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at is contained in here

v

You should read my notes on Neural Networks Basics and Convolution Neural
Networks first, then in this notes we have:

Recurrent Neural Neworks
Generative Adversarial Networks
Restrictive Botzmann Machine
Other fun stuff

vvyVvyy
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Minimizing Negative Log-Likelihood

» Think about the following MLE or Minimizing Negative Log-Likelihood:

1 N
o (0) = 5 f; (0) where Z(0) = [ fo(x)dx
H Z(e) Z(0) U / ’

N
loglpx ()] = > _ log(f;(6)) — nlog(Z(6))
i=1

N
L£(0) = — log[px(0)] = log(Z(0)) — %Z log(;(0))
i=1

» The problem is that we don’t have an analytic form of Z(0).
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Contrast Divergence (1)

N

£(0) =~ oglpx(0)] = loZ(0) ~ 37 > gl 4)

2£(0) auog(Z(e N_ 9 log( fx, )
1 8Z(0) N_ 9 log( le )
~Z@) o6 N 2}
19 N dlog(fy(0))
= Z(@) a0 J, MO -

i=1

1 [ OK(0),, 1 g Dlog(fy(9))
Z9) Jx 99 N £ a9
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Contrast Divergence (2)

Here comes the trick:

Olog(f(0)) 1 oh(0) _ 0f(0)
h(6) 00 _&(g)fx(o) 80 00

substitute into, one get:

9L(0) o —loglpx(®)] _ 1 [ oK(0) 1 g~ Dlog(hy(0))

0 0 T Zz0) ), o0 T NZ T o0
1 9 log(f (0 1 X 9log(f (0
_ /fX(G) og(fx( ))dx 1 og(f;(0))
Z(0) Jx 20 N £ 20
dlog((6)) 1 oK dlog(f(0))
= 7)) d _ A AN
/X og  Po(x)dx N < a0
(1(9)) -
' 2 log(fx (0 ol .
population mean of{ 50 } cample mean of { al ggg'(e)) }

A/Prof Richard Yi Da XuYida.Xu@uts.edu.au http://richardxu.com

Restricted Boltzmann Machine and Contrast Divergence


http://richardxu.com

Simple CD example in estimating Gaussian mean p

olog(h() 0 (F(x—-w?)
06 o =Tl—a)

2108y, (6))
a0

z| =
_MZ

i

L CCpy.

X o6
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population mean of {% } | [ 2loa(tx,(9))
sample mean of BT —

i=1
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Restrictive Botzmann Machine

Hidden hy ho h3 hy
Vi V2 V3

Define:  E(v,h)y=—b'v—c h—v' Wh
S UEDICUEDSOSIIT!
j i i

p(v, h) = exp(—E(V, h)) = exp (bTv +cThyv’ Wh)

Visible

> There are two separate offset parameters: b and c, associated with v and h respectively.

> Note that there is no interconnecting terms between elements of v and h. Otherwise, there will be a term
v Wyvandh ™ Wyh

> In this presentation, v and h are binary arrays.

» v and h can take other values, for example Softmax and Gaussian.
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RBM Marginal

p(v, h) = exp(—E(v, h)) = exp (bTv +ch+v’ Wh) = exp (Z b+ 3 G 33" v//-VI/,jhi>
v - 2

J /

pv) = = 3 p(v,h) = Zexp(bTVJrcTthvTWh)
h

h
= 1} exp(bT v) Z exp (cTh +v’ Wh)

h

] . Yo hi +%5viWy h

T O 5 S ~
hy hp hy

=i hi (Ci+2j vi Wij)

:%exp(bTv)ZZ»“Zexp ~
hn

- %exp(bm)zexpm (15 47%) 5 g2 (5751 4219) L 3 e (o073 00)
hy hy hy

N
- 1} expTI B T 7 e (757 %)
i1 h;

N
= ST T (1 + 005"0%)
i i=1
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RBM conditional

p(v, h) = exp(—E(v, h)) = exp (bTV +ch+v' Wh) = exp (Z bjv; + Z cih; + Z Z V/VV,’jh;)
j i i

J

p(Vi =1,h) p(Vi=1,h)
p(Vy = 1lh) = =
p(h) 2y PV =1,h)
1x b +3>;1x Wyh;
= o ( (RDY) ihi) reduce > into a single term
2y, exp (v + X viWih;) 7

exp (b + 32; Wyh;)

1 +exp <b/ + Z W,',h;)

V=0 !

vi=1

I (b, +>° W,-,h,-)

i

By symmetry,

piky = 11v) = o (o4 32 vy )
I
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The derivative of general Markov Random Field Likelihood

