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Íàïîìèíàíèå. Çàäà÷à òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Äàíî: W � ñëîâàðü òåðìèíîâ

D � êîëëåêöèÿ òåêñòîâûõ äîêóìåíòîâ d = {w1 . . .wnd }
ndw � ñêîëüêî ðàç òåðìèí w âñòðåòèëñÿ â äîêóìåíòå d

nd � äëèíà äîêóìåíòà d

Íàéòè: ìîäåëü p(w |d) =
∑

t φwtθtd ñ ïàðàìåòðàìè φ, θ:

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

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

Êðèòåðèé: ìàêñèìóì ëîãàðè�ìà ïðàâäîïîäîáèÿ:

∑

d,w

ndw ln
∑

t

φwtθtd → max
φ,θ

,

ïðè îãðàíè÷åíèÿõ íîðìèðîâêè è íåîòðèöàòåëüíîñòè

φwt > 0;
∑

w

φwt = 1; θtd > 0;
∑

t

θtd = 1
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�àöèîíàëüíûé ÅÌ-àëãîðèòì äëÿ ARTM

Îíëàéíîâûé EM-àëãîðèòì äëÿ ARTM

Íàïîìèíàíèå. Ìîäåëü LDA (Latent Dirihlet Alloation)

Ìàêñèìóì àïîñòåðèîðíîé âåðîÿòíîñòè

∑

d,w

ndw ln
∑

t

φwtθtd

︸ ︷︷ ︸

ln ïðàâäîïîäîáèÿ L (Φ,Θ)

+
∑

t,w

βw lnφwt+
∑

d,t

αt ln θtd

︸ ︷︷ ︸

ðåãóëÿðèçàòîð 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∈W

(
nwt + βw

)
, nwt =

∑

d∈D

ndwptdw

θtd = norm
t∈T

(
ntd + αt

)
, ntd =

∑

w∈d

ndwptdw

ãäå norm
t∈T

xt =
max{xt ,0}∑

s∈T

max{xs ,0}
� îïåðàöèÿ íîðìèðîâêè âåêòîðà.
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Ìàêñèìèçàöèÿ ðåãóëÿðèçîâàííîãî ïðàâäîïîäîáèÿ

�àöèîíàëüíûé ÅÌ-àëãîðèòì äëÿ ARTM

Îíëàéíîâûé EM-àëãîðèòì äëÿ ARTM

ARTM � Àääèòèâíàÿ �åãóëÿðèçàöèÿ Òåìàòè÷åñêèõ Ìîäåëåé

Ìàêñèìèçàöèÿ ln 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 = 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

Âîðîíöîâ Ê. Â. Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

êîëëåêöèé òåêñòîâûõ äîêóìåíòîâ. Äîêëàäû �ÀÍ, 2014. Ò. 455., � 3. 268�271.
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Ìàêñèìèçàöèÿ ðåãóëÿðèçîâàííîãî ïðàâäîïîäîáèÿ
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Îíëàéíîâûé EM-àëãîðèòì äëÿ ARTM

Óñëîâèÿ íåâûðîæäåííîñòè ðåøåíèÿ

�åøåíèå ìîæåò áûòü âûðîæäåííûì äëÿ íåêîòîðûõ òåì

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

Òåìà t íåâûðîæäåíà, åñëè õîòÿ áû äëÿ îäíîãî òåðìèíà w ∈ W

nwt + φwt
∂R
∂φwt

> 0.

Åñëè òåìà t âûðîæäåíà, òî p(w |t) = φwt ≡ 0, ýòî îçíà÷àåò,

÷òî òåìà èñêëþ÷àåòñÿ èç ìîäåëè (ïðîèñõîäèò îòáîð òåì).

Äîêóìåíò d íåâûðîæäåí, åñëè õîòÿ áû äëÿ îäíîé òåìû t ∈ T

ntd + θtd
∂R
∂θtd

> 0.

