäñòàâëåíèÿ) ñëîâ è äîêóìåíòîâ

Êîëëåêöèÿ òåêñòîâ � ýòî äâóäîëüíûé ãðà� ñ ð¼áðàìè (d ,w)

Ýìáåäèíãè äîêóìåíòîâ p(t|d), òåðìîâ p(t|w) è òåðìîâ-â-êîíòåêñòå p(t|d ,w)

Òåìû èíòåðïðåòèðóþòñÿ áëàãîäàðÿ ðàñïðåäåëåíèþ ñëîâ p(w |t) = p(t|w)p(w)
p(t)
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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ýìáåäèíãè (âåêòîðíûå ïðåäñòàâëåíèÿ)

Êàæäûé òåðì êàæäîé ìîäàëüíîñòè ïîëó÷àåò òåìàòè÷åñêèé ýìáåäèíã

Êàæäàÿ òåìà îïèñûâàåòñÿ ðàñïðåäåëåíèåì òåðìîâ ïî êàæäîé èç ìîäàëüíîñòåé

×åðåç òåìû ñìûñëû ñëîâ ïåðåäàþòñÿ òåðìàì âñåõ îñòàëüíûõ ìîäàëüíîñòåé
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Òåîðèÿ ARTM
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BigARTM: áèáëèîòåêà òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Êëþ÷åâûå âîçìîæíîñòè:

Îíëàéíîâûé ïàðàëëåëüíûé ìóëüòèìîäàëüíûé ðåãóëÿðèçîâàííûé ÅÌ-àëãîðèòì

Ïàêåòíàÿ îáðàáîòêà áîëüøèõ äàííûõ � 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:

Ñâîáîäíàÿ êîììåð÷åñêàÿ ëèöåíçèÿ (BSD 3-Clause)

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

Èíòåð�åéñû API: 
ommand-line, C++, and Python
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Òåîðèÿ ARTM

Òåõíîëîãèÿ BigARTM

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

3.7M ñòàòåé Âèêèïåäèè, 100K ñëîâ

T = 50 T = 200

ïðîö. ìèíóò ïåðïëåêñèÿ ìèíóò ïåðïëåêñèÿ

BigARTM 1 42 5117 83 3347

BigARTM asyn
 1 25 5131 53 3362

VowpalWabbit 1 50 5413 154 3960

Gensim 1 142 4945 637 3241

BigARTM 4 12 5216 26 3520

BigARTM asyn
 4 7 5353 16 3634

Gensim 4 88 5311 315 3583

BigARTM 8 8 5648 15 3929

BigARTM asyn
 8 5 6220 10 4309

Gensim 8 88 6344 288 4263

D.Ko
hedykov, M.Apishev, L.Golitsyn, K.Vorontsov. Fast and Modular Regularized Topi
 Modelling.

FRUCT ISMW, 2017.
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Òåîðèÿ ARTM

Òåõíîëîãèÿ BigARTM

BigARTM óïðîùàåò ìîäóëüíóþ ðàçðàáîòêó òåìàòè÷åñêèõ ìîäåëåé

Äëÿ ïîñòðîåíèÿ ñëîæíûõ ìîäåëåé â BigARTM íå íóæíû íè ìàòåìàòè÷åñêèå

âûêëàäêè, íè ïðîãðàììèðîâàíèå ¾ñ íóëÿ¿.
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�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Çàäà÷à òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Òåîðèÿ ARTM

Òåõíîëîãèÿ BigARTM

Øåñòü êëþ÷åâûõ ìåõàíèçìîâ BigARTM

Áëàãîäàðÿ ARTM, ýòè ìåõàíèçìû ìîæíî

êîìáèíèðîâàòü â ëþáûõ ñî÷åòàíèÿõ:

1

ðåãóëÿðèçàöèÿ

2

ìîäàëüíîñòè

3

èåðàðõèÿ òåì

4

ïàðíàÿ âñòðå÷àåìîñòü òåðìîâ

5

îáðàáîòêà êîíòåêñòíûõ ýìáåäèíãîâ

6

ãèïåðãðà�û òðàíçàêöèé

Íîâûå ìåõàíèçìû ïîçâîëÿþò ó÷èòûâàòü

ïîðÿäîê ñëîâ â îáõîä ãèïîòåçû ¾ìåøêà ñëîâ¿
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Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Òåìàòè÷åñêèå èåðàðõèè

Èñïîëüçîâàíèå ïîðÿäêà ñëîâ

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìåõàíèçì èåðàðõè÷åñêîãî òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Øàã 1. Ñòðîèì ìîäåëü âåðõíåãî óðîâíÿ ñ íåáîëüøèì ÷èñëîì òåì.

