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=  Stable Diffusion (v1) https://github.com/CompVis/stable-diffusion
=  AMR@EE https://github.com/KwaiVGl/LivePortrait
= AR https://github.com/Tencent/TFace/tree/master/generation/uiface

o AIFAEERFRELR, fIa0:
L Flux.1 https://huggingface.co/black-forest-labs/FLUX.1-dev
L DeepSeek OCR https://huggingface.co/deepseek-ai/DeepSeek-OCR

0 TERRBEBEN

= ZiHHLESES https://github.com/fengdu78/lihang-code
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B 245-EZ3% (Monte Carlo)
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s O/RAIK#EFIERZ L (Markov Chain Monte Carlo, MCMC)
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« ZTUBIEE x e X, EMERZEREN p(x)
s f(x) AENMTE x € X ERIREL
o BAR:
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Prior Distribution p(8)

2025/10/27

Generative Models: Fundamentals and Applications

11



ORI RSB

» WIS S/RAKHE
0 BEXORS IR
- MBxRELTE: BRREY
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= EREAFMCMC: Metropolis-Hastings (MH) &i&
= EER., FHE 7ZRMCMC: Gibbs f#F
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\ Metropolis-Hastings& %

P /E‘L‘?\;kg: ﬁi%ﬁ% *lj_‘ﬁj\ﬁ
0 ERZt -1, RIgNTFIRES x
= HENSf (proposal distribution) g(x, x") £ q(x'|x) HE—MEEIKRT x’
« FBESHIZE (acceptance probability) a(x,x") ITHIEEIRZS x’
0 BIREIRTS £
= PR SEREBRD M ENZ ¢ BREE
= BN ERZ ¢t EEEERRES x
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\ Metropolis-Hastings &%

n BRI BREL p(x, x')

p(x,x') = q(x,x)a(x,x’)

a0 B qlx, x")

s XIFRDH: WMBTIESDH N (x'|x, Z)

o JHITHEE: BRI q(x,x") SZHEPRE x TX: qlxx") = q(x")
0 BREMER a(x, x')

oz, ') = min {1, P

0 FHEBHEBEEHSEME: p()plx,x) = p(x)Hp(x’, x)
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\ Metropolis-Hastings&i%

H3% 19.2 (Metropolis-Hastings #3%)
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Gibbs#iitF
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'Bm,; : MCMC

Credit: Dall-E 3
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BR =X

= BEEMEL (Energy Function) : oy [
o FENEA X S8 Y WTERREE S
- BEEMIE > AETFEAE. BXES et -13
— = = N E(Y.X)
o BRNBR: SWEER/NNIRE
[ Energy Function E(Y, X)

Y" = argminy o E(Y, X) )1(

Observed variables

(input)

f

Y

Variables to be
predicted
(answer)

Human
Animal
Airplane
Car
Truck
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0 EXEERIEREKE gy (x), BERD pe(x) AEIIFT—1L

1 1
po(x) = VO/Ume(gg)gg(X) = fgg(x)dxgg()()
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p(z) = 1 exp (— E(x))
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= RS2 BEEREAIFIRE T
0 BEERFHEHE T RIT— B R X EMERR
E(z) = —logp(x) —log Z
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= BEE=1EE! (Energy-Based Model, EBM): S#{LBIEEERE

po(T) =

1
Z(6)

exp(fo(z))

Z(0)

— [ expla(o)is
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T

0 SElfp (%) :
;;_IRIE M g% y

BIaN ST 0 25

input RGB image ,--"l‘«”’

feature maps
st .
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po(x)

EXEFELEE

1
— 70 exp(fo(x)) Z(0) = '/exp(fe(SC))dﬂf
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o BEERBEARNE{ATE
= exp(fo(x)) i logpe(x) = fo(x) —logZ(0)
= MEBEIR, H110 f(x): logpe(x) = logfy (x) —logZ(0)
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= HEEDRE Z(0) = | exp(fo(x)) dx EERE

/1
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t

E(Y,X)

Human I 1—F Human T ]
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Airplane I 1= trining  Ajrplane [T ]

car I =% == Car HEEE |
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_— _—

E(Y, X) E(Y, X)

Figure 3: How training affects the energies of the possible answers in the discrete case: the
energy of the correct answer is decreased, and the energies of incorrect answers are increased,
particularly if they are lower than that of the correct answer.

