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Äàíî: êîëëåêöèÿ òåêñòîâûõ äîêóìåíòîâ, p(w |d) = ndw
nd

Âåðîÿòíîñòíàÿ òåìàòè÷åñêàÿ ìîäåëü:

p(w |d) =
∑

t∈T

p(w |t)p(t|d) =
∑

t∈T

φwtθtd

Íàéòè: ïàðàìåòðû ìîäåëè φwt=p(w |t), θtd =p(t|d)

Ýòî çàäà÷à ñòîõàñòè÷åñêîãî ìàòðè÷íîãî ðàçëîæåíèÿ:

Hofmann T. Probabilisti Latent Semanti Indexing. ACM SIGIR, 1999.

Blei D., Ng A., Jordan M. Latent Dirihlet Alloation. NIPS-2001. JMLR 2003.
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Íàïîìèíàíèå. ARTM � àääèòèâíàÿ ðåãóëÿðèçàöèÿ

Ìàêñèìèçàöèÿ log ïðàâäîïîäîáèÿ ñ ðåãóëÿðèçàòîðîì R :
∑

d,w

ndw ln
∑

t

φwtθtd + R(Φ,Θ) → max
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 íîðìèðîâàíèÿ âåêòîðà.

Âîðîíöîâ Ê. Â. Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé êîëëåêöèé

òåêñòîâûõ äîêóìåíòîâ. Äîêëàäû �ÀÍ, 2014.
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EM-àëãîðèòì äëÿ ìóëüòèìîäàëüíîé ARTM

Wm � ñëîâàðü òåðìîâ 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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G.Bordea. Domain adaptive extration of topial hierarhies for expertise mining. 2013.
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Òåìàòè÷åñêèå ñïåêòðû

Ñòðàòåãèè èåðàðõè÷åñêîãî ðàçäåëåíèÿ òåì íà ïîäòåìû

Ïðîöåññ ïîñòðîåíèÿ èåðàðõèè òåì:

ñòðóêòóðà: äåðåâî / ìíîãîäîëüíûé ãðà�

íàïðàâëåíèå: ñíèçó ââåðõ / ñâåðõó âíèç / îäíîâðåìåííî

íàðàùèâàíèå: ïîâåðøèííîå / ïîñëîéíîå

îáó÷åíèå: áåç ó÷èòåëÿ / ïî ãîòîâûì ðóáðèêàòîðàì

Îòêðûòûå ïðîáëåìû:

�Despite reent ativity in the �eld of HPTMs, determining the

hierarhial model that best �ts a given data set, in terms of

the struture and size of the learned hierarhy, still remains

a hallenging task and an open issue.�

�The evaluation of hierarhial PTMs is also an open issue.�

Zavitsanos E., Paliouras G., Vouros G. A. Non-Parametri Estimation of Topi

Hierarhies from Texts with Hierarhial Dirihlet Proesses. 2011.
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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

�åãóëÿðèçàöèÿ òåìàòè÷åñêèõ èåðàðõèé

Ýêñïåðèìåíòû ñ èåðàðõè÷åñêèìè ìîäåëÿìè

Òåìàòè÷åñêèå ñïåêòðû

�åãóëÿðèçàòîð Φ: ðîäèòåëüñêèå òåìû êàê ïñåâäî-äîêóìåíòû

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

�îäèòåëüñêàÿ Φp ≈ ΦΨ, îòñþäà ðåãóëÿðèçàòîð ìàòðèöû Φ:

R(Φ,Ψ) = τ
∑

t∈T

∑

w∈W

nwt ln
∑

s∈S

φwsψst → max

�îäèòåëüñêèå òåìû t � ¾äîêóìåíòû¿ ñ ÷àñòîòàìè òåðìîâ nwt
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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

�åãóëÿðèçàöèÿ òåìàòè÷åñêèõ èåðàðõèé

Ýêñïåðèìåíòû ñ èåðàðõè÷åñêèìè ìîäåëÿìè

Òåìàòè÷åñêèå ñïåêòðû

�åãóëÿðèçàòîð Φ: ïîñòðîåíèå âòîðîãî óðîâíÿ ñ ïîäòåìàìè S

Äîáàâèì â êîëëåêöèþ |T | ïñåâäî-äîêóìåíòîâ ðîäèòåëüñêèõ òåì

ñ ÷àñòîòàìè òåðìîâ nwt = τntφwt , t ∈ T

ðîäèòåëüñêèé

óðîâåíü 1

äî÷åðíèé

óðîâåíü 2

Ìàòðèöà ñâÿçåé òåì ñ ïîäòåìàìè Ψ =
(

p(s|t)
)

îáðàçóåòñÿ

â ñòîëáöàõ ìàòðèöû Θ, ñîîòâåòñòâóþùèõ ïñåâäî-äîêóìåíòàì.