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

Ñòðîèì ñëåäóþùèé óðîâåíü � ìíîæåñòâî äî÷åðíèõ òåì S (subtopi
s), |S | > |T |.

�îäèòåëüñêèå òåìû t � ïñåâäî-äîêóìåíòû ñ ÷àñòîòàìè ñëîâ nwt = φwtnt :

∑

t∈T

∑

w∈W

nwt ln
∑

s∈S

φwsθst → max,

ãäå θst = p(s|t) � âåðîÿòíîñòü ïîäòåìû s â ðîäèòåëüñêîé òåìå t.

N.A.Chirkova, K.V.Vorontsov. Additive Regularization for Hierar
hi
al Multimodal Topi
 Modeling.

JMLDA, 2016.

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

Hierar
hi
al Topi
 Modeling. Dialogue 2018.
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Òåìàòè÷åñêèå èåðàðõèè

Èñïîëüçîâàíèå ïîðÿäêà ñëîâ

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìåõàíèçì èåðàðõè÷åñêîãî òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Ïîñëîéíûé àëãîðèòì ðàçáèåíèÿ ðîäèòåëüñêèõ òåì íà äî÷åðíèå ïîäòåìû

Íà äî÷åðíåì óðîâíå ðîäèòåëüñêèå òåìû ïðåâðàùàþòñÿ â ïñåâäî-äîêóìåíòû

Ñâÿçü ¾ìíîãî-êî-ìíîãèì¿: äî÷åðíÿÿ òåìà ìîæåò èìåòü ìíîãî ðîäèòåëüñêèõ
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Òåìàòè÷åñêèå èåðàðõèè

Èñïîëüçîâàíèå ïîðÿäêà ñëîâ

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìåõàíèçì òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ ïî ÷àñòîòàì ïàð ñëîâ

Äèñòðèáóòèâíàÿ ñåìàíòèêà: ñìûñë ñëîâà îïðåäåëÿåòñÿ âñåìè åãî êîíòåêñòàìè

Ñëîâî èíäóöèðóåò ïñåâäî-äîêóìåíò � ìåøîê âñåõ åãî êîíòåêñòîâ

Òåìàòè÷åñêèå âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ îáëàäàþò ñâîéñòâàìè word2ve
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Òåìàòè÷åñêèå èåðàðõèè

Èñïîëüçîâàíèå ïîðÿäêà ñëîâ

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

word2ve
 è ARTM íà çàäà÷àõ àíàëîãèè ñëîâ

Òåìàòè÷åñêèå âåêòîðíûå ýìáåäèíãè îáúåäèíÿþò â ñåáå ¾ëó÷øåå îò äâóõ ìèðîâ¿:

ARTM: èíòåðïðåòèðóåìîñòü è ðàçðåæåííîñòü êîìïîíåíò âåêòîðîâ ñëîâ

word2ve
: èíòåðïðåòèðóåìîñòü âåêòîðíûõ îïåðàöèé íàä âåêòîðàìè ñëîâ

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÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Òåìàòè÷åñêèå èåðàðõèè

Èñïîëüçîâàíèå ïîðÿäêà ñëîâ

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

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. 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÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Òåìàòè÷åñêèå èåðàðõèè

Èñïîëüçîâàíèå ïîðÿäêà ñëîâ

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Îáðàáîòêà êîíòåêñòíûõ ýìáåäèíãîâ íà ïðèìåðå òåìàòè÷åñêîé ñåãìåíòàöèè

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

Êîíòåêñòíûå ýìáåäèíãè � ìàòðèöà âåðîÿòíîñòåé òåì p(t|d ,wi) ðàçìåðà T×nd
123 ... ... nd

1

.

.

