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. About Restricted Boltzmann Machine =28 290 &35t0

- Types and History of Generative Models AMAMQEO| 220} AHA}
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Aot oZ Hile{d YHSES Machine Learning{ Supervised Learning, Unsupervised Learning, Reinforcement Learning }
o Z0| 27} HE2E2 2o ERY0 tet A=A dE2dnt A= YY2E RE ZActH, EE2 B =2
AE2E0|7| WZ0| Unsupervised Learning 2| #H0f| E7|= St 2[20] A20M Y2 2AS 7ML U= 7HdeIztolLt
M=Z2 3t22| 0[0[2] 4d, M=Z2 39 44, 0|02 Ma{st L s 7i4dnt 20| Crfst AHHoM YER2HO| AFEE2

= M M=ZF H0IHE
Mg = Qo0 O|F CHA| St50f At8ste WHO| Chast H0|M ARZE|2 UCE O|XTH AD|JYLD BB =2

¥

AH (%)
o — o
YE2E S RBM S AIH5H| SMM YER2AS| ST OS2 Ao THaiA ZFf5HA| Of0F7| sHEnAt Bt

—

ol

ULt Z2 Ydst=a| BIE0| WOl =1 Bo| A=E 4 gl= S0 tist HIo[Ee] B2, WE2ES




Bigdata Physics / Restricted Boltzmann Model

Direct

Generative models

Explicit density

Implicit density

‘ Tractable density ‘ Approximate density M
o " GSN
Fully Visible Belief Nets \
- NADE . ‘/ -
- MADE ‘ Variational Markov Chain ‘

- PixelRNN/CNN

i Variational Autoencoder Boltzmann Machine
Change of variables models

(nonlinear ICA)

Figure copyright and adapted from lan Goodfellow, Tutorial on Generative Adversarial Networks, 2017. Tan Goodfellow, Tutorial on Generative Adversarial networks, 2017

Hil{d HALE O|0F7| & mf, 0|29l Al2f2 YBtHo= 18 M|7| S H|0|= e|(Bayes' theorem)2| ECi7t Sct

o o
Al7|E O[OF7|GtCL O] & AHAFEZ ST 20 7| S&FE 227t SOEUS e B2 7 4 o7 2230 s,

WE2E0l2ts HF= 1980 Holl S22 MYo| S5 Eot 4 29| U7A= E2/0f, GAN(Generative

Adversarial Network)2 2014 d =220= BHSt 0|9 REZ 2(Ian Goodfellow)2| MAHDHEHS 2251 HIOf| [I2H,

2= =R
Generative models = 3| Explicit density estimation 2} Implicit density estimation HF=Z L=C 4 2EIO| 20|
YHE Paara(x) SZO| CHIHA Ol2F FAIR proger(x) EEE F= A0t & 2 ULk proaa(x) ZESE LG UM
Explicit density estimation & pgqe(x) XS ™A Z Fot= WO E Tractable density 2F pyaa(X)E TS
Z25t= Approximate density B 2= LH=0{ ZIC}. Tractable density 0= Fully Visible Belief Nets(PixelCNN,
PixelRNN, NADE, MADE)S0| 9/O, &+ C0|EQ] BXE &+451%7| G20 <

ot ot E2E 0|0AS BB 4 YA, &2
HAtZFo 2 &7t 2|Ch= 24|40 QI Approximate density Ole= pgagra(x) X2 A BE ZH(E
(Variational) Auto-Encoder 7t Zgtz|{!, 22| 29| FA|Q! RBM L£35t Markov Chain o] EME 0|35 ¢
ZEE DA W20l 02 HFoi| EetEltt. 9|9 Explicit density estimation & 0|88t YEHS0| YHYZEO|M 7+ THA]
8% 20}2 RBM 2} Auto-Encoder = 1980 WL 27| MMHBEZ S2ISHCE SICHO|= RBM 2| hidden layer £ CtEo2
TS A= A2| AMAU(Deep Belief Network)2| JEHZ Auto-Encoder & Variation Auto-Encoder(2014)2} A&
S

AEY0| ZEE[0f A& ATt

]

Implicit density estimation 2 AF25te ZHOM= paare(x) =20f| CHSHA] SHE5H= 2H40| QICt Implicit density Ofj=