Chirkova N.A., Vorontsov K.V. Additive regularization for hierarhial multimodal topi

modeling. JMLDA, 2016.
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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

�åãóëÿðèçàöèÿ òåìàòè÷åñêèõ èåðàðõèé

Ýêñïåðèìåíòû ñ èåðàðõè÷åñêèìè ìîäåëÿìè

Òåìàòè÷åñêèå ñïåêòðû

�åãóëÿðèçàòîð Θ: ðîäèòåëüñêèå òåìû êàê ìîäàëüíîñòü

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:

∑

d∈D

nd KLt

(

p(t|d)
∥

∥

∥

∑

s∈S

p(t|s)p(s|d)
)

→ min
Θ,Ψ

,

ãäå Ψ = (ψts)T×S � (äðóãàÿ!) ìàòðèöà ñâÿçåé, ψts = p(t|s)

�îäèòåëüñêàÿ Θp ≈ ΨΘ, îòñþäà ðåãóëÿðèçàòîð ìàòðèöû Θ:

R(Θ,Ψ) = τ
∑

d∈D

∑

t∈T

ntd ln
∑

s∈S

ψtsθsd → max

�îäèòåëüñêèå òåìû t � ìîäàëüíîñòü ñ ÷àñòîòàìè òåðìîâ ntd
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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

�åãóëÿðèçàöèÿ òåìàòè÷åñêèõ èåðàðõèé

Ýêñïåðèìåíòû ñ èåðàðõè÷åñêèìè ìîäåëÿìè

Òåìàòè÷åñêèå ñïåêòðû

�åãóëÿðèçàòîð Θ: ïîñòðîåíèå âòîðîãî óðîâíÿ ñ ïîäòåìàìè S

Äîáàâèì â êàæäûé äîêóìåíò ìîäàëüíîñòü ðîäèòåëüñêèõ òåì

ñ ÷àñòîòàìè òåðìîâ ntd = τndθtd , t ∈ T

ðîäèòåëüñêèé

óðîâåíü 1

äî÷åðíèé

óðîâåíü 2

Ìàòðèöà ñâÿçåé òåì ñ ïîäòåìàìè Ψ =
(

p(t|s)
)

îáðàçóåòñÿ

â ñòðîêàõ ìàòðèöû Φ, ñîîòâåòñòâóþùèõ ðîäèòåëüñêèì òåìàì.

Chirkova N.A., Vorontsov K.V. Additive regularization for hierarhial multimodal topi

modeling. JMLDA, 2016.
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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

�åãóëÿðèçàöèÿ òåìàòè÷åñêèõ èåðàðõèé

Ýêñïåðèìåíòû ñ èåðàðõè÷åñêèìè ìîäåëÿìè

Òåìàòè÷åñêèå ñïåêòðû

Ýêñïåðèìåíò íà êîëëåêöèè ÌÌ�Î-ÈÎÈ

Ñðåäíåå ðàññòîÿíèå Õåëëèíãåðà ρ(Φp,ΦΨ̃) è ρ(Θp ,ΨΘ) äëÿ
ðåãóëÿðèçàòîðîâ R(Φ) è R(Θ) ïðè ïåðåõîäå ñ óðîâíÿ 1 íà 2:

�àçðåæèâàíèå Φ ñ 1-é èòåðàöèè �àçðåæèâàíèå Φ ñ 10-é èòåðàöèè

Âûâîäû. R(Θ) ïëîõî ïðèáëèæàåò Φp
. Ïðè ðàçðåæèâàíèè Φ

ñ 10-é èòåðàöèè R(Φ) õîðîøî ïðèáëèæàåò Φp
è Θp

Chirkova N. A., Vorontsov K. V. Additive regularization for hierarhial multimodal

topi modeling. JMLDA, 2016.
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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