Energy Function E(Y, X)

!

X
Observed variables
(input)

}/7
Variables to be
predicted
(answer)

Human
Animal
Airplane
Car
Truck

f A
push down
o After =
> . *

- training ;
= g |
= = i

yi Vi
Answer (Y7) Answer (Y7)

Figure 4: The effect of training on the energy surface as a function of the answer Y in the con-
tinutous case. After training, the energy of the correct answer Y is lower than that of incorrect

answers.
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Pdata(X)
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— Epdata logpaata(x) — Epdata log pg(x)

= constant — L(6)

&/AME KL BE = SR RUCXIEUUA

0 MR ETH: S

AR Lt

o B ET mEn

2025/10/27 Generative Models: Fundamentals and Applications




4

EEIS

" INEREERE

e plin [

Z_ECE{J *lj_‘ﬁj\ﬁ Ptarget

1

Ptarget (II,') . E exp(f(x))

N

N7

N U7\£+j:§>lé$:: Ptarget
53\ 1u thj:téu%_gg%"'ﬂgﬁj\ﬁ qu, ] 1% :ﬁ:\ ptarget

Dxr (90 ||Ptarget ) = Eq, [log gy ()] — By, [f(2)] +log Z
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o BRI EUUA BRI X

0 X log pg (x;) RIRE

(fo (X))
Vg logpg(x) = Vg log expz(g)( 2

= Vg fo(x) — Vg logZ(6)

1
VoL(6) = Vg —2i=1logpe(x;)

— 1 ?=1 VQfQ (Xl-) — VQ logZ(Q)

n
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w MR
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Z(0)

1

1
Z(8)

po(x
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/ exp( fo(2)) Vo fo(z)de

1

Z(0)

[ explfa(a))dz
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(DS ohay

= R Ep, [Vofo(x)]

a z&l

Y

a0 3% : Monte Carlo 1E{84
o EEANMER X,i=1,..,1

Epg[Vofo ()] = =1L, Vo fo (%)
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» EURRE KRS

1
VoL(0) = — X1 Vo fo(xi) — Vg logZ(0)

1

= ~Xi=1 Vo fo(x:)

n

— Ep, [Vofo(x)]

Q

i1 VoS (x)

j ~
—E 2, Vo fo (%)
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BRFITE: BMCIEM
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[ 19.] 5 learned model o synthesized data
fx)A foog
= P e
00000 000  vvuce L o000 v o000 5
(1) mode searching x (3) mode chasing
fFx)4 A
- > x 200K : x
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= FR A

LTEREBH 0, \DT pe(x) I MCMC EREIR
REAEIIAH x°, =1
Fort = 1: (im+ n)

£ x' = x' + noise

TR fo(x") > fo(xh)
& yt+l =
Rz
S x =x", R exp(fo(x) — fo(xh)
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HBEMCMC

» BBZAEIE (Langevin Dynamics)

0 At:

At
TtrAt = Tt + 7fo9($t) HV Atey
HERM BRIEEh

« fEE At>0F] t > oo, P(xt)*pe(x)

m e, ~N(0,1)
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HBEMCMC

« BBZAEI0F

o BEAFZEK

At
Tt At = Tt + 7V$f9($t) + VAtey

« SUEI x, NLIERS
« PEHEENELNIRERE At = B,
= BEINES KX EEEREE V., logpgy (x;)

a0 258 : Diffusion

Tt_1 = Tt — %Vm log pg(zt) + \/ Bt €
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BEEER vs. HBIER

= Flp=EY
0 EEA x, fRE yecC
o ) softmax 93228

exp (fe,0(x))

po(y=clx)=

S5 exp (foro(2))