=
‘444 7|(Generator Network)2} THH7|(Discriminator Network)S2| Abte|l= 545
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A¥HoZ ag|= A2 7] R0 0|= Implicit density estimation 0| ZZ&tE|H, 0| & 2016 A GAN 2|
Fully-connected layer £2& Convolution Layer 2 2|25t DCGAN(Deep Convolutional GAN) SZ2 2 M4 29|
AAZE MEA AR=IACE DCGAN 2 GAN 2Ct QHYAQ1 SH50| 7hs3HH, 0|0|2|0fMe] ks A4k(vector arithmetic)O|
7ts5tCh= HolM LSGAN, PGGAN, SRGAN, CycleGAN, StarGAN S TSt GANs S92 7|2 #RZ AF2E|1 QUCt

- Statistical Principles of RBM RBM £ 22|

2|0l RBM 2 Explicit density estimation O|A{ Approximate density H=0|| ZLgtg|
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Boltzmann Machine (BM)  Restricted BM (RBM)
The Neural Network Zoo

O
~
O
O
O
O
O
N
O
https://www.asimovinstitute.org/neural-network-zoo/

29 REIZ 7tefst AlZI OZlojM ZEAH2 Hidden Cell & 2|0|5t0, =2tAH2 Input Cell(RBM 0| Visible Cell)0|, 2t

2 = =l
Cell 2 BUlQ] EZ0f Chth JEIS B A0 22t LA Sdut A2l E48 2Yshr| fla F=8tth 259
Boltzmann Machine 2} 2Z9| Restricted BM 9| 2f0|d2 Z2 Layer of Cist HZO| R20|Ct2 BM CiAl RBM £ A5
7t 2 0|R& Hidden Cell 2} Visible Cell At0|2] S22 JIHE22H p(hlv) &p(v|h)E HAE 4 CH= Ho|H, Ol
0|Z0f MZal 1A S chkasdt & 4 QICt = RBMd 7§2| Visible Cell @ n 7§2| Hidden Cell A}0|2Q] 72| andg 42| =
ZY2 2|7t &5 Y1 QU= Single Layer Perceptron 2 QAISHA| A42tet 4= QIZ|0k RBM 2 C0[E{E Q2i5t= 21}
ZE &9 Y= 20| Visible Cell Layer 2 sY5ICH= 2t0|H0| UCH 2FQ| HEHE HI| W20, Y= =
USS Hlws7| oM FYH(FR|H)Z ALY 4 s 7IF0] st o] tf RBMOA ALEEl= 7|&ES Energy 2t1!
227 uj20 0|2} 2 ZEESS Energy Based Models(EBMs)2} S2C},

E(v, h) =—h"Wv —bTv—cTh Energy
HolgiF= Energy = 2l° 2T R2l= Y22 E(w,h)2| &3 v, h JEHQL 012 (or Mapping)=|= 2f0[2tal 42fsh Z0|C.
20|M 2 R T2 hidden-visible cells At0|2| interaction € & WA, M| HHR§ &2 2tzt visible, hidden cell | AEY
HEE 7] |5t &0|CtL) Energy 2| X & Boltzmann Distribution*2 7td& AL, 2 visible, hidden AEHO|| CHa{A

o
°)
£4d v, ho| 52 Ofefi2t 2Lt

—

Pup,c(w, h) = Z2EECD) where 7 = 3, exp (—E(v, b))

!
(o]l

A
=

3‘

5128t RBM 2ES A8 @ff, hidden layer = 2|7t 22= AEHOf| Cist 30|7| 20 hidden Cell Z+S AloZ2 LG
NZ B2, ME22 &4 F(v) = —logYhexp (E(v, h))E FoT2ZH Of2iet 20| LIEHd 4~ 2D, O] i M=Z Fo|shz
£ Helmbholt Free Energy O|A] 0|28 [tA] Free Energy 2t11 £2C}.

T

1 _ 1 _ ’
Pw,b,c(V) = Xp e FOM = —e~F®) where Z' = ¥, exp (—F(v))

Visible Unit 2} Hidden Unit Q| A€f7} {0, 1191 A0t 4Z2t5t= AL, 0|= Bernoulli RBM 0|2t 25t} Bernoulli
RBM Of|A| Free Energy 2| h &2 0,1 2 Of2lie} Z0| &t 7}%6}[}_4
F(v) =-b"v — tilog(1+ eCitWiv) Bernoulli Helmholt Free Energy