�åãóëÿðèçàöèÿ òåìàòè÷åñêèõ èåðàðõèé

Ýêñïåðèìåíòû ñ èåðàðõè÷åñêèìè ìîäåëÿìè

Òåìàòè÷åñêèå ñïåêòðû

Ýêñïåðèìåíò íà êîëëåêöèè ÌÌ�Î-ÈÎÈ

Ñðåäíåå ðàññòîÿíèå Õåëëèíãåðà ρ(Φp,ΦΨ̃) è ρ(Θp ,ΨΘ) äëÿ
ðåãóëÿðèçàòîðîâ R(Φ) è R(Θ) ïðè ïåðåõîäå ñ óðîâíÿ 2 íà 3:

�àçðåæèâàíèå Φ ñ 1-é èòåðàöèè �àçðåæèâàíèå Φ ñ 10-é èòåðàöèè

Âûâîäû. R(Θ) ïëîõî ïðèáëèæàåò Φp
. Ïðè ðàçðåæèâàíèè Φ

ñ 10-é èòåðàöèè R(Φ) õîðîøî ïðèáëèæàåò Φp
è Θp

Chirkova N. A., Vorontsov K. V. Additive regularization for hierarhial multimodal

topi modeling. JMLDA, 2016.
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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

�åãóëÿðèçàöèÿ òåìàòè÷åñêèõ èåðàðõèé

Ýêñïåðèìåíòû ñ èåðàðõè÷åñêèìè ìîäåëÿìè

Òåìàòè÷åñêèå ñïåêòðû

Âûâîäû

R(Φ) ëó÷øå R(Θ), ò.ê. äîáàâëÿòü ïñåâäî-äîêóìåíòû
óäîáíåå, ÷åì âñòàâëÿòü ìîäàëüíîñòè â êàæäûé äîêóìåíò

R(Φ) õîðîøî ïðèáëèæàåò Φp ≈ ΦΨ̃ è Θp ≈ ΨΘ
ïðè îñòîðîæíîì (ñ 10-é èòåðàöèè) ðàçðåæèâàíèè Φ

R(Θ) ïðèáëèæàåò òîëüêî Θp ≈ ΨΘ

ñèëüíîå ðàçðåæèâàíèå ψts ∈ {0, 1} äà¼ò èåðàðõèþ�äåðåâî

íåëüçÿ äîïóñêàòü âûðîæäåíèÿ ψts = p(t|s) ≡ 0

Òðóäíûå è/èëè îòêðûòûå ïðîáëåìû:

òåìàòè÷åñêèå èåðàðõèè ñ âåòâëåíèåì ðàçëè÷íîé ãëóáèíû

àâòîìàòè÷åñêîå îöåíèâàíèå êà÷åñòâà èåðàðõèè

àâòîìàòè÷åñêîå èìåíîâàíèå ïîäòåì ñ ó÷¼òîì ðîäèòåëüñêîé

îïðåäåëåíèå òèïà äîêóìåíòà ïî åãî ñëåäó â èåðàðõèè
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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

�åãóëÿðèçàöèÿ òåìàòè÷åñêèõ èåðàðõèé

Ýêñïåðèìåíòû ñ èåðàðõè÷åñêèìè ìîäåëÿìè

Òåìàòè÷åñêèå ñïåêòðû

Âèçóàëèçàöèÿ òåìàòè÷åñêîé èåðàðõèè

Òåêñòû íàó÷íî-ïðîñâåòèòåëüñêîãî ðåñóðñà Postnauka.ru:

2976 äîêóìåíòîâ, 43196 ñëîâ, 1799 òåãîâ

Äëÿ èìåíîâàíèÿ òåìû èñïîëüçóþòñÿ òðè òîïîâûõ ñëîâà òåìû

Chirkova N.A., Vorontsov K.V. Additive regularization for hierarhial multimodal topi

modeling. JMLDA, 2016.

