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Äàíî: êîëëåêöèÿ òåêñòîâûõ äîêóìåíòîâ

ndw � ÷àñòîòû òåðìèíîâ â äîêóìåíòàõ, p(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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ARTM � Àääèòèâíàÿ �åãóëÿðèçàöèÿ Òåìàòè÷åñêèõ Ìîäåëåé

Ìàêñèìèçàöèÿ log ïðàâäîïîäîáèÿ ñ ðåãóëÿðèçàòîðîì R :

∑

d,w

ndw ln
∑

t

φwtθtd +R(Φ,Θ) → max
Φ,Θ

; R(Φ,Θ) =
∑

i

τiRi(Φ,Θ)

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:







ptdw = norm
t∈T

(
φwtθtd

)

φwt = norm
w∈W

(
∑

d∈D

ndwptdw + φwt
∂R
∂φwt

)

θtd = norm
t∈T

(
∑

w∈d

ndwptdw + θtd
∂R
∂θtd

)

Âîðîíöîâ Ê. Â. Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

êîëëåêöèé òåêñòîâûõ äîêóìåíòîâ. Äîêëàäû �ÀÍ. 2014.
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Ìóëüòèìîäàëüíàÿ ARTM

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

W = W 1 ⊔ · · · ⊔WM
� îáúåäèí¼ííûé ñëîâàðü âñåõ ìîäàëüíîñòåé

Ìàêñèìèçàöèÿ ñóììû log ïðàâäîïîäîáèé ñ ðåãóëÿðèçàöèåé:

∑

m∈M

τm
∑

d∈D

∑

w∈Wm

ndw ln
∑

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

(

nwt + φwt
∂R
∂φwt

)

, nwt =
∑

d∈D

τm(w)ndwptdw

θtd = norm
t∈T

(

ntd + θtd
∂R
∂θtd

)

, ntd =
∑

w∈d

τm(w)ndwptdw
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�åãóëÿðèçàòîð äëÿ êëàññè�èêàöèè è êàòåãîðèçàöèè òåêñòîâ

Y � ìíîæåñòâî êëàññîâ;

ndy = [äîêóìåíò d îòíîñèòñÿ ê êëàññó y ] � îáó÷àþùèå äàííûå;

p(y |d) =
∑

t∈T

φytθtd � ëèíåéíàÿ ìîäåëü êëàññè�èêàöèè.

�åãóëÿðèçàòîð � ïðàâäîïîäîáèå ìîäàëüíîñòè êëàññîâ:

R(Φ,Θ) = τ
∑

d∈D

∑

y∈Y

ndy ln
∑

t∈T

φytθtd → max,

ýòî òåìàòè÷åñêàÿ ìîäåëü ñ äâóìÿ ìîäàëüíîñòÿìè, W è Y .

ÒÌ ïðåâîñõîäèò SVM â ñëó÷àå íåñáàëàíñèðîâàííûõ êëàññîâ.

Rubin T. N., Chambers A., Smyth P., Steyvers M. Statisti
al topi
 models for

multi-label do
ument 
lassi�
ation. Ma
hine Learning, 2012.

Vorontsov, Frei, Apishev, Romov, Suvorova, Yanina. Non-Bayesian additive

regularization for multimodal topi
 modeling of large 
olle
tions. CIKM-2015 WTM.
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�åãóëÿðèçàòîð äëÿ çàäà÷ ðåãðåññèè

yd ∈ R äëÿ âñåõ äîêóìåíòîâ d � îáó÷àþùèå äàííûå.

E (y |d) =
∑

t∈T

vtθtd � ëèíåéíàÿ ìîäåëü ðåãðåññèè, v ∈ R
|T |

.

�åãóëÿðèçàòîð � ñðåäíåêâàäðàòè÷íàÿ îøèáêà (ÌÍÊ):

R(Θ, v) = −τ
∑

d∈D

(

yd −
∑

t∈T

vtθtd

)2
→ max

Ïîäñòàâëÿåì, ïîëó÷àåì �îðìóëû Ì-øàãà:

θtd = norm
t∈T

(

ntd + τvtθtd

(

yd −
∑

t∈T

vtθtd

))

;

v = (ΘΘò)−1Θy .