.

|T|

↓ ñåêöèîíèðîâàíèå è ðàçðåæèâàíèå ↓

↓ ñãëàæèâàíèå è êîíòðàñòèðîâàíèå ↓
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Òåìàòè÷åñêèå èåðàðõèè

Èñïîëüçîâàíèå ïîðÿäêà ñëîâ

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìåõàíèçì îáðàáîòêè êîíòåêñòíûõ ýìáåäèíãîâ � ðåãóëÿðèçàöèÿ Å-øàãà

Π =
(

ptdw = p(t|d ,w)
)

T×D×W
� òð¼õìåðíàÿ ìàòðèöà êîíòåêñòíûõ ýìáåäèíãîâ

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÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Òåìàòè÷åñêèå èåðàðõèè

Èñïîëüçîâàíèå ïîðÿäêà ñëîâ

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Ìåõàíèçì òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ òðàíçàêöèîííûõ äàííûõ

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 �èíàíñîâûõ îðãàíèçàöèé:

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

Çàäà÷à: ïî âûáîðêå ð¼áåð ãèïåðãðà�à âûÿâèòü ëàòåíòíûå òåìû åãî âåðøèí.
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Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Òåìàòè÷åñêèå èåðàðõèè

Èñïîëüçîâàíèå ïîðÿäêà ñëîâ

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Èíòåðïðåòèðóåìûå ýìáåäèíãè òðàíçàêöèîííûõ äàííûõ

�èïåðãðà� � ýòî ñèñòåìà ïîäìíîæåñòâ âåðøèí-òåðìîâ

Òðàíçàêöèÿ = ïîäìíîæåñòâî òåðìîâ = ðåáðî ãèïåðãðà�à

Òðàíçàêöèÿ òåì áîëåå âåðîÿòíà, ÷åì áîëüøå îáùèõ òåì èìåþò å¼ òåðìû
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Òåìàòè÷åñêèå èåðàðõèè

Èñïîëüçîâàíèå ïîðÿäêà ñëîâ

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

Èíòåðïðåòèðóåìûå ýìáåäèíãè ïðåäëîæåíèé

Ïðåäëîæåíèå � ýòî íàèáîëåå ñåìàíòè÷åñêè îäíîðîäíàÿ åäèíèöà ÿçûêà

Ïðåäëîæåíèå = ïîäìíîæåñòâî ñëîâ = ðåáðî ãèïåðãðà�à

Ïðåäëîæåíèå òåì áîëåå âåðîÿòíî, ÷åì áîëüøå îáùèõ òåì èìåþò åãî ñëîâà
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Òåìàòè÷åñêèå èåðàðõèè

Èñïîëüçîâàíèå ïîðÿäêà ñëîâ

�èïåðãðà�îâûå ìîäåëè òðàíçàêöèîííûõ äàííûõ

�èïåðãðà�îâûå òåìàòè÷åñêèå ìîäåëè ÿçûêà

�åáðîì ãèïåðãðà�à ìîæíî îïèñàòü ëþáîå ïîäìíîæåñòâî òåðìîâ,

ñâÿçàííûõ äðóã ñ äðóãîì ïî ñìûñëó è ïîðîæäàåìûõ îäíîé îáùåé òåìîé:

ïðåäëîæåíèå

ñèíòàãìà � ïîääåðåâî ñèíòàêñè÷åñêîãî äåðåâà

èìåííàÿ ãðóïïà

�àêò ¾îáúåêò, ñóáúåêò, äåéñòâèå¿

ñâÿçàííûå òåðìû ñîñåäíèõ ïðåäëîæåíèé: ñèíîíèìû, ãèïåðîíèìû, õîëîíèìû

ëåêñè÷åñêàÿ öåïî÷êà

òåêñò ñîîáùåíèÿ è åãî àâòîð

�èíàíñîâàÿ òðàíçàêöèÿ ñ òåêñòîì ïëàò¼æíîãî ïîðó÷åíèÿ
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Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà (exploratory sear
h)

ïîëüçîâàòåëü ìîæåò íå çíàòü êëþ÷åâûõ òåðìèíîâ ïðåäìåòíîé îáëàñòè

çàïðîñîì ìîæåò áûòü òåêñò ïðîèçâîëüíîé äëèíû èëè äàæå ïîäáîðêà òåêñòîâ

èí�îðìàöèîííàÿ ïîòðåáíîñòü ïîëüçîâàòåëÿ � 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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Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Ïîèñê òåìàòè÷åñêè áëèçêèõ äîêóìåíòîâ