BelyyA.V., SeleznovaM.S., Sholokhov A.K., Vorontsov K.V. Quality Evaluation and

Improvement for Hierarhial Topi Modeling. Dialogue 2018.
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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

�åãóëÿðèçàöèÿ òåìàòè÷åñêèõ èåðàðõèé

Ýêñïåðèìåíòû ñ èåðàðõè÷åñêèìè ìîäåëÿìè

Òåìàòè÷åñêèå ñïåêòðû

Èåðàðõè÷åñêèé ñïåêòð òåì (êîëëåêöèÿ postnauka.ru)
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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

�åãóëÿðèçàöèÿ òåìàòè÷åñêèõ èåðàðõèé

Ýêñïåðèìåíòû ñ èåðàðõè÷åñêèìè ìîäåëÿìè

Òåìàòè÷åñêèå ñïåêòðû

Ïîñòðîåíèå ñïåêòðà òåì. Ïîñòàíîâêà çàäà÷è

Òåìàòè÷åñêèé ñïåêòð � òàêàÿ ïåðåñòàíîâêà òåì t1, . . . , t|T |, ÷òî

ñóììà ðàññòîÿíèé ìåæäó ñîñåäíèìè òåìàìè ìèíèìàëüíà:

|T |
∑

i=2

ρ(ti , ti−1) → min

Ôóíêöèÿ ðàññòîÿíèÿ ρ(t, t ′) ìåæäó òåìàìè, ïðèìåðû:

Ìàíõýòòåíñêîå: ρ(t, t ′) =
∑

w∈W

∣

∣φwt − φwt′
∣

∣

Õåëëèíãåðà: ρ2(t, t ′) = 1
2

∑

w∈W

(
√

φwt −
√

φwt′
)2

Æàêêàðà: ρ(t, t ′) = 1−
|Wt ∩Wt′ |

|Wt ∪Wt′ |
, Wt =

{

w : φwt >
1

|W |

}
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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

�åãóëÿðèçàöèÿ òåìàòè÷åñêèõ èåðàðõèé

Ýêñïåðèìåíòû ñ èåðàðõè÷åñêèìè ìîäåëÿìè

Òåìàòè÷åñêèå ñïåêòðû

Ïîñòðîåíèå ñïåêòðà òåì � ýòî çàäà÷à êîììèâîÿæ¼ðà

Çàäà÷à TSP (traveling salesman problem)

Íàéòè ïóòü ìèíèìàëüíîé ñóììàðíîé ñòîèìîñòè, ñîåäèíÿþùèé

T ãîðîäîâ òàê, ÷òîáû â êàæäîì ãîðîäå ïîáûâàòü îäèí ðàç.

Àëãîðèòì Ëèíà�Êåðíèãàíà â ðåàëèçàöèè Õåëüñãàóíà

� ëó÷øèé äëÿ ðåøåíèÿ çàäà÷è TSP

(ïî äàííûì Enylopedia of operations researh íà 2013 ãîä)

Âû÷èñëèòåëüíàÿ ñëîæíîñòü àëãîðèòì � O(T 2.2).

Äðóãèå àëãîðèòìû îêàçàëèñü íå òîëüêî ìåäëåííåå,

íî è õóæå ïî êà÷åñòâó òåìàòè÷åñêèõ ñïåêòðîâ.

Keld Helsgaun. An e�etive implementation of the Lin�Kernighan traveling salesman

heuristi. EJOR, 2000.

Äìèòðèé Ôåäîðÿêà. Òåõíîëîãèÿ èíòåðàêòèâíîé âèçóàëèçàöèè òåìàòè÷åñêèõ

ìîäåëåé. Áàêàëàâðñêàÿ äèññåðòàöèÿ. ÌÔÒÈ, 2017.
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

�åãóëÿðèçàöèÿ òåìàòè÷åñêèõ èåðàðõèé

Ýêñïåðèìåíòû ñ èåðàðõè÷åñêèìè ìîäåëÿìè

Òåìàòè÷åñêèå ñïåêòðû

Èåðàðõè÷åñêàÿ òåìàòèçàöèÿ êîëëåêöèè íàó÷íûõ ïóáëèêàöèé

Ñëåä äîêóìåíòà â ãëóáîêîé òåìàòè÷åñêîé èåðàðõèè îïðåäåëÿåò

åãî òèï � ñòåïåíü ñïåöèàëèçàöèè, íàçíà÷åíèå, àóäèòîðèþ:

óçêî ñïåöèàëèçèðîâàííûé,

äëÿ ïðî�åññèîíàëîâ

ìåæäèñöèïëèíàðíîå èññëåäîâàíèå,

äëÿ ïðî�åññèîíàëîâ

îáçîðíûé,

äëÿ îçíàêîìëåíèÿ ñ ïðåäìåòíîé îáëàñòüþ

ïîïóëÿðíûé èëè ýíöèêëîïåäè÷åñêèé,

äëÿ ñàìîîáðàçîâàíèÿ, ðàñøèðåíèÿ êðóãîçîðà
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

