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XFh T EERIRLT Efitisk , EtboverfitlVI & EBRE , BEr5EGEE , ©
FMEERR—L, BPAIRRRFER T EHNIZIBEM (105 ) Ahypothesis setst&ik

J9{EB ( 2B ) BYhypothesis sets, BIF TEFKITAI , AR EEInypothesistFELN
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» idea: ‘step back’ from H4g to Ho>

» name history: function approximation for
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Q-th order polynomial transform for x € R:

oo(x) = (1,x,x2,...,x9)
+ linear regression, denote w by w
hypothesis w in H4q: 4+ Wi X 4+ WoXZ 4+ wax 4 .. 4 wygx 0
hypothesis w in Ha: Wo + Wy X + Wox?
that is, Ho = Hig AND ‘constraintthat ws = wy = ... = wyjp =0’
step back = constraint |
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Looser Constraintea] LASFY; :
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Z('wq #0) <3
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FR/Isparse hypothesis set , ©5Ha 1 H1oFIXE S :
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» more flexible than H;: Ho C H,
* less risky than Hqp: Hs C Hio

Looser ConstraintXgizHJhypothesishrizEiFfE—L , {HESCEsparse hypothesis set
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1%,
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hypothesis setsic AH (C).
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WA EEE, WEH(C) , CEMX , FREASEEMA , BIBEEN

H(0) C H(1.126) C --- C H(1126) C --- C H(o0) = Hjyg
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—. Weight Decay Regularization
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WERE+1 ﬁ{
TERKESRBREERERMET , SIMLE;, (w)rdEE

decreaSIng dII"E'CtIDI'I' _T'Eln(w}: Ei, = const.
remember? :-)

normal vectorof w/w =C: w

if —V Ei,(w) and w not parallel: can
decrease E;,(w) without violating | Tk
the constraint l' T

at optimal solution Wgeg, /
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BT XTSRS |, BIHER TIRERMBEEREIMR
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VE;,(wrea) + N WREG = 0

FEATPEIARILagrange multiplier , RFRBEEFMAHIRECHREREZT
8, 2 EHEEAARES. BARINERHER T RBEHE LEARNwRE.

ZRIENESY , &MHRFNE;, NFRIA
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HEEqn R , AAONEIFTREGG , 53
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N(ZTZ"UREG — ZTy) + ~ WREG = 0

X2—MEMAEN  BEEEElwrEe I ¢
WREG = (ZTZ + )\I)_IZTy

RO TIREEMEANTRR , BAZT Z2RIEEEE , MRAKTFE , BB4
ZTZ + \I—2RIFEER , BI—EmiY. BIME—T , St Himxfridge
regression , BJLAE K Rlinear regressionfYiHEk k.

WRXNFE—RAIER , FlamZEREEF , VE;, AEEMHR |, BBABERANFE
TEEPERNHAR—NEMESER | wrpeA2KME, TEFIMNES—MREEX
E—TNFETER -
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VE;,(wrea) + W WREG = 0

EHV Ein 2 Ein SwrpcSE , T2 wrpe BAIVERE > wh oo 0S8, B4
FTERAANER—NREOSE , SHNT , IIKZZHOSME. BHE
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Eoug(w) = Ejp (w) + Ny v

ZERE P E NG 2 IRE S Fregularizer , R Iweight-decay regularization, Ffi]
FEXANREFRIAugmented Error , BIE ;g (w).

MRANE , WNTFMLETRERY  EAFTE , NN T REEHARESRG | &
LR Z BIIRIME Eip (W),

TESH—MHEIERGF , ABARRYER |, SRR AR



A =10.0001 A=10.01

overfitting == — =3 underfitting

philosophy: |

MEFETLESE , SA = 08, RETIIME ; S = 0.00018 , USAIERR

g ; BA = 0.0170\ = 18y , RETRUG. BATTLUENERZE—Fpenality , BIRS
hypothesisSZRERIETT , AR , wilifl/\ , JINFCER) , BIXFRHESTEK , #
BHMAHMEHTE , SMIEEHTE  S2REXUE. AR/ EHEEE
FRIFRIIIERR | TAI/NERBIIRE | (BREEBTAE , ERIEER) | 4E0E S
BHIToiTSE.

T

call ‘+jyw'w’ regularization:

larger
<= prefer shorter w
+— effectively smaller C

—qgo with ‘any’ transform + linear model

B |, Xffregularization MY AT LAREZ I AIhypothesisH |, iRBLARNFITE
logistic regression&Efthypothesis® , #BRJLUAZIBG LIS IS HIRER.