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

θtd = p(t|d) � òåìàòè÷åñêèå ïðî�èëè äîêóìåíòîâ d èç êîëëåêöèè

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

�åàëèçàöèÿ: âåêòîðíûé ïîèñê, ëèáî èíâåðòèðîâàííûé èíäåêñ äëÿ áûñòðîãî ïîèñêà

äîêóìåíòîâ d ïî êàæäîé èç òåì t çàïðîñà

A.Ianina, K.Vorontsov. Multi-obje
tive topi
 modeling for exploratory sear
h in te
h news. AINL, 2017.
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Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Äâå êîëëåêöèè íîâîñòåé ïðî òåõíîëîãèè

Habrahabr.ru

175 143 ñòàòåé íà ðóññêîì ÿçûêå

Øåñòü ìîäàëüíîñòåé â òåêñòàõ:

10 552 ñëîâ (óíèãðàìì)

742 000 áèãðàìì

524 àâòîðîâ ñòàòåé

10 000 àâòîðîâ êîììåíòàðèåâ

2546 òåãîâ

123 õàáà

Te
hCrun
h.
om

759 324 ñòàòåé íà àíãëèéñêîì ÿçûêå

×åòûðå ìîäàëüíîñòè â òåêñòàõ:

11 523 ñëîâ (óíèãðàìì)

1.2 ìëí. áèãðàìì

605 àâòîðîâ

184 êàòåãîðèé
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�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Ìåòîäèêà îöåíèâàíèÿ êà÷åñòâà ðàçâåäî÷íîãî ïîèñêà

Ïîèñêîâûé çàïðîñ

êëþ÷åâûå ñëîâà èëè �ðàãìåíòû òåêñòà, îäíà ñòðàíèöà À4

Ïîèñêîâàÿ âûäà÷à

äîêóìåíòû, òåìàòè÷åñêè áëèçêèå ê äîêóìåíòó-çàïðîñó

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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Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

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. Îñíîâíàÿ çàäà÷à Óîòñîíà � ïîíèìàòü âîïðîñû, ñ�îðìóëèðîâàííûå íà åñòå-

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

Óîòñîíà.

IBM Watson ïðåäñòàâëÿåò ñîáîé êîãíèòèâíóþ ñèñòåìó, êîòîðàÿ ñïîñîáíà ïîíèìàòü, äåëàòü âûâîäû

è îáó÷àòüñÿ. Îíà òàêæå ïîçâîëÿåò ïðåîáðàçîâûâàòü öåëûå îòðàñëè, ðàçëè÷íûå íàïðàâëåíèÿ íàóêè è

òåõíèêè. Íàïðèìåð, ïðåäñêàçûâàòü ïîÿâëåíèå ýïèäåìèé èëè âîçíèêíîâåíèÿ î÷àãîâ ïðèðîäíûõ êàòà-

ñòðî� â ðàçëè÷íûõ ðåãèîíàõ, âåñòè ìîíèòîðèíã ñîñòîÿíèÿ àòìîñ�åðû áîëüøèõ ãîðîäîâ, îïòèìèçèðî-

âàòü 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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�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

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
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Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Îöåíèâàíèå 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
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Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Êàêèå ìîäåëè ïîèñêà ñðàâíèâàëèñü

assessors: ðåçóëüòàòû ïîèñêà, âûïîëíåííîãî ëþäüìè (àñåññîðàìè)

TF-IDF, BM25: ñðàâíåíèå äîêóìåíòîâ ïî âåêòîðàì ÷àñòîò ñëîâ

word2ve
: íåòåìàòè÷åñêèå âåêòîðíûå ïðåäñòàâëåíèÿ ñëîâ

PLSA: Probabilisti
 Latent Semanti
 Analysis [T.Hofmann, 1999℄

LDA: Latent Diri
hlet Allo
ation [D.Blei, A.Ng, M.Jordan, 2003℄

ARTM: òåìàòè÷åñêàÿ ìîäåëü ñ òðåìÿ ðåãóëÿðèçàòîðàìè

hARTM: äâóõóðîâíåâàÿ èåðàðõè÷åñêàÿ òåìàòè÷åñêàÿ ìîäåëü

Äîïîëíèòåëüíûå êðèòåðèè (ðåãóëÿðèçàòîðû) â ARTM è hARTM:

ñäåëàòü òåìû êàê ìîæíî áîëåå ðàçëè÷íûìè

ñäåëàòü ïðî�èëè p(t|d) êàê ìîæíî áîëåå ðàçðåæåííûìè

ñóæàòü îáëàñòü ïîèñêà ñ ïîìîùüþ èåðàðõè÷åñêèõ ïðî�èëåé p(t|d)
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Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Ïîñëåäîâàòåëüíûé ïîäáîð êîý��èöèåíòîâ ðåãóëÿðèçàöèè â ìîäåëÿõ ARTM

