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Íàïîìèíàíèå. Çàäà÷à òåìàòè÷åñêîãî ìîäåëèðîâàíèÿ

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

Íàéòè: ïàðàìåòðû òåìàòè÷åñêîé ìîäåëè p(w |d) =
∑

t∈T

φwtθtd

Êðèòåðèé: ìàêñèìóì ðåãóëÿðèçîâàííîãî log-ïðàâäîïîäîáèÿ:

∑

d∈D

∑

w∈d

ndw ln
∑

t∈T

φwtθtd + R(Φ,Θ) → max
Φ,Θ

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé
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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
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� ñóììàðèçàöèè äîêóìåíòà (do
ument summarization)
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 summarization)
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 labeling)
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òåìàòè÷åñêèå ìîäåëè ïðåäëîæåíèé

� êîãäà ðàçáèåíèå òåêñòà íà ïðåäëîæåíèÿ/ñåêöèè çàäàíî

òåìàòè÷åñêèå ìîäåëè ñåãìåíòàöèè òåêñòà

� êîãäà ãðàíèöû ñåãìåíòîâ òðåáóåòñÿ íàéòè
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Ïðèìåð 1. Îòîáðàæåíèå ðàñïðåäåëåíèÿ òåì âíóòðè äîêóìåíòà

Âèçóàëèçàöèÿ äèíàìèêè òåì ïðèìåíÿåòñÿ ê íîâîñòíûì ïîòîêàì

èëè ê äëèííûì äîêóìåíòàì, ðàçáèòûì íà ñåãìåíòû.

Shixia Liu, Mi
helle X. Zhou, Shimei Pan, Yangqiu Song, Weihong Qian, Weijia Cai,

Xiaoxiao Lian. TIARA: intera
tive, topi
-based visual text summarization and analysis. 2012.
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Ïðèìåð 2. Îòîáðàæåíèå ðàñïðåäåëåíèÿ òåì âíóòðè äîêóìåíòà

Äèíàìèêà âñåõ òåì è îäíîé âûäåëåííîé òåìû â äîêóìåíòå

Gretarsson B., O'Donovan J., Bostandjiev S., Hollerer T., Asun
ion A., Newman D.,

Smyth P. Topi
Nets: visual analysis of large text 
orpora with topi
 modeling. 2012.
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Ïðèìåð 3. Âûäåëåíèå ñþæåòíûõ ëèíèé â äëèííûõ òåêñòàõ

Èåðàðõè÷åñêàÿ ìîäåëü âûäåëÿåò ñþæåòíûå ëèíèè (topi
s) è

èõ ñî÷åòàíèÿ (themes) â òåêñòå õóäîæåñòâåííîãî ïðîèçâåäåíèÿ

Guizhen Wang, Chaokai Wen, Binghui Yan, Jing Xia, Zhen Liu, Wei Chen. Topi


hypergraph: hierar
hi
al visualization of themati
 stru
tures in long do
uments. 2012.
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Èäåÿ òåìàòèçàöèè òåêñòà çà îäèí ïðîõîä

Äàíî: s � �ðàãìåíò òåêñòà d , Φ � òåìàòè÷åñêàÿ ìîäåëü

Íàéòè: p(t|s) � òåìàòè÷åñêèé âåêòîð �ðàãìåíòà òåêñòà

Ïðîáëåìû:

êàê íå ïåðåîáó÷èòü âåêòîð p(t|s), åñëè òåêñò êîðîòêèé?

êàê ñîãëàñîâàòü p(t|s) ñ îáúåìëþùèì êîíòåêñòîì p(t|d)?

êàê ñîãëàñîâàòü p(t|s) ñ p(t|w) = φwt
p(t)
p(w) òåðìîâ w ∈ s?

Íàâîäÿùèå ñîîáðàæåíèÿ:

ïåðâàÿ èòåðàöèÿ ÅÌ-àëãîðèòìà ñ èíèöèàëèçàöèåé θ0td = 1
|T | :

θtd (Φ) = norm
t∈T

(

∑

w∈W

ndwptdw

)

=
∑

w∈d

ndw
nd

norm
t∈T

(

φwtθ
0
td

)

�îðìóëà ïîëíîé âåðîÿòíîñòè:

θtd (Φ) =
∑

w∈d

p(w |d) p(t|w) =
∑

w∈d

ndw
nd

norm
t∈T

(

φwtpt
)
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EM-àëãîðèòì äëÿ ARTM ñ ÿâíûì âûðàæåíèåì Θ ÷åðåç Φ

Ìàêñèìèçàöèÿ ëîãàðè�ìà ïðàâäîïîäîáèÿ:

∑

d,w

ndw ln
∑

t∈T

φwtθtd (Φ) + R
(

Φ,Θ(Φ)
)

→ max
Φ

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

ptdw = norm
t∈T

(

φwtθtd
)

; ntd =
∑

w∈d

ndwptdw + θtd
∂R

∂θtd
;

p′tdw = ptdw +
1

ndw

∑

s∈T

nsd

θsd
φwt

∂θsd
∂φwt

;

φwt = norm
w∈W

(

∑

d∈D

ndwp
′
tdw + φwt

∂R

∂φwt

)

.

