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- EE

o Z9K[a)ER
- BEEM|T --- WNEHERp (v | ) EEF AR KA KITESE

* SRIAR

I 2252, RIASoftmax(H]|3

- IENIHE
. LRIERHEBE ARG
 THEEHESE], cross-validation




- EzsEnlEo:

- 1A
f(x)=wlx+b
« B x € R?
- B weRLbeR, NE
« i f(x) €R
* IREKRAZEN
« SRR EN (squared loss, L2 loss)

% ) N
NELZFES

PEKING UNIVERSITY

{ILLT

(weight) #0 {m& (bias)

¢ JW,b) = =% LUFG), ) =~ S icpWTx; + b —,)?
° T%E_FB%U”gﬁ\
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- S

« Empirical Risk Minimization (ERM)

- BCHHRERARRE f(x)
- toal, SRR f(x) =wix+ b

» EUR, HREMKAEL (loss function) L(f(x),y)
« Bbun, SFESIRRERE L(f (x),y) = (f(x) —y)?

o ISR ER/IMUIRKEREIRIFIE
rvr‘}’iglizl'e[n] L(f (x), i)

» —RZEBE] ARt E NIt ESE

» Kb mBFIFREPERIA 50X &/ MUIESR (ERM), XBIY
ETEMRGEER f(0) 8 L(F(x),y)




- EdEElE

» 24 [E]3 (Linear Regression)
- LIE[E])T]a)RR
o MR f(x) =wlix+b
» SETSHRICERER

- 1BtE([|7 (Logistic Regression)
- BT HZEAR  (BARFMET)
o MR f(x) =wlix+b
o« XN IHIRIEREN (cross entropy loss)
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. — 92X (Binary Classification)

. IR RBE R
« ye{-1,1}, -1XFHAZ (negativeclass), 1{XFRIE (positive class)
o ANEIREBAIRAN, VUREREMSE, - 1RIERBRME

- —RAEFELL f(x) eRUT y € (1,1}

« N TRESCEnHERRNZESI{-1,1} , KFsignQRRZN

e sign(f(x)) = {i’l,ll]]rf];((fc)) Z(())

* (ERMTARRKRZL?

- xEEANBR, IMEDREIRE, (FHEE—IR5ERE] (zero-one loss)

C L)) ={°' i signif() =

Loss
5

zero-one loss

o [ N w +

-2 0 2 4 y - f(x)

o L(f(x),y)={°' Fy-TOI=0 0 o pgetAcHRLe)

1, if sign(f(x)) = —y 1L, ify-f(x) <0

- (B2, FTIRKREZEMERRZL, A1 (non-differentiable) BANZE%ZE (non-continuous), F5iAH
BE NIELM (FEORANETR, ERUMEERS A0, TR TELM)
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Bl S A{FAHESE (Maximum Likelihood)

 WBAIERSE AL LT (Maximum Likelihood Estimation) SEESIES 53 2KARATHR
REREN
« s ANIRZAETT (MLE) BRI :
o XNLMEGEFAIT (FMH) HEREE
o WHEEFES, EPWNETERI—M)IZRER
o XFHIBIFVREY, BEAIREBIE p(yix; 0), 0RELSE]
B E AU ILNEIEEASEMRER TR LA (EYIGEARTTN AIEFRRSSHIEEER) RhiHREIS %
o NRGHFEAERMY RZRESHRIR) | ME XA GTRER
maxl—[ie P(Y=3’i|x=xii9): jzféj':'—j'jgmax Hie P(}’i|xi29)
- BE, RAEMXRERSZEMIEBILITERE, #1200.5'°°° ~ 9 x 107302
o BRIRIZIEN, AW EIIA (log-likelihood)
max log(l_[ie[n]p(yilxi; 9)) & meaxz log(p(y;lx;; 8))

i€[n]
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H

. 2 -
« EXI 7 niREEM, HARIEEZ _ERYREIMIR

UNTP »
AT at - J, .ﬂ
£ =
A 5 /'f‘ > 7
i8558
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E—BUIERAISIHIEET

AP (MLE) (A IEE =R

- A

BESCIRE M EH TEIERER, (RiE R IEmss IR p, NIRESL -p
EXMEERERS, p RAIE—ELENSH

o EMNEHEELAEEMREE TRASE (BREWNEEE I IERIEIEIFIE/RIE/R IEIE

RIERRIE.”, HPIFEMX, REN-mX) :
Likelihood = p™(1 — p)"~ ™

« BRI EUUSAR ST p

max mlogp + (n —m)log(1— p)
p

- 1HERE O, %@J% —%1 =0, kKBp=m/n
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* BSEX p(ylx; 0) 1R

. AR f(x) = wix + b, REEEESL RIS

« SXHsigmoidi&E] o: (—oo, +0) - [0,1] o
o(x) = — e

1+e™* ,
_x /

1-0(x) =—— = —_ = o(—x) osf

1+e™* 1+eX f/f
AR o) +o(=x) =1 B R B
sigmoid BR X

+ M p(y = 1lx;0) = p(y = 1lx;w, b) = o(f(x)) = (v - f(x))
- BAN, pl=-1xw,b) =1-0(f() =o(~f(x) = (v f(1))
« 5BH, N8y BU1/-1, &8 p(ylx;w,b) =a(y - f(x))!

