y=Xbetatepsilon, X FJIXE . epsilon IR X
logit(pi)=2?

pi=sigmoid(??)

EMTFLMIUE logitlpi)=xi"T beta

MLE RRESRIET. log RAFER, RSHES
Classification FYTER T, yi BUEIET1 1, plyilxi)=2?
=2 models EARTEX , BRMB—LKMRN A
Covariance matrix

Softmax function

Loss function, typically loss=sum_i —log plyi|xi)
Logistic loss [7ZZJET logistic regression]
Exponential loss

Hinge loss (SVM Hi)

Zero—one loss (EEKS)

BN EFHIRE

Entropy FYE X

crossEntropy FY7E X

KL BUEHIE X

MLE ==) B&REHED T RIS N 2070 Z (8189 KL BUE

BETREAT
SGD
HEHESTAR

T f# discriminative model : learning from errors
Descriptive model: learning from dream

Langevin: HIEZEHSE _EIMEETT MG IE local minimum
LDA. BireR#l + it

SVM

Margin FJZEX ., margin [EA/NS K EFRAIXR
YIEENX . FHEEMNER

W= FFE 2% R

SVM By B FreR g (FFf)

AT AEET w2

WRLEAE A | alpha_i >0 9, =0 HY

W'T xi+b Bz B ==) RERFRE Kxi xj)Jgt o UEEIDHKE

ZERERI &M . SR, FIEE
Z B3R %L RBF kernel

Regularized learning



Overfitting

Ridge regression AT, . YIEREX. BRIV ERFMELEREFSHK
Kernel regression AT, fi#

fx)=tZREFE T AR

Kernel regression Z'Kffi% Ridge regression AR E = B AT

DNN 7P - ) weight decay

Spline regression AYE X

LASSO regression, AZt, #7 7 . WEBEX. FIHBMIIE.
shrinkage (by subtracting A ) ¢ selection (via thresholding at A )

Primal form & Dual form

Bayesian regression

WUEBAAON ridge loss I/ AYARZS 8]

Neural networks

KRIT—PMERENHEMNE (=JF sigmoid [%)

CNN H. kernel size IR E , padding R E

B HHKE size WITHE, SHE. THENZD

RIT—MEEAY ONN: SERIRTE CNN I —2 [31]
REFEALAN: #EHAR, MASEARPENEREMT AN
crossEntropy FIBBE SR @ L3, sigmoid itk RIS # & E) &%
batch normalization B9/AT,

HEMEHEARTE
LSTM, GRUAERT, BEFEITMUMESE gate function IR X

GAN FJAT

RIFFHE AT ISD 7340
VAE BEAAT

ELBO HILSLAILIL B AR

Lecture 6

PCA BNEXGITE

SA{eTFA PCA #E1TRE4E

t—SNE FIfLIL B AR

LLE FYOL1L B AR

EMEDE: RO T, KERABFHAN, MHUBERQHAR
EM AEZR T ARfalit BT theta AIBEE