Åñëè äîêóìåíò d âûðîæäåí, òî p(t|d) = θtd ≡ 0, ýòî îçíà÷àåò,

÷òî ìîäåëü íå â ñîñòîÿíèè îïèñàòü äàííûé äîêóìåíò.
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé
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Ìàêñèìèçàöèÿ ðåãóëÿðèçîâàííîãî ïðàâäîïîäîáèÿ

�àöèîíàëüíûé ÅÌ-àëãîðèòì äëÿ ARTM

Îíëàéíîâûé EM-àëãîðèòì äëÿ ARTM

Íàïîìèíàíèå. Óñëîâèÿ Êàðóøà�Êóíà�Òàêêåðà

Çàäà÷à ìàòåìàòè÷åñêîãî ïðîãðàììèðîâàíèÿ:







f (x) → min
x
;

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

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

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

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






∂L

∂x
= 0, L (x ;µ, λ) = f (x) +

m∑

i=1
µigi (x) +

k∑

j=1
λjhj(x);

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

µi > 0; (äâîéñòâåííûå îãðàíè÷åíèÿ)

µigi (x) = 0; (óñëîâèå äîïîëíÿþùåé íåæ¼ñòêîñòè)
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Ìàêñèìèçàöèÿ ðåãóëÿðèçîâàííîãî ïðàâäîïîäîáèÿ

�àöèîíàëüíûé ÅÌ-àëãîðèòì äëÿ ARTM

Îíëàéíîâûé EM-àëãîðèòì äëÿ ARTM

Âûâîä ñèñòåìû óðàâíåíèé èç óñëîâèé Êàðóøà�Êóíà�Òàêêåðà

1. Óñëîâèÿ ÊÊÒ äëÿ φwt , w ∈ W (äëÿ θtd âñ¼ àíàëîãè÷íî):

∑

d ndw
θtd

p(w |d) +
∂R
∂φwt

= λt − µwt ; µwt > 0; µwtφwt = 0.

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

φwtλt =
∑

d ndw
φwtθtd
p(w |d) + φwt

∂R
∂φwt

= nwt + φwt
∂R
∂φwt

.

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

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

> 0:

φwtλt =
(

nwt + φwt
∂R
∂φwt

)

+
.

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

λt =
∑

w∈W

(

nwt + φwt
∂R
∂φwt

)

+
.

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

�àöèîíàëüíûé ÅÌ-àëãîðèòì äëÿ ARTM

Îíëàéíîâûé EM-àëãîðèòì äëÿ ARTM

Êîìáèíèðîâàíèå ðåãóëÿðèçàòîðîâ

Ìàêñèìèçàöèÿ ln ïðàâäîïîäîáèÿ ñ k ðåãóëÿðèçàòîðàìè Ri :

∑

d,w

ndw ln
∑

t

φwtθtd +

k∑

i=1

τiRi(Φ,Θ) → max
Φ,Θ

,

ãäå τi � êîý��èöèåíòû ðåãóëÿðèçàöèè.

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

k∑

i=1

τi
∂Ri

∂φwt

)

θtd = norm
t∈T

(
∑

w∈d

ndwptdw + θtd
k∑

i=1

τi
∂Ri

∂θtd

)
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Ìàêñèìèçàöèÿ ðåãóëÿðèçîâàííîãî ïðàâäîïîäîáèÿ

�àöèîíàëüíûé ÅÌ-àëãîðèòì äëÿ ARTM

Îíëàéíîâûé EM-àëãîðèòì äëÿ ARTM

�àöèîíàëüíûé ÅÌ-àëãîðèòì äëÿ ARTM

Èäåÿ: E-øàã âñòðàèâàåòñÿ âíóòðü Ì-øàãà

Âõîä: êîëëåêöèÿ D, ÷èñëî òåì |T |, ÷èñëî èòåðàöèé imax;

Âûõîä: ìàòðèöû òåðìèíîâ òåì Θ è òåì äîêóìåíòîâ Φ;

èíèöèàëèçàöèÿ φwt , θtd äëÿ âñåõ d∈D, w ∈W , t∈T ;

äëÿ âñåõ èòåðàöèé i = 1, . . . , imax

nwt , ntd , nt , nd := 0 äëÿ âñåõ d ∈D, w ∈W , t∈T ;

äëÿ âñåõ äîêóìåíòîâ d ∈D è âñåõ ñëîâ w ∈d

ptdw = norm
t∈T

(
φwtθtd

)
äëÿ âñåõ t∈T ;

nwt , ntd , nt , nd += ndwptdw äëÿ âñåõ t∈T ;