2|7t AHgsh= 20| Bernoulli RBM g 0|83, 2L 25 p(hlv) ot p(v|n)E or2het Zo| Falg 4 QUCHS
( % ST layer A0|Q] SIS 7143t RBM O|7] TR0 AR &E p(hlv) =[1;p(hjlv) & THESiCL)

2 visible layer?} hidden layer AtO|Q| interactionS PAlSt= A2 3 CI0|E 2to| S&MHE Jt3Tict
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S T—H

fo
§Q
rr
o9
0o

3 P & e—ei/kT
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p(h; = 1|v) = a(c; + Wv)
p(v; = 1| h) = a(b; + Wv)

YYo=z 2715 23} H|(Energy)ol| Tt FOS BYCH 1T, RBM O A4Z2i(Sampling) 0| CHaHAl AHMI3]
Soict ®1, ol Bk | Chohi opwar RBM 2 ziel cloje] 1 2 0/2sfAl hidden layer o AE oig e
stget 22oln, SYs wey h(Vg ojgsiy 7HDE 1D ol puy, (0ol 2EES

Ol= ¥ G0l 22 &
=
—

pmodel(x)ol 6—!‘%8"—?— 9/'\

0~ (i |50
17(l+1)~p(1_7) | ﬁ(l)) samyﬁng})rocess

B} 3} ) I+1 _( )
i) BEE 2HO2 T Tractable density T8 AehAE @) = F@Y) 2 228 gz g9
tCh 0|2t 22 RS =2 A7kt HAE 27617| 20| Approximate density O Z&HE RBM ZEE

Check ; Sampling Process 7t Loss 7t ZOIX| =& XWst= &h& apPgo|atn & + Ae7k {
IMsE2| 0| 2|Ch7t &= ParameterS(W,b, 08 249 P22 = HWHE 2|0 2 23 Y (Method of Maximum

Likelihood)2} £2Ct. Sampling Process £ E3dlf @2 Parameters 7t S50| & Z|QUCHH, O| ol 7tsko| 0| 2[CHY

Zd0|C}t. & MM Gradient Ascent S EH Z|Ojge 2 £3A|1Z £ QL

I+1. — pl o
6 =20 +aaglnp(v)

J

!

=

50| 245 %loy p(v) °f gtel 37|17t 2014 ZAO|Ch.

b] _ 0 ex (—F(v)) _ 0 '
—5Inp(v) = === = = (—F (v) — In(Z"))

ZI

] 9 7
_ _GF(v) — %ln (Zﬁ exp (—F(U))

[ 2F) - T2 2 )

!

~[2F) - S5p(0) = F(D) ]

Expected Value E(x) = ZxP(x) QS 0|=2351H,

F(D)
Sinp() = — [5-F(v) — Ep{5 7} ]

9 200 LiERd 4 QICt. Ol 9lo] Sampling ©f BHOIYH, FHHY) = F(HD) O SUB HEf Y2 & 4 ATk mA,
Sampling Y2 SaA SE3ts TMHS MLE 23 YHS AIBSHS 27 SYsITHD & 4 Uct

5
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Sampling Process & O|E2aiAM &IL2| approximate density & SHESH = St
B35t Z40] Oofd, €3 3140t Sampling Process £ BHE5t & 0|2 O|&3%t= XS QID@EL ot &2 sts YHE
Contrastive Divergence(CD )2t StCt6 Geoffrey Hinton | ¢720f| =3, T SHHO| ME&S SIC 5H0{& Local

Minimum 2 +#st=0 2 0{2{20| gitte AMEE Addez B, 220 O

I =

- RBM Implemented code RBM 118 3CE

Bernoulli RBM 2 AMZ5H=H| SHAI7F ATt Si2ie] DCGAN 2259 452 4Z5tHA, HIO[EE HEiEHH S50

o
E|RA=A] M5 EA| §AU=A| FESV] OHAE o= U7| W20 BlwH Chedt HO[EE AMEE 4 qoll QiU 22 A
Zo|d 10bit o] YEE 1 U= O|0|A = SSIAAC, 227t AlE5H= BernoulliRBM 2 01} 1 2H5 oz gs 4
ALl SLSA 02+ 1 o =g 4+ A= HOEHE dAs o, & M

ob Zai5ict TAl Flbt':.'_FEEE Y5t
A

O|0|X(MNIST)E &&dt= 0| 7ty HEg Aot HZ37[0 0| ALESHAHl =[UL.

