SEXFMTHINRZIZGFIEFISEIC10 - Logistic

Regression

E—R , EAINB 7T Linear RegressionZgttE[m]3 , LA FAESEIRESHERERIN
BrEw , SRERITFIEHTTN. ATHREN B Logistic RegressioniZ4&[a]||F A&,

—. Logistic Regression Problem

—MOIEETRNAER - RIERERIFR. [IE. AEFHER  KIMUBERESE
ODIEE, RIBEXE— "R A& , HiatyRE{(-1,1)7ER.

TR —RBR T EERRERRE(x)>0.5 , NFIRTAESRT ; Ff(x)<0.5 , W
#rAathzE-1.

age 40 years
gender male
blood pressure 130/85
cholesterol level 240
weight 70
containing f(x) + noise heart disease? yes )

\ 4

training examples Ell?aorﬂm‘% final hypothesis
D: (X1,¥1)s - (XN, V) o g~
err

hypothesis set error measure
H err
binary classification:

ideal f(x) = sign ( —3) € {-1,+1}
because of classification err

BE  NIRHNVENENAREZEZEVIEF  MEREBEEES AN/ IXRE2 O
R XA, BIIERONEERREEVE ( DHE0,1208 ) |, TBIERAIME
(BRI VIR ) . XEBEFNIFESRINCH ZSRAMAKR—H |, FHlHEXANT®
FRIGERME—4>25/a)8% ('soft' binary classification ) , XAMEMHEIR1 , FTRIEEMIATEE



MK ; MU0 , FRIEROTTA A,
‘soft’” binary classification:
f(x)=P(+1|x) € [0,1]

SIFERE—DRIAR |, BBRIEIER S HE, 11 ERIEME | (BRLFRPAIEIER
AJRER0EE 1, Bl T LABSERRPRYEEE i IR BRI L T IRFERISIN.

target function f(x) = P(+1/x) € [0, 1]

ideal (noiseless) data actual (noisy) data

(%1, =09 =P(+1]x) (1,01 =0 ~P(yx)
(%273 =02 =P(+1)x) (xe.y2 =x ~P(ylx)
(v =06 =P(+1x0)) | (xwyw =x ~P(yixn))

same data as hard binary classification,
different target function }

SNRBEFRERESf(x) = P(+1|z) € [0, 1]A9iE , BAI0EHKEI—MFAIHypothesis
BRXAN BRREURIZIEE ?

B, RIERIZRIIMEE | WArERWHIHERTIIRIE, HHTERIERs , BIRZ

J3'risk score' :



o Forx = (XU:X‘I y X250 0 uXd) ‘features of
patient’, calculate a ‘risk score’:

d
S = Z X|
i=0
e convert the score to estimated probability
by logistic function 60(s)

(BREFEIADs € (—oo0, +00) , WHTIESIEPRETE0, 1128 ? — N 552
sigmoid Function , i250(s). BBAEAINBE IR EHKEI—Mhypothesis :
h(z) = O(w' z),

o For x = (xp, Xy, X2,--- , Xg) ‘features of
patient’, calculate a ‘risk score’:

d
S:Z X
i=0

e convert the score to estimated probability
by logistic function 4(s)

logistic hypothesis: /1(x) =

= 6(w'x) ]
Sigmoid FunctionEREHEA0(s) = Hi_s , HBO(—00) =0, 6(0) = %

O(+00) = 1. XNREFEFBH. BENSEREL. NXSFBiEETET ,
hypothesisFLRIXHRIF

1
hiz) = —
(ZB) 1+ e—wlz
BREAIN B REXNMTNEREh(x) , FEETBIRERE(X).

—. Logistic Regression Error

IEF( )15 Logistic Regression5 ZgiiffALinear Classification, Linear Regression



AR

linear classification ! linear regression logistic regression

h(x) = sign(s) h(x) = s h(x) = 0(s)
xzébi@ h(x) xzébi@ h(x) xz%_s@, Lt
plausible err = 0/1 friendly err = squared .

(small flipping noise) | (easy to minimize) ce J

X=ANE M ERIERS AR M scoring function s = wT z, linear classificationfiRE
{EEFARYRZ0/1 err ; linear regressionfiRZE(F AV Esquared err, FBAlogistic
regressionfNIRZEZAMAIE X IE ?