φwt := norm
w∈W

(
∑

d∈D

ndwptdw + φwt
∂R
∂φwt

)

äëÿ âñåõ w ∈W , t∈T ;

θtd := norm
t∈T

(
∑

w∈d

ndwptdw + θtd
∂R
∂θtd

)

äëÿ âñåõ d ∈D, t∈T ;
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Îíëàéíîâûé EM-àëãîðèòì äëÿ ARTM

Îíëàéíîâûé ïàðàëëåëüíûé ÅÌ-àëãîðèòì äëÿ ARTM

Âõîä: êîëëåêöèÿ D, ðàçáèòàÿ íà ïàêåòû Db, b = 1, . . . ,B ;
êîý��èöèåíò äèñêîíòèðîâàíèÿ ρ ∈ (0, 1];

Âûõîä: ìàòðèöà Φ;

èíèöèàëèçèðîâàòü φwt äëÿ âñåõ w ∈ W , t ∈ T ;

nwt := 0, ñwt := 0 äëÿ âñåõ w ∈ W , t ∈ T ;

äëÿ âñåõ ïàêåòîâ Db, b = 1, . . . ,B
(ñwt) := (ñwt) + ProcessBatch(Db,Φ);
åñëè ïîðà âûïîëíèòü ñèíõðîíèçàöèþ, òî

nwt := ρnwt + ñwt äëÿ âñåõ w ∈ W , t ∈ T ;

φwt := norm
w∈W

(
nwt + φwt

∂R
∂φwt

)
äëÿ âñåõ w ∈ W , t ∈ T ;

ñwt := 0 äëÿ âñåõ w ∈ W , t ∈ T ;
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Îíëàéíîâûé ïàðàëëåëüíûé ÅÌ-àëãîðèòì äëÿ ARTM

ProessBath îáðàáàòûâàåò ïàêåò Db ïðè �èêñèðîâàííîé Φ.

Âõîä: ïàêåò Db, ìàòðèöà Φ = (φwt);
Âûõîä: ìàòðèöà (ñwt);

ñwt := 0 äëÿ âñåõ w ∈ W , t ∈ T ;

äëÿ âñåõ d ∈ Db

èíèöèàëèçèðîâàòü θtd := 1
|T | äëÿ âñåõ t ∈ T ;

ïîâòîðÿòü

ptdw := norm
t∈T

(
φwtθtd

)
äëÿ âñåõ w ∈ d , t ∈ T ;

θtd := norm
t∈T

(
∑

w∈d

ndwptdw + θtd
∂R
∂θtd

)

äëÿ âñåõ t ∈ T ;

ïîêà θd íå ñîéä¼òñÿ;

ñwt := ñwt + ndwptdw äëÿ âñåõ w ∈ d , t ∈ T ;
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

�åãóëÿðèçàòîðû ñãëàæèâàíèÿ è ðàçðåæèâàíèÿ

�àçäåëåíèå òåì íà ïðåäìåòíûå è �îíîâûå

�åãóëÿðèçàòîð äëÿ îòáîðà òåì

Íàïîìèíàíèå. Äèâåðãåíöèÿ Êóëüáàêà�Ëåéáëåðà

1. KL(P‖Q) > 0; KL(P‖Q) = 0 ⇔ P = Q;

2. Ìèíèìèçàöèÿ KL ýêâèâàëåíòíà ìàêñèìèçàöèè ïðàâäîïîäîáèÿ:

KL(P‖Q(α)) =

n∑

i=1

pi ln
pi

qi (α)
→ min

α
⇔

n∑

i=1

pi ln qi(α) → max
α

3. Åñëè KL(P‖Q) < KL(Q‖P), òî P âëîæåíî â Q:
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KL(P‖Q) = 2.97
KL(Q‖P) = 2.97
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

�åãóëÿðèçàòîðû ñãëàæèâàíèÿ è ðàçðåæèâàíèÿ

�àçäåëåíèå òåì íà ïðåäìåòíûå è �îíîâûå

�åãóëÿðèçàòîð äëÿ îòáîðà òåì

�åãóëÿðèçàòîð ñãëàæèâàíèÿ (ïåðåîñìûñëåíèå LDA)

�èïîòåçà ñãëàæåííîñòè:

ðàñïðåäåëåíèÿ φwt áëèçêè ê çàäàííîìó ðàñïðåäåëåíèþ βw ;

ðàñïðåäåëåíèÿ θtd áëèçêè ê çàäàííîìó ðàñïðåäåëåíèþ αt .

