CNN(Convolution Neural Network)
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Background for CNN

e Image Classification
 Representation Learing
 Dimension Reduction

o Traditional Machine Learnig vs Deep Learing



Background for CNN
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Representation Learing

 Image Classification ex) Z0}X|2} 112F0]|, MNISTS| =X} LI|O|E| EF

o feature(E%!): SampleS & EMZI= EZL.




Traditional Machine Learing vs Deep Learing

< Traditional Machine Learing > < Deep Learning >
o Al2H0| O|O|E| EM = 7}, « Raw DataE Z|Aote| MX|2|Z +H.
o 71d0] tif2t MX{2|E ol feature =&  hidden layer?| X}= feature =
o FEEl featureE modeld]| '20{ St=.  end to end
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Feature Vector

Feature vector

o Zt EXIES DOLA] StLIC| vector® BHE 2
o Zt X}2l(dimension)2 OftH £M0f| Cl{St level= LIE}H.
o Feature VectorE Soll ME Al0|2] 7{2|(FAIE)E A& = QULY.
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Continuous Value vs Categorical Value

71 %ICt, ex) 7|, 25

32 Lawis| e

1600

 Categorical Value: H|=st 2102} &F-2tgi= 2|0].

CHO{E A 29 & index0ll mapping.
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One-hot encoding

o 7|7} 2JO|E %= integer 2 CHAL

o St 7H2] 12} n-17li2] 02 2 O|F 0 Xl nX}2l2| HIE],

o Sparse Vector ( < Dense Vector)

o MZLCIE 5 HIE{J} T4 2.

o OffH H= ZHof| = FAMET} QAL

o SIX|OLo|0|M FAIE7L ER6HH Dense Vectorz Hzl (Embedding)

A 2 Wk § MOAF M WX X B 3B
ide | ¥ o 3T E F W W oD o9 W T o =
M = e M i
24 |10 1 0 0 0 0 0O 0O O O 0 0 0 0
i ’ | A B v . S 0 0 *QH|E (embedding): {8 O| A& (discrete)0| 11 =&t H[O[H &,
ArMjrjoe 0 09 000000010000 o|0| U= H&X(dense) HIE SZtof| OjHSH= 2.

Y
N2 TR S ntpH



Autoencoder

e Encoder?} DecodersS Sol| =1} ol M| S AlcH
e encodercs &3 (x)e| MEHE %
o decoder= =7t Z1l=(z)E &
 B2AS MIMOZ 5}7| 2ol

o Autoencoder= feature= =

X Encoder
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Bottleneck

o U= (x)0] Hlol =2 K= A
o MHEO| MEH} Qt==0] B X0 2t e W& 4.
o z= U3 (x)0)| LHS feature vectordfd & £~ UL}
o A0l FF0| =0[0fotE =, &1=10]| Hlol dense vector
o Encoderd| E1A|7|= UL feature vector0| LSt embedding 2t

¥ — Encoder 5 7 —9
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Bottleneck
*QH|E (embedding): 0 O| A& (discrete) 0|1 =&t H|O|H E,
o|o| = A& A (dense) HIE S7H0| O 2ISH= A.
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Hidden Space

o O1F{9| HIIE zE plot 1Y S Iff, H|TH M
o z=feature vectorO|H 0|= 2|O|QY

o plotO] LIE}L= Z7H0] hidden space

A Encoder -7




hidden vector

e Encoder?| A2=2 hidden vetor

o 1%H510{ 2= DNN layer?| ZI}22 hidden vector2t & 4= Q\C}
o AutoencoderOA] x_hat@ 2 ZE E2ik|7| 2|5t feature vector
o DNNO|A| 213 |0|E{Z I & 0|=5}7] £ISt feature vector

« MZA(layer)S ETNT|= U2

o input spaced|M output space=2| mapping 2}’
o XA Z7H > XK}& Z7t
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Curse of Dimensionality

o X}210| =24E H|0|E{ = 5| ASH| (sparse)stAl X &|0f EH50] of2{$] ZIC}.
o Z2HHO| H|O|EE BT I, X} 0| SO0IE+E 3|2AH0| T}
o O|O|E]S| £2 Feature= $lolf W2 X[ A| EES10HOF gt

o OIX|Ot LR 2 X2 featureS S 26| HE6}7| o2 =2.



Example : MNIST

« MNIST =28 x 28 = 784X}A
o OfLIS| MS2 784X12l0|11, 0| = 8|4 (sprase)stAl 2XEE|0 UL}
o {, HYTHXIRA2E F40l= 20| 7ot}
Value between 0 and 255.

