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> SFHZENLE  ( Convolutional Neural Networks , CNN )
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MRS NMESRESETHRZITFE—MES x, » HERHEARNw, , BT
k-1 MR KE, EENERERKN w, &
»BRI& w, = L,w,=1/2,w,=1/4

»B9ZI t WEIES y, AERIINZI=ERE S LRI ZIER{E RIS

yt:1><:1:t+1/2><:£t_1+1/4><$t—2

=W X T+ Wo X Tp_1+ W3z X Ty_9

3
= E Wk * Tt—k+1-
k=1

TEE2s (filter) 3¢&EFI4Z ( convolution kernel )
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1Y )

(FHEMEZ S5 REF ) 7



%%FHT 3

-1 1 0 -1|-1/2 1 /2|0 -3
1{1]2|-1]1 =31 o112 =1|1]=3/1]0"
(@) LIS =2 (b) FHFAP = 1

(FHEMEZ S5 REF ) 8



BT

> ERNERA N KEARRRAUD =L

*ZEER IRT =1, WImA4N=ZP =0 , EREREHKEAM
-K +1

"REE. IRT =1, Mmtt=EP =K-1 , SREHOKE M
+ K- 1

rEneia. KT =1, WMEEP =(K-1)2 , EREREEK

O
BEM

*EFRHNXER, ER—RINAEET,
B RINXERF, BER—IRFIAAZFIEET,

(FHEMEZ S5 REF )



MEHETD

- EEGER, EGEUAEMROT RN B,
A B 1T = 457,

— EIAMGE X TR gs W B 45 0E Ol

Y=W=xX,

Uu v
Yij = Z Z WyoXi—u+1,j—v+1-

u=1v=1

1 ({1]1]1 1
1 =0

-1{0|-=3 0|1 110]0 0 |—-2|-1
0 X0

2111 |=-1{0 = [0]|O0]|]O0] = 12124
X0 xOL X

Of(-1]1 2|1 0|0 -1 -1/ 0|0

112111

(FHEMEZ S5 REF ) 1



BRI EX 85

1L
16 | 8 | 16
11111 =
8|4 8
L1ili
16 | 8 | 16
0Ol 110

oj1fo0
SR 45 B
|k

i 28

6 I R St

(FHEMEZ S5 REF ) 1



PK1, FEE T2, FHR
0 0

HE 1, TR TR2, FHE
U 1
(HENEEREF ) 1

9D



sheEms

(b) 4z

(FHEMEZ S5 REF )

"13



>-lo-l_ﬁ:;?%%\nn i_/_%$ 1:;7%3\5%0
’%*/\*5&1/'55/] *T EI:IEqu: '/“-.Eo

|'J
n

BB N ERY!
*B X

™m n

> ) > )
— w * L; —q 7 =
y _ Puv 1+u—1,94+v—1

u=1v=1

FRIERRIAERE, &M—kfE "BEMEX

(FHEMEZ S5 REF ) 1



F AFAEBE ST (Feature Map) : B2 545153 A9 4518,
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*LeNet-5 &— AﬂF%ﬁEIﬂE’HEBQZH%EﬁU
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Large Scale Visual Recognition Challenge
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AlexNet

>2012 ILSVRC winner

> (top 5 error of 16% compared to runner-up with 26% error )
>E— T IMURE SR MRS IEEY
*BRMER T IRZMAOREESTRRMBHN—LER ARG A
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192 192 128 2048 J04s \dense
AN 13 13
3 \..‘:“a“““ 3‘ _
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o | 1000
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Inception P&

>2014 ILSVRC winner (22 &
»Z2%0. GoogLeNet : 4M VS AlexNet : 60M

“ERIRE . 6.7%

>Inception X BB Z 1 inception 1R/ DERNC R EHEE M.

GooglLeNet

(FHEMEZ S5 REF ) 3



Inception &R v1

>EERNEAR, A EEIRENERZAKNE—TT9X
FERY ),
>7E Inception MZEH, —NERE
79 Inception fR3R,
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S EIMEHEBETERE EHHE (O88) ERIENE IS TS,
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ar) ERARACRSREREN.
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I | T
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Inception #&EiR v3

>BAZEINETIRERKETRZ, LUBIMTEESHE,
>ERAME 3x3 NETIRE vl EI’\] 5x5 K&
> FEFIEZERY nx1 F 1xn FEFHE nxn BNEFE,

Filter Concat Filter Concat
3x3
i
3x3 3x3 1x1
i i i
1x1 1x1 Pool 1x1
Base

Figure 5. Inception mo d les where ach 5 x 5 onvolution'
placed by two 3 x 3 convolution, as suggested by principle . f
Section[2] Base
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>R EM LS ( Residual Network , ResNet ) mIEEZSIELK|ERVETRE
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B) f(x,0) il_l_—/\E*T #9 h(x) o

>3 BIRRIEGR 2 BN ER D - B S RRIER A T2 & BRI 2T
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Ngram ¥HE5 &R

"i hate |cigarettes with|a passion”

generate generate
ngrams ... ngrams ...

UNIGRAMS BIGRAMS TRIGRAMS

! i hate | hate cigarettes
hate hate cigarettes hate cigarettes with
cigarettes cigarettes with cigarettes with a
with with a with a passion
a a passion
passion

e
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for - e ) b ; \
video —.. -
do L s
nit ] T — L]
rent _ ..................................................... —
it .
l [ l I | 1 [ |
n X K representation of Convolutional layer with Max-over-time it dropoutand.
sentence with static and multiple filter widths and pooling with dropout and
non-static channels feature maps softmax output

Y. Kim. “Convolutional neural networks for sentence classification”. In: arXiv preprint
arXiv:1408.5882 (2014).
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CNN RIfifL: K28

> AlexNet FBYEK2s (96 filters [11x11x3] )
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ALLSYSTEMS GO

The input to the policy network is a 19 x 19 x 48 image stack consisting of 48 feature planes. The
first hidden layer zero pads the input into a 23 x 23 image, then convolves k filters of kernel size 5
x 5 with stride 1 with the input image and applies a rectifier nonlinearity. Each of the subsequent
hidden layers 2 to 12 zero pads the respective previous hidden layer into a 21 x 21 image, then
convolves k filters of kernel size 3 x 3 with stride 1, again followed by a rectifier nonlinearity. The
final layer convolves 1 filter of kernel size 1 x 1 with stride 1, with a different bias for each position,
and applies a softmax function. The match version of AlphaGo used k = 192 filters; Fig. 2b and
Extended Data Table 3 additionally show the results of training with k= 128, 256 and 384 filters.

policy network:

[19%x19%x48] Input

CONV1: 192 5x5 filters , stride 1, pad 2 => [19x19x192]

CONV2..12: 192 3x3 filters, stride 1, pad 1 => [19x19x192]

CONV: 1 1x1 filter, stride 1, pad 0 => [19x19] (probability map of promising moves)

DAL 1202 S CPU #1176 3R GPU
EAR: 48 4~ CPU #18 iR GPU
EFERE: 3 =2F -2 R
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#rie ( Object Detection )
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Mask RCNN
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Deep Dream
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>»chap5 CNN
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