TRt

MNIST database (Modified National Institute of Standards and Technology Database)= O|0|Z| 50| 72 20|
AEEl= CIOEH|0|A & StLtz YBtHe = AMEE|= O0|E = 28x28 71| L= 40 U0 ofLte| T of
lbyte 2| ZEE 7% S 1 2 ¢|O|E{O|C}.

TEe 27H9] REE FE=f ALt (mnist_load.py, rbm_fit.py) mnist_load.py = torchvision.datasets 0fAf Tha3]
HlolE‘I% ZC 8|-i |.2‘|0|7|0.” A-ID:|O AHEF%}‘CI‘_

[ 202 o C.

g

rbm_fitpy = 3 371Q| &4 L S2HAE FT)
- func: save_img(file_name, img)

- class: RBM(n._vis, n_hid, k)

- func: main

save_img:
2ES SohM

= = OIC}. m2tM OIF AlZst o] §bs 49, ot d=& Medsts 0|
Ofgl7| W=2ol A3

2 ¥
HA
moIENICH Pe A 0|0jAR ClAT0| XHHsH7| oI5t BH4olCh

RBM:
rbm_fitpy |M AtE3Sh= RBM RS Yo|5t7| 28t 22200t SeAE Or2fet 20| Pd=|0f UL,

Instance variables {
-w
visible cell - hidden cell A}O|Q| 7t=2| (hidden_size x vissible_size)
-v_bias
visible cell bias
- h_bias
hidden cell bias
-k
Contrastive Divergence; CD 314 X|H(QI0|M HHSH HIRF 20| k=1 AIR)

6 The learning rule is much more closely approximating the gradient of another objective function called the Contrastive Divergence (Hinton, 2002)




methods {
- init
SaliA MMHZIZ instance variables 44A
visible cell 2| 7= 27t Y1 Y= SFSS 2[0lsH7|0f Y
- sampling(p)
YH A2 &0 st 2EES
-v_to_h{)
RO ~p(r|3®) 2H3S 20|
pCh; =1|v) =0(c; + Wv) Q| 22
p(h; =1]v), h® 2=
-h_to v(h)
5 D~p(3 | RD) BHE 20|

YA 2

7t
HAE

p(vj =1 | h) =o(b; + Wij) 9|
p(y = 1| Ry, 50D 2l

sampling &5 O|&3dHAM

- forward(v)
training data 3© EHOLAM M E CD 34 k¥ 0= sampling 434
@ ) 2|

- freeEnergy(v)
Loss 2 AFRElS F(v) = —bTv — ¥, log(1 + eS*Ww) 242 2|6

/

main:

rbm_fitpy | main &2 RBM QIAHA MY I sig £l S5

( GI0JE{E St&35H7| A data o] bernoulli() HIAEE E3 S £33

Bernoulli RBM ¢! )

Ol5h M3 Z== of2fiet

rbm_fit.py
#!/opt/homebrew/Caskroom/miniforge/base/envs/tf _38/bin/python
import numpy as np

ZCh

import torch
import torchvision
import matplotlib.pyplot as plt

def save_img(file_name, img):
f="./pic/%s.png"%file_name
img=np.transpose(img.numpy(), (1,
plt.imsave(f, img)

2, 0))

# RBM model with torch
class RBM(torch.nn.Module):
def __ (self, n_vis=784, n_hid=500,
super(RBM, self).__init__()
# weigths rand initialize
self.W=torch.nn.Parameter(torch.randn(n_hid, n_vis)*1le-2)

init__ k=5):

# bias 0 initialize
self.v_bias=torch.nn.Parameter(torch.zeros(n_vis))
self.h_bias=torch.nn.Parameter(torch.zeros(n_hid))

sampling 42 083N KO X

1‘}’(1+1) ,kcl-){gl

’

2 2[alf 0{0F

EIAE o] 1%

Bigdata Physics / Restricted Boltzmann Model
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# Number of Divergence
self.k=k

def sampling(self, p):
# from Gaussian distribution: achieve probability
_p=p-torch.autograd.Variable(torch.rand(p.size()))
# i1f _p>p return 1 else return -1;
p_sign=torch.sign(_p)
# with Relu-> if _p>p return 1 else return 0;
return torch.nn.functional.relu(p_sign)

def v_to_h(self, v):
# P(h_i=1[v)=sigmoid(c_1i+W_i*v)
p_h=torch.sigmoid(torch.nn.functional.linear(v, self.W, self.h_bias))
sample_h=self.sampling(p_h)
return p_h, sample_h