Both values are 0.




Linear Dimension Reduction: PCA
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Linear Dimension Reduction: PCA

o MZE2 axist= 5 7HX| =S TH=ol|Of SiLY.
e projection

A 2|2 o
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Linear Dimension Reduction: PCA

o MZZ axisOll =2 projectionot™ X}& 47} 71SolC}
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Limitation of Linear Dimension Reduction

Binary Classification in 2D

Non Linear dicision boundary

Deep Learing,

non linear A}# =4 I8 S Sofl =S HI2LI.



Manifold Hypothesis

o XA B7te| MES0| XM CFA| (manifold) 2] HEiZ 2R E|0] Ct= 71
o [}2fA] CERFH| S olf T XHI2| S2H0 mappingE &= ULk
o WX} B7H a0 A et XMAHA St &2l 72|} Cf=C}
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MNIST Dimension Reduction

e MNIST:28 x 28 = 784X}
o 786X|&2| ME > 2D Space mapping
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MNIST Dimension

High Dimensional Space Lower Dimensional Space
T 32t
Small HEpE 27
Euclidean
distam:x X —* Encoder —> 7 —»] > 55 QH’-:;E;

distance
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Bottleneck




CNN for Image Classification



Convolution Operation

convolution filter(kernel)7} &= (x)0l| CHotH =0H7HH sS4
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Convolutional Neural Network

Input
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Convolutional Neural Network
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Convolutional Neural Network
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Convolutional Neural Network

Input

kernel

output




Convolutional Neural Network (with Pad)

input + pad
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Convolutional Neural Network (with Pad)
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Convolutional Neural Network (with Pad)
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Convolutional Neural Network (with Pad)
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Convolutional Neural Network (with Pad)
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Convolutional Neural Network (with Pad)
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Convolutional Neural Network (with Pad)
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Convolutional Neural Network (with Pad)
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Convolutional Neural Network (with Pad)
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Convolutional Neural Network (with Pad)
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Convolutional Neural Network (with Pad)
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Convolutional Neural Network (with Pad)
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Convolutional Neural Network (with Pad)
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Convolutional Neural Network (with Pad)
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Convolutional Neural Network (with Pad)
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Convolutional Neural Network (with Pad)
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How it works (intuitively)




Input & Output Channels

# input channels

X\. | | | | | # output channels # kernels

= # kernels k\

Il | =

e.g. input channels of color image: Red, Green, Blue



Dimension Reduction

o 1X}219] sparse®t HIO|E{ & XX} 37t mapping
o 1 3PH0j|A SESHA 5{U= HIOIE{E S01'H

o SIX|2t 3X3 + 1padding 2t Z2 convolusion layer= &3 EHIAMQ| 37|71 22




Max-pooling

« Down Sampling 7|
« 9| max-pooling layers &

) = E@@

-

Stride

o Z2 convolution layer0j|A] St




CNNe| =%

 FC Layer0l| H|oll == 37|71 A|LH0] NiCt=3], HIER|3 1140] OfFELE

y = conv2d(x),

5
|$‘ = (ba Ciny Lheight » xwidth)
h < |y| = (yheighta ywidth)
wiere
Lheight + 2 X Pheight — (khoight - 1) — 1 Twidth T 2 X Pwidth — (kwidtl'l - 1) = |
— ba Cout +1 ) + 1 .
Sheight Swidth

o Feature2| £/X|0j] 720l &X| Q=L
o IHE1 XIH|E St
o FC Layer0]| H|5l| . X2 weightZ 7}%IC}.
e kernel2 L.
o H= A 1 MO| 2IC} GPUO|A{2] HAtO| DS i} 2L}
e Convolution Layer= A5 = EHX|oHOf & DI EI S F=
o LI kernel2 ollS I|ES F=6}7] ¢l AE| = X514



CNN : Parameter sharing/sparsity

e Convolution Layer= Fully Connected®L} sparsect H&
o AL E|= ParmeterE |0 E. KernelO] 228 ujolCt gradientZt CisHEL.
o M2 9| m2t0|E|E MAIEol= SHOE Qlofl, et5 £ o 40| i< S0t X,



CNN Architecture

« CNN Block

NO O HLWDN -

. 3%3 Convolution Layer(pad)

. RelLU

. Batch Normalization

. 3x3 Convolution Layer(pad) (+ Stride size(2 x 2)
. ReLu

. Batch Normalization

. (+Max pooling layer)

5 m / CNN Block CNN Block

(N=1,C,H,W) (64 — —) (128, Z Z) &

(256,1,1)

(L h)
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