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)

óäàëåíà ïóíêòóàöèÿ, ¼→å, ëåììàòèçàöèÿ pymorphy2

Àíàñòàñèÿ ßíèíà. Òåìàòè÷åñêèå è íåéðîñåòåâûå ìîäåëè ÿçûêà äëÿ ðàçâåäî÷íîãî

èí�îðìàöèîííîãî ïîèñêà. Äèññåðòàöèÿ ê.�.-ì.í., ÌÔÒÈ. 2022.
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

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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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

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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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

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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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

Âåêòîðíûé ïîèñê òåìàòè÷åñêè áëèçêèõ äîêóìåíòîâ

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: âåêòîðíûé èíäåêñ äëÿ áûñòðîãî ïîèñêà

äîêóìåíòîâ d ïî êàæäîé èç òåì t çàïðîñà

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

searh in teh news. AINL, 2017.

A.Ianina, K.Vorontsov. Regularized multimodal hierarhial topi model for

doument-by-doument exploratory searh. FRUCT�ISMW, 2019.
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

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 =
2PR

P + R
� F1-ìåðà

TP (true positive) � íàéäåííûå ðåëåâàíòíûå

FP (false positive) � íàéäåííûå íåðåëåâàíòíûå

FN (false negative) � íåíàéäåííûå ðåëåâàíòíûå
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

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 (2001)

ARTM: òåìàòè÷åñêàÿ ìîäåëü ñ òðåìÿ ðåãóëÿðèçàòîðàìè

hARTM: èåðàðõè÷åñêèå ìîäåëè ARTM 2õ è 3õ óðîâíåé

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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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

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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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

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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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

�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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òî÷íîñòü âûøå ó àñåññîðîâ, ïîëíîòà � ó ïîèñêîâèêà
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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

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. Regularized multimodal hierarhial topi model for

doument-by-doument exploratory searh. 2019.
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

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. Regularized multimodal hierarhial topi model for

doument-by-doument exploratory searh. 2019.
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

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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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

Âëèÿíèå ÷èñëà òåì íà êà÷åñòâî ïîèñêà

Habrahabr. Âñå ðåãóëÿðèçàòîðû è ìîäàëüíîñòè, äâà óðîâíÿ

|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

óâåëè÷èâàåòñÿ îïòèìàëüíîå ÷èñëî òåì íà íèæíåì óðîâíå
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

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

òðè óðîâíÿ ëó÷øå, ÷åì îäèí èëè äâà

óâåëè÷èâàåòñÿ îïòèìàëüíîå ÷èñëî òåì íà íèæíåì óðîâíå

Ê.Â. Âîðîíöîâ (k.v.vorontsov�physteh.edu) Âåðîÿòíîñòíûå òåìàòè÷åñêèå ìîäåëè 37 / 51



Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

Âëèÿíèå ÷èñëà òåì íà êà÷åñòâî ïîèñêà

TehCrunh. Âñå ðåãóëÿðèçàòîðû è ìîäàëüíîñòè, äâà óðîâíÿ

|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

óâåëè÷èâàåòñÿ îïòèìàëüíîå ÷èñëî òåì íà íèæíåì óðîâíå
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

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

òðè óðîâíÿ ëó÷øå, ÷åì îäèí èëè äâà

óâåëè÷èâàåòñÿ îïòèìàëüíîå ÷èñëî òåì íà íèæíåì óðîâíå
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

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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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

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

ìîäåëè ñî ñëàáîé ðåãóëÿðèçàöèåé (PLSA, LDA) ñëàáû
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

Âëèÿíèå �óíêöèè áëèçîñòè íà êà÷åñòâî ïîèñêà

Âñå ðåãóëÿðèçàòîðû è ìîäàëüíîñòè, 3 óðîâíÿ, îïòèìàëüíîå |T |
Ôóíêöèè áëèçîñòè: Eulidean, Cosine, Manhattan, Hellinger, KL-div

Habrahabr TehCrunh

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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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

Âûâîäû ïî ðåçóëüòàòàì ýêñïåðèìåíòîâ

�åãóëÿðèçàòîðû, óëó÷øàþùèå èíòåðïðåòèðóåìîñòü òåì,

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 óëó÷øàåò êà÷åñòâî ïîèñêà

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, ò. ê. îíè îáó÷àþòñÿ áåç ó÷èòåëÿ

Ïðè òùàòåëüíîé îïòèìèçàöèè òåìàòè÷åñêèé ïîèñê

ïðåâîñõîäèò êàê àñåññîðîâ, òàê è êîíêóðèðóþùèå ìîäåëè

A.Ianina, K.Vorontsov. Regularized multimodal hierarhial topi model for

doument-by-doument exploratory searh. 2019.