> In here, we did NOT use the structure of RBM, i.e.,
pvsh) =exp (BTv+cThvT Wh) = exp (5 by + X2 cify + 323 55, v Wihy )

Ly(6) = log(p(v)) = log (Zexp E""’) — log (2)

= log <Z exp E(v, h)> — log <Z expiE(v’h)>
h,v

ALy (0) -~ 1 6exp7E(v‘h) 1 Z Bexpr(v’h)
90 TpexpEVM 4 26 Zhyvexp’E(V’h) Y a6
- P S 20
EhexP S exp—E(V,h) LY Zhv —E(v,h) 90
> exp EWV:h) aE(v h) > xp~ E(V:h) aE(v, h)
h >h exp*E("fh) v Zh ve —E(v 00
BE v, h)
X (200 ZP 26
h 1 exp—E(V:h) —E(v,h)
p(h|v) = pv. h) -z = note that the two Z are equal
p(v) % >h exp*E(Vxh) >h exp—E(v,h)
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The derivative of RBM Likelihood

P(v, h) = exp(~E(v, ) = exp (b v+ c h+v  Wh) = exp (Z by +> e +> > v,-W,-,m)
j i i
E(v,h)=—b'v—c'h—v' Wh

oLv(0) _ BE(V h) aE(v, h)
a6 Z p(rlv) hz o6
oL(0) _ 8E(v h) BE(v, h)
ow; Zp(h\ ow; hzﬂp(v,h o

=+>_ p(h|v)v;hi— Zp(v,h)vih; note the sign change
h
=2_phiv)yh fZP 12 PBIVhy
h
= p(H; = 1|v)y; Zp =1lv)y

Because: Zp(h\v)vjh = Z > Hp(hk\v vihi = Zp(h )ik x > Hp hi |v)

hy k=1 hyezi ki

=1

= Syt = et = 1)y = o (e + *3y W)y
hi
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Average derivative of RBM Likelihood over data

9Ly(0)
Sl =S phv)vih — > p(v, vy
h h,v

BW,]
= p(H; = 1[v)y; Zp (Hj = 1|v)y;

> when we are given a set of observed v:

2 \

/1v 9Lu(0) _ 1 >SS pthiv)vih — > p(v, hyv;h;
veS h

ves BW,'/' h,v

= N X:S (]Ep(h\v)[vjhi] - ]Ep(h,v)[vjhi])
ve

(Vihi) phvygevy — <Vihid p(n,v)
where g(v) is the sample distribution
> without going through the normal contrast divergence equation, we put RBM in the CD form above

0 — Ly(0)

oy ihi) p(h,vy = (Vihid p(hv)q(v)

> Exercise how complex is (v;h; ? say h and v each have 100 nodes?
77 p(h{v)g(v)

> Exercise how can we deal with such complexity?
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RBM LLE via Contrast Divergence

the answer is to use Gibbs sampling: In each step of Gradient Descend, one performs
the following:

> Letv@® =v

> Obtain a new set of Monte-Carlo sampled v iteratively:
> sample h) ~ p(h;|v(?) sample vj(”” ~ p(vj|h®)
> until we obtain v(¥)

> Update parameters { W, ;}, {b;} and {c;} as the gradients:

~ p(H; = 1V — p(H; = 1v@) v

9Lu(0))

ae = P(H; = 1vE) — p(H, = 1)
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RBM Collaborative Filtering

vVVvyVvyy

each user can rate one of the m available movies, with a score between {1... K}
therefore, each user has a V, observed binary indicator matrix sized K x m

with v/ = 1 if a user rated movie i as k and 0 otherwise.
it's a softmax function with S-K | p(v/ = 1|h) = 1:

exp (b,k + E;; h; W/j() exp (bf( + W,kh)
Siyee (b + L W) T e (b + Wih)

each user has h € {0, 1}7, a binary values of hidden variables

thought of as representing stochastic binary features that have different values for different
users:

p(vi = 1lh) =

m K

ot = 1) = (5 3230w ) = o (4 3w )

i=1 k=1
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Recommendation via RBM

» traditional RBM joint energy

m F m F
E(v.h)y ==Y bvi = > b~ > S viwh
i J i J

» Exercise in terms of recommendation engine, how is traditional RBM useful?
» In recommendation setting with a rating range, it has changed to:

m K F m F K
E(v,h) = > S b = > by = > > > vy
i k=1 j i j k=1
Hidden h1 h2 ) ha ; h4 h5

Visible ~missing | vi

viK missing  viK
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