5s¢ PEKING UNIVERSITY
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. rglv’é}?XZie[n] log[p(y;lx;; w,b)] = r‘r/‘l}%xzie[n] 10g[0(yi 'f(xi))]

C FRN FGr) = wx; + b, 1BEIRMEALIDR

max 2ien] loglo(y;(w'x; + b))] = r51‘1,5%3(21'6[11] 108[1+e_yi(wai+b)]

. S

A A\ A\
NELZFES

PEKING UNIVERSITY

1

v wT .
— mW%X (_ZiE[TL] 10g[1 + e yl(w xl+b)])

/MU EIHIRRREIRIZ 0 (B4E(

J

.1 P L
min = Yiepn log[1 + itV X))

o FHERARXIEYUIAHES
2 W iR (Cross Entropy Loss) , 1

JIABERMAER)

HAHRESERER L(f (), y;) = log[1 + e ViW xi*D)] FRA
SETtEBRIEFRA Logistic/Log Loss

10
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EZS(substitute loss) o)

5 : .
— Zero-one loss
— Hinge loss

4t - — Logistic loss |

IBfEERS

Logistic loss: L(f(x;),v;) = log[1 + e Yi/(*)]

- ZAEMEHRRZ EIRRRE (%) SF—HRKH

5 (upper bound)

o WWIBIREREAIA. 1ESL. BREMARE (convex),

FILEEZ L

- BAMULER BRI UAGR/IMEE—IRKEREL, RIS

THIREN

- RFRAEIRKEREL
S NEIURAKREL (Hinge Loss), L(f(xy),y) =

max(0,1 —y;f (x;)), Z—FE RNRIBIRFKERLE

; 11
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B izisEaa14
» (EEEE N EKEE N IUnR

1
min—z log[1 + e~ YiW xi+b)]
w.b N Ldie[n]
_ 1 vy . s
* SRR J(w, b) = - Bieqnlog[1 + e i D)) KB
W e —yi(wai+b)
) a]g‘/‘,,b) = _izie[n] 1+e_Yi(WTxi+b) YiXi = _%Zie[n][l - p(}/ilxi; w, b)]yixi
3] (w,b) o YW xi+b)
* ]ab = —izie[n] L+ o—vi(WTx;b) Yi = —%Zie[n][l —p(ilx;;w, b)]y;
» JOREA 1 N EESCiRE RIS A T (RABRRDINEZED) |, EXE
HYTa k)
« IXNEFT w, b B2 J(w,b) ToiEZEB FEFEIARIFUSAISRAIREN
dJ(w,b) dJ(w,b)
wWew —a- , bbb —a-

ow ob 12




B 414617 vs 1B5EE) @iy
- - -

15 =13 =
1REy HMER f(o) =wlix+b HMER f(x) =wlix+b
it £ sign(f(x)) E?%Eﬁ]ﬂj{-ltl'};
5 o(f (x)) i BRI R
HRORERZY SRR (f(xp) — yi)? X IEIREE log[1 + e ~YiW xi+b))
Linear Regression | Logistic Regression

=<
=<

—#a e |

....... - . ......
/ o(wx+b)> 0.5
o(wx+b)=0.5

Threshold Value

o(wx +b)<0.5
wx + b)

__..........q..... ................

— 1 >
X PR x=—b/w x

13

Images from Internet



SELE S

PEKING UNIVERSITY

. EmET vs iZ5E0YT

1& %8 B 9 Y = 2 n] AL

SRETE
2.5 separating
hyperplane ——
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B ZiEEEs

- 1A
F(x) =wTx +b /
cHANxER?, BHweRLbER v =
+ o(f () = T HESTIE £ () BEIRMENES (v = 1) AOMEER,
* 1—o(f(x)) BHRIIEERER (v = —1) AIHER

» ERASAGLT
‘ TEIV%XZie[n] log[p(y;lxi; w, b)] = Xiepn loglo(y; - f(x))]

» ENTFR/IMEAZ RS

.1 —vi(wT ¥
i Bicp Jogl1 + €T

15
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. ZaXRAE (Multiclass Classification)
* AATRLIESERIZN K> 2 BIIE?

e One Vs rest

« XKD EERMIZRK N —m2Es (3

ZAE[E]3)
BN ERHKSEI ISR,

=B SIS e S
* y = argmaxie fi (x)
=1
- SR KIEEART, o5lIZRK
== N
o KN E8E1EM, Titfi—
pl— M&EEY




. Softmax [o]!3

s TIERZDRIAA (F

s KZRAR: ye{1,.2,..