Sokolov E., Bogolubsky L. Topi
 Models Regularization and Initialization for

Regression Problems // CIKM-2015 Workshop on Topi
 Models. ACM, pp. 21�27.
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Ïðèìåðû çàäà÷ ðåãðåññèè íà òåêñòàõ

MovieReview [Pang, Lee, 2005℄

d � òåêñò îòçûâà íà �èëüì

yd � ðåéòèíã �èëüìà (1..5), ïîñòàâëåííûé àâòîðîì îòçûâà

Salary (kaggle.
om: Adzuna Job Salary Predi
tion)

d � îïèñàíèå âàêàíñèè, ïðåäëàãàåìîé ðàáîòîäàòåëåì

yd � ãîäîâàÿ çàðïëàòà

Yelp (kaggle.
om: Yelp Re
ruiting Competition)

d � îòçûâ (íà ðåñòîðàí, îòåëü, ñåðâèñ è ò.ï.)

yd � ÷èñëî ãîëîñîâ ¾useful¿, êîòîðûå ïîëó÷èò îòçûâ

Ïðîãíîçèðîâàíèå èçìåíåíèé öåí íà �èíàíñîâûõ ðûíêàõ

d � òåêñò íîâîñòè

yd � èçìåíåíèå öåíû â ïîñëåäóþùèå 10�60 ìèíóò

B. Pang, L. Lee. Seeing stars: Exploiting 
lass relationships for sentiment


ategorization with respe
t to rating s
ales // ACL, 2005.
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Ïàðàëëåëüíûå è ñðàâíèìûå êîðïóñà òåêñòîâ

Parallel � òî÷íûé ïåðåâîä (ñ âûðàâíèâàíèåì ïðåäëîæåíèé),

ïðèìåð: EuroParl, ïðîòîêîëû åâðîïàðëàìåíòà, 21 ÿçûê.

Comparable � íå ïåðåâîä, à ïåðåñêàç íà äðóãîì ÿçûêå,

ïðèìåð: Âèêèïåäèÿ.

Ìóëüòèÿçû÷íûå ìîäåëè (ML-LDA, PLTM, BiLDA)

êàæäûé ÿçûê � îòäåëüíàÿ ìîäàëüíîñòü,

W ℓ
� ñëîâàðü ÿçûêà ℓ èç ìíîæåñòâà ÿçûêîâ L.

θtd = p(t|d) îáùåå äëÿ âñåõ ñâÿçíûõ äîêóìåíòîâ d =
⊔

ℓ∈L

d ℓ

Äîïîëíèòåëüíûå äàííûå � äâóÿçû÷íûå ñëîâàðè:

Πk(w) ⊂ W k
� âñå ïåðåâîäû ñëîâà w ∈ W ℓ

â ÿçûêå k

âûðàâíèâàíèå äîêóìåíòîâ ïî ïðåäëîæåíèÿì

I. Vuli�
, W.De Smet, J. Tang, M.-F.Moens. Probabilisti
 topi
 modeling in

multilingual settings: an overview of its methodology and appli
ations. 2015
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Ïðèìåð òåì. Ìóëüòèÿçû÷íàÿ ìîäåëü Âèêèïåäèè

216 175 ðóññêî-àíãëèéñêèõ ïàð ñòàòåé. ßçûêè � ìîäàëüíîñòè.

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

Òåìà �68 Òåìà �79

resear
h 4.56 èíñòèòóò 6.03 goals 4.48 ìàò÷ 6.02

te
hnology 3.14 óíèâåðñèòåò 3.35 league 3.99 èãðîê 5.56

engineering 2.63 ïðîãðàììà 3.17 
lub 3.76 ñáîðíàÿ 4.51

institute 2.37 ó÷åáíûé 2.75 season 3.49 �ê 3.25

s
ien
e 1.97 òåõíè÷åñêèé 2.70 s
ored 2.72 ïðîòèâ 3.20

program 1.60 òåõíîëîãèÿ 2.30 
up 2.57 êëóá 3.14

edu
ation 1.44 íàó÷íûé 1.76 goal 2.48 �óòáîëèñò 2.67


ampus 1.43 èññëåäîâàíèå 1.67 apps 1.74 ãîë 2.65

management 1.38 íàóêà 1.64 debut 1.69 çàáèâàòü 2.53

programs 1.36 îáðàçîâàíèå 1.47 mat
h 1.67 êîìàíäà 2.14

Àñåññîð îöåíèë 396 òåì èç 400 êàê õîðîøî èíòåðïðåòèðóåìûå.

Vorontsov, Frei, Apishev, Romov, Suvorova. BigARTM: Open Sour
e Library

for Regularized Multimodal Topi
 Modeling of Large Colle
tions. AIST-2015.
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Ïðèìåð òåì. Ìóëüòèÿçû÷íàÿ ìîäåëü Âèêèïåäèè

216 175 ðóññêî-àíãëèéñêèõ ïàð ñòàòåé. ßçûêè � ìîäàëüíîñòè.

