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Çàäà÷à âåðîÿòíîñòíîãî òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

Äàíî: W � ñëîâàðü òåðìèíîâ

D � êîëëåêöèÿ òåêñòîâûõ äîêóìåíòîâ d = {w1 . . .wnd }
ndw � ÷àñòîòà òåðìèíà w â äîêóìåíòå d

p̂(w |d) = ndw
nd
, ãäå nd � äëèíà äîêóìåíòà d

Íàéòè: ïàðàìåòðû âåðîÿòíîñòíîé 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

Çàäà÷à ñòîõàñòè÷åñêîãî ìàòðè÷íîãî ðàçëîæåíèÿ íåêîððåêòíî

ïîñòàâëåíà, ò. ê. å¼ ðåøåíèå íå åäèíñòâåííî è íå óñòîé÷èâî:

(
ndw
nd

)

W×D

≈ Φ
W×T

· Θ
T×D

= (ΦS)(S−1Θ) = Φ′

W×T
·Θ′

T×D

äëÿ íåâûðîæäåííûõ S
T×T

òàêèõ, ÷òî Φ′,Θ′
òîæå ñòîõàñòè÷åñêèå
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�èïîòåçà îá àïðèîðíûõ ðàñïðåäåëåíèÿõ Äèðèõëå

Âåðîÿòíîñòíàÿ òåìàòè÷åñêàÿ ìîäåëü: p(w |d) =
∑

t∈T

p(w |t)
︸ ︷︷ ︸

φwt

p(t|d)
︸ ︷︷ ︸

θtd

1. Ïóñòü θd = (θtd )t∈T ∈ R
|T |

� ñëó÷àéíûå âåêòîðû

èç ðàñïðåäåëåíèÿ Äèðèõëå ñ ïàðàìåòðîì α ∈ R
|T |
:

Dir(θd |α) =
Γ(α0)

∏

t

Γ(αt)

∏

t

θαt−1
td , θtd > 0; α0 =

∑

t

αt , αt > 0;

2. Ïóñòü φt = (φwt)w∈W ∈ R
|W |

� ñëó÷àéíûå âåêòîðû

èç ðàñïðåäåëåíèÿ Äèðèõëå ñ ïàðàìåòðîì β ∈ R
|W |

:

Dir(φt |β) =
Γ(β0)

∏

w

Γ(βw )

∏

w

φβw−1
wt , φwt > 0; β0 =

∑

w

βw , βw > 0;
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Âåðîÿòíîñòíàÿ ìîäåëü ïîðîæäåíèÿ òåêñòà

Òåìàòè÷åñêàÿ ìîäåëü LDA (Latent Dirihlet Alloation):

p(w |d) =
∑

t∈T

φwtθtd , φt ∼ Dir(φ|β), θd ∼ Dir(θ|α).

Ïðîöåññ ïîðîæäåíèÿ äîêóìåíòîâ d = {w1 . . .wnd} êîëëåêöèè D:

Âõîä: âåêòîðû ãèïåðïàðàìåòðîâ β, α;
Âûõîä: êîëëåêöèÿ äîêóìåíòîâ;

âûáðàòü âåêòîð φt èç Dir(φ|β) äëÿ êàæäîé òåìû t ∈ T ;

âûáðàòü âåêòîð θd èç Dir(θ|α) äëÿ êàæäîãî äîêóìåíòà d ∈ D;

äëÿ âñåõ äîêóìåíòîâ d ∈ D

äëÿ âñåõ ïîçèöèé ñëîâ i = 1, . . . , nd â äîêóìåíòå d

âûáðàòü òåìó ti èç p(t|d) ≡ θtd ;
âûáðàòü ñëîâî wi èç p(w |ti) ≡ φwt ;
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Ïî÷åìó èìåííî ðàñïðåäåëåíèå Äèðèõëå?