∑

t∈T

KLw (βw‖φwt) → min
Φ

;
∑

d∈D

KLt(αt‖θtd ) → min
Θ

.

Ìàêñèìèçèðóåì ñóììó ðåãóëÿðèçàòîðîâ:

R(Φ,Θ) = β0
∑

t∈T

∑

w∈W

βw lnφwt + α0

∑

d∈D

∑

t∈T

αt ln θtd → max .

Ïîäñòàâëÿåì, ïîëó÷àåì �îðìóëû Ì-øàãà LDA:

φwt = norm
w∈W

(nwt + β0βw ), θtd = norm
t∈T

(ntd + α0αt).

Ýòîãî âû íå íàéä¼òå â D.Blei, A.Ng, M.Jordan. Latent Dirihlet alloation //

Journal of Mahine Learning Researh, 2003. � Vol. 3. � Pp. 993�1022.
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

�åãóëÿðèçàòîðû ñãëàæèâàíèÿ è ðàçðåæèâàíèÿ

�àçäåëåíèå òåì íà ïðåäìåòíûå è �îíîâûå

�åãóëÿðèçàòîð äëÿ îòáîðà òåì

�åãóëÿðèçàòîð ðàçðåæèâàíèÿ (îáîáùåíèå LDA)

�èïîòåçà ðàçðåæåííîñòè: ñðåäè φwt , θtd ìíîãî íóëåé;

ðàñïðåäåëåíèÿ φwt äàëåêè îò çàäàííîãî ðàñïðåäåëåíèÿ βw ;

ðàñïðåäåëåíèÿ θtd äàëåêè îò çàäàííîãî ðàñïðåäåëåíèÿ αt .

∑

t∈T

KLw (βw‖φwt) → max
Φ

;
∑

d∈D

KLt(αt‖θtd ) → max
Θ

.

Ìàêñèìèçèðóåì ñóììó ðåãóëÿðèçàòîðîâ:

R(Φ,Θ) = −β0
∑

t∈T

∑

w∈W

βw lnφwt − α0

∑

d∈D

∑

t∈T

αt ln θtd → max .

Ïîäñòàâëÿåì, ïîëó÷àåì ¾àíòè-LDA¿:

φwt = norm
w∈W

(
nwt − β0βw

)
, θtd = norm

t∈T

(
ntd − α0αt

)
.

Varadarajan J., Emonet R., Odobez J.-M. A sparsity onstraint for topi

models � appliation to temporal ativity mining // NIPS-2010.
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

�åãóëÿðèçàòîðû ñãëàæèâàíèÿ è ðàçðåæèâàíèÿ

�àçäåëåíèå òåì íà ïðåäìåòíûå è �îíîâûå

�åãóëÿðèçàòîð äëÿ îòáîðà òåì

Îáúåäèíåíèå ñãëàæèâàíèÿ è ðàçðåæèâàíèÿ

Îáùèé âèä ðåãóëÿðèçàòîðîâ ñãëàæèâàíèÿ è ðàçðåæèâàíèÿ:

R(Φ,Θ) = β0
∑

t∈T

∑

w∈W

βwt lnφwt + α0

∑

d∈D

∑

t∈T

αtd ln θtd → max,

ãäå β0 > 0, α0 > 0 � êîý��èöèåíòû ðåãóëÿðèçàöèè,

βwt , αtd � ïàðàìåòðû, çàäàâàåìûå ïîëüçîâàòåëåì:

βwt > 0, αtd > 0 � ñãëàæèâàíèå

βwt < 0, αtd < 0 � ðàçðåæèâàíèå

×àñòè÷íîå îáó÷åíèå (semi-supervised learning) òåìû t:

βwt =
[
w ∈ Wt

]
� ïî ñëîâàðþ òåðìèíîâ Wt ⊂ W

αtd =
[
d ∈ Dt

]
� ïî ñïèñêó äîêóìåíòîâ Dt ⊂ D
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