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

Òåìà �88 Òåìà �251

opera 7.36 îïåðà 7.82 windows 8.00 windows 6.05


ondu
tor 1.69 îïåðíûé 3.13 mi
rosoft 4.03 mi
rosoft 3.76

or
hestra 1.14 äèðèæåð 2.82 server 2.93 âåðñèÿ 1.86

wagner 0.97 ïåâåö 1.65 software 1.38 ïðèëîæåíèå 1.86

soprano 0.78 ïåâèöà 1.51 user 1.03 ñåðâåð 1.63

performan
e 0.78 òåàòð 1.14 se
urity 0.92 server 1.54

mozart 0.74 ïàðòèÿ 1.05 mit
hell 0.82 ïðîãðàììíûé 1.08

sang 0.70 ñîïðàíî 0.97 ora
le 0.82 ïîëüçîâàòåëü 1.04

singing 0.69 âàãíåð 0.90 enterprise 0.78 îáåñïå÷åíèå 1.02

operas 0.68 îðêåñòð 0.82 users 0.78 ñèñòåìà 0.96

Àñåññîð îöåíèë 396 òåì èç 400 êàê õîðîøî èíòåðïðåòèðóåìûå.

Vorontsov, Frei, Apishev, Romov, Suvorova. BigARTM: Open Sour
e Library

for Regularized Multimodal Topi
 Modeling of Large Colle
tions. AIST-2015.
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Ìóëüòèÿçû÷íûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Ñòðàòåãèè ïîñòðîåíèÿ òåìàòè÷åñêèõ èåðàðõèé:

ñòðóêòóðà èåðàðõèè: äåðåâî / ìíîãîäîëüíûé ãðà�

íàïðàâëåíèå: ñíèçó ââåðõ / ñâåðõó âíèç / îäíîâðåìåííî

íàðàùèâàíèå: ïîâåðøèííîå / ïîñëîéíîå

Îòêðûòûå ïðîáëåìû:

�Despite re
ent a
tivity in the �eld of HPTMs, determining the

hierar
hi
al model that best �ts a given data set, in terms of

the stru
ture and size of the learned hierar
hy, still remains

a 
hallenging task and an open issue.�

�The evaluation of hierar
hi
al PTMs is also an open issue.�

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


Hierar
hies from Texts with Hierar
hi
al Diri
hlet Pro
esses. 2011.
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

�åãóëÿðèçàòîð ðîäèòåëüñêèõ òåì (ðåàëèçîâàí â BigARTM)

Øàã 1. Ñòðîèì ìîäåëü ñ íåáîëüøèì ÷èñëîì òåì.

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

Ñòðîèì ìíîæåñòâî äî÷åðíèõ òåì S (subtopi
s), |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).

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 ñëîâ nwt .
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Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Âèçóàëèçàöèÿ äðåâîâèäíûõ èåðàðõèé (FoamTree)

https://
arrotsear
h.
om/foamtree-overview
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Âèçóàëèçàöèÿ äðåâîâèäíûõ èåðàðõèé (FoamTree)

https://
arrotsear
h.
om/foamtree-overview
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Êëàññè�èêàöèÿ è ðåãðåññèÿ íà òåêñòàõ

Ìóëüòèÿçû÷íûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Âèçóàëèçàöèÿ äðåâîâèäíûõ èåðàðõèé

Georgeta Bordea. Domain adaptive extra
tion of topi
al hierar
hies for

Expertise Mining. 2013.
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Âèçóàëèçàöèÿ äðåâîâèäíûõ èåðàðõèé

Georgeta Bordea. Domain adaptive extra
tion of topi
al hierar
hies for

Expertise Mining. 2013.
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Êëàññè�èêàöèÿ è ðåãðåññèÿ íà òåêñòàõ

Ìóëüòèÿçû÷íûå òåìàòè÷åñêèå ìîäåëè

Èåðàðõè÷åñêèå òåìàòè÷åñêèå ìîäåëè

Âèçóàëèçàöèÿ äðåâîâèäíûõ èåðàðõèé

Smith A., Hawes T., Myers M.. Hi�erar
hie: intera
tive visualization for

hierar
hi
al topi
 models. Workshop on Intera
tive Language Learning,

Visualization, and Interfa
es, ACL, 2014.
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Òåìàòè÷åñêèå ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Òåìàòè÷åñêèå ìîäåëè áèãðàìì è ýíãðàìì

Ïðîáëåìà êîðîòêèõ òåêñòîâ è ìîäåëü áèòåðìîâ

Òåìàòè÷åñêàÿ ìîäåëü ñåòè ñëîâ WNTM

Áèãðàììíàÿ òåìàòè÷åñêàÿ ìîäåëü

ndvw � ÷àñòîòà ïàðû ñëîâ ¾vw¿ â äîêóìåíòå d

φvwt = p(w |v , t) � ðàñïðåäåëåíèå ñëîâ ïîñëå ñëîâà v â òåìå t

Ìîäåëü BTM (Bigram Topi
 Model):

∑

d∈D

∑

vw∈d

ndvw ln
∑

t∈T

φvwtθtd → max
Φ,Θ

Ýòî ìóëüòèìîäàëüíàÿ ìîäåëü:

M = W , êàæäîìó ñëîâó v ñîîòâåòñòâóåò îòäåëüíàÿ ìîäàëüíîñòü,

W v = W � âñå ñëîâà, êîòîðûå ìîãóò ñëåäîâàòü çà v .