- fc,g %EZI_T%TQE XX g%

AR oEIBAIIUARTRAE—
PMEAYRIESHRE

N

c
Zo(z) =Y _exp (fen(x))
c=1

poly=c|z)=

1
Zy(x)

exp (fe,0())
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RE vs. HpiE8Y

Iﬂ\lll

. BEERER . —gR pg(a:)—zigexp(fe( ) a(@)

0 q(x): XF x HERNE
= a0 IS hEHTEIEE ST

0 B pe(x) MEEHFEARDfR, qx) PHEREERD

p(xly =1) = pg(x) plx|ly =0)=q(x)

0 ERIEw p=D=ppy=0=1-p
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BEEISE vs. FIRIEEY

BEEREEMNT logistic 2
B _ POy=1x) _ p(y=Dp(x|y=1)
Py =1lx) = P(x) py=Dp(x|y = 1)+p(y=0)p(x|y=0)
exp(fg(®))a®)
p Py (x) _ P Z(6)

— 1— o ex X X
p po(x)+(1-p) q(x) P p(fg((e)))q( )+(1—p)q(x)

REIN:
exp(}cg(x)ﬂog(1 p)Z(G)bi 5128 SEF1E55T
Lﬁ?&, mE x 959&

exp(fg(x)+lozc;(1 )Z(G))+1
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BEEER vs. HBIER

SERBEZEMNTF softmax 9E:E
» TR

_ __exp(fg(x)+b)
Py =1lx) = exp(fo(xX)+b)+1

O
anp
AYAY

— log Z(60)

b = log

P
(1-p)

= Z9ZE(aR
0 ERZERE

1
Peo(T) = 7 exp (feo(x))q(x),c=1,...,C
c,0
0 3EEs
exXp (fc 9(37) + bc)
ply=clz)= ’ where b, = logp, —logZ,
S exp (foo(@) + be) ’
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= S/RAIXERERZE (MCMC)
= BeERE

s ZIRW/RZEH (RBM)

= REEFEZME (DBN)

= REW/RZEZH (DBM)
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ZRE/RZEEN (RBM)

» ZPRIF/RZZEH] (Restricted Boltzmann Machine)

0 WRZEW,: Tk, RXIEEERRNEGEEME
s —EMNLTE v
» —ERT=E: FIWANESR A
= LTEREN0/T

0 ZR: MNTBEZE., RESZEREER

p(v|h) =[] p(vi|h)| |p(h]v) =] ] p(hilv)
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ZRE/RZEEN (RBM)

 RESHINEREE
a0 bc: REME
o BEBHEERDTT oy L@

LENBZDH v = > p(v.h) = ~ D e Eleh)

BREL |E(v,h) = —bv—c h—v Wh

Z
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ZRE/RZEEN (RBM)

> bjvy hi (Ci—l- Z Wi vj)

:%ZZ“'Z@M He =

hl flg }ln =1

1 Z bjv; h1 (01+Z u:lj'vj) ho (C.ngZ ngvj) hn (anrZ wnjt,sj)
— Ze.?zl E e j=1 E e j=1 - E e j=1
h,]_ hz hn
1 2 bjv; " h. (c + > w th)
—_— —63:1 H E e j—1
=1 h
1 " " ciJrz Wi v
=~ i I 1+e = (22)
j=1 i=1

0 RBMIA A ZZ ERIEEAIFEIR
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ZRE/RZEEN (RBM)

o FEEERT M

P(h|v) =

P(h,v)
P(v)
1 1
Plv)Z " {p'vrelht o Whi
1
—; €XP {cTh +v! Wh]f
1 nh Tlh
S SRS S
j=1 j=1

?th

1
-7 H[Cxp {(:jhj + UTW,jhj}].
j=1
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ZRE/RZEEN (RBM)

» FNREERITHISREHR

o YZE = v € {0,1}™
0 BRET=E he{0,1}"

P(h; =1
P(hj =1v) = =)
(hj=0|v)+ P(h; =1|wv)

g +o W)
- exp{0} +exp{c; +vT W}

-
= a(cj + v W:,j) :

1
1+exp(—x)

« Hib, o(x) = & sigmoid BiEKE]
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ZRE/RZEEN (RBM)

