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—. Noise and Probablistic target

LEFHFHESVC DimensionfIEIEEREIRENoisefIER T , AHIRITICUREESE
ANETFENoise , HBVC DimensionfSHES R RIAIIIE ?
B4t , Data SetsfiNoise— iz E =FhE)T
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« FARYSAERICRINGER.

o
O x 0

%
N briefly introduced before algorithm

age 23 years but more!
gender female .
annual salary NTD 1,000,000 ¢ e -,QOOd customer,
year in residence 1 year mislabeled’ as bad?
year in job 0.5 year .
current debt 200,000 * i I BSFTG customers,
credit? {no(—1),yes(+1)} ITierent labels
’ ° : inaccurate
customer information? |
does VC bound work under ? |

ZEINEIESEERER , BligBENoisely , FfiJFRZ 9Deterministic, T{EHENoise
T, BHERNERRCABERES T  MEaMESHT |, BIXEANNx , y)HIATHE



FZP(ylz).

K 79NoiseBIF1E |, LbanfExs , BO0.7891#EFRy=1 , B0.389t=y=0 , Bly 2%
P(y|x) %Y. % EaTLUEBRNREUEEIREP (y| o) MR omERiidRY , BRALL
BIIEBBHES T LA IIRY 5 AWAZ= R , VC DimensionG[REIATH#ERT Einfl Eout i
AR89,

Probabilistic Marbles

one key of VC bound: marbles!

‘deterministic’ marbles

‘probabilistic’ (noisy) marbles

marble X ~ P(x) e marble x ~ P(x)
deterministic color  probabilistic color
[f(x) # h(x)] Ly # h(x)] with y ~ P(y|x)

_ i,
same nature: can estimate P[orange] if "~

VC holds for x "X P(x), y " P(y|x)
(%) % P(x.y)

P(y|x)#Rz B 57 ( Target Distribution ) , B3Lfr HEIREAIRIFANEREM
2 , FRHEREEZ Dnoise. HIL , ;8B noiseMIEURBAT B 4574 1P (y| =)
RO, BIEER(NE1F00. 3 F AR EEURSE

P(ylz) =1, for y = f(z)

P(y|z) =0, for y # f()



Target Distribution P(y|x)

characterizes behavior of ‘mini-target’ on one x

e can be viewed as ‘ideal mini-target’ + noise, e.g.
e P(o|x) =0.7, P(x|x)=0.3
» ideal mini-target f(x) = o
» ‘flipping’ noise level = 0.3
e deterministic target f: special case of target distribution
* P(y|x)=1fory = f(x)
* P(y|x) =0 fory # f(x)

goal of learning:

predict ideal mini-target (w.r.t. P(y|x))
on often-seen inputs (w.r.t. P(x))

E5| AnoisefIIER T , FHYF I FAZEUN AT -

1own targe
distribution P(y|x unknown
containing f(x) + noise F:rr:m ‘.Jf
T ] 5
i ‘l" u‘.
i X1, Xz _;I,p.u ~.._ X S
! I - 1
1 'i' “ I
I L .
-k I : A ¥
training examples afE::i":Eﬁ'l final hypothesis
D: (X ¥1) - (X, ¥ QA g

hypothesis set
H

VC still works, pocket algorithm explained =) |

—. ERROR Measure

MNeFFIFELERIDRE K HAES BRI SHEE , Bl —EEREow #1T
IRZERIE , BB—ARAVEIRNE B WL ?

HAINBRIEGEIRIIEEE =MFE -
« out-of-sample : HFFMIFKINEUE



o pointwise : B MR RxiH 1T
« classification : Hprediction5target2&F—2 , classification errorn@E§1 /3
0/1 error

» how well? previously, considered out-of-sample measure
Eou(9) = € I9(x) # f(X)]

e more generally, error measure E(g, f)

» naturally considered

» out-of-sample: averaged over unknown X
» pointwise: evaluated on one x
» classification: [prediction # target]

PointWise errorsCfr ERLEXEIREENE N RITEEERFFTEYY |, EinflEouthy
pointwise errorf9FRIXR 9 :

out-of-sample

N
En(9) = 3 . em(@(x). 1)) | Eoulg) = £, em(g(0). (x)

" v

pointwise error2flsF I EFEAEERERN—TMEREGELT  FEREH , &
MNFEEEEXMHI, pointwise error—AREJLAZBFIZE : 0/1 errorflsquared error,
0/1 erroriBEFATEDZE ( classification ) [BJfR_E , Msquared errori@ & FATER])F

