SEXEMNMTHNSZIEGIREFIZFEICS -- Training versus
Testing
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2B | JIGEADMIRENHhAIFE A ZRBR— MRS | XEAR6E%
FIREIHR. B, JIEHADRIZEB K , Bhypothesis setfMUEBIRAY , IXHF
RIBEXRTAZEN | 742 HHBad Data , fRIEE;, ~ Eyy: . BIERTFHNIZHEE

A. B, BT, BREEE, &/NIh , (FRRREZRIRg , oI T BiRRE.

XE , BIRE—TRINSENEERS : £—18 , RINETHESINEN ,
BRI , g~ f ., RFEu(9) ~ 0 ; SHE , HIINBTWTL
E;, =~ 0, JLMERAPLA, pocketFEEILRII ; B=TR , HAINBTHEFES
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( binary classification ) [A#R ; FEUYTIR , FAINB THVISEZINEITH |, BEFLT
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Ein (g) ~ FEout (g)EJZS'Zo

for batch & supervised binary classification, g = f <= E,;(g) = 0
- . - \.-‘N"-'.i'
lecture 3 lecture 1

achieved through Eo.i(g) ~ E.(g) and Eqn(g) ~ 0
N, e’

lecture 2

XIUTHRBE TR, FANENSRFINEEBFRD R MR ORIERE

« Ein(9) = Eout(9)
° E’m (Q)Eﬂglj\

EHRNMBEWEZE I TITH— M =4Ehypothesis setfIMIMERIREY , AEMER
EXFEMZERRE T+ ABRERTE ?

RAVERE—T , UME/NRIRHE , B EFENMBNEX T A& , 155

Ein(g) = Eou(g) , BRHRIESE— MO EERREIL, (EMBNGT | EESEARTLAER
f9hypothesisBFR , N—EREKENEE;y (g) BE/\ihypothesis , BIANEERIESE A
BeONAISAREST, UMABKHIEHE , EHEXRTAZEL | Fin(9)5Eow (g)8IZIE0T
BELUIRK , E— M ERATREARRRSZ, TIMARK | (A0S EEANTRTLUSEIRE
hypothesis#ifR%> , R AIBELEI— P hypothesis , {EE;, (9) BB\ , S5 MZNE
SRATRERRAT.

@ can we make E,(g) small enough?

@ can we make sure that Equt(g) is close enough to Ei,(g)? J

@ Yes, Nol,
P[BAD] <2- M -exp(...) F[BAD] <2- /M -exp(...)
€ Nol, too few choices Yes!, many choices

M EERNSHTHRE | MASGEERZRZE IR M2 OIRESHE , MAEEAKX
BABEARN. IBAMBMERKAIIS R , ESHRHAATLAFEI TR ? FIRIPLAEE
FESETHFAY , (BRPLARBRIFHITIRSES |, XNEALE ? 053]
B RAHIMIREE—TERAIM g R |, BRATFRERT .

—. Effective Number of Line
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P[|Ein(9) — Eout(9)] > €] < 2- M - exp(—2€*N)

Erh , MZ&Rhypothesisfd M4, B/ hypothesis THIBAD events B, KEXBIFZ 5
B TRIARER :

P[B; or By or --- By < P[B;] + P[B3] + -+ P[By]
MM = oo}, FERSREINEEERA , BIFREIBAD eventsRX , Ein(9)5
Eout (9)tBHAER., {BEBAD events By, KEXAIFZR IR LR AT LR |, union
boundid kK, XFMHGEERIZENhypothesisZ [Bi&B3LE | XEEAHIER , Bl E5LFR
FEEARRAL  REERT , REREN , BHEIRMEIR LIZABAKXK , W1 TE
Ff7s -

B, 55,

B;

Rt Eidunion bound#{EiHIE T (over-estimating ) . FRLA , EAIIRIERIRZE T
[EBAD eventsZ [BIRIEEELD , BREBFTE ypothesis B BRSS!,

WA FEL N hypothesis o BB FRZENE ? Bl 1Ak BEXHF—MF |, (RW0SFE ERE
LIRS, BHIEPLA—8., WMRFEE ERE— 1 mx1 , BPAEZNFEE I
— SR+, —FEx1RI9-1

 hy-like(xy) = o or hy-like(x;) = x |

MRFE LB IR, x2 , IPAELHIFRSILAT - x1. x28B+1, x1. x2&B



73-1, x18+1Bx259-1 , x18-1Ex24+1 :
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MNRFEEE=1mx1. x2. x3, BPPABEZATFSEH8H :
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B  E=TRIBAT  ESHIAREA—FEZDHIER :

three inputs © X

i
I 4 o

‘fewer than &" when degenerate
(e.g. collinear or same inputs)

BEERR , MTFELE=1 R, FRERIEMBRIS N EAIEREN —FKE Lk, BRAIR
RBOPmRx1. x2, x3, x4, AL , FEEBAZ—FELEBN T REMN 16
KilmEn T REREDTFEPI143 |, ELZERSRE 141



for four inputs X, Xz, X3, X, ° . ©
.................... 0 x X
I : © X
o)Xy
o o
X3 o X o
X i o X 5
Xy : L2
___________________ : o o
o o % x
for any four inputs X a
o o
o * 5 o
X o

2D, BAVERIFE LERIMERBIRN , 1M RRZSE2 , 21 RRZH4M
2, IV ARSESHE , ANAREE14 (< 2') MEEE, RIIRY , BHELN
HELEHES 2V, Hob, NEARMNE. L, NSRBI LA Reffective(N)/RE
M, EXTAFAILIGRL

P[|Ein(9) — Eout(9)| > €] < 2- ef fective(N) - exp(—2€>N)

Bleffective(N)<2 |t {FiFeffective(N)<<2V |, BIRZERXADIEATE , BB
ZBMEMIEIRK , BELAIFRBRBIR | M=sF2 It E 8.