» FNREERITHISREHR

Is(h] = 0|v)
ﬁ(hj = 0|v)+13(hj = 1|v)
. exp{0}
o exp{0}+exp{c;j+vTW, ;}
= O'(—Cj — UTW:’]')

P(hj =0|v) =

o FEEERT M

T

P(h|v)=[[o(@n- 1ot W)
=1

P(v | h) =[o (20— 1)® (b+ Wh)),
1=1
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ZRE/RZEEN (RBM)

o PN EZE[DRR:
0 RESHEHTT W, b, ¢
o ARABIALE

o MAETT o RAE
= HREMETHEEE (Block Gibbs Sampling)
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ZRIK/REZEH (RBM)

w KRR ET

0 BHIEKER?

d Lﬁ*%i

L(0) =

pdat [log Do (1})]

Blogpa( )

- Epdat.n

8Ey(v, h)

[ 6‘6' ] +EP#[

00

o, | K

"'J:ﬂaﬂﬁ‘_ ik

B(H—l)

— 9(1?) +H

g 89(?5

(Z In £(60|x;) ]) 0|4 vAQ—Y)

—

/ — AB(t) \

/ AN
EHIn: BEL NEZE: 2% EDE B
yawalL) RERIIENIR . WL ES
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ZRIK/REZEH (RBM)

w IRKIUAAR G TT
o BTSRRI S A B

1 —E(v.h) (v,h) —F(v.h)
mL(O|v)=Inp(v|O) zlnzzh: lnz —lnze '

ESHEXENEE SR NEBEKE

= XIRS
JlnL(6 | v) d

0
= _E(Uah) _ —E('Uh)
06 00 (m 2 ) 00 (hl 2 )

h v.h

OFE (v, h) OE(v. h
_ —E(v,h) —E(v,h) YAV 10
- (v.h) Z 06 Z e—E(v,h) Z c 0
h oh v.h
OE (v, h OFE (v, h)
5 —Xh:p(hl'v) 50 -+X;P('v=h> 90
IR HAEE SR B AR
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ZRE/RZEEN (RBM)

w IRKIUAAR G TT
o BTSRRI S A B

= F—IN: FUEHE, XFRE W RKIRES E(w,h)=-bv—ch—v Wh

_Z p(h|v) aE(’U ’h/) = Zp(h | v)h;v;

BUREE x HEiAA

h k=1 hi h_;

h; h_;

A -~
"

=1

= Z H plhy |v)hiv; = Z Zp(hz' | v)p(h—i|v)h;v;

e

—= Zp(h,i |v)hv; Zp(h_ilv) =p(H; = 1jv)v; =0 ( Z w; Vi + c?;) v;

g=1
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ZRIK/REZEH (RBM)

w ARARAUZET
0 BN SRR BARITEUA,

xF W KRE

8’11!?;3,'

=p(H; = 1|v)

— Z p(h | 'U)h,i’{_?j
h

OlnL(0 | v) ZP hv) 8E (v,h)

dw;

vahaEU h)

Jw;

B ZI)(’U) Zp(h | ’U)hwj

h,
XA {v, h} KN HEXEAT!

— > p(v)p(H; = 1] v)v;

v
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ZRIK/REZEH (RBM)

o KRR G T

0 BYUEERNEIUARI, XT W XIRES
o BATFEINHES = (vq, ..., v, lqv): BRHTF
onL(@|v) 1 I OE (v, h) OFE(v.h)
EZ dw; ZZ a p(hlv)[ Ow; ; ]+Ep(h’v)[ w; ;
veS g veES - " Y
1 _
=7 Z Eph|v) [iltj] = Ep(h,v) [vih;]]
veS
= {0ih) y(n 1 w)g(w) i) p(h )
(vihj)data = Eung(o), hop(h) [Vits] — 2 CAL) (i) — (vih;)
(Uz‘hj>model:E(v,h)mp(v,h)[vihj] 1;8 8102-_3- t""J/data ") /'model
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ZRE/RZEEN (RBM)

n ARG LT
BEEISEUAAR, XT b KRS

2PN

o E

OlnL(0 |v)
70, = vj — Zp('v)t)j‘

N

d

FEIRTEUARR, XT ¢ KRS

JlnL(0 | v)