� Ìîæåò ïîðîæäàòü ñãëàæåííûå èëè ðàçðåæåííûå âåêòîðû

� Èìååò ïàðàìåòðû, óïðàâëÿþùèå ñòåïåíüþ ðàçðåæåííîñòè

� Íåïëîõî îïèñûâàåò êëàñòåðíûå ñòðóêòóðû íà ñèìïëåêñå

� ßâëÿåòñÿ ñîïðÿæ¼ííûì ê ìóëüòèíîìèàëüíîìó ðàñïðåäåëåíèþ

Ïðèìåð. Dir(θ|α) ïðè |T | = 3, θ, α ∈ R
3
:
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Ìàêñèìèçàöèÿ àïîñòåðèîðíîé âåðîÿòíîñòè äëÿ ìîäåëè LDA

Ñîâìåñòíîå ïðàâäîïîäîáèå äàííûõ è ìîäåëè:

ln
∏

d∈D

∏

w∈d

p(d ,w |Φ,Θ)ndw
∏

t∈T

Dir(φt |β)
∏

d∈D

Dir(θd |α) → max
Φ,Θ

Ïðèíöèï MAP (maximum a posteriori probability)

∑

d∈D

∑

w∈d

ndw ln
∑

t∈T

φwtθtd +

+
∑

t∈T

∑

w∈W

lnφβw−1
wt +

∑

d∈D

∑

t∈T

ln θαt−1
td → max

Φ,Θ

ïðè îãðàíè÷åíèÿõ íåîòðèöàòåëüíîñòè è íîðìèðîâêè

φwt > 0;
∑

w∈W

φwt = 1; θtd > 0;
∑

t∈T

θtd = 1.
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�åãóëÿðèçîâàííûé EM-àëãîðèòì äëÿ ìîäåëè LDA

Ìàêñèìóì àïîñòåðèîðíîé âåðîÿòíîñòè (β̃w = βw−1, α̃t = αt−1):
∑

d,w

ndw ln
∑

t

φwtθtd

︸ ︷︷ ︸

ln ïðàâäîïîäîáèÿ L (Φ,Θ)

+
∑

t,w

β̃w lnφwt+
∑

d,t

α̃t ln θtd

︸ ︷︷ ︸

êðèòåðèé ðåãóëÿðèçàöèè 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

(
∑

d∈D

ndwptdw + β̃w

)

θtd = norm
t∈T

(
∑

w∈d

ndwptdw + α̃t

)

ãäå norm
t∈T

xt =
max{xt ,0}∑

s∈T

max{xs ,0}
� îïåðàöèÿ íîðìèðîâêè âåêòîðà.

Ê.Â. Âîðîíöîâ (vokov�foresys.ru) Âåðîÿòíîñòíûå òåìàòè÷åñêèå ìîäåëè 13 / 33



Ìîäåëü ëàòåíòíîãî ðàçìåùåíèÿ Äèðèõëå LDA

EM-àëãîðèòì äëÿ ìîäåëè LDA

Ýêñïåðèìåíòû ïî íåóñòîé÷èâîñòè PLSA è LDA

�åãóëÿðèçîâàííûé EM-àëãîðèòì äëÿ ìîäåëè LDA

Àëãîðèòì ñýìïëèðîâàíèÿ �èááñà

�îáàñòíûå âàðèàíòû ìîäåëåé PLSA è LDA

EM-àëãîðèòì äëÿ PLSA áåç ðåãóëÿðèçàöèè (β̃w = 0, α̃t = 0)

Ìàêñèìèçàöèÿ ëîãàðè�ìà ïðàâäîïîäîáèÿ:

L (Φ,Θ) =
∑

d,w

ndw ln
∑

t

φwtθtd → max
Φ,Θ

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

ñî âñïîìîãàòåëüíûìè ïåðåìåííûìè ptdw = p(t|d ,w):

E-øàã:

M-øàã:







ptdw = norm
t∈T

(
φwtθtd

)

φwt = norm
w∈W

(
∑

d∈D

ndwptdw

)

θtd = norm
t∈T

(
∑

w∈d

ndwptdw

)

ãäå norm
t∈T

xt =
max{xt ,0}∑

s∈T

max{xs ,0}
� îïåðàöèÿ íîðìèðîâêè âåêòîðà.
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�îáàñòíûå âàðèàíòû ìîäåëåé PLSA è LDA

Îñíîâíîå ðàçëè÷èå EM-àëãîðèòìà äëÿ ìîäåëåé PLSA è LDA

Îöåíêè óñëîâíûõ âåðîÿòíîñòåé φwt ≡ p(w |t), θtd ≡ p(t|d):
â PLSA � íåñìåù¼ííûå îöåíêè ìàêñèìóìà ïðàâäîïîäîáèÿ:

φwt =
nwt

nt
, θtd =

ntd

nd

â LDA � ñãëàæåííûå áàéåñîâñêèå îöåíêè:

φwt =
nwt + βw
nt + β0

, θtd =
ntd + αt

nd + α0

�àçëè÷èå ïðîÿâëÿåòñÿ òîëüêî ïðè ìàëûõ nwt , ntd , èñ÷åçàÿ

íà áîëüøèõ äàííûõ è ïðè èñïîëüçîâàíèè ðîáàñòíûõ ìîäåëåé.