Íåäîñòàòêè áèãðàììíîé ìîäåëè BTM:

âñå ïàðû ñîñåäíèõ ñëîâ îáðàçóþò áèãðàììû;

ìîäåëü íå îïèñûâàåò îòäåëüíûå ñëîâà (óíèãðàììû);

îáùåå ÷èñëî òîêåíîâ O(|W |2).

Hanna Walla
h. Topi
 modeling: beyond bag-of-words // ICML 2006
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Òåìàòè÷åñêàÿ ìîäåëü ñåòè ñëîâ WNTM

Îáúåäèíåíèå óíèãðàìì è áèãðàìì â îäíîé ìîäåëè

Ìîäåëü TNG (Topi
al n-grams):

∑

d∈D

∑

vw∈d

ndvw ln
∑

t∈T

(
xvwtφ

v
wt + (1− xvwt)φwt

)

︸ ︷︷ ︸

p(w |v ,t)

θtd → max
Φ,Θ

xvwt = P(ïàðà ñëîâ ¾vw¿ ÿâëÿåòñÿ áèãðàììîé â òåìå t).

×àñòíûå ñëó÷àè:

xvwt = xvt � ìàòðèöà ïàðàìåòðîâ â ìîäåëè TNG.

xvwt ≡ 1 � ìîäåëü BTM;

xvwt = [ïàðà ñëîâ ¾vw¿ èç ñëîâàðÿ áèãðàìì];

Xuerui Wang, Andrew M
Callum, Xing Wei. Topi
al N-Grams: Phrase and

Topi
 Dis
overy, with an Appli
ation to Information Retrieval. 2007.
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Òåìàòè÷åñêàÿ ìîäåëü ñåòè ñëîâ WNTM

Ìóëüòèìîäàëüíàÿ ìóëüòèãðàììíàÿ ARTM

W n
� ñëîâàðè n-ãðàìì, îò�èëüòðîâàííûå ïî òð¼ì êðèòåðèÿì:

1) íàëè÷èå ïîä÷èíèòåëüíûõ ñèíòàêñè÷åñêèõ ñâÿçåé,

2) ñòàòèñòè÷åñêè çíà÷èìàÿ ñîâñòðå÷àìîñòü (êîëëîêàöèÿ),

3) âûñîêàÿ òåìàòè÷íîñòü KL
(

1
|T |

∥
∥ p(t|vw)

)
.

Ñâÿçü ñ ìîäåëüþ TNG.

Ïðè xvwt = λ[vw ∈ W 2] ñóììà log-ïðàâäîïîäîáèé ìîäàëüíîñòåé

ÿâëÿåòñÿ îöåíêîé ñíèçó äëÿ log-ïðàâäîïîäîáèÿ ìîäåëè TNG:

∑

d∈D

∑

vw∈d

ndvw ln
∑

t∈T

(
xvwtφ

v
wt + (1 − xvwt)φwt

)
θtd =

∑

d∈D

∑

vw∈d

ndvw ln
(

λ
∑

t∈T

φvwtθtd + (1− λ)
∑

t∈T

φwtθtd

)

>

λ
∑

d,vw

ndvw ln
∑

t∈T

φvwtθtd + (1− λ)
∑

d,w

ndw ln
∑

t∈T

φwtθtd → max
Φ,Θ
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Òåìàòè÷åñêèå ìîäåëè áèãðàìì è ýíãðàìì
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Òåìàòè÷åñêàÿ ìîäåëü ñåòè ñëîâ WNTM

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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Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Òåìàòè÷åñêèå ìîäåëè áèãðàìì è ýíãðàìì

Ïðîáëåìà êîðîòêèõ òåêñòîâ è ìîäåëü áèòåðìîâ

Òåìàòè÷åñêàÿ ìîäåëü ñåòè ñëîâ WNTM

Ïðîáëåìà êîðîòêèõ òåêñòîâ

Êîðîòêèå òåêñòû (short text): Twitter è äðóãèå ìèêðîáëîãè,

ñîöèàëüíûå ìåäèà, çàãîëîâêè ñòàòåé è íîâîñòíûõ ñîîáùåíèé.