Do p(H; =1|v) = > p(v)p(H,

"HEENT  BE = SUEHE - REHAE
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ZRIK/REZEH (RBM)

[ Xj- I:b Eﬁ}g
0 MESZHC

=i,

28 TEV
wER®)

(Contrastive Divergence, CD)

A&, HITEES Gibbs K
(o),
CDy(0,v'") = Zp (h|v'”) dE Xh: p(h|v™) C)E(ag L
E;@SHE&:\Z‘E k & Gibbs EiFRIEELA{US o

, Mo Fap(h|lv®)FHEERO Py

MAFap (v|hO) v E+D hOO OO 90

vOOO OOO OO0
’U(U) — h(D) 1) - h{l) o Reconstructed  P(v]|h)
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ZRE/RZEEN (RBM)

s REMETEFE (Block Gibbs Sampling)

0 AEFMEREETT, FrE A LEITR LK

m

pw|h) =]]p(vi|h)
i=1

Vi=1,v_;.h
p(Vi— 11h) = p(Vi — 1o,y |o LU= Lo )

p(v—i. h)
e—E(t)g:l,’U_E.h) e—ie'B(U_l.h)—lmw(h)
" e—E(m=lw_i.h) £ ¢~B(u=0w_.h)  ¢—Bv_i.h)—L-ai(h) - c—B(v_i.h)—0-ai(h)
e PBlv_i.h) | —ai(h) e~ Blv_i.h)  ,—ai(h)
= 67'8(1)71?’1) . e—ag(h) + 67-“‘3(U*E'h‘) - e—ﬁ(’u_g.h) . (e—m(v_,g._h) + 1)
e—ai(’l},[._h) eai% 1

c—otw_rh) + 1 6%1(’” 1 1 +emvih)

n

= o(—(h)) = a(zwﬂm + bj> (27)

i=1
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ZRE/RZEEN (RBM)

s REMETEFE (Block Gibbs Sampling)

0 BEFRBENE

270, PR

S)EEA

27T R] LA

p(h|v) = ]]p(hilv)
=1
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ZRE/RZEEN (RBM)

Algorithm 1. k-step contrastive divergence
Input: RBM (Vi,...,V,.,H1,..., H,), training batch S

Output: gradient approximation Aw;;, Ab; and Ac¢; for e =1, ..., n,
j — yro ?m
1 init Aw;; = Ab; = A¢; =0fori=1,....n,5=1,....m

2 forall the v € S do |

3 | v —w

4 fort=0,....k—1do

5 fori=1....,n do sample hgt) ~ p(h; |v™®)

6 | for j=1,....m do sample U§t+1) ~ p(v; | R'") s 7 SR

7 for:=1,...,n, 7=1,...,m do

8 Aw;; + Awi; +p(H; =1 |’U(O))-’U§O) —p(H;, = 1] 'v(k))-vj(.k)

9 Abj +— Ab; + ’U;E-O) — U}k)

10 B Ac; + Ac; +p(H; = 1 'v(o)) —p(H; = 1] 'v("“)) ——
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ZRE/RZEEN (RBM)

» X L UE R IR IE KR

Theorem 1 (Bengio and Delalleau [3]). For a converging Gibbs chain

v = pO) = D = D

starting at data point v\, the log-likelihood gradient can be written as

0 OE (v h)
— Oy — _ (0) ’-
gt (v"”) = = 2 p(hiv ) =5
N IACIRN Olnp(vk)
+ Epo)|0() ZP(M’U(M) (89 ) + (v o) [ 8(9 )]
h

and the final term converges to zero as k goes to infinity

2025/10/27 Generative Models: Fundamentals and Applications

68



m
X

J

xRS RZ A (MCMC)

o
7”7

H &% O
il
m
ﬁ

KEE&/J\%2$}-L (RBM)
z1|:|/u\|__|g|:| (DBN)
ZIF/REEH, (DBM)