+ mustbe < 2" (why?)

« finite ‘grouping’ of infinitely-many lines € & | | N | effective(N)
» wish: 1/2
2 |4
P [|En(9) — Eout(g)| > € 3|8
< 2. . exp (—EEEN) 4114

if @ effective(N) can replace M and
(2) effective(N) < 2V

=. Effective Number of Hypotheses

B RENA IR - Z53€ (dichotomy ) . dichotomysi 2R == EFHIA ( £
IN"HEYE ) A—5REZ%DRIES (&to ) 1A% (48x) ., SHEKBFE LS
B %S FRIErEhypothesis hHJEES , dichotomy HS5hypotheses HIIXZEE -



hypotheses HEFEI LATEEE&IIES | MIRIRER TR | Mdichotomy HZFH

HREE RS FEEASFHESIE  BHERE2Y, BTk, BIIEMOmESE
Fdichotomy{t&M.,
« call

a . hypothesis ‘limited’ to the eyes of X¢.Xa,.... Xy
o H(Xq,Xo,....Xpy):

hypotheses H | dichotomies H(X1,Xz,...,Xyn)
e.g. all lines in R? {ooco, coox, 00x %, ...}
size | possibly infinite upper bounded by 2V

BB AR : BIKERE ( growth function ) , IAmy (H). BUIKREHIE
N2 }TFENTREMNAREST , EESXNAYdichotomyz X , BRAXA
dichotomy(BiEmy (H) , B LtRE2N

mH(N]: max J|H{I1,Ig,...,ijl

Xq.Xz.... :KNE.-}.

SR ESCHER1Z BHeffective linesfIERAE. RIEFERENEN
“#HFELE , my (H)BENEEXERR -

N | my(N)
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2 | 4

3 | max(...,6,8)
=8

4 | 14
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TR, BANNCU T ERIKEREL. TEFE—MERER | —4HIPositive Rays :

filz) = =1 hiz) = +1
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EENDE , WBNKIHES AN , RESEREMKESmy (N) = N + 1,



ERESNRAR , (N +1) << 2V | XER(IFEETIN.

B—FpE R E—4#EAIPositive Intervals :

BRIBGKERE AT LAR FE#ESSH
one dichotomy for each ‘interval kind’

(N+1)
— 5 + 1
N— =

interval ends in N + 1 spots all =

XRERT , mg(N) = N2 + IN +1 << 2V, ENRARIEHE , (BARHE
.

BREXMIF , BIRE_E=HEE , iRhypothesisR BB EIGRATED
dhek , W NERTT | ZEBRconvext , Al Econvext, FB4 , BAIMKRHES

DI ?

blue non-convex region

LHIREDIR BT NSRS , BIVRBS ST EEICHR KR my = 2V, X
MIERT . NNRATEA RIS 21BN ERE S hypotheses setBEs , Bl HBXFNEH,
FR/gshattered, HELENT , WNEREEBIKEI—NMEUEDTHEE | hypotheses setXIN/M)
NS EIEREMYER) , BBATHIRKRSEE2Y .



Y. Break Point
=N, BAINE T WM ARRIRISEREL , D5IR -

 positive rays: my(N) = N+1
« positive intervals: my(N) = 3N? + N + 1
» convex sets: my(N) = 2V

« 2D perceptrons:

Hrh | positive raysfIpositive intervalsfUpkI<EREEREpolynomially , ANERAM g1\
BMAEYE | XRMIEREEREFRY. Mconvex setsHIALIKERZLZexponentially , BIZE
FM , FHREERIENSFIRIETI T, BB4 , %3F2D perceptrons , ERIRIKEREIGT
EEpolynomialf¥ikEexponentialfI0E ?

XJF2D perceptrons , FAIZRIDHT 73R , BILUMSH8FATERYdichotomy , 144
M, EMHRTE 16 mRHYdichotomy T, FrLA , FAJFHB4FR /92D perceptronshl
break point ( 5. 6. 7ZF&BEbreak point ) ., Bk IR, MRk ATFZEFbreak point
B, BRIBIKEE—E/INTF209RTT.

iRiEbreak pointfIE N, , B AIEHEMy (k) # 2F HkiIE/VER Ebreak point,
XSFEANIZBINBRIUFR B ERZL |, b IRYbreak points3 B2 :



positive rays: my(N) =N+ 1
break point at 2

positive intervals: my(N) = ZN? + N + 1
break point at 3

convex sets: my(N) = 2N
no break point

2D perceptrons:
break point at 4

BEE , B PENRRIKEREIRTsESbreak pointfFHERFXE : XdFconvex sets |, %
Bbreak point , BRIRKIKERELZ2RINIX TS ; XdTFpositive rays , break point k=2 , B
RIRIERELZO(N) ; ¥¥TFpositive intervals , break point k=3 , BRINIKERELE
O(N?), MHRIEIXFHES , B IEN2D perceptrons , BHIFIKERE

my(N) = O(N*1) , MR, BARATLURmREM , FHE 7886855
S, T EABUAYIER , I THREBIFMANE.
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ABIR , BIOIERANMIRT THIESFEINA T, B WEN 2SI RS AR MR
i : Ein(9) = Eoni(9)f1E;n (9) = 0, FHE—Na , HAUFITTMA
hypothesisZIEBILAXID AZ DM, tBEEMKIKEEM g . 75|\ T break pointdI
=, 8 T break pointfUitEG A, THIR , B VEIFMSUEXTF2D perceptrons
BRIAIKER I Sbreak point 2B EZIARIKR , NRBXHE | IBATSEEIHE
Ik R

08 :
NEFENERIIRESERFEMETH (V=sx2JER) §iE.