È.À.Èðõèí, Â.�.Áóëàòîâ, Ê.Â.Âîðîíöîâ. Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ

ìîäåëåé ñ áûñòðîé âåêòîðèçàöèåé òåêñòà. ÊèÌ, 2020.
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Äîêàçàòåëüñòâî (ïî Ëåììå î ìàêñèìèçàöèè íà ñèìïëåêñàõ)

Îïòèìèçàöèîííàÿ çàäà÷à M-øàãà îòíîñèòåëüíî Φ è Θ(Φ):

Q(Φ) =
∑

d∈D

∑

u∈W

∑

s∈T

ndupsdu ln
(

φusθsd(Φ)
)

+ R
(

Φ,Θ(Φ)
)

→ max
Φ

Ïðèìåíèì Ëåììó ê ðåãóëÿðèçîâàííîìó log-ïðàâäîïîäîáèþ Q:

φwt
∂Q

∂φwt

=
∑

d∈D

ndwptdw+
∑

d,s,u

ndupsdu
φwt

θsd

∂θsd

∂φwt

+φwt

∑

d,s

∂R

∂θsd

∂θsd

∂φwt

+φwt
∂R

∂φwt

=

=
∑

d∈D

ndw

(

ptdw +
1

ndw

∑

s∈T

φwt

θsd

(
∑

u∈d

ndupsdu + θsd
∂R

∂θsd

)

︸ ︷︷ ︸

nsd

∂θsd

∂φwt

)

+ φwt
∂R

∂φwt

=

=
∑

d∈D

ndw

(

ptdw +
1

ndw

∑

s∈T

nsd

θsd
φwt

∂θsd

∂φwt

)

︸ ︷︷ ︸

p′
tdw

+ φwt
∂R

∂φwt

.

�
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EM-àëãîðèòì äëÿ ARTM ñ ëèíåéíîé òåìàòèçàöèåé äîêóìåíòîâ

θtd (Φ) =
∑

w∈d

pwd norm
t∈T

(φwtpt) ⇒ φwt
∂θsd
∂φwt

= pwdφ
′
tw

(

δst − φ′
sw

)

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

φ′
tw = norm

t∈T

(

φwtnt
)

; θtd =
∑

w∈d

pwdφ
′
tw ;

ptdw = norm
t∈T

(

φwtθtd
)

; nt =
∑

d∈D

∑

w∈d

ndwptdw ;

ntd =
∑

w∈d

ndwptdw + θtd
∂R

∂θtd
;

p′tdw = ptdw +
φ′
tw

nd

(

ntd

θtd
−

∑

s∈T

φ′
sw

nsd

θsd

)

;

φwt = norm
w∈W

(

∑

d∈D

ndwp
′
tdw + φwt

∂R

∂φwt

)

.

E-øàã ïî-ïðåæíåìó çàíèìàåò O(nd |T |) îïåðàöèé äëÿ

êàæäîãî
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Ýêñïåðèìåíò. Ïðîâåðêà ìîäè�èöèðîâàííîãî EM-àëãîðèòìà

Êîëëåêöèÿ NIPS, |T | = 50, ìîäåëè:

TARTM (Θless ARTM) � ìîäè�èöèðîâàííûé EM-àëãîðèòì

naive TARTM � îäíà èòåðàöèÿ îáû÷íîãî EM-àëãîðèòìà
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TARTM î÷èùàåò òåìû îò îáùåóïîòðåáèòåëüíûõ ñëîâ,

óëó÷øàåò ðàçðåæåííîñòü, ðàçëè÷íîñòü è êîãåðåíòíîñòü òåì

È.À.Èðõèí, Â.�.Áóëàòîâ, Ê.Â.Âîðîíöîâ. Àääèòèâíàÿ ðåãóëÿðèçàöèÿ òåìàòè÷åñêèõ

ìîäåëåé ñ áûñòðîé âåêòîðèçàöèåé òåêñòà, 2020.
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Óïðîùåíèå EM-àëãîðèòìà äëÿ ëèíåéíîé òåìàòèçàöèè

Íåò ðåãóëÿðèçàöèè ïî Θ, ñëåäîâàòåëüíî, ∂R
∂θtd

= 0

Ïîäñòàíîâêà íåñìåù¼ííûõ îöåíîê θtd = ntd
nd
, θsd = nsd

nd

â �îðìóëó Ì-øàãà ïðèâîäèò ê óïðîùåíèþ: p′tdw = ptdw

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

φ′
tw ≡ p(t|w) = norm

t∈T

(

φwtnt
)

; θtd =
∑

w∈d

pwdφ
′
tw ;

ptdw ≡ p(t|d ,w) = norm
t∈T

(

φwtθtd
)

; nt =
∑

d∈D

∑

w∈d

ndwptdw ;

φwt = norm
w∈W

(

∑

d∈D

ndwptdw + φwt
∂R

∂φwt

)

.

Ýòî îáû÷íûé EM-àëãîðèòì, òîëüêî ñ îäíîïðîõîäíûì Å-øàãîì!