/]

|
~/¢
%P

7]

|
§F'
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FEEIME (DBN)

o REEZME (Deep Belief Network) D8N structure
0 EREETRESEENEMEE /
« AT “{ENK vidden /|
« RTE: BEERTEN \
0 AT N IR E SRR 2k
HIIFERERE 2 —

Hinton et al., 2006

RBM

: Directed
h" pelief nets
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FEEIME (DBN)

. BT SRR A EE
0 Mv Bk, LA RBM Z#& p(v|h'), IREARBMOE
0 ERERE p(h'|h?), p(h?|h3)--

DBN structure

Hinton et al., 2006

p(v, ht, h?, h3) = p(v|ht, h?, h3)p(ht, h?, h3) omn / RBM
= plhDp(ht|h*)p(h?, h*) ayers  —> &
\ > Directed
h' belief nets
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*EETME (DBN)

o I MEEEW®D, . wd
a0 l+ 1 MRERZ O, pD, bW Hrh pO EaIENRENS
= R0

PRY | RIDY) o exp (b O B 4 p-DT R | p=DT (1) h(l)) |
Zma&ks (IWERBM)

P(hY =1 REHDY = o (b§’“> + Wit h(k’“)) ViVkel,.. . . 1—2.

BOED
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REETMSE (DBN)

. BT
4 QD%EJJ'_'U;

0 WRAR

Al W=

=& _ 18

Ploy=11hY) = (b + W RO vi

EEXSLE

v~ N (,v; b0 4 WOT {1, 51)
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FEEIME (DBN)

= YIZrI 2

0 BRI E—" RBM——CDEE

= A

0 BEEE

RBM HEIABE

~RBM B W, b, ERERHEZTIPRE, EAEZD

BV data E R p) (D) v) logp@)(hm)
$EZT RBM #HEEE—1 RBM B L

0 TOIEE"NNRBM 5, BE—

at

0 E

S S E=NTRIERZIX
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REfE

=M% (DBN)

= llZrT A2
0 MBIGEIRERE, BBAEREN RBM JIZH, X4 RBM MEEHR

T REHEZIT,

EFEEBRNRDEFENMETT, —EHTIIZR

2000 top-level units

I

I

10 label units

500 units

i}

This could be the
top level of
another sensory
pathway

Ul

500 units

oy

28 x 28
pixel
image
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Vﬂgwﬁmjﬂﬁg([NBN)

BT 2 : Contrastive Wake-Sleep &%

0 fRTIRERBM, EERBMBYNEWR T B0 LAY W
AR ER A NI RN E

L WakeM&: NEITRE, @i RAOKEAE L L LW

NEFEE—ENMHMRESR (é:é:,'f'«{k/u\) . FFR{E wiT 0w,

JIEE TREXEEN T TNE (EMNE) ; Ho

0 SleepMiEx: :_EEQ$E LQJJ\JEi%T (ﬁiﬂjﬁ’f—% Wﬁrﬁ U w
ElJ*E%ILJ\) *I:IF'TI_WEZ ’_'_EJZJ_‘_JEE'}I*/L,\, HE:HIQEQ

leEﬂr]JZEI']*XEio

|I.IJ
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m
X

= S/RAIXERERZE (MCMC)
= BeERE

» ZIRW/RZEH (RBM)

= REEFEZME (DBN)

» REW/RZEZH (DBM)
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AEBR/RZEN (DBM)

 eBEETREEENENIEE
o AAREIT: B
0 RBRTE: =
0 BELEE
= BEE1RE
0 NENERR, BRTIRESH

—

E(v, R R R 0) = o TWHRD — pWTHy (2 p2) _ (2

0 BREMEER o

1) @ 3 ~ 1) p(2) p3).
P(v,h DG ) Z(B)exp( E(v,hD, h? K ,9))
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AEBR/RZEN (DBM)

« DBMBERLUEBA R — 1N B, EFEFHEE—N, 1S4
Em—MN

Il

anN7Imp
%
7/

Sk

Z N

U OO
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AEBR/RZEN (DBM)