Îñíîâíûå ïðîáëåìû êîðîòêèõ ñîîáùåíèé:

îãðîìíûé îáú¼ì (∼ 109 òâèòîâ â äåíü)

êîíöåíòðàöèÿ ðàñïðåäåëåíèÿ p(t|d) â îäíîé òåìå

íåóñòîé÷èâîñòü îïðåäåëåíèÿ òåìû p(t|d)

âûäåëåíèå ðåäêèõ òåì íà �îíå îñíîâíûõ òåì ìèêðîáëîãîâ

(ëè÷íàÿ ïåðåïèñêà, life style, ðåïîñòû íîâîñòåé)

îïå÷àòêè è íàìåðåííîå èñêàæåíèå ñëîâ ÿçûêà

ðàííåå îáíàðóæåíèå íîâûõ òåì
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Ìóëüòèìîäàëüíûå òåìàòè÷åñêèå ìîäåëè

Òåìàòè÷åñêèå ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Òåìàòè÷åñêèå ìîäåëè áèãðàìì è ýíãðàìì

Ïðîáëåìà êîðîòêèõ òåêñòîâ è ìîäåëü áèòåðìîâ

Òåìàòè÷åñêàÿ ìîäåëü ñåòè ñëîâ WNTM

Áèòåðìû: ìîäåëü ñîâñòðå÷àåìîñòè ñëîâ â êîðîòêèõ òåêñòàõ

Áèòåðì � ïàðà ñëîâ, âñòðå÷àþùèõñÿ ðÿäîì:

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

Òåìàòè÷åñêàÿ ìîäåëü áèòåðìîâ (Biterm topi
 model):

p(u,w) =
∑

t∈T

p(w |t)p(u|t)p(t) =
∑

t∈T

φwtφutπt ,

ãäå φwt = p(w |t), πt = p(t) � ïàðàìåòðû ìîäåëè.

Êðèòåðèé ìàêñèìóìà ëîãàðè�ìà ïðàâäîïîäîáèÿ:

∑

u,w

nuw ln
∑

t

φwtφutπt → max
Φ,π

,

φwt > 0;
∑

w φwt = 1; πt > 0;
∑

t πt = 1

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

for Short Texts // WWW 2013.
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Òåìàòè÷åñêèå ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Òåìàòè÷åñêèå ìîäåëè áèãðàìì è ýíãðàìì

Ïðîáëåìà êîðîòêèõ òåêñòîâ è ìîäåëü áèòåðìîâ

Òåìàòè÷åñêàÿ ìîäåëü ñåòè ñëîâ WNTM

Íåîáõîäèìûå óñëîâèÿ òî÷êè ìàêñèìóìà ïðàâäîïîäîáèÿ

Ìàêñèìèçàöèÿ log ïðàâäîïîäîáèÿ ñ ðåãóëÿðèçàòîðîì R :

∑

u,w

nuw ln
∑

t

φwtφutπt + R(Φ, π) → max
Φ,π

,

nuw � ÷àñòîòà áèòåðìà (u,w) â äîêóìåíòàõ êîëëåêöèè.

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

E-øàã:

M-øàã:







ptuw ≡ p(t|u,w) = norm
t∈T

(
φwtφutπt

)

φwt = norm
w∈W

(

nwt + φwt
∂R
∂φwt

)

, nwt =
∑

u∈W

nuwptuw

πt = norm
t∈T

(

nt + πt
∂R
∂πt

)

, nt =
∑

u,w∈W

nuwptuw
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Òåìàòè÷åñêèå ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Òåìàòè÷åñêèå ìîäåëè áèãðàìì è ýíãðàìì

Ïðîáëåìà êîðîòêèõ òåêñòîâ è ìîäåëü áèòåðìîâ

Òåìàòè÷åñêàÿ ìîäåëü ñåòè ñëîâ WNTM

Áèòåðìû êàê ðåãóëÿðèçàòîð äëÿ îáû÷íîé ΦΘ-ìîäåëè

1. �åãóëÿðèçàòîð áèòåðìîâ äëÿ ìàòðèöû Φ:

R(Φ) = τ
∑

u,w∈W

nuw ln
∑

t∈T

ntφutφwt → max

Ïîäñòàâëÿåì â �îðìóëó Ì-øàãà, ïîëó÷àåì ñãëàæèâàíèå:

φwt = norm
w

(

nwt + τ
∑

u∈W

nuwptuw

)

;

ptuw ≡ p(t|u,w) = norm
t∈T

(
ntφwtφut

)
.