Asunion A., Welling M., Smyth P., Teh Y. W. On smoothing and inferene

for topi models. Int'l Conf. on Unertainty in Arti�ial Intelligene, 2009.

Âîðîíöîâ Ê.Â., Ïîòàïåíêî À.À. Ìîäè�èêàöèè EM-àëãîðèòìà äëÿ

âåðîÿòíîñòíîãî òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ // Ìàøèííîå îáó÷åíèå

è àíàëèç äàííûõ, 2013. � T. 1, � 6. � Ñ. 657�686.
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Àëãîðèòì ñýìïëèðîâàíèÿ �èááñà

�îáàñòíûå âàðèàíòû ìîäåëåé PLSA è LDA

Áàéåñîâñêèå ìåòîäû îáó÷åíèÿ ïàðàìåòðîâ â ìîäåëè LDA

Ñýìïëèðîâàíèå �èááñà (GS � Gibbs Sampling)

ìîæíî ðàññìàòðèâàòü êàê ñïåöèàëüíûé ñëó÷àé EM

� ñ îáíîâëåíèåì ïî êàæäîé ñëîâîïîçèöèè (ndw ðàç);

� ñ ñýìïëèðîâàíèåì 1 òåìû äëÿ êàæäîé ñëîâîïîçèöèè;

� ñ ðåãóëÿðèçàöèåé Äèðèõëå.

VB, CVB � (Collapsed) Variational Bayesian inferene

ìîæíî ðàññìàòðèâàòü êàê ñïåöèàëüíûé ñëó÷àé EM

� áåç ñýìïëèðîâàíèÿ;

� ñ ðåãóëÿðèçàöèåé Äèðèõëå.

Gri�ths T., Steyvers M. Finding sienti� topis. 2004.

Teh Y.W., Newman D., Welling M. A ollapsed variational Bayesian inferene

algorithm for Latent Dirihlet Alloation // NIPS-2006.

Asunion A., Welling M., Smyth P., Teh Y.W. On smoothing and inferene for

topi models // Int'l onf. on Unertainty in Arti�ial Intelligene, 2009.
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Àëãîðèòì ñýìïëèðîâàíèÿ �èááñà

Âõîä: êîëëåêöèÿ D, ÷èñëî òåì |T |, ïàðàìåòðû α, β;
Âûõîä: ðàñïðåäåëåíèÿ Φ è Θ;

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

äëÿ âñåõ i := 1, . . . , imax (èòåðàöèÿ = îäèí ïðîõîä êîëëåêöèè)

äëÿ âñåõ äîêóìåíòîâ d ∈ D è òåðìèíîâ w1, . . . ,wnd ∈ d

åñëè i > 2 òî t := tdw ; --nwt ; --ntd ; --nt ; --nd ;

p(t|d ,w) = norm
t∈T

(
nwt+βw

nt+β0
· ntd+αt

nd+α0

)
äëÿ âñåõ t ∈ T ;

ñýìïëèðîâàòü îäíó òåìó t èç ðàñïðåäåëåíèÿ p(t|d ,w);
tdw := t; ++nwt ; ++ntd ; ++nt ; ++nd ;

φwt := nwt/nt äëÿ âñåõ w ∈ W , t ∈ T ;

θtd := ntd/nd äëÿ âñåõ d ∈ D, t ∈ T ;

Gri�ths T., Steyvers M. Finding sienti� topis. 2004.
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�îáàñòíûå âàðèàíòû ìîäåëåé PLSA è LDA

Mîäåëü SWB ñ �îíîâîé è øóìîâîé êîìïîíåíòàìè

�èïîòåçà: êàæäûé òåðìèí â äîêóìåíòå (d ,w)
� ëèáî ñâÿçàí ñ êàêîé-òî òåìîé t,

� ëèáî ñïåöè�è÷åí äëÿ äàííîãî äîêóìåíòà (øóì),

� ëèáî ÿâëÿåòñÿ îáùåóïîòðåáèòåëüíûì (�îí).