AN

BE | MEEENDBMAFE 2L B

0 BEBYUE, XTHHENDHMERFH, BRI LYEARE R BIE
M SRAF

0 AERYE, JLAEN BRI

BRI E A REI TR
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REB/RZEH (DBM)

= Y& E
0 20095, RHTRER/RZESNNER, FRLZXETGZHENEISF
0 2010%FF, RHTHREEENEIE AT:L%
0 2012$ RHT —MToRBE, BEEIFEESLFR O MAINFINZToE
KR E R Fofmizh, §E1Ev|'ﬁ€§ﬁaﬁl RROHEEE(E

Salakhutdinov, R., Hinton, G.E . Deep boltzmann machines. Artificial Intelligence and Statistics (pp. 448-455).
Salakhutdinov, R. Learning deep Boltzmann machines using adaptive MCMC. ICML 2010
Salakhutdinov, R., Hinton, G. E. An efficient learning procedure for deep Boltzmann machines. Neural Computation.24(8)
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AEBR/RZEN (DBM)

o ¥ P(hYY, WD) AERFEHEH
O AEIANE v 5, BEZEKRASEERIIY

P(hY, h@|v) = P(RW D, v)P(hP|v)
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REB/RZEH (DBM)

o IR AN RS 9 6
0 2Q(hW, @ EP W, k2 |v) B9

Q(hY, h? | v) H@h“\vH () | v)

= FRSH
[ 1 2
QY. R | v) =TTn' o) T[QR? | v)
J k
= TR (1= ) TR Y (1= 221
J k

ptb = Q(h(-l) =1]|v) ;Lf) = Q(hf) =1]|wv)
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TE/RZEH, (DBM)

R IR R E A6
0 R/AMEQFIPZ BINEEES

L(Q||P) = Z QK'Y . h? | v)log (Q

P(h(

(h'

Y. a2 | w)
RIONED

—

)

WD — (Z u;@fgfagn) |
J

Vk.

7 (1) A1 -(2) 7(2 .
=g (Zq;m}j +> wilhg )) 7
k
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TE/RZEH, (DBM)

= SEGHERT: AR RS
0 BEES Lo
= RAWIEETHRELBO

ZZ% ai)fo”+ZZh W 0P~ log 2(0) + H(Q)
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REB/RZEH (DBM)

» BRI

Algorithm 20.1 The variational stochastic maximum likelihood algorithm for Aoy — LVTHD
training a DBM with two hidden layers wo m

Set €, the step size, to a small positive ber Awe < %H(l) TH®
Set €, the step size, to a small positive number _ . for I =1 to k (Gibbs sampling) do
Set k., the number of Gibbs steps, high enough to allow a Markov chain of Gibbs block 1:

v.h) h®@) .04 cAg) to burn in, starting from samples from p(v hY) h2.g). ~ N - T
v, ' 10+ €ela) & P p(v, ' 0) Vi, 7, Vi sampled from P(V; ;= 1)=¢ W(l) (H(l)) ) .

Initialize three matrices, V, HY and H® each with m rows set to random Vi, j 2% sampled from P(I‘_;r@) —1)=0 Hr(l)W(QJ)
IS Rt ’ [ - byt -

values (e.g., from Bernoulli distributions, possibly with marginals matched to . .
Gibbs block 2:

Vi, j, ﬁf? sampled from P(ﬁf? =1)=0
end for
Awa  Awea — %VTI&(D
Awe — Awe — %E{UTFI(QJ

the model’s marginals).

, L) | @y @1 )
while not converged (learning loop) do W+ Hi W :

Iy
Sample a minibatch of m examples from the training data and arrange them
as the rows of a design matrix V.

Initialize matrices H® and H®, possibly to the model’s marginals.

while not converged (mean field inference loop) do w —w) + €Ay (thisis a cartoon illustration, in practice use a more
HY 4 (VW(I) + ﬁ(g)w(z)'r)_ effective algo{rithm, such as momentum with a decaying learning rate)
R . W(Z) — W(z) -+ EAw(z)
H® G(HUJW{QJ)- end while

end while
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