Ê.Â. Âîðîíöîâ (k.v.vorontsov�physteh.edu) Âåðîÿòíîñòíûå òåìàòè÷åñêèå ìîäåëè 43 / 51



Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

Òåìàòè÷åñêàÿ ìîäåëü äëÿ íàó÷íîãî ïîèñêà äîëæíà áûòü...

1

Èíòåðïðåòèðóåìàÿ: îáúÿñíÿòü ñìûñë êàæäîé òåìû

2

Èåðàðõè÷åñêàÿ: ðàçäåëÿòü òåì íà ïîäòåìû

3

Õðîíîëîãè÷åñêàÿ: ïðîñëåæèâàòü òåìû âî âðåìåíè

4

Ìóëüòèìîäàëüíàÿ: ñëîâà, àâòîðû, êàòåãîðèè, ñâÿçè, òåãè,...

5

Ìóëüòèãðàììíàÿ: ñëîâà, òåðìèíû-ñëîâîñî÷åòàíèÿ

6

Ìóëüòèÿçû÷íàÿ äëÿ êðîññ- è ìíîãî-ÿçûêîâîãî ïîèñêà

7

Ñåãìåíòèðóþùàÿ äîêóìåíò íà òåìàòè÷åñêèå áëîêè

8

Îáó÷àåìàÿ ïî îáðàòíîé ñâÿçè ñ ïîëüçîâàòåëÿìè

9

Îïðåäåëÿþùàÿ ÷èñëî òåì àâòîìàòè÷åñêè

10

Ñîçäàþùàÿ è èìåíóþùàÿ íîâûå òåìû àâòîìàòè÷åñêè

11

Îíëàéíîâàÿ: îáðàáàòûâàòü ïîòîê äîêóìåíòîâ

12

Ïàðàëëåëüíàÿ, ðàñïðåäåë¼ííàÿ ïðè áîëüøèõ äàííûõ
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ýêñïåðèìåíòû ñ òåìàòè÷åñêèì ïîèñêîì

Ìåòîäèêà èçìåðåíèÿ êà÷åñòâà ïîèñêà

Òåìàòè÷åñêàÿ ìîäåëü äëÿ äîêóìåíòíîãî ïîèñêà

Îïòèìèçàöèÿ ãèïåðïàðàìåòðîâ

�åçþìå

�àçâåäî÷íûé èí�îðìàöèîííûé ïîèñê (exploratory searh):

ýòî ïîèñê ïî ñìûñëó, à íå ïî êëþ÷åâûì ñëîâàì

ñòðîèòñÿ íà âåêòîðíûõ ïðåäñòàâëåíèÿõ òåêñòà

(òåìàòè÷åñêèõ èëè íåéðîñåòåâûõ ýìáåäèíãàõ òåêñòà)

òðåáóåò îò òåìàòè÷åñêèõ ìîäåëåé ìíîãî�óíêöèîíàëüíîñòè

ÿâëÿåòñÿ îäíîé èç ãëàâíûõ ìîòèâàöèé äëÿ ARTM,

â òîì ÷èñëå äëÿ ìóëüòèìîäàëüíûõ è èåðàðõè÷åñêèõ ARTM

Îòêðûòûå ïðîáëåìû:

òåìàòèçàöèÿ ïîäáîðîê ñ äèñáàëàíñîì òåì

àâòîìàòè÷åñêîå èìåíîâàíèå è ñóììàðèçàöèÿ òåì

ý��åêòèâíûå ìåòîäû âèçóàëèçàöèè (êàðòèðîâàíèÿ)
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Íàïîìèíàíèå. Êàêèìè áóäóò çàäàíèÿ ïî êóðñó