2. �åãóëÿðèçàòîð ðàçðåæèâàíèÿ äëÿ ìàòðèöû Θ:

R(Θ) = −τ ′
∑

d∈D

∑

t∈T

αt ln θtd → max .
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Òåìàòè÷åñêèå ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Òåìàòè÷åñêèå ìîäåëè áèãðàìì è ýíãðàìì

Ïðîáëåìà êîðîòêèõ òåêñòîâ è ìîäåëü áèòåðìîâ

Òåìàòè÷åñêàÿ ìîäåëü ñåòè ñëîâ WNTM

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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Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Òåìàòè÷åñêèå ìîäåëè áèãðàìì è ýíãðàìì

Ïðîáëåìà êîðîòêèõ òåêñòîâ è ìîäåëü áèòåðìîâ

Òåìàòè÷åñêàÿ ìîäåëü ñåòè ñëîâ WNTM

Ìîäåëè WNTM è WTM (Word Topi
 Model)

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

p(u|dw ) =
∑

t∈T

p(u|t)p(t|dw ) =
∑

t∈T

φutθtw ,

ãäå dw � ïñåâäî-äîêóìåíò ñëîâà w .

Ìàêñèìèçàöèÿ ëîãàðè�ìà ïðàâäîïîäîáèÿ:

∑

u,w∈W

nwu log
∑

t∈T

φutθtw → max
Φ,Θ

,

ãäå nwu � ñîâñòðå÷àåìîñòü ñëîâ w , u.

Îòëè÷èå îò ìîäåëè áèòåðìîâ: òàì Θ = diag(π1, . . . , πt)Φ
ò

.

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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Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Òåìàòè÷åñêèå ìîäåëè áèãðàìì è ýíãðàìì

Ïðîáëåìà êîðîòêèõ òåêñòîâ è ìîäåëü áèòåðìîâ

Òåìàòè÷åñêàÿ ìîäåëü ñåòè ñëîâ WNTM

�åçóëüòàòû îöåíèâàíèÿ ìîäåëè WNTM

Êîãåðåíòíîñòü íà êîðîòêèõ òåêñòàõ ëó÷øå, ÷åì ó LDA

è Biterm TM; íà äëèííûõ òåêñòàõ ïðåèìóùåñòâ íåò.

Ñëåâà: îöåíèâàíèå ñåìàíòè÷åñêîé áëèçîñòè ñëîâ ïî p(t|w),
êîððåëÿöèÿ ñ 10-áàëëüíûìè ýêñïåðòíûìè îöåíêàìè.

Ñïðàâà: ïîëíîòà è òî÷íîñòü ðàñïîçíàâàíèÿ íîâîé òåìû

â çàâèñèìîñòè îò ÷èñëà äîêóìåíòîâ.

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 ñîâñòðå÷àåìîñòè ñëîâ

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Âíóòðåííèå êðèòåðèè

Âíåøíèå êðèòåðèè

Âèçóàëèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ñòàíäàðòíàÿ ìåòîäèêà îöåíèâàíèÿ ìîäåëåé ÿçûêà

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

P(D ′) = exp




−

∑

d∈D′

∑

w∈d ′′

ndw ln p(w |d)

∑

d∈D′

∑

w∈d ′′

ndw




 ,

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

íà äâå ïîëîâèíû ðàâíîé äëèíû;

ïàðàìåòðû φwt îöåíèâàþòñÿ ïî îáó÷àþùåé êîëëåêöèè D;

ïàðàìåòðû θtd îöåíèâàþòñÿ ïî ïåðâîé ïîëîâèíå d ′
;

ïåðïëåêñèÿ âû÷èñëÿåòñÿ ïî âòîðîé ïîëîâèíå d ′′
.

Èíòåðïðåòàöèè ïåðïëåêñèè:

1) P(D ′) → |d ′′| ïðè n → ∞, åñëè ñëîâà ðàâíîâåðîÿòíû;

2) íàñêîëüêî õîðîøî ìû ïðåäñêàçûâàåì ñëîâà â äîêóìåíòàõ

(÷åì ìåíüøå ïåðïëåêñèÿ, òåì ëó÷øå).
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Òåìàòè÷åñêèå ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Âíóòðåííèå êðèòåðèè

Âíåøíèå êðèòåðèè

Âèçóàëèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Îöåíêè ðàçðåæåííîñòè òåìû

�àçðåæåííîñòü:

äîëÿ íóëåâûõ ýëåìåíòîâ â Φ
äîëÿ íóëåâûõ ýëåìåíòîâ â Θ

Õàðàêòåðèñòèêè ðàçëè÷íîñòè òåì:

ðàçìåð ÿäðà òåìû: |Wt |, ÿäðî Wt =
{
w : p(t|w) > 0.25

}

÷èñòîòà òåìû:

∑

w∈Wt

p(w |t)

êîíòðàñòíîñòü òåìû:

1
|Wt |

∑

w∈Wt

p(t|w)

Âûðîæäåííîñòü òåìàòè÷åñêîé ìîäåëè:

äîëÿ �îíîâûõ ñëîâ:

1
n

∑

d∈D

∑

w∈d

∑

t∈B

p(t|d ,w)