FNB— TR BES. BinREf(x) = P(+1|z) , IRFEAHLET
hypothesisfR#ziTtarget function, tEFiR , FEFTEHIHypothesis&E &K EI—1
hypothesis Starget functionE=¥&iT , BEF~4ERFFAIEIREED , B8 yHitilabel , MFRIX
“Mhypothesis 25 KL 7Alikelihood,

Likelihood

target function | f(x) for y = +1
f(x) = P(+1]x) — m””_{1—ﬂmfmy:4

consider D = {(X1,0), (X2, x),...,(Xn, x)}

probability that generates D § likelihood that generates D

P(X1)f()(1) X P(x1)h(x1) X

P(x2)(1 — f(x2)) x P(x2)(1 — h(x2)) x

P(xn)(1 — f(xn)) P(xn)(1 — h(xn))
e ifh=Tf,

then likelihood(/) ~ probability using f
» probability using f usually large

logistic function: h(z) = O(w? z)FHEE—MER : 1 — h(z) = h(—z). B4 , LA
Eh:



likelihood(h) = P(x1)h(+x1) X P(x2)h(—z2) X --- P(zn)h(—2zN)

EAP(z,)SFERINKIR | #E—HR , FTLARAIRTLIZIEE. BRARKAIRILIEE!
logistic hIELL FRIERIA (yn ) T, HAIINBIRREILRIVBER K.

N
max H (VnXn)
n=1
ANRGWHNRYIE :
N
max X H 6 (yn Txn)
n=1

NTEEFRETEEWITE |, BATTLASININGE |, 1HESFEW/91EN -
N
max In H 0 (y,, Txn)
n=1

=E P8 maximize[alfEELIminimize[d]@R , FHII— PN ASHET , F5IAFIEEL
T;T'M’E% :

N

min > = Ino (yn Txn)

n=1

Hlogistic functionBIZFRIATNTEN |, BBZAminimize[ MW AN T :

N
_ 1 : - T
0(s) = e min ; In (1 + exp(—yn xn))
N
— min Z err(\, Xp, ¥n)




ZItt, , #1182 T logistic regressionfierr function , FRZ 9cross-entropy erroraZ X i
RE
err(w,X, y) = In(1 + exp(—ywx)):
cross-entropy error

=. Gradient of Logistic Regression Error

HIESHES T B, 9FAT | 3 RN BN HEISENEZEW |, 1LE, &
/N,
;N
min  E,(w) = N Zln (1 + exp(—yn TXn))

n=1

Logistic Regressionf B, B2IELE. AIfil. XRAIHAOMRZ (FOEL ) | RIEZAE
Linear RegressiondYBH , HNREIHEE;, FIEEATNEwW , BIARLE.

e Ejn(w): continuous, differentiable,
twice-differentiable, convex

* how to minimize? locate valley

B, HERE |, FEMROIISMZREZITELX



1 N f—'{’:‘:‘]—-\
T
En(w) = EZ:In 1 +exp(—y,w'xn)

n=1 0l

OEin(w) 1 Z (6I;|(DD)) (f)(1 +;5p({}))> d— yaW'x,

RABEIRBERIATNA
| T
VEin(W) =5 > 0 (—yaW"Xn)

n=1

RTIHEE, 8ME , BITRERILEV E;, (w)ETFOoRRE,

=

mvin En(w) = N In (1+exp(_anTxn))
n

—

want VEj,(w) = N 9(—anTxn) =0

1=

FHETUERI(—yn w! T, ) 2 —Yp T SN, BERO(—ypwl z,)5—yn 2,
LRMEIIARDR0 |, BRA—FPEREREMRTS , INRAEHINEI(—y, w! T, )90 , BB
BARIEV Ein (w) 790, 0(—ynw” x, )Rsigmoid function , 1R{EESE , REL
—ypwl z, <0, Bypwlz, > 0, yowlz, > 0FFGFHENS , Y5

wl 2, BEFEN , XEREIEEDV AR IR DA BERST.