( regression ) [A)&R L,

0/1 error squared error

err(y.y) = [y # y1 ert(y.y) = (¥ - y)°
« correct or incorrect? « how faris y from y?
« often for classification « often for regression

Ideal Mini-Targetf P (y|z)#lerr£EIR5E , 0/1 errorflsquared errorfldeal Mini-
Targetit B3 iEZA—H. BIITEXMF , 555IF0/1 errorfisquared errorsifhitax
I AImini-target2% />, 0/1 errorfpfmini-target2ENP(y|x) B AKHIBEBNZE |, Mo
squared errorfYmini-target2EXATE AT S F0.



|deal Mini-Target
interplay between noise and error:

P(y|x) and err define ideal mini-target 7(x)

P(y =1|x) = 0.2, P(y = 2|x) = 0.7, P(y = 3|x) = 0.1

ert(y,y) = [V # yI er(y,y) = (¥ — y)*
1 avg. err 0.8 1 avg. err 1.1
~ ) 2 avg. err 0.3(x) 2 avg.err 0.3
Y=9 3 avg. err 0.9 3 avg.errl5
1.9 avg.err 1.0 1.9 avg. err 0.29(x)
f(x) = argmax P(y|x) fx) =Sy P(ylx)
yey oy

BTEREE  MISNEHRNBEIRFEREARYF , HEIDEEIEARRHEIE | 528 F
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D:(%1.)1), - (X, Y agﬂj m g =

hypothesis set error measure
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=. Algorithmic Error Measure

Error§Hift : false acceptfifalse reject, false acceptE=EBEIRIBHASEMALIES |
false reject2IRIBIESR AR, RIEARIWEZESEER , false acceptffalse
rejecthiZBARAIMNE , XIRLFMEREFEH , LLIlZEmLE , BiAfalse reject



RAZIRAIKR—L ; INRELIRES , HBAfalse accepthiIZIRAYA—LE,

two types of error: false accept and false reject
g

+1 -1

+1 false reject

-1 | false accept

f

s> iEEIEARcost function errorffitE 2 AL , ESLer—ELITE |, §
YA AR LA AplausiblegkEfriendly , 1RIEEMNEIRTAE.

Algorithmic Error Measures err

e true: just err

e plausible:
* 0/1: minimum ‘flipping noise’—NP-hard to optimize, remember? :-)
e squared: minimum Gaussian noise

« friendly: easy to optimize for A

e closed-form solution
» convex objective function

3| Nalgorithm error measureZf5 , F3 BT :

---------------- 4
P _x unknown ..
1 F3) + noise FonX *
4 - T X *
L # % %
L] ﬁ’ "s b
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CIT

hypothesis set error measure
H err

PY. Weighted Classification

PRk, #1858 3IAICost FunctionBIskBFiXEerror , Bt 2R ZEMANERRIEIR
BRI , @S EBError ( Ein ) ARETE/N,

cost functiond , false acceptflifalse rejectll FARHINE , TEEFEEZFAI. IR
ENERYEIRIETT , BJLAIEvirtual copyingBI7TiE,



Systematic Route: Connect E and EY

original problem equivalent problem

1h(x) 1 1h(X)1
+ - + =
1 0 1 1| 0 1
T1 ‘1000 0 y : ‘ 10
(X1,—|—1) (X1,—|-1)
(Xg,—1) (Xg,—‘l), (XQ,—1),...,(X2,—1)
D: (XS: _1) ()(3, _1)5 (Xg, _1)! 2 e = (x31_1)
(Xn—1,+1) (Xn—1,+1)
(xn, +1) (xn, +1)

after copying —1 examples 1000 times,
EY for LHS = E2/" for RHS! }

Weighted Pocket Algorithm

o

le
h(x)

+1 =

A 0 1

Y 4 ‘ 1000 0

o
%
o

x
x 0

using ‘virtual copying’, weighted pocket algorithm include:

* weighted PLA:
randomly check —1 example mistakes with 1000 times more
probability

« weighted pocket replacement:
if wi,4 reaches smaller EJY than W, replace W by W¢ 1

systematic route (called ‘reduction’):
can be applied to many other algorithms!

Es 'Egﬁ
ATRFEH TEBNoiselIER T | BISUREIRIRP (y|x) 5 |, FBAve



Dimension{[3?AB3Z , MEEFEIBEEHESINHABEN. s cost functionF FBHYError
B0/1 errorfllsquared errorfizs, SCERAIRRA , XJfalse acceptf[ifalse rejectiIZiFEE
RN E.
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