Çàäà÷à-ìèíèìóì: íàó÷èòüñÿ ðåøàòü çàäà÷è NLP

ñ èñïîëüçîâàíèåì òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ â BigARTM

Çàäà÷à-ìàêñèìóì: ñäåëàòü ïîëåçíîå ìèíè-èññëåäîâàíèå

âèäû äåÿòåëüíîñòè îöåíêà

òåîðåòè÷åñêèå çàäàíèÿ

∑

i Xi

ðåøåíèå ïðèêëàäíîé çàäà÷è 5X
îáçîð ïî NeuralTM 5X
èíòåãðàöèÿ ARTM â pyTorh 5X
ó÷àñòèå â îäíîì èç ïðîåêòîâ 10X
ðàáîòà íàä îòêðûòîé ïðîáëåìîé 10X

ãäå X � îöåíêà çà âèä äåÿòåëüíîñòè ïî 5-áàëëüíîé øêàëå.

Èòîãîâàÿ îöåíêà: min
(

10, ⌊sore/5⌋
)

ïî 10-áàëëüíîé øêàëå.



Âàðèàíò çàäàíèÿ: ó÷àñòèå â ïðîåêòå ¾Ìàñòåðñêàÿ çíàíèé¿

Äàíî:

ïîäáîðêè, ñãåíåðèðîâàííûå SiRus ïî îäíîé ñòàòüå

àñåññîðñêàÿ ðàçìåòêà ñòàòåé ïîäáîðêè ïî ðåëåâàíòíîñòè

íåñêîëüêî âàðèàíòîâ òîêåíèçàöèè

� â òîì ÷èñëå ñ àâòîìàòè÷åñêèì âûäåëåíèåì òåðìèíîâ

Íàéòè:

òåìàòè÷åñêóþ ìîäåëü

ìîäåëü ðàíæèðîâàíèÿ ïîäáîðêè ïî ðåëåâàíòíîñòè

îïòèìàëüíûå: òîêåíèçàöèþ, ÷èñëî òåì, ðåãóëÿðèçàòîðû

ðàñïðåäåëåíèå òåðìèíîâ ïî òåìàòè÷íîñòè

Êðèòåðèé:

êà÷åñòâî ðàíæèðîâàíèÿ

(âèçóàëüíî) èíòåðïðåòèðóåìîñòü òåì

� â òîì ÷èñëå àâòîìàòè÷åñêîãî èìåíîâàíèÿ òåì
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Óïðàæíåíèÿ íà ïðèíöèï ìàêñèìóìà ïðàâäîïîäîáèÿ:

1. Óíèãðàììíàÿ ìîäåëü äîêóìåíòîâ: p(w |d) = ξdw
Íàéòè ïàðàìåòðû ìîäåëè ξdw .

2. Óíèãðàììíàÿ ìîäåëü êîëëåêöèè: p(w |d) = ξw äëÿ âñåõ d

Íàéòè ïàðàìåòðû ìîäåëè ξw .

Ïîäñêàçêà: ïðèìåíèòü óñëîâèÿ ÊÊÒ èëè îñíîâíóþ ëåììó.

3. (áîëåå òâîð÷åñêîå çàäàíèå)

Ïðåäëîæèòå ìîäåëü, îïðåäåëÿþùóþ ðîëè ñëîâ â òåêñòàõ:

� òåìàòè÷åñêèå ñëîâà

� ñïåöè�è÷íûå ñëîâà äîêóìåíòà (øóì)

� ñëîâà îáùåé ëåêñèêè (�îí)

Ïîäñêàçêà 1: èñêàòü ðàñïðåäåëåíèå ðîëåé ñëîâ p(r |w), r ∈ {ò,ø,�}.
Ïîäñêàçêà 2: ìîæíî ðàçðåæèâàòü p(r |w) äëÿ æ¼ñòêîãî îïðåäåëåíèÿ ðîëåé.

Ïîäñêàçêà 3: ìîæíî èñïîëüçîâàòü äîêóìåíòíóþ ÷àñòîòó ñëîâ.
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4. Çàìåíèì log äðóãîé ìîíîòîííî âîçðàñòàþùåé �óíêöèåé µ:

∑

d∈D

∑

w∈d

ndwµ

(

∑

t∈T

φwtθtd

)

+ R(Φ,Θ) → max
Φ,Θ

Êàê èçìåíèòñÿ ÅÌ-àëãîðèòì? Âîçìîæíî ëè ïîäîáðàòü

�óíêöèþ µ òàê, ÷òîáû ñîêðàòèëñÿ îáú¼ì âû÷èñëåíèé?

