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« Uncertainty
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« Uncertainty
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H(X)=1=log2 < H(Y) = log6
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1.2. Mean Coding Length @ HIRISIBEINE

e Minimum MCL
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« Coding P with Q

H(P,Q) = Ex_p[~10gQ(0)] = = ) p(x)logq(x)

xXeEX A

| Coding

Minimize MCL
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 Distribution Gap

P
Qgg B Z p(x)logp(x) - z p(x)logq(x)

xeX xX€eX

KL(PIIQ) = ) P(x)log

=—-H(P) +H(P,Q)

T

Data are given




1.5. Mutual Information @ HIRISELRE
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* Dependence

I(X;Y)ZZZP(m,y)lug( P(z,Y) )

yey zeX p(z) p(y)

I(X;Y) = H(X) - H(X|Y).
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Information between
Data and Representation




2.1. Minimum Entropy In Data @ RS
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 Information Entropy

H, = - z pclogp,.

ceNF

Chinese character 9.65bit vs. English character 4.03bit

From characters to words

N Z logpw

weis ¥




2.1. Minimum Entropy In Data

HIRBRTNE
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 Information Entropy
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 Localize / Segment

H=- Z pwlogpw, [= Z Pwlhw £=E i
weR &R we & [

To combine character a and b as a word

ﬁ _Nab Pab

ab N l—pab

5 _Na _pa=pPar . _ No _ pb—pab
“ N 1-pa’ "% N 1—pg
. Nj .

pi=—=-L"_ (i#a,b)
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2.1. Minimum Entropy In Data @ RS

* Minimize Entropy

, 1 Pab
He=- Pab 10 ( )+
l—pab{ . 1"pab

Z(Pi"l?ab)log(pli_pab)+ Z Pilog( = )}

i=ab ~ Pab ita.b 1 = pab
- (H-F )]
A 1 = Pab —ab

b
Fab =pas log 22 -~ (1~ pas) log(1 ~ pas)
a,
b
+ Z(pi —pab)log(l - pi)
i=a,b pi



2.1. Minimum Entropy In Data

« Minimize Entropy

After knowing the change, the change of L.:
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2.1. Minimum Entropy In Data @ RS

* Minimize Entropy

| i
~ L pab = ~ * = pa _
\ i€a
DPab
PMI(a,b) =In i |
( ! ) DaDb Segment
Dab . :
In——— < min_pmi Split
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2.2. Minimum Entropy In Representation @ WiEEEESE

 Library Model

S = ) p(i) d(i)
Lj
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2.2. Minimum Entropy In Representation @ WiEEEESE

 What if more than one book?

S= Y pOpGIDId@) + dG,j)) = Y, pli, Hld() + G, )
ij

ij

* book2vec

$ =min Y, ppGli) [llvill + llvi = vill] = X pG.) [Ivall + llvi = w;l}
iy iy

st Vi,j, lvi = vill > dumin

v
S = Y pipGliyeiv) = Y, pli )f i, v))
ij i
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2.2. Minimum Entropy In Representation @ WiEEEESE

* What if more than one book?
S=Y ppGlfeiv) =Y, pli. ) i, v))
i ij

« word2vec — skip gram

2
e "vi“’j I
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P =] i z: = lvi—vjll
fi,v)) 0g i i ' €
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(vivj)
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s =Y ppGlifwiv) = — ), p(dp(ili) log q(jli)
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2.2. Minimum Entropy In Representation @ WiEEEESE

. (t)SNE

Let P(i) =

¢~ xi—xjl2 120

pljle) = —
Y ¢ llxixjl|*/202
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* Generative model from Z to X

p(X) ~{X1, - X

px) = / px|2)p(z)dz, p(x,z) = p(x|z)p(z)

KL(p(x, z)”q(x, z)) = / p(x,z)In [; ((i’,?)dzdx

KL(p(x z)||q(x 2) p(x) [ / p(z|x) ln ( Z) ]dx

=Exep(x) [ / p(zlx)In 2 (le)p () dz

q(x,2)
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« Joint Probability Matching

K L(p(x, z)“q(xi z}) =Expx) ’ / p(z|x) In

(z|x)p(x) (z|x)
I 2220 ~ 1o 225+ 1np)

Eepin | / Peb) 10 o) | = [0 / b
=Ex~p [In p(x)]

\ 4

= KL(p(x, z)ﬂq(x, .?:)) T | / p(z]x) In

p(z|x)
d
gq(x, z) E]



2.3. VAE

e |0osses

g [Ex~p(x)

= Ex~p(x)

= Ex~p(x)

=Exp)
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" p(z]x)
] d
/ Pz q(x|z)q(z) ;