- FL[E),

* KRB

12%

* ANBEfE

s FRIRTE: fE

] sigmoid ERZEL,

ef1k()

p(y = klx) = 100

2jelK]

:“au“bﬁv } ﬁ
;zi: Je ,-f.Ji Z

PEKING UNIVERSITY

ATZANH[E]13)
,K} = [K], x € R?

K MERY f.(x) € R k € [K]
H fie (%) BRACHENE k SSHIMEER

A

NFTHE Liepq PV = klx) = 1

J softmax REL, (EHEERIT—L

+ e IBRHIVIIAN SR fi. () » f;(0),vj # k, W p(y = klx) = 1

17
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. Softmax [0])3

k 1 2 3 4
fr(x) 2.0 1.0 1.0 0.5
ef k@
5 o 0 0.5105 0.1878 0.1878 0.1139
k 1 2 3 4
fr(x) 3.0 1.0 0.5 0.5
ef k@)
Sici € ® 0.7695 0.1041 0.0632 0.0632
k 1 2 3 4
fr(x) 10.0 1.0 1.0 1.0
ef k@)
Sici €@ 0.9996 0.0001 0.0001 0.0001

18



. Softmax [0])3

» Tl y BXEE ke SR

* P

» (ERSEAUENLZA AT 22K
+ {BIR fic (x) BOBEOA 6., BAWIIES

p(y = kl|x) =

:“au“bﬁv } ﬂ
;zi: ez 2

PEKING UNIVERSITY

efk(x)
e i)

Lje[K]

e I3 — R ZkE[K]p(y =klx) =1

max log[p(y;1x;) =Z lo
{Bk}{ Zie[n] Bl (il i€[n] g[Z

* FMN

FE/IMEARZ X JEtREL

[n] log [

efj(x

1

n

: 1
BT e

)

z:je[K]

s (e, yoli € [n]} BIXTELRA .
efyi(xi) ]
}

(x;)
jelk] el it

et 108[Z e €799 — £, ()3

19
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« [IHLE (overfitting): MR EITTIT A
o FEIEIERER PR VTA RS T EENE

‘e . A
classification

error

Underfitting

Sweet spot

l

FIZRRE

PRrEE SR IXAPEN SR

test error

\

:“au“bﬁv } ﬁ
;zi: Je ,-f.Ji Z

PEKING UNIVERSITY
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. IEN{L (Regularization)

* SR )RR R R ZUE I — T — e Uit

min = Ticqn LG G, v + 4+ R(F)

* 1-R(f) FRAIEN{LIT (reqularization term), FAAFETIEFEZRUIRE
« 1> 0 BANBBE (hyperparameter), FRSISE, RS
« AT AFZIENML?
* BIEEHUE (overfitting), BIIREmInE TIZRRE
. %LJITHA»%*

» EJLMFE4ERE j XBC (dominate) 7T, BIXLE4ERERINE w; 1I9K
. Em)\’éﬁ%ﬁlﬂ?‘ TEAEZEANSIEEER, BNRAIRY TE(13EEME

=

l_

21




. IEN{L (Regularization)

- BT EIRRA:
» B MR j XEC (dominate) THIN, BPIXLeAEERINE
» BIRTTE: LRIENME R(D) = wll =wTw =X qwf, BB Iwll?
- {EA: w! SKBRARINE, BT

SW]'

s MABUBRPEFERERANGEERE, BART 7T e(IEERINE

4 A D
NELZFES

PEKING UNIVERSITY

U\

- FERFE: L1 IERIHL R(f) = llwll; = Zje[d] |Wj|

=]

LS DENT KIINE R, (ENEDECEY

. %E GG w, B w RREPDHEAE, (REPHEERE (BFRREL
1A/

ESEtES)



= IEN{ERYET

0“1/7‘\|:|

. LM

=

Ridge Regression)

I3 + L2 IENHL

mllganle wWhx; + b —y)?+ Alwl|?

. 1B

e Lasso [\
o ZRH[D

dJ(w,b)

ow

= —Zle (wWTx; +b —y) x; + 24w € R?