Î�Î! È ÒÀÊ ÌÎÆÍÎ ÁÛËÎ?!
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Ëèíåéíàÿ òåìàòèçàöèÿ òåêñòà

Ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû

Íà ïóòè ê òåìàòè÷åñêèì ìîäåëÿì âíèìàíèÿ

Îäíîïðîõîäíûé E-øàã

Ëîêàëèçîâàííûé E-øàã

Äâóíàïðàâëåííûå âåêòîðû êîíòåêñòà

Ëèíåéíàÿ òåìàòèçàöèÿ: îò äîêóìåíòà ê ëîêàëüíûì êîíòåêñòàì

Òåìàòèçàöèÿ äîêóìåíòà d = (w1, . . . ,wnd ) çà îäèí ïðîõîä:

θtd (Φ) ≡ p(t|d) =
1

nd

nd
∑

i=1

p(t|wi) =
1

nd

nd
∑

i=1

φ′
twi

Òåìàòèçàöèÿ ëîêàëüíîãî êîíòåêñòà Ci = (. . . ,wi , . . . ) òåðìà wi :

θti(Φ) ≡ p(t|i) =
1

|Ci |

∑

u∈Ci

p(t|u) =
1

|Ci |

∑

u∈Ci

φ′
tu

Òåìàòèçàöèÿ ëîêàëüíîãî êîíòåêñòà ñ ðàñïðåäåëåíèåì âåñîâ:

θti(Φ) ≡ p(t|i) =
∑

u∈Ci

φ′
tuα(u|i),

∑

u∈Ci

α(u|i) = 1, α(u|i) > 0

Ëîêàëèçîâàííàÿ òåìàòè÷åñêàÿ ìîäåëü (ïîõîæà íà BitermTM):

p(w |d , i) =
∑

t∈T

p(w |t) p(t|i) =
∑

t∈T

φwt

∑

u∈Ci

φ′
tuα(u|i)
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Ëèíåéíàÿ òåìàòèçàöèÿ òåêñòà

Ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû

Íà ïóòè ê òåìàòè÷åñêèì ìîäåëÿì âíèìàíèÿ

Îäíîïðîõîäíûé E-øàã

Ëîêàëèçîâàííûé E-øàã

Äâóíàïðàâëåííûå âåêòîðû êîíòåêñòà

EM-àëãîðèòì ñ ëîêàëèçîâàííûì E-øàãîì

w1, . . . ,wn � ñêâîçíàÿ íóìåðàöèÿ òåðìîâ âî âñåé êîëëåêöèè

Ci � ëîêàëüíûé êîíòåêñò (îêðóæåíèå) òåðìà wi

α(u|i) � ðàñïðåäåëåíèå âàæíîñòè òåðìîâ u ∈ Ci äëÿ òåðìà wi

íå íóæíà ãèïîòåçà ¾ìåøêà ñëîâ¿

íå íóæíî ðàçáèåíèå íà äîêóìåíòû

EM-àëãîðèòì: ìåòîä ïðîñòîé èòåðàöèè äëÿ ñèñòåìû óðàâíåíèé

φ′
tw ≡ p(t|w) = norm

t∈T

(

φwtnt
)

; θti =
∑

u∈Ci

φ′
tuα(u|i);

pti ≡ p(t|d ,wi) = norm
t∈T

(

φwi tθti
)

; nt =

n
∑

i=1

pti ;

φwt = norm
w∈W

( n
∑

i=1

[wi =w ]pti + φwt
∂R

∂φwt

)

.
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Ëèíåéíàÿ òåìàòèçàöèÿ òåêñòà

Ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû

Íà ïóòè ê òåìàòè÷åñêèì ìîäåëÿì âíèìàíèÿ

Îäíîïðîõîäíûé E-øàã

Ëîêàëèçîâàííûé E-øàã

Äâóíàïðàâëåííûå âåêòîðû êîíòåêñòà

Áûñòðîå âû÷èñëåíèå äâóíàïðàâëåííûõ âåêòîðîâ êîíòåêñòà

Äâà ïðîõîäà ïî òåêñòó � ¾ñëåâà íàïðàâî¿ è ¾ñïðàâà íàëåâî¿

äëÿ âû÷èñëåíèÿ ýêñïîíåíöèàëüíûõ ñêîëüçÿùèõ ñðåäíèõ (ÝÑÑ):

�

p(t|i) =
�

γ i p(t|wi) + (1−
�

γ i )
�

p(t|i−1), i = 1, . . . , n,
�

γ 1 = 1
�

p(t|i) =
�

γ i p(t|wi) + (1−
�

γ i )
�

p(t|i+1), i = n, . . . , 1,
�

γ n = 1

ãäå

�

γ i ,
�

γ i � êîý��èöèåíòû ñãëàæèâàíèÿ â ïîçèöèè i

Îñíîâíîå ñâîéñòâî: åñëè γi = γ, òî α(wk |i) = γ(1− γ)|i−k|

Íåñêîëüêî ñîîáðàæåíèé, êàê ðàñïîðÿæàòüñÿ âûáîðîì

�

γ i ,
�

γ i :

γi ≈
1
h
, ãäå h � øèðèíà îêíà, ðàçìåð êîíòåêñòà

γi = 1, åñëè íàäî çàáûòü êîíòåêñò, ñìåíèòü äîêóìåíò

γi = 0, åñëè íàäî ïðîèãíîðèðîâàòü òåðì

γi ìîæíî óìíîæàòü íà îöåíêó âàæíîñòè òåðìà
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Ëèíåéíàÿ òåìàòèçàöèÿ òåêñòà

Ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû

Íà ïóòè ê òåìàòè÷åñêèì ìîäåëÿì âíèìàíèÿ

Îäíîïðîõîäíûé E-øàã

Ëîêàëèçîâàííûé E-øàã

Äâóíàïðàâëåííûå âåêòîðû êîíòåêñòà

Îíëàéíîâûé EM-àëãîðèòì ñ ëîêàëèçîâàííûì Å-øàãîì

Âõîä: êîëëåêöèÿ, ÷èñëî òåì |T |, ïàðàìåòðû β,
�

γ i ,
�

γ i , α, δ;
Âûõîä: ìàòðèöà Φ, âåêòîðû òåðìîâ äîêóìåíòîâ pti ;

èíèöèàëèçàöèÿ: nwt := 0; ñwt := 0; nt := 1; φwt := random;
äëÿ âñåõ äîêóìåíòîâ d ∈ D

pti := normt(φwi tnt), i = 1, . . . , nd , t∈T ;
�

θti :=
�

γ i pti +(1−
�

γ i )
�

θt,i−1, i = 1, . . . , nd ,
�

γ 1 = 1, t∈T ;
�

θti :=
�

γ i pti+(1−
�

γ i )
�

θt,i+1, i = nd , . . . , 1,
�

γ nd
= 1, t∈T ;

pti := normt

(

φwi t

(

β
�

θti +(1−β)
�

θti
))

, i = 1, . . . , nd , t∈T ;

ñwi t := ñwi t + pti ; nt := nt + pti , i = 1, . . . , nd , t∈T ;

åñëè ïîðà îáíîâèòü ìàòðèöó Φ òî

nwt := δnwt + αñwt ; ñwt := 0;

φwt := norm
w∈W

(

nwt + φwt
∂R
∂φwt

)

;
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Ëèíåéíàÿ òåìàòèçàöèÿ òåêñòà

Ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû

Íà ïóòè ê òåìàòè÷åñêèì ìîäåëÿì âíèìàíèÿ

Îäíîïðîõîäíûé E-øàã

Ëîêàëèçîâàííûé E-øàã

Äâóíàïðàâëåííûå âåêòîðû êîíòåêñòà

Èñïîëüçîâàíèå äâóíàïðàâëåííûõ âåêòîðîâ êîíòåêñòà

×åðåç äâóíàïðàâëåííûå òåìàòè÷åñêèå âåêòîðû îïðåäåëÿåòñÿ:

�

p(t|i) � òåìàòèêà ëåâîãî êîíòåêñòà òåðìà wi
�

p(t|i) � òåìàòèêà ïðàâîãî êîíòåêñòà òåðìà wi
1
2

(

�

p(t|i) +
�

p(t|i)
)

� òåìàòèêà äâóñòîðîííåãî êîíòåêñòà wi

p(t|i . . . j) = 1
2

(

�

p(t|i) +
�

p(t|j)
)

� òåìàòèêà ñåãìåíòà [i . . . j]
�

p(t|i) ≈
�

p(t|j) � îäíîðîäíîñòü òåìàòèêè ñåãìåíòà [i . . . j]

maxi
∥

∥

�

p(t|i)−
�

p(t|i)
∥

∥

� ãðàíèöà i ìåæäó ñåãìåíòàìè

ïðè ðàçëè÷íûõ γi � êîðîòêèå è äëèííûå êîíòåêñòû

�èïîòåçà: íåò ëè ïîëåçíîé àíàëîãèè ñ ìîäåëÿìè âíèìàíèÿ?
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Ëèíåéíàÿ òåìàòèçàöèÿ òåêñòà

Ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû

Íà ïóòè ê òåìàòè÷åñêèì ìîäåëÿì âíèìàíèÿ

Ìîäåëè âíèìàíèÿ

Òðàíñ�îðìåð êîäèðîâùèê

Òðàíñ�îðìåð äåêîäèðîâùèê

Íàïîìèíàíèå. Ìîäåëü âíèìàíèÿ Query�Key�Value

q � âåêòîð-çàïðîñ, òðàíñ�îðìèðóåìûé â êîíòåêñòíûé âåêòîð z .

Êîíòåêñò çàäà¼òñÿ ïîñëåäîâàòåëüíîñòüþ n çíà÷åíèé ñ êëþ÷àìè:

V = (v1, . . . , vn) � âåêòîðû-çíà÷åíèÿ;

K = (k1, . . . , kn) � âåêòîðû-êëþ÷è.

Ìîäåëü âíèìàíèÿ � ýòî âûïóêëàÿ êîìáèíàöèÿ âåêòîðîâ vi ,

âçâåøåííûõ ïî ñõîäñòâó èõ êëþ÷åé ki ñ çàïðîñîì q:

z = Attn(q,K ,V ) =
∑n

i=1 vi SoftMax
i

〈ki , q〉

Ìîäåëü ñàìî-âíèìàíèÿ (self-attention) òðàíñ�îðìèðóåò

X = (x1, . . . , xn) � âõîäíûå áåñêîíòåêñòíûå âåêòîðû â

Z = (z1, . . . , zn) � âûõîäíûå êîíòåêñòíûå âåêòîðû:

zi = Attn(Wqxi ,WkX ,WvX ),

ãäå Wq,Wk ,Wv � îáó÷àåìûå ìàòðèöû ïàðàìåòðîâ.