BIIEBRTCHSTIXERM N, 22, 23, - - -, 2" W | ExECBEREEN1,1]Z
18, BBARBESH " B THEMEVER/INMES , WEXTFAWIEEX , HITESS
MINRERARYEST . 97 ERHIIXMEREANERARIER , BILAER
Legendre Polynomialsft&z, 22, 23, - - - , 2™ XFHsx , Legendre PolynomialsZ IR
ZEIRIERN , e T2 SHIZEREYF. KT Legendre PolynomialsHItEE:
XEBERFEEANE , BXENEREILIE—T4HEEEE,

=. Regularization and VC Theory

TEFAIAR— FRegularization5VCIEIS Z [BIA9XFK. Augmented ErrorZiAz{iN
™

Eoug(w) = Eip(w) + —w" w


https://en.wikipedia.org/wiki/Legendre_polynomials

VC BoundZx//9 :
Eout (w) < Ei, (’LU) + Q(H)

ErhwT wERRAIEE MhypothesistIEZE |, iITHQ(w) ; TIQ(H)RRED
hypothesis setfIEZfE, RIEAugmented ErrorfIVC BoundfJRix=t , Q(w)B&F
Q(H)le\] . FITLA . Ea,ug (w)thmEj%l\&a:Eout , BT Eout | Eaug (w)'—i
Eous ZIBRNIRZEFE/N,

Augmented Error VC Bound

Eaug[w} = Ein(w) -+ %WTW Eﬂut(w} < Ein(w) + Q(H)

« regularizer w’'w : complexity of a single hypothesis

« generalization price (2(#): complexity of a hypothesis set
o if 402(w) ‘represents’ Q(H) well,
E.yg is a better proxy of £, than E;,

FRIEVC DimensionIBif; , B Mhypothesis setflidyc = d + 1, XEEFFTERIWE
ERT SRS, MEINRERENdve(H(C)) = derr(H,A) , B
BHHIVC dimension, BHRR , dyve (H)HERKX , BAEREFTEMhypothesis
set, (BRdprr(H, A)tLBuN , BT regularizedBIEE , PRE 7 wREX—/\EB
9. HAKRregularized&Ei%, XA > 0FF , & :

derr(H,A) < dyc

XEESLREREEMTR , (LN Z GRS, 3 = 0RY , FRERIWERS S5
B, ENdyveRK  BZREIIE. 2 > 0BHKEKE , REWVEHRSF |
derr(H, A)R/ , PIEHIZHRHTR , S2RETIE,

Y. General Regularizers

AR AIEFIRegularizers , BIN(w) , ROZMEEH AR ? —iit , BAISHE
EireRERITS AHI TR, B=FAR

o target-dependent

o plausible

o friendly



» target-dependent: some properties of target, if known
» symmeiry regularizer: 3" [q is odd] wg

» plausible: direction towards or
stochastic/deterministic noise both non-smooth
. (L1) regularizer: 3" |w,| (next slide)

« friendly: easy to optimize
» weight-decay (L2) regularizer: }_ wg
HLX =75 xR ZRijerror measures&{ll , BB =M75% !

e user-dependent
o plausible

o friendly
regularizer5error measure 2188F AN IHHIIEELE,

augmented error = error err + regularizer

regularizer: target-dependent, , or friendly
ringing a bell? :-)
error measure: user-dependent, , or friendly

ET , NEmFIRegularizer : L2F1L1, L2 Regularizer—AgEYBSER , Efzu
T

Q

=) wi = |jwlf;
q=0
Xz z{A0regularizeritERI2WEIE AT , BIOREL , LER¥E |, STHD a2
TRIITE,

L1 RegularizerfJZFRIAA0F :
Q

Qw) =) wy| = ||wl],
q=0
LIHERREWATES , MEEXHER , BHKER , bEOEE., Efuwiw=C
EIREIEER | M||w||;, = CERBNRIES , BBAEIESFAINNRSL , 278
Mo ( NMEEF |, T3 ) - IRBZBINBNFTEIESITERE | XROXFIE
T, BHIRREMITIINT AL ( ARERE , WG ) |, BAESTAL R
HWESHBEEAANE , H—VE,AEEYT , SPAWHSAITREE |, TRRLEIT
ZWHRENRE , LA, L1 RegularizerfIfEE#IEREY , R Asparsity, MIREITRRE




E,, = const.

L2 Regularizer L1 Regularizer

aQ
Qw) =) w5 =wl

* convex, differentiable
everywhere

* easy to optimize

o

a(w) = 3" Iwel = wl;

* convex, nol differentiable
everywhere

* sparsity in solution

L1 useful if needing sparse solution ]
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B—fER , AAEBYdeterministic noise , ABUBB U ™= -
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MEIFTILIEH , deterministic noiseiffi i , Ak,

LA EfFnoiseRYIEE | #BEnoiseifi X , HMAINBEIHA, XIRIFIEE | IR
FERIBRT | BREALT , BnoiseikZs , BIARMSERFIE | XEERFEEHIHME
regularization, {BRXZEIENT , noiseRAAAIAY , IXFMER FANTIEEA 7 IXE0
PRE  HNTHRERITIE.
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