�åãóëÿðèçàòîðû ñãëàæèâàíèÿ è ðàçðåæèâàíèÿ

�àçäåëåíèå òåì íà ïðåäìåòíûå è �îíîâûå

�åãóëÿðèçàòîð äëÿ îòáîðà òåì

�àçäåëåíèå òåì íà ïðåäìåòíûå è �îíîâûå

Ïðåäìåòíûå òåìû S ñîäåðæàò òåðìèíû ïðåäìåòíîé îáëàñòè,

p(w |t), p(t|d), t ∈ S � ðàçðåæåííûå, ñóùåñòâåííî ðàçëè÷íûå

Ôîíîâûå òåìû B ñîäåðæàò ñëîâà îáùåé ëåêñèêè,

p(w |t), p(t|d), t ∈ B � ñóùåñòâåííî îòëè÷íûå îò íóëÿ

ΦW×T ΘT×D
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

�åãóëÿðèçàòîðû ñãëàæèâàíèÿ è ðàçðåæèâàíèÿ

�àçäåëåíèå òåì íà ïðåäìåòíûå è �îíîâûå

�åãóëÿðèçàòîð äëÿ îòáîðà òåì

�åãóëÿðèçàòîð äåêîððåëèðîâàíèÿ òåì

Öåëü � âûäåëèòü ëåêñè÷åñêîå ÿäðî êàæäîé òåìû,

íàáîð òåðìèíîâ, îòëè÷àþùèé å¼ îò äðóãèõ òåì.

Ìèíèìèçèðóåì êîâàðèàöèè ìåæäó âåêòîð-ñòîëáöàìè φt :

R(Φ) = −
τ

2

∑

t∈T

∑

s∈T\t

∑

w∈W

φwtφws → max .

Ïîäñòàâëÿåì, ïîëó÷àåì åù¼ îäèí âàðèàíò ðàçðåæèâàíèÿ �

ïîñòåïåííîå êîíòðàñòèðîâàíèå ñòðîê ìàòðèöû Φ:

φwt = norm
w∈W

(

nwt − τφwt

∑

s∈T\t

φws

)

.

Tan Y., Ou Z. Topi-weak-orrelated latent Dirihlet alloation // 7th Int'l

Symp. Chinese Spoken Language Proessing (ISCSLP), 2010. � Pp. 224�228.
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

�åãóëÿðèçàòîðû ñãëàæèâàíèÿ è ðàçðåæèâàíèÿ

�àçäåëåíèå òåì íà ïðåäìåòíûå è �îíîâûå

�åãóëÿðèçàòîð äëÿ îòáîðà òåì

�åãóëÿðèçàòîð äëÿ ñîêðàùåíèÿ ÷èñëà òåì

�èïîòåçà: åñëè â òåìå ñëèøêîì ìàëî ñëîâ, òî îíà íå íóæíà.

�àçðåæèâàåì ðàñïðåäåëåíèå p(t) =
∑

d p(d)θtd , ìàêñèìèçèðóÿ
KL-äèâåðãåíöèþ ìåæäó p(t) è ðàâíîìåðíûì ðàñïðåäåëåíèåì:

R(Θ) = −τ
∑

t∈S

ln
∑

d∈D

p(d)θtd → max .

Ïîäñòàâëÿåì, ïîëó÷àåì:

θtd = norm
t∈T

(

ntd − τ
nd

nt
θtd

)

+
.

Ý��åêò: ñòðîêè ìàòðèöû Θ ìîãóò öåëèêîì îáíóëÿòüñÿ

äëÿ òåì t, ñîáðàâøèõ ìàëî ñëîâ ïî êîëëåêöèè, nt =
∑

d

∑

w

ndwt .

Vorontsov K. V., Potapenko A. A., Plavin A. V. Additive Regularization of Topi

Models for Topi Seletion and Sparse Fatorization // SLDS 2015.
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

Èçìåðåíèå êà÷åñòâà òåìàòè÷åñêîé ìîäåëè

Êîìïîçèöèè ðåãóëÿðèçàòîðîâ

Îòáîð òåì

Íåêîòîðûå êðèòåðèè êà÷åñòâà òåìàòè÷åñêîé ìîäåëè

Ïîñòðîåíèå ÂÒÌ � ìíîãîêðèòåðèàëüíàÿ îïòèìèçàöèÿ.