äîëÿ íåòåìàòè÷íûõ äîêóìåíòîâ:

1
|D|

∑

d∈D

[
∑

t∈B

p(t|d) > 0.95
]

äîëÿ íåòåìàòè÷íûõ òåðìèíîâ:

1
|W |

∑

w∈W

[
∑

t∈B

p(t|w) > 0.95
]
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Òåìàòè÷åñêèå ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Âíóòðåííèå êðèòåðèè

Âíåøíèå êðèòåðèè

Âèçóàëèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Èíòåðïðåòèðóåìîñòè è êîãåðåíòíîñòü

Òåìà èíòåðïðåòèðóåìàÿ, åñëè ïî òîïîâûì ñëîâàì òåìû ýêñïåðò

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

Ýêñïåðòíûå îöåíêè:

� èíòåðïðåòèðóåìîñòü òåìû ïî áàëëüíîé øêàëå;

� êàæäóþ òåìó îöåíèâàþò íåñêîëüêî ýêñïåðòîâ.

Ìåòîä èíòðóçèé (intrusion):

� â ñïèñîê òîïîâûõ ñëîâ âíåäðÿåòñÿ ëèøíåå ñëîâî;

� èçìåðÿåòñÿ äîëÿ îøèáîê ýêñïåðòîâ åãî ïðè îïðåäåëåíèè

Íóæíà àâòîìàòè÷åñêè âû÷èñëÿåìàÿ ìåðà èíòåðïðåòèðóåìîñòè,

êîððåëèðóþùàÿ ñ ýêñïåðòíûìè îöåíêàìè.

Åþ îêàçàëàñü êîãåðåíòíîñòü (ñîãëàñîâàííîñòü, 
oheren
e).

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



oheren
e // Human Language Te
hnologies, HLT-2010, Pp. 100�108.
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Òåìàòè÷åñêèå ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Âíóòðåííèå êðèòåðèè

Âíåøíèå êðèòåðèè

Âèçóàëèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ýêñïåðèìåíò. Ñâÿçü êîãåðåíòíîñòè è èíòåðïðåòèðóåìîñòè

Èçìåðÿëàñü ðàíãîâàÿ

êîððåëÿöèÿ Ñïèðìåíà

ìåæäó 15 ìåòðèêàì

è ýêñïåðòíûìè îöåíêàìè

èíòåðïðåòèðóåìîñòè.

PMI � ëó÷øàÿ ìåòðèêà.

Gold-standard � ñðåäíÿÿ

êîððåëÿöèÿ Ñïèðìåíà

ìåæäó îöåíêàìè

ðàçíûõ ýêñïåðòîâ.

Âûâîä: êîãåðåíòíîñòü áëèçêà ê ¾çîëîòîìó ñòàíäàðòó¿.

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



oheren
e // Human Language Te
hnologies, HLT-2010, Pp. 100�108.
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Òåìàòè÷åñêèå ìîäåëè ñîâñòðå÷àåìîñòè ñëîâ

Îöåíèâàíèå êà÷åñòâà è âèçóàëèçàöèÿ

Âíóòðåííèå êðèòåðèè

Âíåøíèå êðèòåðèè

Âèçóàëèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Êîãåðåíòíîñòü êàê âíóòðåííÿÿ ìåðà èíòåðïðåòèðóåìîñòè

Êîãåðåíòíîñòü (ñîãëàñîâàííîñòü) òåìû t ïî k òîïîâûì ñëîâàì:

PMIt =
2

k(k − 1)

k−1∑

i=1

k∑

j=i

PMI(wi ,wj )

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

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

NuNv
� ïîòî÷å÷íàÿ âçàèìíàÿ èí�îðìàöèÿ

(pointwise mutual information),

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

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

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

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



oheren
e // Human Language Te
hnologies, HLT-2010, Pp. 100�108.
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Âèçóàëèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

�åãóëÿðèçàòîð äëÿ ìàêñèìèçàöèè êîãåðåíòíîñòè òåì

�èïîòåçà: òåìà ëó÷øå èíòåðïðåòèðóåòñÿ, åñëè îíà ñîäåðæèò

êîãåðåíòíûå (÷àñòî âñòðå÷àþùèåñÿ ðÿäîì) ñëîâà u,w ∈ W .

Ïóñòü Cuw � îöåíêà êîãåðåíòíîñòè, íàïðèìåð p̂(w |u) = Nuw

Nu
.

Ñîãëàñóåì φwt ñ îöåíêàìè p̂(w |t) ïî êîãåðåíòíûì ñëîâàì,

p̂(w |t) =
∑

u p(w |u)p(u|t) = 1
nt

∑

u Cuwnut ;

R(Φ) = τ
∑

t∈T

nt
∑

w∈W

p̂(w |t) lnφwt → max .