Ìîäåëü ñìåñè òåìàòè÷åñêîé, øóìîâîé è �îíîâîé êîìïîíåíò

(SWB � Speial Words with Bakground):

p(w |d) = p0(w |d) + γπdw + επw
1 + γ + ε

; p0(w |d) =
∑

t∈T

φwtθtd ,

πdw ≡ p
ø

(w |d) � øóìîâàÿ êîìïîíåíòà, γ � ïàðàìåòð;

πw ≡ p
�

(w) � �îíîâàÿ êîìïîíåíòà, ε � ïàðàìåòð.

Chemudugunta C., Smyth P., Steyvers M. Modeling general and spei�

aspets of douments with a probabilisti topi model // Advanes in Neural

Information Proessing Systems, MIT Press, 2006. � Vol. 19. � Pp. 241�248.
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Àëãîðèòì ñýìïëèðîâàíèÿ �èááñà

�îáàñòíûå âàðèàíòû ìîäåëåé PLSA è LDA

�îáàñòíàÿ òåìàòè÷åñêàÿ ìîäåëü

Åñëè PLSA íå ìîæåò ïðåäñêàçàòü ñëîâî w â äîêóìåíòå d

p0(w |d) = ∑

t∈T

φwtθtd = 0,

òî åñòåñòâåííî ñ÷èòàòü òàêèå ñëîâà w íåòåìàòè÷åñêèìè:

p(w |d) = νdp0(w |d) +
[
p0(w |d)=0

]
πdw ,

ãäå πdw = nw
n
� óíèãðàììíàÿ ìîäåëü ÿçûêà.

Íîðìèðîâî÷íûé ìíîæèòåëü νd íàõîäèòñÿ àíàëèòè÷åñêè:

νd =
∑

w∈W

[
p0(w |d)>0

]
πdw
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Àëãîðèòì ñýìïëèðîâàíèÿ �èááñà

�îáàñòíûå âàðèàíòû ìîäåëåé PLSA è LDA

Âíóòðåííèé êðèòåðèé äëÿ ñðàâíåíèÿ ìîäåëåé

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 ′′
.

Èíòåðïðåòàöèÿ ïåðïëåêñèè:

1) ÷åì ìåíüøå, òåì ëó÷øå;

2) åñëè äîêóìåíò ñîñòîèò èç nd ðàâíîâåðîÿòíûõ ñëîâ, òî P = nd
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�îáàñòíûå âàðèàíòû ìîäåëåé PLSA è LDA

Ýêñïåðèìåíòû ñ ðîáàñòíûìè PLSA è LDA

Èñïîëüçîâàëèñü äâå êîëëåêöèè:

NIPS:

|D| = 1566 ñòàòåé êîí�åðåíöèè NIPS íà àíãëèéñêîì ÿçûêå;

ñóììàðíîé äëèíû n = 2.3M,

ñëîâàðü |W | = 13K.
Êîíòðîëüíàÿ êîëëåêöèÿ: |D ′| = 174.

RuDis:

|D| = 2000 àâòîðå�åðàòîâ äèññåðòàöèé íà ðóññêîì ÿçûêå;

ñóììàðíîé äëèíû n = 8.7M,

ñëîâàðü |W | = 30K.
Êîíòðîëüíàÿ êîëëåêöèÿ: |D ′| = 200.

Ïðåäîáðàáîòêà: ëåììàòèçàöèÿ, óäàëåíèå ñòîï-ñëîâ.

Ñòðîÿòñÿ ãðà�èêè çàâèñèìîñòè ïåðïëåêñèè îò ÷èñëà èòåðàöèé

(ïðîõîäîâ êîëëåêöèè); ÷èñëî èòåðàöèé 40; ÷èñëî òåì |T |=100;
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�îáàñòíûå âàðèàíòû ìîäåëåé PLSA è LDA

Ýêñïåðèìåíòû ñ ðîáàñòíûìè PLSA è LDA
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Îáîçíà÷åíèÿ: P � PLSA

D � LDA (αt = 0.5, βw = 0.01)
S � ñýìïëèðîâàíèå

R � ðîáàñòíîñòü (øóì γ = 0.3, �îí ε = 0.01)
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�îáàñòíûå âàðèàíòû ìîäåëåé PLSA è LDA