Ïîýòîìó êðèòåðèåâ äëÿ êîíòðîëÿ êà÷åñòâà ìîäåëè òîæå ìíîãî.

Ïåðïëåêñèÿ êîíòðîëüíîé êîëëåêöèè: P = exp(− 1
n
L )

�àçðåæåííîñòü � äîëÿ íóëåâûõ ýëåìåíòîâ â Φ è Θ

Õàðàêòåðèñòèêè èíòåðïðåòèðóåìîñòè òåì:

êîãåðåíòíîñòü òåìû: [Newman, 2010℄

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:

÷èñëî òåì: |T |
äîëÿ �îíîâûõ ñëîâ:

1
n

∑

d∈D

∑

w∈d

∑

t∈B

p(t|d ,w)
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

Èçìåðåíèå êà÷åñòâà òåìàòè÷åñêîé ìîäåëè

Êîìïîçèöèè ðåãóëÿðèçàòîðîâ

Îòáîð òåì

Îöåíêè èíòåðïðåòèðóåìîñòè: êîãåðåíòíîñòü

Êîãåðåíòíîñòü òåìû t

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

oherene // Human Language Tehnologies, HLT-2010, Pp. 100�108.
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

Èçìåðåíèå êà÷åñòâà òåìàòè÷åñêîé ìîäåëè

Êîìïîçèöèè ðåãóëÿðèçàòîðîâ

Îòáîð òåì

�àçðåæèâàíèå + Ñãëàæèâàíèå + Äåêîððåëÿöèÿ + Îòáîð òåì

M-øàã ïðè êîìáèíèðîâàíèè 6 ðåãóëÿðèçàòîðîâ:

φwt = norm
w

(

nwt + τ1 βw [t∈B ]
︸ ︷︷ ︸
ñãëàæèâàíèå

�îíîâûõ

òåì

− τ2 βw [t∈S ]
︸ ︷︷ ︸

ðàçðåæèâàíèå

ïðåäìåòíûõ

òåì

− τ3 φwt

∑

s∈S\t

φws

︸ ︷︷ ︸

äåêîððåëÿöèÿ

)

θtd = norm
t

(

ntd + τ4 αt [t∈B ]
︸ ︷︷ ︸
ñãëàæèâàíèå

�îíîâûõ

òåì

− τ5 αt [t∈S ]
︸ ︷︷ ︸

ðàçðåæèâàíèå

ïðåäìåòíûõ

òåì

− τ6
nd
nt
θtd

︸ ︷︷ ︸
óäàëåíèå

ìàëûõ òåì

)

Äàííûå: NIPS (Neural Information Proessing System)

|D| = 1566 ñòàòåé, n = 2.3M, |W | = 13K,
êîíòðîëüíàÿ êîëëåêöèÿ: |D ′| = 174.

Vorontsov K. V., Potapenko A. A. Tutorial on Probabilisti Topi Modeling:

Additive Regularization for Stohasti Matrix Fatorization. AIST'2014.
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

Èçìåðåíèå êà÷åñòâà òåìàòè÷åñêîé ìîäåëè

Êîìïîçèöèè ðåãóëÿðèçàòîðîâ

Îòáîð òåì

�àçðåæèâàíèå, ñãëàæèâàíèå, äåêîððåëÿöèÿ

Çàâèñèìîñòè êðèòåðèåâ êà÷åñòâà îò èòåðàöèé ÅÌ-àëãîðèòìà

(ñåðûé � PLSA, ÷¼ðíûé � ARTM)
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

Èçìåðåíèå êà÷åñòâà òåìàòè÷åñêîé ìîäåëè

Êîìïîçèöèè ðåãóëÿðèçàòîðîâ

Îòáîð òåì

Òå æå ðåãóëÿðèçàòîðû, ïëþñ îòáîð òåì

Çàâèñèìîñòè êðèòåðèåâ êà÷åñòâà îò èòåðàöèé ÅÌ-àëãîðèòìà

(ñåðûé � PLSA, ÷¼ðíûé � ARTM)
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