Ïîäñòàâëÿåì â �îðìóëó Ì-øàãà, ïîëó÷àåì ñãëàæèâàíèå:

φwt = norm
w

(

nwt + τ
∑

u∈W

Cuwnut

)

.

Mimno D., Walla
h H. M., Talley E., Leenders M., M
Callum A. Optimizing

semanti
 
oheren
e in topi
 models // EMNLP-2011. � Pp. 262�272.
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Àëüòåðíàòèâíûé ðåãóëÿðèçàòîð êîãåðåíòíîñòè

Êâàäðàòè÷íûé ðåãóëÿðèçàòîð Quad-Reg:

R(Φ) = τ
∑

t∈T

ln
∑

u,v∈W

Cuvφutφvt → max,

Cuv = Nuv

[
PMI(u, v) > 0

]
,

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

âñòðå÷àþòñÿ íà ðàññòîÿíèè íå áîëåå 10 ñëîâ,

Nu � ÷èñëî äîêóìåíòîâ, â êîòîðûõ u âñòðå÷àåòñÿ õîòÿ áû ðàç,

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

NuNv
� ïîòî÷å÷íàÿ âçàèìíàÿ èí�îðìàöèÿ.

Â ëèòåðàòóðå ïîêà íå âûðàáîòàí îêîí÷àòåëüíûé âàðèàíò

ðåãóëÿðèçàòîðà êîãåðåíòíîñòè.

Newman D., Bonilla E. V., Buntine W. L. Improving topi
 
oheren
e with

regularized topi
 models. 2011.
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Âíåøíèå êðèòåðèè

Ïîëíîòà è òî÷íîñòü òåìàòè÷åñêîãî ïîèñêà

Êà÷åñòâî ðàíæèðîâàíèÿ ïðè òåìàòè÷åñêîì ïîèñêå

Êà÷åñòâî êàòåãîðèçàöèè äîêóìåíòîâ

Íåñîîòâåòñòâèå òåì è êîíöåïòîâ � ÷èñëî ïðîïóùåííûõ,

ñìåøàíûõ, äóáëèðîâàííûõ, ðàñùåïë¼ííûõ êîíöåïòîâ

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

Domain Relevan
e via Topi
al Alignment // ICML-2013.
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Ñèñòåìà TMVE � Topi
 Model Visualization Engine

Òåìàòè÷åñêèé íàâèãàòîð ñ âåá-èíòåð�åéñîì:

https://github.
om/ajb
/tmv

Chaney A., Blei D. Visualizing Topi
 Models // Frontiers of 
omputer s
ien
e

in China, 2012. � 55(4), pp. 77�84.
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Ñèñòåìà Termite

Èíòåðàêòèâíàÿ âèçóàëèçàöèÿ ìàòðèöû Φ è ñðàâíåíèå òåì:

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

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

Textual Topi
 Models // International Working Conferen
e on Advan
ed Visual

Interfa
es, 2012. ACM. pp. 74�77.
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Òåìàòè÷åñêàÿ ñåãìåíòàöèÿ äîêóìåíòà çàïðîñà

Gretarsson, O'Donovan, Bostandjiev, Hollerer, Asun
ion, Newman, Smyth.

Topi
Nets: visual analysis of large text 
orpora with topi
 modeling. ACM

Trans. on Intelligent Systems and Te
hnology. 2012.
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http://textvis.lnu.se

Èíòåðàêòèâíûé îáçîð 375 ñðåäñòâ âèçóàëèçàöèè òåêñòîâ

Àéñèíà �. Ì. Îáçîð ñðåäñòâ âèçóàëèçàöèè òåìàòè÷åñêèõ ìîäåëåé

êîëëåêöèé òåêñòîâûõ äîêóìåíòîâ // JMLDA, 2015.
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�åçþìå

Ìîäàëüíîñòè

êëàññû, êàòåãîðèè

ÿçûêè

áèãðàììû

Ïñåâäî-äîêóìåíòû

ðîäèòåëüñêèå òåìû â èåðàðõèÿõ

êîíòåêñòû ñëîâ (ìîäåëü WNTM)

�åãóëÿðèçàòîðû

ðàçðåæèâàíèå, ñãëàæèâàíèå, ÷àñòè÷íîå îáó÷åíèå

äåêîððåëèðîâàíèå òåì

áèòåðìû (äëÿ êîðîòêèõ òåêñòîâ)

êîãåðåíòíîñòü

Ìåòðèêè êà÷åñòâà

âíóòðåííèå (ïåðïëåêñèÿ, êîãåðåíòíîñòü, ðàçëè÷íîñòü òåì)

âíåøíèå (êà÷åñòâî êëàññè�èêàöèè, ïîèñêà, ðåêîìåíäàöèé)
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