Âûâîäû

1

LDA íå óìåíüøàåò ïåðåîáó÷åíèå,

à ëèøü òî÷íåå ìîäåëèðóåò âåðîÿòíîñòè ðåäêèõ ñëîâ

2

�îáàñòíûé PLSA ëó÷øå, ÷åì LDA

Íåäîñòàòêè LDA:

1

Ôîðìàëüíî ïðîòèâîðå÷èò ãèïîòåçå ðàçðåæåííîñòè

2

Íå èìååò óáåäèòåëüíûõ ëèíãâèñòè÷åñêèõ îáîñíîâàíèé

3

Óñëîæíÿåò ïîñòðîåíèå êîìïîçèòíûõ ìîäåëåé

Potapenko A. A., Vorontsov K. V., Robust PLSA Performs Better Than LDA //

European Conferene on Information Retrieval ECIR-2013, Mosow, 24�27

Marh 2013. � Pp. 784�787.

Âîðîíöîâ Ê.Â., Ïîòàïåíêî À.À. Ìîäè�èêàöèè EM-àëãîðèòìà äëÿ

âåðîÿòíîñòíîãî òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ // Ìàøèííîå îáó÷åíèå

è àíàëèç äàííûõ, 2013. � T. 1, � 6. � Ñ. 657�686.

Ê.Â. Âîðîíöîâ (vokov�foresys.ru) Âåðîÿòíîñòíûå òåìàòè÷åñêèå ìîäåëè 23 / 33



Ìîäåëü ëàòåíòíîãî ðàçìåùåíèÿ Äèðèõëå LDA

EM-àëãîðèòì äëÿ ìîäåëè LDA

Ýêñïåðèìåíòû ïî íåóñòîé÷èâîñòè PLSA è LDA

�àññòîÿíèÿ ìåæäó ðàñïðåäåëåíèÿìè

Ýêñïåðèìåíò íà ñèíòåòè÷åñêîé êîëëåêöèè

Ýêñïåðèìåíò íà ðåàëüíûõ äàííûõ ñîöèàëüíîé ñåòè

�àññòîÿíèå ìåæäó ðàñïðåäåëåíèÿìè P = (pi )
n
i=1 è Q = (qi )

n
i=1

Ñðåäíåêâàäðàòè÷íîå îòêëîíåíèå íå ïîäõîäèò!

Äèâåðãåíöèÿ Êóëüáàêà-Ëåéáëåðà (íåñèììåòðè÷íàÿ):

KL(P‖Q) =
∑

i

pi log
pi
qi

Ñèììåòðè÷íûå ðàññòîÿíèÿ:

KL(P ,Q) = 1
2(P‖Q) + 1

2(Q‖P) � Êóëüáàêà-Ëåéáëåðà

JS(P ,Q) = 1
2KL

(
P‖P+Q

2

)
+ 1

2KL
(
Q‖P+Q

2

)
� Éåíñåíà-Øåííîíà

H2(P ,Q) = 1
2

∑

i

(√
pi −

√
qi
)2

� Õåëëèíãåðà

Ñòàòèñòèêà χ2
:

X 2(P ,Q) =
∑

i

(pi−qi )
2

qi
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�àññòîÿíèÿ ìåæäó ðàñïðåäåëåíèÿìè

Ýêñïåðèìåíò íà ñèíòåòè÷åñêîé êîëëåêöèè

Ýêñïåðèìåíò íà ðåàëüíûõ äàííûõ ñîöèàëüíîé ñåòè

Ñâîéñòâà äèâåðãåíöèè 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:

0 50 100 150 200

0

0.01

0.02

0.03

0.04

0 50 100 150 200

0

0.005

0.010

0.015

0.020

0 50 100 150 200

0

0.005

0.010

0.015

0.020

P PP

Q

Q Q

KL(P‖Q) = 0.44
KL(Q‖P) = 2.97

KL(P‖Q) = 0.44
KL(Q‖P) = 0.44

KL(P‖Q) = 2.97
KL(Q‖P) = 2.97
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�àññòîÿíèÿ ìåæäó ðàñïðåäåëåíèÿìè

Ýêñïåðèìåíò íà ñèíòåòè÷åñêîé êîëëåêöèè
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Öåëü ýêñïåðèìåíòà

Ìàòðèöû Φ0 è Θ0 ïîðîæäàþòñÿ ðàñïðåäåëåíèåì Äèðèõëå.

