Machine Learning CS 4641-7641 Georgia
Tech

Optimization

Mahdi Roozbahani
Georgia Tech



Outline

Motivation

Entropy

Conditional Entropy and Mutual Information

< ==

Cross-Entropy and KL-Divergence
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Let’s work on this subject in our Optimization lecture



Cross Entropy

Cross Entropy: The expected number of bits when a wrong
distribution Q is assumed while the data actually follows a
distribution P

= — Y p(z) logg(z) = H(P) + KL[P][Q]
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This is because:
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Labeling target values \/ U/
Label encodmg (ordinal) and One-hot encoding
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Why Cross entropy and not simply use dot product? o
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Kullback-Leibler Divergence

Another useful information theoretic quantity measures the difference between two
distributions.

Q) = 3 Plo) e £is)

Q(s)
1
= P(s)log —HP| = H(P — H(P
Cross entropy KL Divergence is
Excess cost in bits paid by encoding according to () instead of P. A ;zggcgl:
measurement
Q(s)
—KL[P||Q] = » P(s)log
; P(s) B
log function is Q(s) Q(s) '
vl D P(s)log ) < log > P(s) B3 By Jensen Inequality
convex? s s

zlogZQ(s) =logl =0

So KL[P||@Q] > 0. Equality iff P = Q When P = Q, KL[P||Q] =0


https://www.probabilitycourse.com/chapter6/6_2_5_jensen's_inequality.php

s’ma\a Con cave ,,_ .0 ncave
/ -F(i() =_2

ECdon] L R EDA)

nveX
< =2 ?—(V) =¥?

/ o
B

A A}
\\\_/
ELPu) 2 f( E0T)

'g()()a}(z X = Z 1 2.1
ST ey b

\/EZ&M:Z Pw) Fu
"?U‘ )=1 -P(x-z) Y
[.‘y(x)l:——-*‘\-\- *Lf-'25

O I E ? Pod x
ElXT = l/z‘ﬂi- _l;,* 2-15



/\.,“’3" ECSn] < 3(e0a)= E Uesd < b3 (e1a)

/ | C Tawd=2 P& 36

_ ¥) ,— ~
—kLzpIq = 3 pe o) - T e

Y P logdw) = EL'eg Q)|

-KkLTPITRT L O = kLydtel 20O



wab gov\emfl

. : b
Ophm‘eaﬂon Min -E(Y) — © CoONSAYRINE —Fdlld'ioo
Sk 8(.Y>= C —> Equly Comsraint
oIk <«

qL) < z.ld’]}"“‘”“’*' Conswraint ~y KK Condition
7

L Tanqe y onct oY)
0‘8 d’8 bQ'; 09)') _b_ L—FU,),)J

-
N g 0,0) - | T3 >xDy
~ 0% dyn. O fxy)
S-¢ ()(:\/‘=;?. ﬁ(y,y)z X-\-Y-Z - dy 3yt
‘Y%y)= Xiy
@ Lm.car Pf‘ o ara,mmy(j / St Xaxy=2
-&u,y): X '\'y

@ QUao‘f ate  Pro Jrommi ~>
St X Y= 7%

@ Non lineay P(oaruwm{,:\j . _f%y)s )(‘3* yz

St K(.\-y-_—.’z



/“ =
# ov
: s Yo .stj ML/O'UI
S...- & oors Yw Slccp/a’qj

e
n,3) = 6M ¢ 35°
5&(%&)

> L Ms)

0 S

-0 = O+6S:O-2> =0




8(.”_,5) = 6MZ 4_351 ~> objcu-(w. foaction 5} oL, P

S."C. M.\_S-_-; 2,({ > 8(”‘)5)5 M,"_S_zq — Constraint -ﬁmcﬁon

> Lagrange  muknplicr

L (s, 5
MSs5) = F(my — B Js)

L ¢ M, S) /S) = 61\\7' +35°— /S (A —'Z—(f)

dL
OL _ 0 = 040 - (Mes-2A =0 => MS=2
+ ) Al Lf‘f-b-‘/z+_é/§_;_—zq=>

d5
S_ 9
\?__):—_-O => 2 M+ 0 -—53(():‘:0:'5‘/1\’\\: %:_9_{;
- \_ 12
é.l:_.-.::O => 63-/3:‘0‘-—- (é%__g_,_-_-_?é_—; \é
0s 66



9 ( ms)= 6M'+ 3S°
St MeS= ¢ = 8(, M) = MeS -2( —2 /S’(

s, Mos=l2 o5 h(m9=A-s-12 ~ 5,

L (MJS) /Sb ,Sz> = ‘E(M,S) - 51 3(”‘,5) - D2 J\(M.,Q



L(Mjs) g).—_-. 7P(M,S) - /8 8(/%5)
VLhs8)=0 = V(3my-S53m9)=0

Vimg = 593y




fun — 3(”o5)=0 ~» Acwve selution

£(Mds) _ GmP g3t
S - 24 ..{O —

+. 24 = M
s eSS T genaT T ) L3940 ~> Tnac

4ive So |ution

-—

+
L (s, S) = b 350 4 5 (Mes-w)

@ S‘l'a‘tfonaU QaM‘i-\-im BBLN\ -0 ---

D prinal Jeslbily §AD O
Mactive
Dual ihili 5> ®, R |
@ U -?a.—s J >/ —%8(.’”\:5)#0 ~> S.—:O x

—

B Conplementay  Slackness  JUAD) 5=01 — ——
1{\5)>0 | —>  Jms) =.0A(

Active




5 s -’?’-- S(5e5 -2 =
L(S) = 2

|2
N+= 0= D=
DU o,

R

z‘ig
[SEN zw,S=—S
2

AX
Concave —> M
DUal lorm -



~ PV;N\
'_:‘ Gap Weal< dUd \i'lj

S+rong olua ":J

= PLa l



| ‘f(.!()s Xz

(
g({)f- 2x= 0
¥= 0

GY‘UJ cent d%centf\

§j—+1(ﬁ %rj

Gmﬂ'i ent ﬂsc,eﬂ.{:r\_\

X <— X -

—

e

0 @7 ) Namic Aa‘aﬂ\ 0P timitder
(%L\\g)/? L3
(carnivj






	Slide 1: Optimization
	Slide 2: Outline
	Slide 3: Cross Entropy
	Slide 4
	Slide 5
	Slide 6: Labeling target values  Label encoding (ordinal) and One-hot encoding
	Slide 7: Why Cross entropy and not simply use dot product?
	Slide 8: Kullback-Leibler Divergence
	Slide 9
	Slide 10
	Slide 11
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 16
	Slide 17
	Slide 18
	Slide 19
	Slide 20