- / p(z]|x) In g(x|z)dz + / p(z|x) In Pzlx) dz]
| q(z)

Ez~p(zlx)[ —In q(xlz)] + Ezpialo [ i p;ig) ]]

Ezmpci | — Ing(xl2)| + KL(p(zIx)"q(z))‘
ji A

T

Uniform Gaussian as a Prior

Loss for Generation




2.3. VAE

« Components
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L =Exp [Ez~p(z|x)[ - 1nq(x|2)] + KL(P(le)”‘I(Z))‘

Sta

Bernoulli / Gaussian

SRl

ndard Gaussian

qg(x|2)g(z)  q(x|2)q(z)

p(z|x) = g(z|x) =

9x) [ q(xl2)q(2)dz
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* P@lx)

z — u(x)
o(x)

1 1 A
p(zlx) = — CXP(—5 )

o2
kl;Il \/ 76 3 (%)

1 d
Z (,u(zk)(x) - a(i) (x) = In a&) (x) — 1)

k=1

KL(p(zIx)”q(z)) =5
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* P(x|z) with Bernoulli distribution

ﬂ@={ﬁ§=h

1—p, £=0
= x(k) 1-x(k)
qixlz) =[] (P(k)(Z)) (1 . p(k)(z))
k=1

D
~Ingxlo) = Y | = 29 I p (@ — (1 = x9) In (1= @ )|
k=1

Cross Entropy Loss
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* P(x|z) with Gaussian distribution

1 1| x— 2
q(x|z) = - exp(_i x — p(2) )
[T /2%04, @) !
k=1 ®
L[| x = m@ |
—Ing(x|z) = > “ s Eln 2x+ — 2 In a(k)(z)

—Ing(x[z) ~ — ”I .uk(Z)H

MSE
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Information Bottleneck &
Mutual Information
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3.1. Information Bottleneck @ BTSN

* Information Extraction

max|[(Z;Y) — B1(X; Z)]

S8k
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. 3.1. Information Bottleneck @ BIEBETIE

e Loss
1(X;2)
// (z|z)p(z) log p(zlw) dxdz KL(p(Z|93)||Q(Z))]
andard Gaussian

// (el () log ""m )/ ;
:// (e CxY o /
:// b)) ) T 2 z' /

q(2)
- [s@KLG: )i K10 >nq<z>>
</ﬁ(a:)KL( (2]z)||g(2))dz

>(
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3.1 Information Bottleneck @ BIERETRE

« Two phase of learning

One hidden layer Two hidden layers Three hidden layers

0.7
0.6
0.5
= 0.4+
E 0.3}
0.2}
0.1

0.0

Epochs
104

0 1 2 3456 7 8 9 123452678 912345867 829
I(X;T) I(X;T) I(X;T)
Four hidden layers Five hidden layers Six hidden layers

Bre——o— — .«

0

0.7 —g

Epochs
10°

0.0

0 1 2 3 4586 7 8 % 1 2 3 456 7 8 % 12340506 7 809
I(X;T) I(X;T) I(X;T)




3.2. Deep InfoMax
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« AutoEncoder — Keep key information

p(z]x) = max (X, Z)

p(z|x)
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« Maximum Mutual Information

IX,2) = // pl0p() log 2 ((")‘)P\ dz T
1 7

Given data distribufiion

p(z) = / p(z|x)p(x)dx

T

p(zlx) = max I(X, Z)

p(z|x)
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e Prior Distribution

KLp@)Il4() = / (2) log E—;dz

p(z|x) = mm {-I(X,Z) + AKL(p(2)|l9(z)) }

p(z|x)

= min {—//p(zlx)i)(x)log plzlx dxdz+/1/ (z) log —dz}
p(z|x) i p(z)

= min { // e =1 + 1 10g 22 4 1 10g BEX )] dxdz }
p(z|x) p(2) q(z)

= min {-8-1(X,2) + 7 - Exup [KL(p|®)lg())] }
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 Mutual Information

p(z|x)p(x)

100.2) = [[ pelopeotog 22200
=KW@ IP@P)

dxdz

e From f-GAN

Dy(PIIQ) = max (Esnpw)[T®)] — Exvqtn 80 )

JS(pzlx)px), p)p(x))

= max ( Eqepiepio 108 6T, 2)] + Exepion log(1 - o(T(x, )]
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* Deep InfoMax

plx) = min {4 - JS(p@|x)pX), p(2)p(X)) + ¥ - Exupio [KL(p(2|0)l|g(2))] }

p(z|x), T'(x, z)
= min { - p- (lEx~p(z|x)b(x) [log 6(T'(x, 2))] + [Ex~p(z)1~)(X) [log(l - o(T(x, Z))])

p(z|x),T(x,2)
+7 - B [KLOEDMQ)] | /'