SR, AREFTERINED (—ynw! T, ) HORF AR , REREFORIRTR , BRA
B—MEINBEREIEEMETS , REEEIFEIMNINAE |, Kkifw, XMERZE
closed-formfi# , SLinear RegressionA[E , REEMAIE T FKAR,




scaled -weighted sum of

o all §(-) = 0: only if y,w'x, > 0
—linear separable D

» weighted sum = 0:
non-linear equation of w

closed-form solution? no :-( )

ZBipmRALinear RegressionBclosed-formfig , ATLAIRE “—EEXH ; (EEPLAE
ER— TP EBIEERHITH  BREREHTIEIE | ARTEFWE., PLARRES
MCSFERRUT :

PLA: start from some wy (say, 0), and ‘correct’ its mistakes on D )

Fort=0.1,...
@

@

© (equivalently) pick some n, and update w; by

W1 ¢ W+ Hsign (wfxn) £ yn]] YnXn

when stop, return last w as g

WEREHEEMIAR | — I EEBXEFNLEY. T, , BvEER , 3— 1 EBEXE
LD, S8(v, n)FELERMERE TERAMEILEE.




Fort=20,1,...

© (equivalently) pick some n, and update w; by

Wi Wi 1 - ([[sign (wfxn) = yn]] 'ynxn)
—_ ™ ,

T

] v
when stop, return last w as g

choice of (1, v) and stopping condition defines J

Y. Gradient Descent
RIELE—/NSPLAREAR | &I LB RWERE B

Fort=0,1,...
Wi <& W+ 1)V

when stop, return last w as g

HIHEEi, (w) HEEME—MUBNE , BXRE;, (w)&R/)\ , BIEUEFLAGIE,
ENTEREHERNERENE | — MR USRS RY ; B2 LRI,

» PLA: v comes from mistake correction

» smooth Ej,(w) for logistic regression:
choose v to get the ball roll ‘downhill’?

« direction v:

(assumed) of unit length
» step size n:

(assumed) positive Weights, w

E,

In-sample Error,

a greedy approach for some given n > 0:

min En (W + nv)
[Ivil=1 N——

Wiid

il

Ao BB , BRI TFWERENRBnE—/INE , BInE/N , BBAIRIES:
ETaylor—piEFF , ATLAIEER! :
Ein (wi + mv) = Ej (wy) + ! V Es, (wy)



KFTaylorBFFAING , A sEHK R —HEE :
ZITRERVZE (Taylor) BFF =

SRR B R Eiy fiskit )y , BREE, (we + mv) < Eip (wy). n2RE , B0
RRANEAEHFEERINE | BBAMIINARIREN (HR) |, EHERRNRESEvSHE
EVE;, (w) REANE , BBARBHUBESRER B (W + mv) < Ejy, (wy ) EBRAL.
N, F(ISTREEV
VEin ('wt)
IV Ein (we)]|

vV =

vERMEE  vEREEIERENRAGEE |, XMAEROBE T ( gradient
descent ) 8%, IRAERERARFHATLUSH
||V B (wy)|]

TEITIE— TRIA/NSIERIARIRN © AIRAKGE |, BPATIFRIEREMASR
18 ; NANERAKRNE , BBAZRIRIATaylorBFRZEMAE T | 156K FERAIRE |
BEE2 LT, B, ninZiEFESERNE | —MU0iARESEERVNIRTE | 53/
, BREEICRAORTIR | KA , BINIELLT||V Ein (wy) ||, IXEHRIE T BETBHIE.
REMSEIRIMEE:, (W),

too small just right

large n

Wyl < Wy —

[n-sample Error, Ei, I

In-sample Error, Ej,
In-sample Error, Ej,

Weights, w Weights, w Weights, w
too slow :-( too unstable :-( use changing 7

>

il

1 better be monotonic of | VE,(wy)|| )

SRR ANEIEIE |, BEE FEREEAER AT LUSH
wiy1 ¢ wy — 1 VEi, (wy)

Hr
’ n

’r’ =
IV Ein (w3



http://blog.csdn.net/red_stone1/article/details/70260070

5L

— T ETHE FERILogistic RegressionEiALEANT :

iattw,

It85#8EVE;, ('wt ) = % ZnNzl 0(_yn ’th Ly ) (_yn wn)
ERRRETw: 1+ wi — NV By (wy)

BIEV Eip (wey1) ~ 0SEEHAFEIRE , ENKER

Es lE\gE

BAISKNET Logistic Regression, 5t , NBEEIFRRIRH A , BP(+1|x)E
FBERERE , 150(wT x)ESIhypothesis, & , BAITEN T logistic regressionfderr
function , #RZ gcross-entropy errorl WIRE. AE , FliTitElogistic regression
errorfUtEEE , B , BIBE FEEE , HHEVE;, (w;) ~ ORIRIRHIw; (&,

iE08 :

NEFRENERSREEEAEMWTA (THRFIEG) #i2