Ñèíòåòè÷åñêàÿ êîëëåêöèÿ ïîðîæäàåòñÿ ìàòðèöàìè Φ0 è Θ0.

�àçìåðû: |D| = 500, |W | = 1000, |T | = 30, nd ∈ [100, 600].

Öåëü � ñðàâíèòü âîññòàíîâëåííûå ðàñïðåäåëåíèÿ p(i |j)
ñ èñõîäíûìè ñèíòåòè÷åñêèìè ðàñïðåäåëåíèÿìè p0(i |j)
ïî ñðåäíåìó ðàññòîÿíèþ Õåëëèíãåðà:

H(p, p0) =
1

m

m∑

j=1

√
√
√
√

1

2

n∑

i=1

(√

p(i |j)−
√

p0(i |j)
)2

,

êàê äëÿ ñàìèõ ìàòðèö Φ è Θ, òàê è äëÿ èõ ïðîèçâåäåíèÿ:

DΦ = H(Φ,Φ0);

DΘ = H(Θ,Θ0);

DΦΘ = H(ΦΘ,Φ0Θ0).
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�åíåðàöèÿ ñèíòåòè÷åñêèõ äàííûõ èç ðàñïðåäåëåíèÿ Äèðèõëå

Çàâèñèìîñòü ðàçðåæåííîñòè (äîëè ïî÷òè íóëåâûõ ýëåìåíòîâ)

ðàñïðåäåëåíèé θ0d ∼ Dir(α) è φ0
t ∼ Dir(β) îò ïàðàìåòðîâ α è β

ñèììåòðè÷íîãî ðàñïðåäåëåíèÿ Äèðèõëå:
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Íåóñòîé÷èâîñòü âîññòàíîâëåíèÿ Φ, Θ

Çàâèñèìîñòü òî÷íîñòè âîññòàíîâëåíèÿ ìàòðèö Φ, Θ è ΦΘ
îò ðàçðåæåííîñòè ìàòðèöû Φ0 ïðè �èêñèðîâàííîì α = 0.01
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Âèòàëèé �ëóøà÷åíêîâ. Óñòîé÷èâîñòü ìàòðè÷íûõ ðàçëîæåíèé â çàäà÷àõ

òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ // Ìàãèñòåðñêàÿ äèññåðòàöèÿ. ÌÔÒÈ, 2013.
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Íåóñòîé÷èâîñòü âîññòàíîâëåíèÿ Φ, Θ

Çàâèñèìîñòü òî÷íîñòè âîññòàíîâëåíèÿ ìàòðèö Φ, Θ è ΦΘ
îò ðàçðåæåííîñòè ìàòðèöû Θ0 ïðè �èêñèðîâàííîì β = 0.1
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Âèòàëèé �ëóøà÷åíêîâ. Óñòîé÷èâîñòü ìàòðè÷íûõ ðàçëîæåíèé â çàäà÷àõ

òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ // Ìàãèñòåðñêàÿ äèññåðòàöèÿ, ÌÔÒÈ, 2013.
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�àññòîÿíèÿ ìåæäó ðàñïðåäåëåíèÿìè
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Öåëü ýêñïåðèìåíòà

Ïîñòû ÆÆ: |D|=300K, |W |=154K, n=35M, |T |=120.
LDA: ñèììåòðè÷íîå ðàñïðåäåëåíèå Äèðèõëå, β = 0.1, α = 0.5.

Öåëü ýêñïåðèìåíòà � îöåíèòü ðàçëè÷íîñòü òåì, ïîëó÷àåìûõ

â íåñêîëüêèõ çàïóñêàõ àëãîðèòìà Gibbs Sampling.

Ïðîáëåìà ¾ïðîêëÿòèÿ ðàçìåðíîñòè¿:

äëèííûå õâîñòû ìåøàþò ñðàâíèâàòü ðàñïðåäåëåíèÿ.