Discriminator

1 d

KL(pG0|a@ ) = 5 X (1@ + 03 @) ~Inod 0~ 1)
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Disentangled Representation
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« GAN

minmax V(D, G) = Eyx log(D(x)] + Eyn llog(1 ~ D(G()))]

Training set V / Discriminator
/ o
5 il _Real
Random /A / " — | Fake
noise i
irens oy
Generator /Fake imiage
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 InfoGAN

m&n max Vi(D,G)=V(D,G) — M (c;G(2,¢))

I(c;G(z,c)) = H(c) — H(c|G(z,c))
— Ewa(z,c) [EC’NP(C]J:) [log P(C’l:l:)]] - H(c)

= EmNG(z,c) [pKL(P(lx) “ Q(lr)l+ IEC’NP(cI:z) [log Q(("ll‘)]] + H(C)
>0

2> ]ExNG(z,c) [IEC’NP(CI:L‘) [log Q(C’I.’E)]] T H(C)

LI(G: Q) — EcmP(c),mmG(z,c) [l()g Q(C|.’L‘)] + H(C)

Discriminator




4.1. InfoGAN @ RIS
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« Architecture

Latent
Fake code
Fake Real Real
| i [
Discriminator Discriminator
T A T A
Generated | Realworld Generated | Realworld
design design design design
Generator Generator
Noise Noise Latent
code
GAN InfoGillv
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(b) Varying ¢; on regular GAN (No clear meaning)

(a) Varying c¢; on InfoGAN (Digit type)
(c) Varying c2 from —2 to 2 on InfoGAN (Rotation) (d) Varying c3 from —2 to 2 on InfoGAN (Width)

« Disentangled Representation

. 4.1. InfoGAN
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 VAE
L(0, $;x,2) = By, (z1x) [log po(x|2)] — Dx 1 (94(2|x) || p(2))
 BetaVAE

L(0,¢;%,2, B) = Eq, z/x) [log po(x|2)] — B Dk (g4 (zx) || p(2))

|

Standard Gaussian distribution




4.2. BetaVAE @ BIRBIELRE
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* Information Bottleneck

max[[(Z;Y) — BI(X; Z)]

* Understanding BetaVAE \

L0, $;%,2,8) = Eq, z1x)[log po(x|2)] — B Dk (g ¢>( z|x) || p(z))

q(z1|x1)




Data Mining Lab

4.3. Standard Gaussian Distribution @ BRSNS

« Decomposition

P(x,y) = p(x)p(y)

* Interpolation

21 + 29 NN(H»l ‘|‘H2:0'%"|‘0'§)

|

.3- | + - - 4

9
r £5
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Generalization Bound




5.1. Computational learning theory @ R
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 Generalization Error

E(h; D) = Pypp(h(z) # y)

« Empirical error
~ 1
E(h; D) = — D I(h(x:) # vi)

=1

 (Generalization bound

E(h) L€
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5.1. Computational learning theory @ R RS

Probably Approximately Correct (PAC)

P(E(h)<e)=21-6, 0<ed<1

Sample Complexity

m 2 poly(1/e, 1/, size(x), size(c))

Properly PAC learnable

Infinity hypothesis space
|#] = oo
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5.1. Computational learning theory @ R RS

e If |H|# o and ceH
P(h(z) =y) =1— P(h(z) # y)
=1— E(h)
<l—e€.
P((h(@1) =y) Ao A (h(@m) = ym)) = (L= P (h(z) #y))"
<(l—¢)™.
P(heH:E(h) >eAEh)=0) < |H|(1-e™

< |HleT™ <6,

1 1
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5.1. Computational learning theory @ R RS

e f|H|#0&cEH
P(E(h) - min B() <¢) > 19
e If|H|=o0

VC(H) = max{m : Il (m) = 2™}

m

2em 4
P(E(h}—E(h)s;\/Sdln d +81n5) >1-6.



5.2, Generalization bound via MI @ BERETEE
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 |Low MI => Generalization

E[pr — pr|| < o/21(T; ¢),

21(T @)

|E@ﬂ—fmwugaJ

(f(x);Y)
2n '

mmﬁ—iﬁHEJI
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. 5.3. Generalization bound via CMI @ BERETEE

 I(T(X),X) — oo, but strong generalization holds
 CMlis finite
CMI,(T) = I(T(Xs); S|1X)
CMI,(T) < H(S) =log2" =n

« Low CMI => Generalization

e CMI is bounded by VC dimension and Compression Schemes

« CMI is bounded from (&, §)-DP (via TV Stability)
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