Vaswani et al. Attention is all you need. 2017.
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Ëèíåéíàÿ òåìàòèçàöèÿ òåêñòà

Ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû

Íà ïóòè ê òåìàòè÷åñêèì ìîäåëÿì âíèìàíèÿ

Ìîäåëè âíèìàíèÿ

Òðàíñ�îðìåð êîäèðîâùèê

Òðàíñ�îðìåð äåêîäèðîâùèê

BERT � Bidire
tional En
oder Representations from Transformers

Òðàíñ�îðìåð BERT � äâóíàïðàâëåííûé êîäèðîâùèê òåêñòà,

ïðåäîáó÷àåìûé äëÿ ðåøåíèÿ ðàçëè÷íûõ çàäà÷ NLP

Ñõåìà ïðåîáðàçîâàíèÿ äàííûõ:

S = (w1, . . . ,wn) � òîêåíû âõîäíîãî òåêñòà

↓ îáó÷åíèå âåêòîðîâ (ýìáåäèíãîâ) òîêåíîâ

X = (x1, . . . , xn) � áåñêîíòåêñòíûå âåêòîðû òîêåíîâ

↓ ìíîãîêðàòíàÿ òðàíñ�îðìàöèÿ ÷åðåç ñàìî-âíèìàíèå

Z = (z1, . . . , zn) � êîíòåêñòíûå âåêòîðû òîêåíîâ

↓ äîîáó÷åíèå íà êîíêðåòíóþ çàäà÷ó

Y � ðàçìåòêà òåêñòà / êëàññè�èêàöèÿ è ò.ï.

Ja
ob Devlin, Ming-Wei Chang, Kenton Lee, Kristina Toutanova (Google AI Language)

BERT: pre-training of deep bidire
tional transformers for language understanding. 2019.

Di
hao Hu. An introdu
tory survey on attention me
hanisms in NLP problems. 2018.
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Ëèíåéíàÿ òåìàòèçàöèÿ òåêñòà

Ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû

Íà ïóòè ê òåìàòè÷åñêèì ìîäåëÿì âíèìàíèÿ

Ìîäåëè âíèìàíèÿ

Òðàíñ�îðìåð êîäèðîâùèê

Òðàíñ�îðìåð äåêîäèðîâùèê

Àðõèòåêòóðà òðàíñ�îðìåðà-êîäèðîâùèêà

1. Äîáàâëÿþòñÿ ïîçèöèîííûå âåêòîðû pi :

hi = xi + pi , H = (h1, . . . , hn) d = dim xi , pi , hi = 512
dimH = 512×n

2. Ìíîãîìåðíîå ñàìî-âíèìàíèå: j = 1, . . . , J = 8

h
j
i = Attn(W j

qhi ,W
j
kH,W j

vH) dim h
j
i
= 64

dimW j
q,W

j
k
,W j

v = 64×512

3. Êîíêàòåíàöèÿ (multi-head attention):

h′i = MHj(h
j
i ) ≡

[

h1i · · · h
J
i

]

dim h′i = 512

4. Ñêâîçíàÿ ñâÿçü + íîðìèðîâêà óðîâíÿ:

h′′i = LN(h′i + hi ;µ1, σ1) dim h′′i , µ1, σ1 = 512

5. Ïîëíîñâÿçíàÿ 2õ-ñëîéíàÿ ñåòü FFN:

h′′′i = W2 ReLU(W1h
′′
i + b1) + b2 dimW1 = 2048×512

dimW2 = 512×2048

6. Ñêâîçíàÿ ñâÿçü + íîðìèðîâêà óðîâíÿ:

zi = LN(h′′′i + h′′i ;µ2, σ2) dim zi , µ2, σ2 = 512
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Ëèíåéíàÿ òåìàòèçàöèÿ òåêñòà

Ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû

Íà ïóòè ê òåìàòè÷åñêèì ìîäåëÿì âíèìàíèÿ

Ìîäåëè âíèìàíèÿ

Òðàíñ�îðìåð êîäèðîâùèê

Òðàíñ�îðìåð äåêîäèðîâùèê

Êðèòåðèé îáó÷åíèÿ MLM (Masked Language Modeling)

Êðèòåðèé ìàñêèðîâàííîãî ÿçûêîâîãî ìîäåëèðîâàíèÿ MLM,

ñòðîèòñÿ àâòîìàòè÷åñêè ïî òåêñòàì (self-supervised learning):

∑

S

∑

i∈M(S)

ln p(wi |i ,S ,W ) → max
W

,

ãäå M(S) � ïîäìíîæåñòâî (15%) ìàñêèðîâàííûõ òîêåíîâ èç S ,

p(w |i ,S ,W ) = SoftMax
w

(Wzzi(S ,WT ) + bz)

� ÿçûêîâàÿ ìîäåëü, ïðåäñêàçûâàþùàÿ i -é òîêåí â òåêñòå S ;

zi(S ,WT ) � êîíòåêñòíûé âåêòîð i -ãî òîêåíà òåêñòà S íà âûõîäå

Òðàíñ�îðìåðà ñ ïàðàìåòðàìè WT ;

W = (WT ,Wz , bz) � âñå ïàðàìåòðû ÿçûêîâîé ìîäåëè

Ja
ob Devlin, Ming-Wei Chang, Kenton Lee, Kristina Toutanova (Google AI Language)

BERT: pre-training of deep bidire
tional transformers for language understanding. 2019.
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Ëèíåéíàÿ òåìàòèçàöèÿ òåêñòà

Ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû

Íà ïóòè ê òåìàòè÷åñêèì ìîäåëÿì âíèìàíèÿ

Ìîäåëè âíèìàíèÿ

Òðàíñ�îðìåð êîäèðîâùèê

Òðàíñ�îðìåð äåêîäèðîâùèê

Òðàñ�îðìåð äëÿ ãåíåðàöèè òåêñòà

Äîáàâëÿåòñÿ òðàñ�îðìåð-äåêîäèðîâùèõ ñõîæåé àðõèòåêòóðû

Ñõåìà ïðåîáðàçîâàíèÿ äàííûõ:

S = (w1, . . . ,wn) � òîêåíû âõîäíîãî òåêñòà

↓ îáó÷àåìàÿ èëè ïðåä-îáó÷åííàÿ âåêòîðèçàöèÿ

X = (x1, . . . , xn) � áåñêîíòåêñòíûå âåêòîðû òîêåíîâ

↓ òðàíñ�îðìåð-êîäèðîâùèê

Z = (z1, . . . , zn) � êîíòåêñòíûå âåêòîðû âõîäíûõ òîêåíîâ

↓ òðàíñ�îðìåð-äåêîäèðîâùèê

Y = (y1, . . . , ym) � êîíòåêñòíûå âåêòîðû âûõîäíûõ òîêåíîâ

↓ ãåíåðàöèÿ òîêåíîâ ïî êîíòåêñòíûì âåêòîðàì

S̃ = (w̃1, . . . , w̃m) � òîêåíû âûõîäíîãî òåêñòà

Vaswani et al. (Google) Attention is all you need. 2017.

Tom B. Brown et al. (OpenAI) Language models are few-shot learners. 2020.
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Ëèíåéíàÿ òåìàòèçàöèÿ òåêñòà

Ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû

Íà ïóòè ê òåìàòè÷åñêèì ìîäåëÿì âíèìàíèÿ

Ìîäåëè âíèìàíèÿ

Òðàíñ�îðìåð êîäèðîâùèê

Òðàíñ�îðìåð äåêîäèðîâùèê

Àðõèòåêòóðà òðàíñ�îðìåðà äåêîäèðîâùèêà

y0 = 〈BOS〉 � ýìáåäèíã ñèìâîëà íà÷àëà;

äëÿ âñåõ t = 1, 2, . . . :

1. Ìàñêèðîâàíèå ¾äàííûõ èç áóäóùåãî¿:

ht = yt−1 + pt ; Ht = (h1, . . . , ht)

2. Ìíîãîìåðíîå ñàìîâíèìàíèå:

h′t = LN ◦MHj ◦ Attn(W
j
qht ,W

j
kHt ,W

j
vHt)

3. Ìíîãîìåðíîå âíèìàíèå íà êîäèðîâêó Z :

h′′t = LN ◦MHj ◦ Attn(W̃
j
qh

′

t , W̃
j
kZ , W̃

j
vZ )

4. Äâóõñëîéíàÿ ïîëíîñâÿçíàÿ ñåòü:

yt = LN ◦ FFN(h′′t )

5. Ëèíåéíûé ïðåäñêàçûâàþùèé ñëîé:

p(w̃ |t) = SoftMax
w̃

(Wy yt + by )

ãåíåðàöèÿ w̃t = argmax
w̃

p(w̃ |t) ïîêà w̃t 6= 〈EOS〉

Vaswani et al. (Google) Attention is all you need. 2017.
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Ëèíåéíàÿ òåìàòèçàöèÿ òåêñòà

Ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû

Íà ïóòè ê òåìàòè÷åñêèì ìîäåëÿì âíèìàíèÿ

Ëîêàëèçîâàííûé Å-øàã è ìîäåëü âíèìàíèÿ

Ëîêàëèçîâàííûé Å-øàã è òðàíñ�îðìåð

Îíëàéíîâûé EM-àëãîðèòì ñ ëîêàëèçîâàííûì Å-øàãîì

Àíàëîãèÿ ëîêàëèçîâàííîãî Å-øàãà ñ ìîäåëüþ ñàìî-âíèìàíèÿ

Òåìàòè÷åñêèé âåêòîð ëîêàëüíîãî êîíòåêñòà íà âûõîäå E-øàãà:

p(t|Ci ,wi ) ≡ pti = norm
t∈T

(

φwi tθti
)

= norm
t∈T

(

∑

u∈Ci

φ′
tuφwi tα(u|i)

)

Êîíòåêñòíûé âåêòîð íà âûõîäå ìîäåëè ñàìî-âíèìàíèÿ:

zi =
∑

u∈Ci

Wvxu α(u|i) =
∑

u∈Ci

Wvxu SoftMax
u∈Ci

〈Wqxi ,Wkxu〉

Ñõîäñòâî:

âåêòîð òåðìà wi òðàíñ�îðìèðóåòñÿ â êîíòåêñòíûé âåêòîð

ïóò¼ì óñðåäíåíèÿ âåêòîðîâ φ′
u èç êîíòåêñòà òåðìà wi ,

íàèáîëåå (ñåìàíòè÷åñêè) ñõîæèõ ñ âåêòîðîì òåðìà wi .