def h_to_v(self, h):
# P(v_j=1[h)=sigmoid(b_j+W'_j*h)
p_v=torch.sigmoid(torch.nn.functional.linear(h, self.W.t(), self.v_bias))
sample_v=self.sampling(p_v)
return p_v, sample_v

def forward(self, v):
p_he, ho=self.v_to_h(v)
_h=he
for _ in range(self.k): # Divergence count
_p_v, _v=self.h_to_v(_h)
_p_h, _h=self.v_to_h(_v)

return v, _v # return initial v and after k times divergenced _v

def freeEnergy(self, v):
# F(v)=-b'v-SUM_1i[ log(l+exp(c_1i+W_1iv)) ]
vbias=v.mv(self.v_bias) # b'v
wx_b=torch.nn.functional.linear(v, self.W, self.h_bias) # c+Wv
sum_i=torch.log(l+torch.exp(wx_b))
ssum=torch.sum(sum_i, dim=1)
# F(v)~(1)

return (-ssum-vbias).mean()

" ",

if __name__=="__main__
# k=1 conversion 1 times
rbm=RBM(k=1)

# optimizer Adam

optimizer=torch.optim.Adam(rbm.parameters(), le-3)

batch_size=64
train_loader = torch.utils.data.DatalLoader(
torchvision.datasets.MNIST('./"', train=True, download=True,
transform=torchvision.transforms.Compose([torchvision.transforms.ToTensor()])), batch_size=batch_size)

test=torchvision.datasets.MNIST('./', train=False,
transform=torchvision.transforms.Compose([torchvision.transforms.ToTensor()]))

# test with 32 data

sample_data=test.data[:32, :].view(-1, 784)

sample_data=sample_data.type(torch.FloatTensor)/255.
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Vv, vl=rbm(sample_data)
save_img("label", torchvision.utils.make_grid(v.view(32, 1, 28, 28).data))
save_img("before_train", torchvision.utils.make_grid(vl.view(32, 1, 28, 28).data))

for epoch in range(100):

loss=[]

for _, (data, label) in enumerate(train_loader):
data=torch.autograd.Variable(data.view(-1, 784))
# we consider bernoulli h
_sample_data=data.bernoulli()
# forward
v, vl=rbm(_sample_data)
_loss=rbm.freekEnergy(v)-rbm.freeknergy(vl)
loss.append(_loss.data.item())
optimizer.zero_grad()
_loss.backward()
optimizer.step()

print("EPOCH: %d\r" %(epoch+1l), flush=True, end="")

save_img("epoch%d" %(epoch+1l), torchvision.utils.make_grid(vl.view(32, 1, 28, 28).data))

Vv, vl=rbm(sample_data)

save_img("after_train", torchvision.utils.make_grid(vl.view(32, 1, 28, 28).data))
plt.plot(loss, "co"

plt.show()

. Conclusion and Impression 22 Y73

g Hilz{dat Gejdol 2ol 47|, Chrsh defe| Hajds 38al 20 AA7|0| B2 2SS sl E1 Olshst?|
2IHM =25 20| QJUCt O2{EY = OHL}A| =l Restricted Boltzmann Machine 2 0|Z9| REIEN= BH0| CIE 258

[=]
7t AAUCE CHE LFSO o YEHo= B2 TAMSZE Qs Ciet HRUEIOA 2fFO0| =A4E RBM & Energy
o

‘g5 ZRIcks 220 23 doiols YOl ARBEA| S=
"HAFSLZ ARt 2E" O[2t] AAZ Q{25 O R =2 A FOf UE 70| HCh WEAM o Z2HE0|A
A

oot FHOMM S| %S, SHAI2H O|F A AlZt0] FO{RICHH St H2

ZA0f M ZRHES
£2,RBM O] A%|S0] W31 HUST 8l BYADD B Pa 2|2 0122 B i,

RBM 2 si5Al717] OfEL A4HO| =2 GANOf B|u3lS o, 3| sg A7l 20| #/Lh SteS AlZ o oMo

Ly , 3| s 2
GAN 2 O|D|R|E ddAIZE @, 100 & H=O| Epoch & £+WAIZRS ©f, 1F X8 MNIST O|0[R|7} HH=|UE 20| 4210
L} SY5HAH 100 Epoch 2 M5t £35I¥ 2L, T2k 10 Epoch MEE = H 0|4 MH50| SAE|R| Q=Cl= AS =7ZiCh
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