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NN MIIVNN NN IINAT YY) TMNINND DIV NXINN NDIN NPNY NTNOY To5 MON 1N
N@ha)pal
22N MO AN NN YV My O
D)0 WTN DIND 1N NMIANY MNYI
DN AN N2 DY MPIT

O 0O O

MDT T, NPH DIDI TN DXV DIMYH DPMYNRYN DINPWY NN NPIY NTNY
NN NN

.Logistic Loss a1 nX 9200

(biases)nyvnm (weights) DYPWNN NXR SNNKRY NVYNN .(neural network) ©YI WA NPIAY NI
(M2 MNDIN MIVNN NN NNAY ¥) 105319 DININ DIVIVNINN 1PN .DIDIN MY NUIN HY
9901 INNY DI ,)2Y 2NN NN NN YN NNIYRIN NM2NN N25WA (neuron) PN Yo O
.DONPNN IRY 1D 2T HIMN NN Y¥D NAOWA PN Y5 gradient descent YW NPNIVIN
INND DAN .NNYNRIN MINIVIND DIWINN NNIN IR YN IIYNRIN 1MANND NAOWA NP O O
NTYIVNION NN NIIY YD DMV DT YNIY 111D 0N gradient descent YW NNNX MINIVIN
.(broken symmetry)
WD MNY MOV DN TR ,I2TN NN NN YN INYRIN MMAND NAdWIA NN DD O
.(symmetry breaking) 71n>01°0 NP2V’ MY )90 .0MY DT
,IMYRIN PNIVIND 72D NN DY DMV DX2IWIN YN MIYNRIN NNIANN N2V ONPYN O
D772 NNANNY 1PV DNYY DIIVNIN

(MNX N2V INIY V) 1112) DINAN DOVIWNNN NN
(features) 0¥ anN MavNN Y55 7172 OMPN NV YW NP (deeper) MPYn Maovn .a
.(earlier) MNTPIN M2AOVWD NXNWN2 ,VOPN DY INY DM
LYPN YV INY DXANND OIMINND MIAYNN D9 TIT2 DN NI DY MNTPmn Maown b
MPNYN MOV NRNYNI
.(edges) MNP 1D MVIVA MNON XOND NPRINK DN NYID MPYN MIAOWN  .C
.M25VN P2 DYTIN KXOY, NN IDINI MNON MAVNNI DN NNV
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NN N2 W) 1overfitting NNNONDY (variance) NMNY NNNINY MDYIN MNIN MPIDVINIPN .5
(112 NN MANWNN
Dropout O
L2 regularization
Gradient Checking
Exploding gradient
Data augmentation

Vanishing gradient

O 0O 0000

Xavier initialization

:N2D OXVANI YIANN .6

s MHYNNNI HIIND OX9NND
Gradient descent .a

momentum (B = 0.5) oy Gradient descent .b
momentum (B = 0.9) oy Gradient descent .c

P2 W .al O ,MINT DY NN NPADN NIWNN NN DIWID W 1NVOY 53D NIIRNN NINPY NN
.N2IVNN NN NINPA

7N2Y v) (hyper-parameters) ©>10V1NI9-99>1 2D HTINN YV (parameters) DIVNIV PAYTIN N .7

: (NNNX N2WVN

DXNNIN TINND DTN DMIVNIV-IVNY TV, )IORN M9 WHNWNN T DY DN OMIVNION  .a
JORN TONNA

NPLNM MNPYNN DN DMIVNIF-INNY TV ) IINRD PHNINT MPY> DLV DMVNIAN b
270 S NN (biases)

DN TIND OXTNHI DIVNIANY TIVA )N MY WHNWNN T DY DXIND) DIVNI-IDN  .C
AORN TONNA

27N HIMND DYONMNN DNYVIND Y PNMYPYN ST1an pr- .d
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(9112 MNIN MAWNN NN N2 v) Transfer Learning-1 vhinow 1918 9200 .8
DY) DITIND PN NI OLLVLYD YN NN [

DTN OY TMNTIP MYTN MYIN

DTN DTN MVPN

AN DT NIVPN

DT IND WY DDPYN 19010 NIVPN

.DANND HTIN PN NVOY

O 0O 0o0ood

.DYD1/0WTN DN DY DTN NN NVOY

MNYI N2Y NVLIVYN DY NN NIVNN N NIPPYN NN : Dropout nVIWN NX 200> v .9
LDINNN INY NITYA 20NN DX YWINNND W 0N

(NN NN N2> ) 1Transfer Learning-5 Fine-Tuning 2 »pyn 971100 nn .10
.0ONN ST yann Transfer Learning Tyva ,mnp nownn y11 wonwn Fine-Tuning  .a
290 9y M Transfer Learning 7ya 5712 0opwnn v 71y 3197y 9915 Fine-Tuning b
.DYpPYNn
Ma5vn NN P Mwn Fine-Tuning Tya 570 mM25v 55 Sy 19N y¥an Transfer Learning  .c
NN NAOYW MDY ,5TINT NININND
PPTIPONNIMN NN DINND ONNNN MY OTIN PR .d

YNY MNAY »N) 102N TN GPU-1 wnanwnd 0ipna CPU-1 wnnwnd 91y 0PN 1N .11
(Moo
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