äåêîððåëèðîâàíèå ðàñïðåäåëåíèé òåðìèíîâ â òåìàõ (τ),

ðàçðåæèâàíèå ðàñïðåäåëåíèé òåì â äîêóìåíòàõ (α),

ñãëàæèâàíèå ðàñïðåäåëåíèé òåðìèíîâ â òåìàõ (β).
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�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Ñðàâíåíèå êà÷åñòâà ïîèñêà ñ àñåññîðàìè è ïðîñòûìè ìîäåëÿìè

Habrahabr. Òî÷íîñòü è ïîëíîòà ïî ïåðâûì k ïîçèöèÿì ïîèñêîâîé âûäà÷è
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A.Ianina, K.Vorontsov. Multi-obje
tive topi
 modeling for exploratory sear
h in te
h news. AINL, 2017.
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Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Ñðàâíåíèå êà÷åñòâà ïîèñêà ñ àñåññîðàìè è ïðîñòûìè ìîäåëÿìè
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A.Ianina, K.Vorontsov. Multi-obje
tive topi
 modeling for exploratory sear
h in te
h news. AINL, 2017.
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Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

�åçóëüòàòû èçìåðåíèÿ òî÷íîñòè è ïîëíîòû ïî çàïðîñàì

Habrahabr. Êà÷åñòâî è âðåìÿ ïîèñêà. 100 çàïðîñîâ, 3 àñåññîðà íà çàïðîñ

òî÷íîñòü è ïîëíîòà ïîèñêà âðåìÿ è F1-ìåðà (àñåññîðû)

0.7 0.8 0.9 1.0
Precision

0.7

0.8

0.9

1.0
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Re
ca

ll

Assessors
Topic search

0 10 20 30 40 50 60
Time (min.)
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F1
-m

ea
su
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Assessors

ñðåäíåå âðåìÿ îáðàáîòêè çàïðîñà àñåññîðîì � 30 ìèíóò

òî÷íîñòü âûøå ó àñåññîðîâ, ïîëíîòà � ó ïîèñêîâèêà
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Âëèÿíèå ÷èñëà òåì íà êà÷åñòâî ïîèñêà

Âñå ðåãóëÿðèçàòîðû è ìîäàëüíîñòè, ïëîñêàÿ ìîäåëü

Habrahabr Te
hCrun
h

àñåññ 100 150 200 250 300 400 500 àñåññ 350 400 450 475 500

Pr�5 0.821 0.662 0.721 0.810 0.761 0.712 0.693 0.642 0.822 0.653 0.725 0.752 0.819 0.777

Pr�10 0.869 0.761 0.812 0.879 0.825 0.722 0.673 0.662 0.851 0.663 0.732 0.762 0.867 0.811

Pr�15 0.875 0.733 0.795 0.868 0.791 0.671 0.651 0.631 0.835 0.682 0.743 0.787 0.833 0.793

Pr�20 0.863 0.724 0.795 0.847 0.792 0.673 0.642 0.622 0.813 0.650 0.743 0.773 0.825 0.793

R�5 0.780 0.732 0.807 0.840 0.821 0.805 0.721 0.671 0.762 0.731 0.762 0.793 0.835 0.817

R�10 0.817 0.771 0.843 0.870 0.851 0.812 0.751 0.712 0.792 0.763 0.793 0.812 0.868 0.855

R�15 0.850 0.824 0.895 0.891 0.871 0.822 0.773 0.753 0.835 0.782 0.807 0.855 0.890 0.882

R�20 0.873 0.857 0.905 0.925 0.892 0.855 0.771 0.764 0.867 0.792 0.823 0.862 0.919 0.903

ñóùåñòâóåò îïòèìàëüíîå ÷èñëî òåì

÷åì áîëüøå êîëëåêöèÿ, òåì áîëüøå îïòèìóì ÷èñëà òåì

Êîíñòàíòèí Âîðîíöîâ (voron�aithea.
om) BigARTM: íà ïóòè ê ñåðâèñàì ðàçâåäî÷íîãî ïîèñêà 38 / 47



Òåìàòè÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Âëèÿíèå ÷èñëà òåì íà êà÷åñòâî ïîèñêà