5. Çàìåíèì log ìîíîòîííî âîçðàñòàþùåé �óíêöèåé µ
â ðåãóëÿðèçàòîðå ñãëàæèâàíèÿ�ðàçðåæèâàíèÿ (ìîäåëü LDA):

R(Φ,Θ) =
∑

t∈T

∑

w∈W

βwµ(φwt) +
∑

d∈D

∑

t∈T

αtµ(θtd ).

Êàê èçìåíèòñÿ Ì-øàã è âîçäåéñòâèå ðåãóëÿðèçàòîðà íà ìîäåëü?

6. Êàêîìó ðåãóëÿðèçàòîðó ñîîòâåòñòâóåò �îðìóëà Ì-øàãà

φwt = norm
w

(

nwt [nwt > γnt ]
)
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Àíàëèòèê ïîñòðîèë òåìàòè÷åñêóþ ìîäåëü Φ0
, Θ0

è îòìåòèë ñðåäè ñòîëáöîâ ìàòðèöû Φ0
òåìû äâóõ òèïîâ:

óäà÷íûå T+ ⊂ T è íåóäà÷íûå T− ⊂ T .

Òåïåðü îí õî÷åò ïîñòðîèòü ìîäåëü åù¼ ðàç òàê, ÷òîáû

óäà÷íûå òåìû îñòàëèñü â ìàòðèöå Φ;

îñòàëüíûå òåìû ïîñòðîèëèñü ïî-äðóãîìó è áûëè íå ïîõîæè

íà êàæäóþ èç íåóäà÷íûõ òåì t ∈ T−.

7. Ïðåäëîæèòå ðåãóëÿðèçàòîðû äëÿ ýòîãî.

8. Íå ïîëó÷èòñÿ ëè òàê, ÷òî íîâûå òåìû áóäóò îòäàëÿòüñÿ

îò ñóììû íåóäà÷íûõ òåì

∑

t∈T−
φ0wt âìåñòî òîãî, ÷òîáû

îòäàëÿòüñÿ îò êàæäîé èç íåóäà÷íûõ òåì ïî îòäåëüíîñòè?

Ïî÷åìó ýòî ïëîõî è êàê ýòîãî èçáåæàòü?

9. Ïðåäëîæèòå ñïîñîá èíèöèàëèçàöèè Φ äëÿ íîâîé ìîäåëè.
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10. Äëÿ èåðàðõè÷åñêîé òåìàòè÷åñêîé ìîäåëè ñ ðåã. R(Φ,Ψ)
ïðåäëîæèòå ñïîñîá ðàçðåæèâàíèÿ ìàòðèöû ñâÿçåé

Ψ =
(

p(s|t)
)

, ãàðàíòèðóþùèé, ÷òî

1) ó êàæäîé ðîäèòåëüñêîé òåìû áóäåò õîòÿ áû îäíà äî÷åðíÿÿ;

2) ó êàæäîé äî÷åðíåé òåìû áóäåò õîòÿ áû îäíà ðîäèòåëüñêàÿ.

Ïîäñêàçêà: ìîæíî ïðèäóìûâàòü êðèòåðèé ðåãóëÿðèçàöèè, à ìîæíî �

�îðìóëó Ì-øàãà äëÿ ìàòðèöû Ψ.

11. Ïðåäëîæèòå ñïîñîá ãàðàíòèðîâàòü, ÷òî åñëè ðîäèòåëüñêàÿ

òåìà t ïîëó÷àåò òîëüêî îäíó äî÷åðíþþ s, òî îíà ïåðåõîäèò

â íå¼ öåëèêîì è êàê ðàñïðåäåëåíèå: p(w |s) = p(w |t).

12. Ïðåäëîæèòå ñïîñîá ñîãëàñîâàíèÿ âåðîÿòíîñòíûõ ñìåñåé

p(w |t) ≈
∑

s∈S

p(w |s)p(s|t) è p(t|d) ≈
∑

s∈S

p(t|s)p(s|d)

ñ ó÷¼òîì òîæäåñòâà p(s|t)p(t) = p(t|s)p(s).
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