Èçìåðåíèå êà÷åñòâà òåìàòè÷åñêîé ìîäåëè

Êîìïîçèöèè ðåãóëÿðèçàòîðîâ

Îòáîð òåì

Âûâîäû

Îäíîâðåìåííîå óëó÷øåíèå ìíîãèõ ïîêàçàòåëåé:

ðàçðåæåííîñòü âûðîñëà îò 0 äî 95%�98%

êîãåðåíòíîñòü òåì âûðîñëà îò 0.1 äî 0.3

÷èñòîòà òåì âûðîñëà îò 0.15 äî 0.8

êîíòðàñòíîñòü òåì âûðîñëà îò 0.4 äî 0.6

ïî÷òè áåç ïîòåðè ïåðïëåêñèè (ïðàâäîïîäîáèÿ) ìîäåëè

Ïîäîáðàíû òðàåêòîðèè ðåãóëÿðèçàöèè:

ðàçðåæèâàíèå âêëþ÷àòü ïîñòåïåííî ïîñëå 10-20 èòåðàöèé

ñãëàæèâàíèå âêëþ÷àòü ñðàçó

äåêîððåëÿöèþ âêëþ÷àòü ñðàçó è êàê ìîæíî ñèëüíåå

ñîêðàùåíèå ÷èñëà òåì âêëþ÷àòü ïîñòåïåííî,

íèêîãäà íå ñîâìåùàÿ ñ äåêîððåëÿöèåé íà îäíîé èòåðàöèè
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

Èçìåðåíèå êà÷åñòâà òåìàòè÷åñêîé ìîäåëè

Êîìïîçèöèè ðåãóëÿðèçàòîðîâ

Îòáîð òåì

Ýêñïåðèìåíòû ñ ðåãóëÿðèçàòîðîì îòáîðà òåì

Êîëëåêöèÿ ñòàòåé NIPS (Neural Information Proessing System)

|D| = 1566 îáó÷àþùèõ äîêóìåíòîâ; |D ′| = 174 òåñòîâûõ

|W | = 13K � ìîùíîñòü ñëîâàðÿ

Ñèíòåòè÷åñêàÿ êîëëåêöèÿ:

ñòðîèì PLSA çà 500 èòåðàöèé, |T0| = 50 òåì íà NIPS

ãåíåðèðóåì (n0dw ) èç ïîëó÷åííûõ Φ è Θ:

n0dw = nd
∑

t∈T

φwtθtd

Ïàðàìåòðè÷åñêîå ñåìåéñòâî ïîëóñèíòåòè÷åñêèõ äàííûõ:

nαdw � ñìåñü ñèíòåòè÷åñêèõ äàííûõ n0dw è ðåàëüíûõ ndw :

nαdw = αndw + (1− α)n0dw
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

Èçìåðåíèå êà÷åñòâà òåìàòè÷åñêîé ìîäåëè

Êîìïîçèöèè ðåãóëÿðèçàòîðîâ

Îòáîð òåì

Ïîïûòêà îïðåäåëåíèÿ ÷èñëà òåì
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Íà ñèíòåòè÷åñêèõ äàííûõ íàä¼æíî íàõîäèì |T | = 50,

â øèðîêîì èíòåðâàëå çíà÷åíèé êîý��èöèåíòà τ ;

îäíàêî íà ðåàëüíûõ äàííûõ íåò ñòîëü ÷¼òêîãî èíòåðâàëà.
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

Èçìåðåíèå êà÷åñòâà òåìàòè÷åñêîé ìîäåëè

Êîìïîçèöèè ðåãóëÿðèçàòîðîâ

Îòáîð òåì

Ñðàâíåíèå ñ áàéåñîâñêîé òåìàòè÷åñêîé ìîäåëüþ HDP

HDP (Hierarhial Dirihlet Proess, Teh et. al, 2006) �

¾state-of-the-art¿ áàéåñîâñêèé ïîäõîä ê îïðåäåëåíèþ ÷èñëà òåì
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Êîý��èöèåíò êîíöåíòðàöèè γ â HDP âëèÿåò íà |T |
òàê æå ñèëüíî, êàê âûáîð êîý��èöèåíòà τ â ARTM.
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

