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linear classification

h(x) = sign(s)

X5 h(x)

Xd

plausible err = 0/1

y

Xd

friendly err = squared

guadratic convex Ej,(w):
closed-form solution

h(x)

logistic regression

h(x) = 6(s)

X3 h(x)

Xd

plausible err = cross-entropy

smooth convex Ej,(w):
gradient descent
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S¥Flinear classification , ©fderror functiona] LAY, :
erro/1(s,y) = |sign(s) # y| = [sign(ys) # 1|

YFFlinear regression , BfYerror functiona] UG
errsQr(s,y) = (s —y)* = (ys — 1)?

YFFlogistic regression , BEfYerror functionB] LA R :
errce(s,y) = In(1 + exp(—ys))
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linear classification | linear regression logistic regression

h(x) = sign(s) hx) = s h(x) = 6(s)
e(hx,y) = [h(x)#y] | ex(hx,y) = (h(x)=y)? | em(hx,y) = —Inh(yx)
errg/1(S, y) errsar(S, ¥) errce(S, y)
= [sign(s) # y] = (s—y)° = In(1 + exp(—ys))
= [sign(ys) #1] | = (ys—1) )

(ys): classification correctness score )
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Visualizing Error Functions
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01:1iffys <0

sqr: large if ys < 1
but over-charge ys > 1
small errggz — small errg) 1

ce: monotonic of ys
small errce «» small errg 4

ce: a proper upper bound of 0/1
small errsce <» small errg /4
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Visualizing Error Functions
0/1 errg/i(s,y) = [sign(ys) # 1]
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,¥) = In(1 +exp(-ys))
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01:1iffys<0

sqr: large if ys < 1
but over-charge ys > 1
small errsqg — small errq /1

ce: monotonic of ys
small errce <> small errq /4

ce: a proper upper bound of 0/1
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erry/1(s,y) < errsce(s,y) = @errgg(s,y)
0/1 1
By (w) < BSCP (w) = - B (w)
1
0/1
Boiy (w) < BSGE (w) = 7= BSE (w)

ABRARVCEISEILANIE :

MO/ME% :
Eoug (w) < Ej) (w) + Q%" < I%E‘;ZE (w) + Q%
n
MCE® % :
0/1 < L CE < i CE L CE
Eou,t (w) = In2 Eout (w) = In2 Em (w) + ln2Q
For any ys where s = w'x
€ITp /1 (S'.' .V) < S.y) = EHCE(S'.' .V)
— (W) < = L ESE(wW)
Egll(w) < = L ESS(W)
VCon 0/1: VC-Reg on CE :
Egrw) < E/'(w)+Q" | EYI(w) < LESS(w)
< EQF(w) + Q% < ECF(w) +.Q%F

small ECE(w) = small E./! (w):

logistic/linear reg. for linear classification
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classification[AlfRAYL=FNER =, BE , FfiJEMlinear regressionJEXE#IIRHL AW,
, FiHlogistic regressionf2BHITERUILEE.

(PLA  Tlinearregression | logistic regression

e pros: efficient + pros: e pros:
strong guarantee ‘easiest’ ‘easy’
if lin. separable optimization optimization

e cons: works only if cons: loose e cons: loose
lin. separable, bound of erro) 1 bound of errg /4 for
otherwise needing for large |ys| very negative ys
pocket heuristic ) ) J

e linear regression sometimes used to set wy for
PLA/pocket/logistic regression

» logistic regression often preferred over pocket

—. Stochastic Gradient Descent
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gradient descent&, ZHNIEE , AILAFERS—MEIE : MEEE FERIA(Stochastic
Gradient Descent),
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N
Wi < W+ 1 l ZQ —ang-xn (VnXn)
N

n=1

- -

—VEin(Wy)

» want: update direction v ~ —V Ej,(w;)
while computing v by one single (x,. v,)
N
« technique on removing 1 > :
n=1
view as expectation £ over uniform choice of n!

stochastic gradient:
Vw err(W, X, v,) with random n
true gradient:
Vw En(W)= & Vw err(W,Xp, yn)

random n
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Stochastic Gradient Descent

« idea: replace true gradient by stochastic gradient

o after enough steps,
average true gradient =~ average stochastic gradient

e pros: simple & cheaper computation :-)
—useful for big data or online learning

e cons: less stable in nature

YJFlogistic regressionfISGD , BRIFRIAIL A -
Wiy & Wi + NO(—Ynwf T ) (Ynn)
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SGD logistic regression:
Wi < Wi +7-0 (_J/nWthn)

PLA:
Wiy <~ We 1 ”}/n # sign(wfxn)ﬂ
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Bw! z, BHARHE , PLAEEIZFSGD.

o SGD logistic regression =~ ‘soft’ PLA
» PLA ~ SGD logistic regression with n = 1 when w/ x,, large
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Multiclass Prediction: Combine Binary Classifiers
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Multiclass Prediction: Combine Classifiers
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One-Versus-All (OVA) Decomposition

O forke)y
obtain w,; by running logistic regression on

Dy = {(Xn. ¥ = 2[¥n = K] — 1)},

@ return g(x) = argmax,y, (w[ﬁ(]x)

e pros: efficient,
can be coupled with any logistic regression-like approaches

e cons: often Dyx; when K large
» extension:
OVA: a simple multiclass
to keep in your toolbox J

Y. Multiclass via Binary Classification
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Multiclass Prediction: Combine Classifiers
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One-versus-one (OVO) Decomposition

O for (k. ) e Y x )Y
obtain wy, , by running linear binary classification on
Dik,q = {(Xn,¥p=2[yn=k] —1): yn =k or yp = ¢}

® return g(x) = tournament champion {w[}: f]x}

e pros: efficient (‘smaller’ training problems), stable,
can be coupled with any binary classification approaches

» cons: use O(K?) Wik.q

OVO: another simple multiclass
to keep in your toolbox J




Es IE\gE

ATREENB T HEQIFR=FhLR &R : linear classification. linear regression
Fllogistic regression, B57t/MA 7 1X=Flinear models&Ba] LA Hbinary
classification, fARNA T LUEE FEREZFIISMHISCGDEIAKH Tlogistic
regression3 . EREHE TS HEGIE , —FE0VA , Z—FREOVO, X
BiEEBMERR , SR ER SRR , BIGEEOVA |, LUV B 3RREL.

8B -
NEHENE RISRESEAEMETH (VmF2IER) &2