Îòëè÷èÿ:

àäàìàðîâî óìíîæåíèå âåêòîðà φ′
u íà âåêòîð-�èëüòð φwi

;

íåò îáó÷àåìûõ ìàòðèö Wq,Wk ,Wv êàê ó ìîäåëè âíèìàíèÿ;

ïðîåöèðîâàíèå èòîãîâîãî âåêòîðà íà åäèíè÷íûé ñèìïëåêñ.
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Ëèíåéíàÿ òåìàòèçàöèÿ òåêñòà

Ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû

Íà ïóòè ê òåìàòè÷åñêèì ìîäåëÿì âíèìàíèÿ

Ëîêàëèçîâàííûé Å-øàã è ìîäåëü âíèìàíèÿ

Ëîêàëèçîâàííûé Å-øàã è òðàíñ�îðìåð

Îíëàéíîâûé EM-àëãîðèòì ñ ëîêàëèçîâàííûì Å-øàãîì

Àíàëîãèÿ ëîêàëèçîâàííîãî Å-øàãà ñ ìîäåëüþ òðàíñ�îðìåðà

Îäèí ïðîõîä äîêóìåíòà àíàëîãè÷åí ìîäåëè âíèìàíèÿ:

� äëÿ êàæäîãî d ∈ D, äëÿ êàæäîé ïîçèöèè i = 1, . . . , nd
âû÷èñëÿþòñÿ 5 òåìàòè÷åñêèõ âåêòîðîâ, ñâÿçàííûõ ñ òåðìîì wi :

φ′
twi

= normt(φwi tnt) � áåñêîíòåêñòíûé âåêòîð òåðìà wi

�

p(t|i) =
�

θti ,
�

p(t|i) =
�

θti � âåêòîðû ëåâîãî è ïðàâîãî êîíòåêñòà

θti = β
�

θti + (1− β)
�

θti � âåêòîð äâóñòîðîííåãî êîíòåêñòà

pti = normt

(

φwi tθti
)

� êîíòåêñòíûé âåêòîð òåðìà

Íåñêîëüêî òàêèõ ïðîõîäîâ àíàëîãè÷íû òðàíñ�îðìåðó:

� êîíòåêñòíûé âåêòîð òåðìà pti = p(t|i) ñ ïðåäûäóùåãî ïðîõîäà
èñïîëüçóåòñÿ âìåñòî åãî áåñêîíòåêñòíîãî âåêòîðà φ′

twi
= p(t|wi)

� L òàêèõ èòåðàöèé àíàëîãè÷íû ïðîõîäó L áëîêîâ âíèìàíèÿ
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Ëèíåéíàÿ òåìàòèçàöèÿ òåêñòà

Ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû

Íà ïóòè ê òåìàòè÷åñêèì ìîäåëÿì âíèìàíèÿ

Ëîêàëèçîâàííûé Å-øàã è ìîäåëü âíèìàíèÿ

Ëîêàëèçîâàííûé Å-øàã è òðàíñ�îðìåð

Îíëàéíîâûé EM-àëãîðèòì ñ ëîêàëèçîâàííûì Å-øàãîì

Îíëàéíîâûé EM ñ ìíîãîïðîõîäíûì ëîêàëèçîâàííûì Å-øàãîì

Âõîä: êîëëåêöèÿ, ÷èñëî òåì |T |, ïàðàìåòðû L, β,
�

γ i ,
�

γ i , α, δ;
Âûõîä: ìàòðèöà Φ, âåêòîðû òåðìîâ äîêóìåíòîâ pti ;

èíèöèàëèçàöèÿ: nwt := 0; ñwt := 0; nt := 1; φwt := random;
äëÿ âñåõ äîêóìåíòîâ d ∈ D

pti := normt(φwtnt);
äëÿ âñåõ l = 1, . . . , L (àíàëîã L áëîêîâ âíèìàíèÿ)

�

θti :=
�

γ i pti + (1−
�

γ i )
�

θt,i−1, i = 1, . . . , nd ,
�

γ 1 = 1;
�

θti :=
�

γ i pti + (1−
�

γ i )
�

θt,i+1, i = nd , . . . , 1,
�

γ nd
= 1;

pti := normt

((

β
�

θti + (1−β)
�

θti
)

pti/nt
)

;

ñwi t := ñwi t + pti ; nt := nt + pti ;

åñëè ïîðà îáíîâèòü ìàòðèöó Φ òî

nwt := δnwt + αñwt ; ñwt := 0;

φwt := norm
w∈W

(

nwt + φwt
∂R
∂φwt

)

;
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Ëèíåéíàÿ òåìàòèçàöèÿ òåêñòà

Ìîäåëè âíèìàíèÿ è òðàíñ�îðìåðû

Íà ïóòè ê òåìàòè÷åñêèì ìîäåëÿì âíèìàíèÿ

Îòêðûòûå ïðîáëåìû è ïîñòàíîâêè çàäà÷

íàäî ëè èñêëþ÷àòü pti ïîçèöèè i èç êîíòåêñòîâ
�

θti ,
�

θti?

êàêèå äðóãèå âàðèàíòû α(u|i) êðîìå ñêîëüçÿùèõ ñðåäíèõ?

êàê âûáðàòü âåñ β ëåâîãî êîíòåêñòà?

ïðàâèëüíî ëè ïîäñòàâëÿòü pti/nt âìåñòî φwi t íà E-øàãå?

èìååò ëè ñìûñë óâåëè÷èâàòü ÷èñëî ïðîõîäîâ L?

êàê (è íóæíî ëè) ïàðàìåòðèçîâàòü ìîäåëü âíèìàíèÿ?

êàê îáó÷àòü å¼ ïàðàìåòðû, ðàçíûå äëÿ ðàçíûõ ïðîõîäîâ?