Habrahabr. Âñå ðåãóëÿðèçàòîðû è ìîäàëüíîñòè, òðè óðîâíÿ èåðàðõèè

|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

òðè óðîâíÿ ñëåãêà ëó÷øå, ÷åì äâà; îïòèìàëüíîå ÷èñëî òåì óâåëè÷èâàåòñÿ
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Âëèÿíèå ÷èñëà òåì íà êà÷åñòâî ïîèñêà

Habrahabr. Âñå ðåãóëÿðèçàòîðû è ìîäàëüíîñòè, äâà óðîâíÿ èåðàðõèè

|T1| 20 25 30

|T2| 150 200 250 275 300 400 450

Pr�5 0.621 0.742 0.839 0.850 0.865 0.869 0.869 0.803 0.769 0.701 0.670

Pr�10 0.645 0.749 0.850 0.861 0.879 0.911 0.895 0.809 0.796 0.719 0.689

Pr�15 0.635 0.751 0.848 0.869 0.873 0.893 0.887 0.807 0.781 0.721 0.701

Pr�20 0.630 0.745 0.841 0.855 0.864 0.874 0.875 0.800 0.775 0.709 0.675

R�5 0.628 0.773 0.843 0.865 0.881 0.881 0.868 0.849 0.839 0.715 0.691

R�10 0.652 0.782 0.855 0.871 0.902 0.918 0.877 0.871 0.845 0.745 0.699

R�15 0.671 0.801 0.870 0.889 0.929 0.939 0.901 0.883 0.861 0.781 0.722

R�20 0.680 0.819 0.886 0.892 0.955 0.955 0.907 0.901 0.872 0.801 0.729

ñóùåñòâóåò îïòèìàëüíîå ÷èñëî òåì íà êàæäîì óðîâíå

äâà óðîâíÿ ëó÷øå, ÷åì îäèí; ïðè ýòîì îïòèìàëüíîå ÷èñëî òåì óâåëè÷èâàåòñÿ
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Âëèÿíèå ÷èñëà òåì íà êà÷åñòâî ïîèñêà

Te
hCrun
h. Âñå ðåãóëÿðèçàòîðû è ìîäàëüíîñòè, òðè óðîâíÿ èåðàðõèè

|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

òðè óðîâíÿ ñëåãêà ëó÷øå, ÷åì äâà; îïòèìàëüíîå ÷èñëî òåì óâåëè÷èâàåòñÿ
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Âëèÿíèå ÷èñëà òåì íà êà÷åñòâî ïîèñêà

Te
hCrun
h. Âñå ðåãóëÿðèçàòîðû è ìîäàëüíîñòè, äâà óðîâíÿ èåðàðõèè

|T1| 80 100 120

|T2| 300 350 500 550 600 700 750

Pr�5 0.651 0.701 0.749 0.789 0.883 0.889 0.889 0.785 0.721 0.701 0.675

Pr�10 0.675 0.709 0.771 0.821 0.891 0.918 0.902 0.803 0.738 0.718 0.691

Pr�15 0.687 0.712 0.773 0.827 0.899 0.919 0.905 0.817 0.741 0.721 0.701

Pr�20 0.683 0.707 0.759 0.815 0.885 0.888 0.895 0.805 0.732 0.716 0.679

R�5 0.749 0.791 0.801 0.854 0.868 0.875 0.861 0.849 0.829 0.731 0.701

R�10 0.765 0.809 0.823 0.873 0.890 0.904 0.875 0.867 0.835 0.745 0.708

R�15 0.771 0.820 0.841 0.882 0.909 0.921 0.895 0.890 0.848 0.769 0.717

R�20 0.778 0.825 0.851 0.887 0.928 0.942 0.929 0.901 0.869 0.785 0.728

ñóùåñòâóåò îïòèìàëüíîå ÷èñëî òåì íà êàæäîì óðîâíå

äâà óðîâíÿ ëó÷øå, ÷åì îäèí; ïðè ýòîì îïòèìàëüíîå ÷èñëî òåì óâåëè÷èâàåòñÿ
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Âëèÿíèå ìîäàëüíîñòåé íà êà÷åñòâî ïîèñêà