Äîëÿ ñóùåñòâåííûõ òåðìèíîâ â òåìàõ (word ratio):

WR = 1
|W |

1
|T |

∑

w∈W

∑

t∈T

[
φwt >

1
|W |

]
(â ýêñïåðèìåíòå ∼ 3.5%)

Äîëÿ ñóùåñòâåííûõ òåì â äîêóìåíòàõ (doument ratio):

DR = 1
|D|

1
|T |

∑

d∈D

∑

t∈T

[
θtd > 1

|T |

]
(â ýêñïåðèìåíòå ∼ 11.5%)

Koltov S., Koltsova O., Nikolenko S. Latent Dirihlet Alloation: Stability and

appliations to studies of user-generated ontent // ACM WebSi-2014.
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Ìåòîäèêà ýêñïåðèìåíòà

Îñòàâëåíû ñëîâà w , èìåþùèå φwt >
1

|W | õîòÿ áû â îäíîé òåìå

Ñîêðàùåíèå ñëîâàðÿ (voabulary redution): 154K → 8K.

Èçìåðÿåòñÿ íîðìèðîâàííàÿ KL-áëèçîñòü ïàð òåì t è s:

NKLS(t, s) =

(

1− KL(t, s)

max
t′,s′

KL(t ′, s ′)

)

Ïðè NKLS(t, s) > 0.9 â òåìàõ ñîâïàäàþò 30�50 òîïîâûõ ñëîâ,

è ýêñïåðòû-ñîöèîëîãè ïðèçíàþò òàêèå òåìû îäèíàêîâûìè.

Koltov S., Koltsova O., Nikolenko S. Latent Dirihlet Alloation: Stability and

appliations to studies of user-generated ontent // ACM WebSi-2014.
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Íåóñòîé÷èâîñòü LDA-GS â ðàçíûõ çàïóñêàõ

�åçóëüòàò ýêñïåðèìåíòà: íîðìèðîâàííàÿ KL-áëèçîñòü NKLS

ìåæäó òåìîé t è áëèæàéøåé ê íåé s â äðóãîì çàïóñêå.

t

NKLS(t, s)

1. Ìåíåå 50% òåì âîñïðîèçâîäÿòñÿ îò çàïóñêà ê çàïóñêó.

2. Ïëîõî âîñïðîèçâîäÿòñÿ êàê ìóñîðíûå òåìû, òàê è õîðîøèå.

Koltov S., Koltsova O., Nikolenko S. Latent Dirihlet Alloation: Stability and

appliations to studies of user-generated ontent // ACM WebSi-2014.
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Âûâîäû èç ýêñïåðèìåíòîâ

1

Ìàòðèöû Φ, Θ óñòîé÷èâî âîññòàíàâëèâàþòñÿ òîëüêî

ïðè ñèëüíîé ðàçðåæåííîñòè Φ0, Θ0 (áîëåå 90% íóëåé)

2

Ïðîèçâåäåíèå ΦΘ âîññòàíàâëèâàåòñÿ óñòîé÷èâî,

íåçàâèñèìî îò ðàçðåæåííîñòè èñõîäíûõ Φ0, Θ0

3

Â ðàçíûõ çàïóñêàõ ñ èñïîëüçîâàíèåì ñëó÷àéíûõ íà÷àëüíûõ

ïðèáëèæåíèé èëè ñýìïëèðîâàíèÿ EM-àëãîðèòì íàõîäèò

ñóùåñòâåííî ðàçëè÷àþùèåñÿ íàáîðû òåì

4

�àñïðåäåëåíèå Äèðèõëå � ñëèøêîì ñëàáûé ðåãóëÿðèçàòîð

Vorontsov K. V., Potapenko A. A. Additive Regularization of Topi Models //

Mahine Learning. Springer, 2015. Volume 101, Issue 1-3 Pp. 303�323.

Koltov S., Koltsova O., Nikolenko S. Latent Dirihlet Alloation: Stability and

appliations to studies of user-generated ontent // ACM WebSi-2014.
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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÷.

EM-àëãîðèòì LDA îòëè÷àåòñÿ îò PLSA ñãëàæåííûìè

÷àñòîòíûìè îöåíêàìè óñëîâíûõ âåðîÿòíîñòåé.

Ìîäåëü LDA ëó÷øå îïèñûâàåò âåðîÿòíîñòè ðåäêèõ ñëîâ,

íî äëÿ âûÿâëåíèÿ òåìàòèêè îíè êàê ðàç íå âàæíû.

Ìîäåëü LDA � íåäîñòàòî÷íî ñèëüíûé ðåãóëÿðèçàòîð, îíà

íå ðåøàåò ïðîáëåìó íååäèíñòâåííîñòè è íåóñòîé÷èâîñòè.
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