êàê (è íóæíî ëè) ââåñòè àíàëîã ìíîãèõ ãîëîâ âíèìàíèÿ?

ñëèøêîì ìíîãî ýâðèñòè÷åñêèõ ïðåîáðàçîâàíèé ñäåëàíî...

ìû âñ¼ åù¼ ðåøàåì èñõîäíóþ îïòèìèçàöèîííóþ çàäà÷ó?

äåéñòâèòåëüíî ëè íà E-øàãå ìîæíî ïîäâåðãàòü p(t|d ,wi)
âñÿêèì ìîäè�èêàöèÿì, ïî÷åìó è â êàêèõ ïðåäåëàõ?
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�åçþìå

�àáîòàåò ëè òàêàÿ òåìàòè÷åñêàÿ ìîäåëü âíèìàíèÿ?

Âîçìîæíû ëè äðóãèå òåìàòè÷åñêèå ìîäåëè âíèìàíèÿ?

(åñòü ìíîãî ïîïûòîê îáúåäèíÿòü òåìàòè÷åñêèå ìîäåëè

ñ íåéðîñåòåâûìè ìîäåëÿìè ÿçûêà, attention, transformer)

Ìåõàíèçìû ó÷¼òà ïîðÿäêà ñëîâ â ARTM:

� ìîäåëè n-ãðàìì, êîëëîêàöèé, ñëîâîñî÷åòàíèé

� ìîäåëè ñî÷åòàåìîñòè ïàð ñëîâ: BitermTM, WNTM

� ëèíåéíàÿ îäíîïðîõîäíàÿ òåìàòèçàöèÿ äîêóìåíòîâ

� ìíîãîïðîõîäíàÿ òåìàòèçàöèÿ (àíàëîã òðàíñ�îðìåðà)

� ðåãóëÿðèçàöèÿ E-øàãà

� ìîäåëè ïðåäëîæåíèé èëè ñåãìåíòîèäîâ

� òåìàòè÷åñêàÿ ñåãìåíòàöèÿ: ìîäåëü Topi
Tiling

Rob Chur
hill, Lisa Singh. The Evolution of Topi
 Modeling. 2022

He Zhao et al. Topi
 Modelling Meets Deep Neural Networks: A Survey. 2021

Xiaobao Wu, Thong Nguyen, Anh Tuan Luu. A Survey on Neural Topi
 Models:

Methods, Appli
ations, and Challenges. 2023

Tian Tian et al. Attention-based Autoen
oder Topi
 Model for Short Texts. 2019

Shuangyin Li et al. Re
urrent Attentional Topi
 Model. 2017



Íàïîìèíàíèå. 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 pyTor
h 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, ⌊s
ore/5⌋
)

ïî 10-áàëëüíîé øêàëå.



Èññëåäîâàòåëüñêîå çàäàíèå (ðàáîòà íàä îòêðûòîé ïðîáëåìîé)

Ïðîäîëæèòü èññëåäîâàíèå Èëüè Èðõèíà:

Îñâîèòü êîä: https://github.
om/ilirhin/python_artm

�åàëèçîâàòü ëîêàëèçîâàííûé E-øàã

Èññëåäîâàòü çàâèñèìîñòü ìåòðèê êà÷åñòâà îò ïàðàìåòðîâ

(ïåðïëåêñèÿ, ðàçðåæåííîñòü, ðàçëè÷íîñòü, êîãåðåíòíîñòü):

L � ÷èñëî ïðîõîäîâ

�

γ i ,
�

γ i � äëèíà ñêîëüçÿùåãî ñðåäíåãî

�

γ i ,
�

γ i � àñèììåòðè÷íîñòü ëåâîãî è ïðàâîãî êîíòåêñòà

�

γ i ,
�

γ i � ó÷¼ò ãðàíèö ïðåäëîæåíèé, àáçàöåâ, ãëàâ

β � áàëàíñà ëåâîãî è ïðàâîãî êîíòåêñòà

α, δ � ïàðàìåòðû îíëàéíîâîãî EM-àëãîðèòìà

îïöèÿ ¾ïîäñòàâëÿòü pti/nt âìåñòî φwi t íà E-øàãå¿

îïöèÿ ¾èñêëþ÷àòü pti ïîçèöèè i èç êîíòåêñòîâ
�

θti ,
�

θti¿



Òåîðåòè÷åñêîå çàäàíèå ê ëåêöèè �1

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.



Òåîðåòè÷åñêîå çàäàíèå ê ëåêöèè �2

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 ]
)



Òåîðåòè÷åñêîå çàäàíèå ê ëåêöèè �2

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−
φ0
wt 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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15. Âûâåäèòå EM-àëãîðèòì ñ ëîêàëèçîâàííûì E-øàãîì

(ñëàéä 15) äëÿ ëîêàëèçîâàííîé òåìàòè÷åñêîé ìîäåëè.

Êàêèå ïåðåìåííûå óäîáíåå îñòàâèòü â ìîäåëè, φwt èëè φ′
tw?

16. Ïðåäëîæèòå ïàðàìåòðèçàöèþ äëÿ òåìàòè÷åñêîé ìîäåëè

âíèìàíèÿ (ñëàéä 25). Èñïîëüçóÿ ¾îñíîâíóþ ëåììó¿, ïîëó÷èòå

óðàâíåíèÿ äëÿ íîâûõ ïàðàìåòðîâ ìîäåëè.
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