Âñå ðåãóëÿðèçàòîðû, òðè óðîâíÿ èåðàðõèè, îïòèìàëüíîå ÷èñëî òåì

Ìîäàëüíîñòè: Words, Bigrams, Authors, Comments, Tags, Hubs, Categories

Habrahabr Te
hCrun
h

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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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Âëèÿíèå ðåãóëÿðèçàòîðîâ íà êà÷åñòâî ïîèñêà

Âñå ìîäàëüíîñòè, òðè óðîâíÿ èåðàðõèè, îïòèìàëüíîå ÷èñëî òåì

�åãóëÿðèçàòîðû: De
orrelation, Θ-sparsing, Φ-smoothing, Hierar
hy interlevel sparsing

Habrahabr Te
hCrun
h

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

Ìîäåëè ñî ñëàáîé ðåãóëÿðèçàöèåé (PLSA, LDA) íå êîíêóðåíòíû
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Âëèÿíèå �óíêöèè áëèçîñòè ýìáåäèíãîâ íà êà÷åñòâî ïîèñêà

Âñå ðåãóëÿðèçàòîðû è ìîäàëüíîñòè, òðè óðîâíÿ èåðàðõèè, îïòèìàëüíîå ÷èñëî òåì

Ôóíêöèè áëèçîñòè: Eu
lidean, Cosine, Manhattan, Hellinger, Kullba
k�Leibler

Habrahabr Te
hCrun
h

Eu 
os Ma He KL Eu 
os Ma He KL

Pr�5 0.652 0.872 0.772 0.725 0.741 0.647 0.893 0.752 0.742 0.735

Pr�10 0.693 0.915 0.798 0.749 0.772 0.658 0.922 0.794 0.758 0.751

Pr�15 0.695 0.895 0.803 0.737 0.751 0.672 0.921 0.801 0.745 0.742

Pr�20 0.671 0.877 0.789 0.731 0.738 0.652 0.885 0.793 0.739 0.738

R�5 0.693 0.889 0.721 0.742 0.833 0.688 0.877 0.708 0.733 0.858

R�10 0.715 0.922 0.732 0.775 0.868 0.692 0.908 0.715 0.753 0.872

R�15 0.732 0.942 0.739 0.791 0.892 0.724 0.927 0.719 0.785 0.895

R�20 0.741 0.961 0.721 0.812 0.902 0.732 0.949 0.711 0.808 0.901

êîñèíóñíàÿ �óíêöèÿ áëèçîñòè óâåðåííî ëèäèðóåò
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Òåìàòè÷åñêîå ìîäåëèðîâàíèå è BigARTM

Êëþ÷åâûå ìåõàíèçìû BigARTM

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê

Êîíöåïöèÿ ðàçâåäî÷íîãî èí�îðìàöèîííîãî ïîèñêà

Èåðàðõè÷åñêàÿ ìîäåëü äëÿ òåìàòè÷åñêîãî ðàçâåäî÷íîãî ïîèñêà

Ïåðñïåêòèâû ðàçâèòèÿ òåìàòè÷åñêîãî ïîèñêà

Íàïðàâëåíèÿ äàëüíåéøåãî ðàçâèòèÿ BigARTM è åãî ïðèëîæåíèé

BigARTM:

óäîáñòâî ïîñòðîåíèÿ òåìàòè÷åñêèõ ìîäåëåé ïîñëåäîâàòåëüíîãî òåêñòà

ý��åêòèâíàÿ âñòðîåííàÿ òåìàòè÷åñêàÿ ñåãìåíòàöèÿ

àâòîìàòè÷åñêèé ïîäáîð êîý��èöèåíòîâ ðåãóëÿðèçàöèè è âåñîâ ìîäàëüíîñòåé

àâòîìàòè÷åñêîå èìåíîâàíèå è ñóììàðèçàöèÿ òåì

èíòåðïðåòèðóåìûå, ðàçðåæåííûå, èåðàðõè÷åñêèå, ìóëüòèÿçû÷íûå

òåìàòè÷åñêèå ýìáåäèíãè, ïðåäîáó÷åííûå ïî Âèêèïåäèè

Ïðèëîæåíèÿ � ïîèñêîâî-ðåêîìåíäàòåëüíûå ñåðâèñû:

ñîçäàíèå òåìàòè÷åñêèõ ïîäáîðîê è ¾êàðò çíàíèé¿

ñîñòàâëåíèå ðå�åðàòîâ è äàéäæåñòîâ

òåìàòè÷åñêèé àíàëèç íîâîñòíûõ ïîòîêîâ
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