=

I3 + L1 IERI{L

ml,?nzle (W x; +b—y)*+ Alwll,

w2

©

p

PEKING UNIV ERSITY

\

Ridge regression

N

Lasso regression

23
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- BT ES
o 1ZLE[A E' (5% %E&ﬁ/_t) &

- RN + L2 ITENI{L N x :
> 4

N1

mglnz {log[1 + e YW D] 4 4||w]|? g

* 1%1@
dJ(w
Jwb) _ —Zle [1 = pilx; w,b)]yix; + 24w € RY

ow

« X3EMEEN] (Support Vector Machine, SVM) (& EIFR/EN)

« STURE (Hinge Loss) + L2 IERIHL,

min = Z nymax(0,1—y;(w'x; + b)) + Allwl|?
w,b N

24
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B ;48 E3 6T

« AMEARL2IENE
73 BRiEE~F IIZx/ MRS L

Training and Test Loss Curves

Separating hyperplane

0. 60
wi¥x1 + w2*%x2 + b = 0 Training Loss
Test Loss
0.55 +
@ 0.50
S
@ 0. 45
0. 40 +
UL
0. 35 H
:1 6 i é 6 Zb 4b 6b Sb 160
x1 Iteration
wy =1.300,w, = —3.344 Training Loss = 0.348

Test Loss = 0.380 -
EEOEOEOEOEGEGCGEEGEESESSSSSSS
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;zi: 53
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B ;5813 6)F
« L2IEN{E A = 0.01
9o brta~ I14x/ MRS 2

Training and Test Loss Curves

Separating hyperplane

0. 60
wi¥x1 + w2*%x2 + b = 0 Training Loss
Test Loss

0.55 +

@ 0.50

S

@ 0. 45

I
0. 35 H
:1 6 i é 6 Zb 4b 6b Sb 160
x1 Iteration
wy =1.132,w, = —2.407 Training Loss = 0.361

Test Loss = 0.377 ,
EEOEOEOEOEGEGCGEEGEESESSSSSSS
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B ;5813 6)F
« L2IEN{E A = 0.02
9o brta~ I14x/ MRS 2

Training and Test Loss Curves

Separating hyperplane

0. 60
wi¥x1 + w2*%x2 + b = 0 Training Loss
Test Loss

0.55 +

@ 0.50

S

@ 0. 45
0. 40 + \\\\\\\----___¥

IR
0. 35 H
:1 6 i é 6 Zb 4b 6b Sb 160
x1 Iteration
wy = 1.044,w, = —1.960 Training Loss = 0.376

Test Loss = 0.385 .
EEOEOEOEOEGEGCGEEGEESESSSSSSS
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1Z45E])361F

« L2IEN{K A = 0.05
iR mE |2/ MiEFR S 2

Training and Test Loss Curves

Separating hyperplane

0. 60
wi¥x1 + w2*%x2 + b = 0 Training Loss
Test Loss

0. 55 -
A 0.50
S
@ 0. 45

D=
0. 40 -
0. 35 A
6 Zb 4b 6b Sb 160
Iteration
wy = 0.882,w, = —1.344 Training Loss = 0.414
Test Loss = 0.412 o
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B 258 SRz
- YGRTIRR—RE S R —UEE2 4 (hyperparameters)
« BENEFRIFESIZE (learning rate) a, IENMYINAIZREL 1 F

- LtEH), {EFURAMREL. DRFMRRRREL. B IENFE A B EESE

- FREIPFERIRERVBSEES, B30 « € {0.1,0.01,0.001}, 1 € {10, 1,0.1}, Loss €
{Hinge, Cross Entropy}, WEP—HESEEHEN {«:0.01,1:0.1, Loss: Hinge}

» ERIGUEES (validation set) RIEFERIMIESEL

- IlIERE. MIREZIMINKEUESE, BEigia)lagsE/sut s/ MiHEo 5!
80%,/10%/10%HILK /51X 5>

- ME—HESHRVAS, @45 D424, EUESE CIFRENRE
- IELFTEAERESHES, WRERIEE DiRE G/ \WIREAESE
» (FRIEEREERESHEIN S CEZNTIRELRE, [SiHREZ10EE »




. K-¥r3Z ESIE (K-fold Cross-Validation)

- B EEURELLIR
« K-3T2E X EGE

/1>

<

10%RBY55 1

« R ES MRS

&

/

- W—HEERIESHES:

- BRfER K-1 (EdE)IIgREL,

nE
—

ahEtlo 79 K i

% ) N
NELZFES

PEKING UNIVERSITY

S BLAERRB IS NSRRI RE

A 1 (iR ENRE

» 1 KORIGIERIRENRZEE R E E 1 HE S HRITA
- BHTE R RS EES

S RETRES RS RES, TEURE F RIS