Èçìåðåíèå êà÷åñòâà òåìàòè÷åñêîé ìîäåëè

Êîìïîçèöèè ðåãóëÿðèçàòîðîâ

Îòáîð òåì

Ñðàâíåíèå ARTM è HDP ïî óñòîé÷èâîñòè

Çàïóñê ARTM è HDP ìíîãî ðàç èç ñëó÷àéíûõ èíèöèàëèçàöèé:
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HDP ìåíåå óñòîé÷èâ, ïðè÷¼ì â äâóõ ñìûñëàõ:

÷èñëî òåì ñèëüíåå �ëóêòóèðóåò îò èòåðàöèè ê èòåðàöèè;

ðåçóëüòàòû íåñêîëüêèõ çàïóñêîâ ðàçëè÷àþòñÿ ñèëüíåå.

¾�åêîìåíäóåìûå¿ çíà÷åíèÿ ïàðàìåòðîâ γ â HDP

è τ â ARTM äàþò ïðèìåðíî ðàâíîå ÷èñëî òåì |T | ≈ 60
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

Èçìåðåíèå êà÷åñòâà òåìàòè÷åñêîé ìîäåëè

Êîìïîçèöèè ðåãóëÿðèçàòîðîâ

Îòáîð òåì

Ñðàâíåíèå ARTM è HDP ïî âðåìåíè âû÷èñëåíèé

Ñðàâíåíèå âðåìåíè îäíîãî ïðîõîäà êîëëåêöèè (se)

ARTM â 100 ðàç áûñòðåå!

Vorontsov K. V., Potapenko A. A., Plavin A. V. Additive regularization of topi

models for topi seletion and sparse fatorization // SLDS 2015, Royal

Holloway, University of London, UK. pp. 193�202.
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Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ ìîäåëåé

Ïðèìåðû ïîëåçíûõ ðåãóëÿðèçàòîðîâ

Ýêñïåðèìåíòû

Èçìåðåíèå êà÷åñòâà òåìàòè÷åñêîé ìîäåëè

Êîìïîçèöèè ðåãóëÿðèçàòîðîâ

Îòáîð òåì

Óäàëåíèå ëèíåéíî çàâèñèìûõ è ðàñùåïë¼ííûõ òåì

Äîáàâèëè 50 ëèíåéíûõ êîìáèíàöèé òåì â ìîäåëüíóþ Φ.
�àñùåïèëè 50 òåì, êàæäóþ íà äâå ïîäòåìû â ìîäåëüíîé Φ.

Óäàëÿþòñÿ ëèíåéíî çàâèñèìûå è ðàñùåïë¼ííûå òåìû

Îñòàþòñÿ áîëåå ðàçëè÷íûå òåìû èñõîäíîé ìîäåëè.

Vorontsov K. V., Potapenko A. A., Plavin A. V. Additive regularization of topi

models for topi seletion and sparse fatorization // SLDS 2015, Royal

Holloway, University of London, UK. pp. 193�202.
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�åçþìå

Çàäà÷à òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ íåêîððåêòíî

ïîñòàâëåíà, å¼ ðåøåíèå íå åäèíñòâåííî è íå óñòîé÷èâî.

�åãóëÿðèçàöèÿ � ñòàíäàðòíûé ïðè¼ì ðåøåíèÿ òàêèõ çàäà÷.

Ïîäõîä ARTM ïîçâîëÿåò êîìáèíèðîâàòü ðåãóëÿðèçàòîðû,

ñòðîèòü òåìàòè÷åñêèå ìîäåëè ñ òðåáóåìûìè ñâîéñòâàìè,

èìåòü îáùóþ äëÿ âñåõ ìîäåëåé ðåàëèçàöèþ.

Ìîäåëü LDA � ÷àñòíûé ñëó÷àé ñãëàæèâàþùåãî

ðåãóëÿðèçàòîðà.

Â ðåàëüíûõ êîëëåêöèÿõ ¾îïòèìàëüíîãî ÷èñëà òåì¿ íåò.

�åãóëÿðèçàòîð îòáîðà òåì â ARTM ïðîùå, óñòîé÷èâåå

è â 100 ðàç áûñòðåå ¾øòàòíîãî¿ áàéåñîâñêîãî ìåòîäà HDP.
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